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Abstract

The World Wide Web is evolving, as new technologies constantly
emerge. Online services and applications are more pervasive nowa-
days, making the boundaries between the physical and online world
less transparent. Users are able to share online aspects of their ev-
eryday life; most importantly they feel comfortable with doing so. This
sharing takes place in various forms, ranging from simple button clicks
(e.g., "Like", "+1") to structured and semi-structured data (e.g., filling
in forms, selecting from pre-defined options), to totally unstructured
information (e.g., natural language, online videos). New technologies
have also shifted the roles of end users: they are no longer simple in-
formation consumers, but they actively participate in the content cre-
tationtprocess, providing feedback and voicing their opinions and in-
erests.

To make the most of this unprecedented abundance of information,
and make next-generation services more engaging for the user, we
need techniques that are more expressive in terms of the returned
results, and allow us to better understand the data at hand. In other
words, we need techniques to better manage and mine the available
information, which is, for the most part, generated by users. Clearly,
these techniques must be highly efficient to cope with the volumes
available in the "Big Data" era. For these reasons, in this thesis, we
present techniques to manage the results of expressive queries, such
as skyline, and mine online content that has been generated by users.
Given the numerous scenarios and applications where content mining
can be applied, we focus, in particular, to two cases: review mining
and social media analysis.

More specifically, we focus on preference queries, where users can
query a set of items, each associated with an attribute set. For each
of the attributes, users can specify their preference on whether to min-
imize or maximize it, e.g., "minimize price", "maximize performance",
etc. Such queries are also know as "pareto optimal”, or "skyline queries".
A drawback of this query type is that the result may become too large
for the user to inspect manually. We propose an approach that ad-
dresses this issue, by selecting a set of diverse skyline results. We

provide a formal definition of skyline diversification and present effi-



cient techniques to return such a set of points. The result can then be
ranked according to established quality criteria. We also propose an
alternative scheme for ranking skyline results, following an information
retrieval approach.

Preference queries, such as the aforementioned, can be used to re-
trieve items in a pre-usage scenario. User preferences, however, can
be explicitly expressed in post-usage scenarios, through the writing
of reviews or similar feedback. In particular, several platforms allow
users to submit their feedback and opinions on a service (e.g., staying
at a hotel) or a product they bought (e.g., a camera). Mining reviews
has gained considerable attention over the years due to its direct fi-
nancial impact. In our work, we used reviews as a means to extract
how well a product covered the needs of users, and build a rigid, for-
mal framework for mining competitors. We proposed algorithms to
efficiently retrieve the top-k most competitive items, given an item of
interest, and evaluated our approach with a user study, demonstrating
the efficacy of our formalism.

Finally, social media are currently some of the most prolific platforms
in terms of content generated by users. Characteristic examples in-
clude Twitter, Facebook, Tumblr, etc. Unlike earlier online platforms
where users were able to upload content, such as blogs, these ser-
vices have two distinct characteristics: 1) fast pace and ¢z) huge num-
bers of active, connected users. Therefore, the volume of generated
content reaches exceptional levels, and results in a stream of data.
With users talking constantly about their interests and surroundings,
we are given the opportunity to identify in real time interesting infor-
mation, such as events. Event detection is of paramount importance
in several cases, ranging from crisis management to resource alloca-
tion. We present techniques that aim to identify events, as they occur,
and operate in an online fashion to cope with the streaming nature of
incoming data. We resort to affective theories of emotions, which give
our analysis a dual perspective, in terms of the psychological impact of
events on users. This is especially important as new disciplines gain
rise, namely computational journalism and computational psychology.
In addition to detecting events, our analysis reveals some interesting
properties regarding the underlylng medium and the discussions that
take place therein.
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NepiAnyn

O Naykoaoulog lotocg eEehicoeTal, KABWGS VEES TEXVOAOYIEC TIPOKU-
Trtouv ouveXwg. OLonuepLveEC SLadIKTUAKEG UTMPETieC Kal edap-
HoYEQ eival o dladedopeveg, KavovTag Ta opla HeTa&l Tou Pu-
olkoU Kal TOU OLKTUOKOU KOGUOU TILO aoacpr']. Ol xpr']Oqu EXOUV
™m 6uvaTOTnTa va pmpaCovmt OladlKTUOKA rrruxsq ™mg Kaenps-
PLVNG TOUg (wNG. 2N uavnKOTspo MAALOTa, eival To yeyovog OTl
viwBouv Aveta va KAvouv KATL TSTOlO AUTOC O 6lau01paouoq
n)\npocpoplaq )\apBave:l Xwpa uto rtOLKl)\sq HOPPEG, TIOU KUMA-
vovTal arno anm\da namuam KOU}J.T[[(DV (r.X. "Like", "+1"), p.SXpl 00-
MNUEVA Kal Nudounuéva dedopéva (TLy. oupn}\npooon dopuag,
nposm)\syuaveq enl)\oyaq) aAAd Kal evTEA®S adounTn r[)\npo-
dopia (L., cpuou(n y)\woca OladIkTuaKdA Bivteon). AUTEG OL VEEQ
Texvo)\oylsq EXOUV, smonq, LETATOTIOEL TOUC POAOUG TWV TEAL-
KWV xpnow)v oev slval rr)\sov arm\ol katavaAwTeg TMAnpogdopiag,
aAAd CUPUETEXOUV evepyd oTnVv dladilkaoia dnuloupylag meple-
XOUEVOU, TIPOOPEPOVTAC avaTpoPodOTNnon Kal ekppdloviac TIC
AMoOYEIC TOUG Kal TA eVOLAPEPOVTA TOUG.

Ma v aElor[omon OTO ETIAKPO aumq ™mg r[)\newpaq n)\npocpo-
plag, Kal TIPOKEIPNEVOU Ol urrnpsoleq ™me veaq yevmq va KAvouv
TOUG XPNOTEC VA CUUETEXOUV TIO EVEPYA, XPELAlOMAOTE TEXVI-
KEC TIOU €lval To EKPPAOCTIKEC WC TIPOG TA ATIOTEAECUATA TIOU
ETUOTPEDOUV, KAl HAC ETUTPETIOUV va KatavooUue KaAUtepa Ta
uTIapxovTa Bséopéva. Me AAAa )\()yla, XPELAlOUAOTE TEXVIKEG
yla va JropoUe, he KaAUTEPO TPOTIO, Va 6lax81plCou00T8 Kal va
eEoplooupe Vv 5[0980[|J‘r] rt)\npocpopla n oroia, oTnV TMAELOVO-
™NTa TWV nsptrrrwoswv napaysrat arod xpnoteq. PuUoIKd, AUTEQ
Ol TEXVIKEG amalTeital va eivatl 1dlaitepa armodoTIKES, Yld VA UTIO-
poUpue va avtaneEEABoupe oToV OYKO TwV OedONEVWYV TIOU eival
dlaBéatpa otnv enoxn TwVv "MeydAwv Aedopévwy". I'la Toug Tpo-
nyouuevoug Adyoug, otnyv mapoloa d1OAKTOPLKA dlatpLpn, ma-
PoUOLAloUUE TEXVLIKEG TIou dlaxelpifovTal Ta AMOTEAEOUATA EK-
OPACTIKOV EPWTNHATWY, OTIWC TA EPWTNHUATA KOPUPOYPAMUNG,
Kal eEopUOOUE TIEPLEXOMEVO TIOU UTIAPXEL SLadIKTUAKA Kal Tapa-
YETAL Ao TOUC XPNOTEC. AEDONEVWV TWV TIOAUAPLO WY oevapiwv



Kal EpapPUOYWDV OTIOU PUTopel va epapuootein eEOpUEN TiepleXOE-
vou, emKSVprvéuGOTs oe OUo T[SplTl'l'd)OSlQ: eEOpUEN MAnpodo-

plac amod Kmesq KAl AVAAUOT KOIVWVIKOV HECWV.

Mo cuyKerlusva ecmaCou e o€ spwm hata nponunoewv oTIoU
ol xpnoraq HropoUv va Kavouv EPWTNMATA navw o€ eva oUvoho
avnKsmsvwv OTIoU KABe €va ouoxeTiCeTal pe e€va oUvoAo Xapa-
KINPloTIkwv. Na kabe €va anod 1Ta XapaKTNPLOTIKA, Ol XPNOTEG
uropoUv va r[pooélopioouv TNV MPOTIMNOY Toug, avadoplKda He
™mv SAaxloTono (non N TNV PHeYLOTOTO(N O TOU (TOU XAPAKTNPLOTL-
KoU), A.X., eAaxloTonomon TIHNG", "pswaonoinon arodoong”,
KA. TTola epwTNUata gival yvwota wg "Pareto BEATIOTA" Epw-
tnuata N "Epwtiuata Kopugpoypappng". ‘Eva peloveKTnua au-
ToU TOU TUTIOU EPWTNMATWY €lval OTL TO AMOTEAECUA Hropei va yi-
veL UTIEPBOALKA HEYAAO, TIPOKEIMEVOU O XPNOTNG Va TOo eTBewpPN-
O€L |UE YN AQUTOMATO TPOTIO0. [MpoTeivouue LA TIPOCEYYLOT AVTLIUE-
TWTOoNG auTtoU Tou TPORANMATOG, eTUAEYoVTAG £va cUVoAo dla-
POPETIKDY avnKsmévwv TIOU AVNKOUV OTO arIOTé)\sopa EVOC EPW
TNMATOG KOpUPOYPAUMNG. Aivouue Evav TUTIKO oplouo TOU TIPO-
B)\nuaroq ™G dlagopomoinong g Kopucpoypauunq Kal TIapou-
olalou e ATIOOOTIKEG TSXVlKSQ Tou eriAUouv auTto To TIPORAN Ha.
To anoTtéAeopa Pmopel K TwV UOTEPWYV va BabBpovoundel ocU-
dwva pe Kata&lwpeva ToloTIKA Kpltnpla. lMpoTteivoupue emiong
€va EVAAAAKTIKO OXNUa Yla TNV BaBuovounon Twv arnoteAeoua-
TWV TIOU TIPOKUTITOUV arod €pWTAHUATA KOPUPOYPAUMUNG, AKOAOU-
eo'ovmq hla rpoogyylon rmou Bacifetal otnv Avaktnon MNMAnpodo-
piag.

Ta epwm hata nponun oewv, OTIWG AUTA TIoU neplypacpn Kav Tipon-
youusqu Hropolv va xpncnportomeouv yla mv avaKTnon avTl-
KEIMEVWYV O€ €va oevaplo Tpo-Xprong. OL TIPOTIUNOELS XPNOTWV,

wOTO00, UMOPOUV va ekPpacToUV pNTA KAl OE TEEPIUTTWOELS KATO-
TV TNG XPNONG €vOG aVTIKE(NEVOU, NEOW TNG CUYYPAPNG KPLTL-
KWV 1 napeppepolq avmpocpoéémonq. > UYKEKPLUEVA, TIOIKIAEG
n)\aTcpopusq erqusrtouv oTOoUg XPNOTEC vVa ur[oBa)\)\ouv v ava-
Tpocpo6om0n TOUG KAl TIg amoYEeLg TOUG avacpolea He pia utm-
peoia (TLy., TN 6[0.|J.OVT'] ot éva Esvoéoxao) N éva mpoiodv mou ayo-
pacav (nx pta CD(DTOYpGCDlKr] pnxavn) H eE6pu&n dedouEvwyY
aro KPLTIKEG £XEL ATIOKTIOEL ONUAVTIKO evOladEpOoV Ta TeAeuTala



xpévma €& altiac Tou dusoou OlKOVOMLKOU aVTIKTUTIOU. 2TNnV £p-
yaoia pag, XpnoLUOToCapE SLaSIKTUAKEG KPLTIKEG Yla va e&a-
YOUE TOO0 KAAQ €va MPOIOV IKAVOTIOINJE TIG AVAYKEG XPNOTAV,
Kal va XTiooupue €va TutukO m\aioto yia nv SEopuEn avtaywvli-
otwv. [lpoTteivape a)\yoplepouq yla v ClT[O5OTlKr] avaKTnon
TWV K TIO AVTAYWVIOTIK®V MPOoIOVTWY, S0BEVTOG £VOG QVTIKE(NE-
VOU TIOU PaG eVOLAPEPEL, KAL ATIOTIUCAUE TNV TIPOCEYYLOT) MAG UE
Hia HEAETN XPNOTWYV, KATADEIKVUOVTAG TNV ATIOTEAECUATIKOTNTA
ToU popHaAlooU TIOU TIPOTEIVOUE.

Té)\oq, TA KOLWVWVLIKA JEoa elval, otnv napoloa ¢don, anod TIG TO
YOVIHEG TAATPOPEG, avacpolea IIE TO TIEPLEXOMEVO TIOU TIapAYE-
Tal arnd Toug XPNOTEG. XAPAKTINPLOTIKA Tiapadelypata mepIAap-
Bavouv Tto Twitter, To Facebook, To Tumblr, K.ATL € avneson HE
TPONYOUNEVEG BLASIKTUAKEG r[}\aTcpopusc; OTIOU Ol XP1)OTEC UTIO-
pouoav va avsBaCouv neplexouevo, OTiwe Ta loTo)\oyla (blogs)
AUTECG OL UTINPETiEC €XOUV 2 DlAPOPETIKA XAPAKTINPLOTIKA: 1) ypN-
YOpO puBud avavéwong Kal 2) TEPACTIoOuG aplBuolc evepywy,
OlaoUVOEDEUEVWYV XPNOTWYV. ZUVETIWG, 0 OYKOC TOU TIapayoue-
Vou Tieplexodévou ¢BdAvel oe eEalpeTikd emineda, kKat odnyei oe
ula pon dedopevwy. Aedopévou OTL ol Xproteg oculntave dlap-
KOG Yla Ta evOLAPEPOVTA TOUC Kal ToV TEPLBAAAOVTA XWPO TOUG,
hag divetal n duvatotnTa va €EAyoule OE TIPAYMATIKO XPOVO
evolapEpouoeg TAnpodopieg, o6Twe yeyovota. H avixveuon ye-
YOVOTWV €ival uPioTng onuaciag oe apkKeTEG TEEPUTIWOELG, ATIO
TNV CWOTN KATAVOUN TwV TIOPpWV HEXPL Kal TNV dlaxeiplon Kpi-
oewV. [poTeivouue TEXVIKES TIOU oToXeUOUV OTNV avixveuon ye-
YOVOTWV, KABWCS autd TPOKUTITOUV, Kal AeltoupyoUv Katd , yla
va avtaneEEABoUV oV ocuveXOUEVN PON TWV ElOEPXOUEVWYV Oe-
douévwy. MNa tnv emiteuén autol Tou oTOXOU, KaTaPeUYOUUE OE
eswpisq ouvalodn HATWV, TIOU Tpoodidouv otV avd)\uor'] Hag pLa
SLTTI) TIPOOTTILKY, AVAPOPIKA HE TOV PUXOAOYIKO AVTIKTUTITO TIOY
£XOUV Ta YEYOVOTA OTOUG XpNoTeg. Emmpoobetwg, n avaiuor
HOG AMOKAAUTTTEL OPLOHEVA TIOAU EVBIAPEPOVTA XAPAKTNPLOTIKA
yla 1o paoo Tou eE,aTaCou ue (Twitter) kal TIG culnTNOEIG TIOU AA-
Bavouv xwpa o auTo.






ZuvonTikn Mapouociaon Tng AIdakTopIkAG AlaTpIBAG

0] FlayKoouloc; Ioroq EXEL a)\)\aE,s:l 6paucha UE TO MEPACHA TWV

XPOVWV 0€ OXEON ME my apXLKN Tou 1O€a, Kal eEakoAoubei va

sE,eMooaral Kabwg veeq TEXVOAOYIEQ T[pOKUTlTOUV olapkweg. Ot

61061KTU(1K8Q urtr]psmsq Kall scpapuoysq elvat onpapa o olade-

OOMEVEG, smTpsnovmq OTOUG XPNOTEG va potpalovtal oTto dladi-

KTUO rrruxeq ™me Kaenuaplvomraq TouG. Mo onuavuKo elvat To

YEYOVOC OTLOLXPNOTEG VIwBOUV AveTa va KAVOUV KATL TETOLO, TO

OTI0(0 amoTeAEl ONUAVTIKA HETATOTION AVAPOPLKA UE TNV AVTLUE-

TWTION TNG WBIWWTIKOTNTAC oTa Ynodlakd mepiBalovta. AutNn n

YEVIKN aAAayn 0T cUTepLPopd TWV XPNOTWV €XEL KAVEL TN dla-

XWPLOTIKN YPAMMUN HETAEU TOU YndlakoU Kal Tou uolkoU KOOUOU

MEPLOCOTEPO acad.

AuTOG O 6lau01paouoq mg rt)\npocpoplaq npayparonomlml uTtio

TIOLIKIAEG HOPDEG, TIOU KUMAlvovTal ard am\d TaTiHaTa KOUUTILWV

(rtx. "Like", "+1"), |J.8Xpl OOUNMEVA Kal nNuIdounueEva dedouéva

(TLX. ouur[}\r]pwon dopuag, nposm)\syusvsq ETMAOYEQ), aAAd Kal

EVTEAWDC aéounm TTAN pocpopla (TLX., cpuou(n YAWOOQ, dladIKTUAKA
BlVTSO) 21 uetwvsml OTLauTn N MAnpodopia dev T[O.pO.YSTCll T\Eov
aro usya)\sq eTalpieg n akadnuaika wvotitolTta, OTwg yvotav

oTI§ arapxEQ Tou I'IayKooptou loToU. AVTLGSqu, 6nploupy81ral

arno T[pO.Y}J.O.TlKOUQ XPNOTEG, TWV OToiwv 0 POAOC £XEL aMaEsm

ardé autov Tou TadnTikoU KatavaAwTn TAnpodopiag oe autov

TOU gvePYOU CUUMPETEXOVTA OTNV dOladlkaoia mapaywyng meple-

Xouévou. Eilval emiong evdladpépov OTL oL eTalpleg TIAEOV evOap-

pl’Jvouv mv avanocpoéémon arnod XPNOTEC - av Kal ﬂpOOﬂGGOUV

KaTta Koupouq va unochcupouv TOUQ GxeTlKouq pnxawououq Tou

ouom MATOC - KAl Ol xpnoqu avalntouv vausq arod AAAoug, Tipo-
KEIMEVOU Va oxnuanoouv euneplomrwusvsq YVWUECS Kal va Ad-

Bouv TSKpnplwueveq anocpaoelq

O KOlVOG TIAPAVOUAOTNC AUTWY TWV TIEPUTIMOE WYV eival OTL oL XpN-

0TeEC EKPPATOUV TIC TIPOTIMAOCELC TOUG KAl TIG TIPOOWTIKESG TOUG

aroyPelg navw oe pia oelpd Beudtwy, OMWS HOUCLKN, TIPOoIoVTA,

TIOALTIKN, K.ATL AV KAl OL VEEG TEXVOAOYieC TpoodpEpouV Ta anapai-
TNTA M\aiola WoTE Ol XPNOTEG va PropoUVv va ekppacTtouv, aral-



TOUVTAL KALVOTOUEG LOEEC YIa va HeTaTPEYOoUV Ta dlabEotua de-
dopEVa og XpNoLUn Kat agloroinoiun mnpodopia. Havaykn aut)
HeTtappaletal, emi NG ouociag, oe evolapEpovTal kKat dUoKOAa
EPEUVNTIKA EPWTNHATA TA OTO{a OPEIAOUHE VA AVTIHETWTICOUE,

WOTE VA TPOOPEPOUE TIG UTMPECIEG TNG EMOUEVNG YEVIAG. [l
MapadeLypa, XPELAGOHAOTE TUO EKPPACTIKOUG TUTIOUG EPWTNMA-
TwV, OTIOU OL TIPOTIMNOCEIS TWV XPNOTWV Ba )\apBavovral ooBapa
uTIoPn. ZUyxpovwe, odpeiloupe va avartUEou e TEXVIKEG OL OTIOl-
ec €eEAYOUV OUOCLAOTIKEC Kal OLoPATIKES TIANpodOopieg atd TO OYKW
OeC TEPLEXOUEVO TIOU TIAPAYETAL ATO TOUC XPNOTEG.

Ta epwTpaTa KOPUPOYPAUHNG KAl Ta TOTH-k EpwTNHATA gival
ouo XClpClKTT]plGTlKCl r[apaéelyuam TETOLWV epWTN HaTwv. Ta ToTk-
k epwtuata etuotpédouv Ta k£ KaAUTEPA avTIKElPeEva cUudwva
UE pla ouvaptnon BaduoAoynong f() Twv avilkelpevwyv. Amno
TNV AAAN TAEUPQ, TA EPWTNUATA KOPUPOYPAUMNG uTiooTnpIllouV
TIOAU-KPLTNPLAKN BEATIOTOTIOMON Kal eival oxedlaopeva woTe va
ETUOTPEDOUV aAVTIKEINEVA HE DIAPOPETIKEG LOOPPOTIUEG. ZUYKE-
KPLMEVA, TO EPWTNMA AUTO opileTal TIAVW 0€ £€va GUVOAO XAPOAKTN-
PLOTIKWYV, Kal To arnoTteAeopa repltAauBavel ekeiva Ta avTtikeipeva
yla ta oroia dev priopoUue va Bpoupe Ka)\t'JTe:pr] sva)\)\aKTlKr']
WG TPOG OAa TA XapaKTINPLoTIKA. Kal ot dUo TuTol sprnpaToov
E€XOUV Ta OIKA TOug MAEOVEKTNATA KAl HeloveKTNHaTa. [Na mapa-
OElyMa, TA EPWTAMATA TOT-k EAEYXOUV TO HEYEBOG TOU ATIOTEAE-
OMATOG HECW TNG TIapauéTpou k. QoTOO0O0, TO ATIOTEAECTUA EEQpP-
Tatal mapd oAU amd TNV ouvapTnon Baeuo)\éynonq fO) kat n
ETIAOYN MIOC KAANG TETOLAC OUVAPTNONG f () dev eival kaBoOAou
£UKOAn Sladikaoia. ATO TV AAAN, Ta EPWTNHATA KOPUPOYPAUMNG
elval EUKOAOTEPA WG TPOG TNV KATAVONON NG, dedoUEVOU OTLOL
TPOTIUNOELG OpifovTaL MAvw O€ KABE XapaKTNPLOTIKO EeXWPLOTA,
OHWG, TO HEYEDOG TOU AMOTEAEONATOG Hropel va yivel eUkoAa
UTIEPBOALKA HEYAAO. Z€ QUTEG TIG MEPUTTWOELC Ba NTav oAU Kou-
PAOCTLKO Yla TOV XP1OTN va Koltd&el OAa Ta AmMoTeEAECHATA XELPO-
Kivnta. Zuvenwg, xpelalduaoTe TEXVIKESG TIoU cuvdudlouv Ta
TMAEOVEKTNMATA Kal TwV dU0o epwTnUdTwyY. H evowpatwon eru-
TAEOV TIEPLOPLOUMV KATA TNV ETIAOYN TWV ATIOTEAEOUATWY, OTIWC
TLX. N OladpOoPETIKOTNTA TWV AVTIKEIUEVWY, Ba NTav olaitepa



eTOuUUN TN, l5lCllT8p0. av Gewpnoouus TO ysyovoq OTL TA EPWTN-
Mata Kopucpoypauunq otoxeUouV va ETUOTPEDOUV Onueia pe dla-
GOPETIKES looppomsq

Kat ot dUo autoli TuTtol spwmuaw)v Kataypddouv 1A epwm HaTa
TWV XpT]OT(DV oe Oevapla Moo-xprnong, He xapaKTanOTlKeq TIG
nspmrrrwosmq OTIoU Ol xpnoqu avaCnTouv véa avnKsmsva N TAn-
podopia. OL xpnoteg, wotdoo, urmopolv va eKGPACOUV TIG TIPO-
TIMNOELG TOUG Kal O€ uard-xpﬁosa)q TEPUTIWOELS, UTIO TNV HopdN
™NG avatpododotnong (feedback). Ze oplopéEvoug Touelg, n ava-
TPOP0odOTNON Propel va diveTal pnTaA HECW TWV EVEPYELLV TWV
Xpnotwv. Na napddetypa, n ermAoyr €vog anoteAéCPATOS OTaA
m\alola pag avalntnong oto dladiktuo (web search) eival Hia
Hopdn BeTIKNG avaTtpododoTnong, eve n napAdAen / ureprm-
onon QHOTS)\souava aroteAel apvnTiK avatpododoTnon yla
Ta ClVTlK8l|J.8VCl Tou d¢ev snl)\exﬁnmv Ouolwg, N snl)\oyr] evoq
Kara)\oyou orou Ba arnodnkeuTel £vag dLAdIKTUAKOG nopoc; elval
MLa pnTn HopPn avanocpo60Tr]or]q yla OUYKSKplp.SV‘r] edap-
uoyr] H urtootnplén Twv EVEPYELWV TWV XPNOTWV HECW mg KpL-
TIKNG a&lomoinong T8T0lac; avanocpoéoTr]or]c; 8a urmopoulce va
BEATIWOEL CNUAVTIKA TWV 8|J.T[8[pl0. TOU xpnom (user experience).
H avarpocpoéornon ard TOUG XPNOTEQ |.1T[Op8l va AaBet kat AAAeQ
HOopPEQ, onooc; yla Tapdadetyua nylt- Bounpevn MAnpodopia Kat &-
)\euespo Kelpevo. Ot 61a61KTuaK8q KPLTIKES (online reviews) aro-
TEAOUV £va XAPAKTNPLOTIKO Tapddelyua Tng tTeAeuTtaiag popcpnq,
Tou 8)(8[ npoos)\Kuos;l l5lCtlT8pO evoladpEpov Ta TEAeUTAla Xpovia.
AUTO TO auénuévo evdladpépov odelleTal OTOV AVTIKTUTIO TIOU
E€XOUV Ol KPLTIKEG OTNV EUTIOPEUCIUOTNTA TWV TPOTOVTWYV. MAAL-
OTa, €PeUVEC £xouv Oei&el OTL ol XpNoTeg TPOTIHOUV TIPoiovVTa
yla ta ormoia urtc'lpxouv KPITIKEG, WOTE va vapiCouv Ta BeTIKA
Kal Ta apvnTlKa TOUG, Kal va uropouUyv, eMOPEVWG, va AdBouv
TeKunplwueveq anocpaoelq Mé&ow Tou ouvéuaouou ™C avatpo-
cpoéomonq arnod Toug xpnoqu Kal TWV TSXVlK(l)V npodlaypadpwv
TWV TPOIOVTWYV, UropoUue va eEayoupe va oTIBapo mhaiolo yla
TNV avaAuon Kal T cUYKPLoM TETOLWV TIPOIOVTWYV. 10 CUYKEKPL-
HEvVQ, BaollOUEVOL OTIC AVAYKEG TWV XPNOTMV - OTIWS AUTEG TIPO-
KUTTTOUV HECW TNG avaTpopodOTNoNng 1ou MapEXoUV - Kal To Bab-
WO OTOV OTIo(0 £va TIPOIOV Uropei va KAAUYEL CUYKEKPLUEVEG ava-



YKEQC - OTIWG TIPOKUTITEL ATIO TA TSXVlKO. )(ClpClKTT]plOTlKO. TOU - sma-
oTe O€ escn va avayvwpicou HE nooo avraywwonKa elvatta mpol-
ovta. AuToO eival dlaitepa XpNOolWo, TOCO Yla TOUG Tapaywyouqg
TV TIPOIOVTWYV (OAD., TIC eTALPIES), OTIWC KAl TOUG KaTava)\ooTsc;
(6)\6 TOUG Ts)\lKouc; xpnOqu) Map' o)\n TN onuacia Tou, HEXPL
MPOTIVWGS dEV UM PXE £€va TETOLo TUTLKO TAaioLo, TIou Ba avayvw-
piCel avTaywvioTika npomovm H nmpbéodatn 6laesomomm TWV
OLadLKTUAKWV Kmewv hag emetpePe va eAéyEoupe T60O TNV
Cll'[O5OTlKOTT]TCl 600 Kal TNV arIOTa)\eouaTlKomTa TEXVIKOV TIOU
sruorpscpouv Ta k TIO AVTAYWVIOTIKA TipoiovTa, d00EVTOC evog
AVTLKE(MEVOU TIOU Hag eviladEpEL.

I'Iapa ™mv ernEn TOU rr)\neouq TWV 61a61KTuaKoov KPLTIKWV, O
oyKoq auTtog dev OUYKprSTGl emoudevi e Tov OYKo Twv dedo-
MEVWV TIOU TIapAyeTal anod ta Heca Kowwvumq OIKTUWONG (somal
medla) Ta rwo 6nuocpt)\n KOLVWVLIKA usoa EXOUV UlOGSTnGSl aro
£€va TIPAyYHAaTIKA peyalo MANOBoC xpnotwy, e tnv etalpia Face-
book va kauxlETal mapanavw aro 1.28 dioekaTtoupUupla evepyoUq
XPNoTeg KABe unva ( otowxeia pexptl kat 31 Maptiou, 2014), kat
TNV etalpia Twitter - mou lépoen KE apyc’)Tepa - va €XEL nsplooérs-
poug amo 255 ekatoupUpla svapyouq XPNOTEG TO UNva (HEXPL
Kat Tov loUALo 2014) Mia Ktvnmpla OUVAMN TWV TEXVOAOYIKW®V
auTwVv Malciwyv eival To cuoTatiko TG dIKTUWONG, HE TOUG OUW-
HMETEXOVTEG va cuvdEovTal HETAEU TOUG, WG TipoaTalTOUNEVO Yia
TO dlapolpacud mMnpodopiac.

AvauodiBoAa, Ta KoWVwVIKA péoa arnoteAoUV pla aro TIG IO YOVI-
HEG EPEUVNTIKEG TIEPLOXEC ONUEPA, OXL HOVO AOYW TNG UYNANG
arodoxNg ard XPNOTeC, AAAA Kal AOyow TNG XPNOIMOTNTAG TWV
OedOMEVWY TOUC YIa TIOIKIAES ETIOTNUES Kal KAAdoug: TAnpodo-
PLKN, YuxoAoyia, KowvwvioAoyia Kal dnuooloypadia eival povo
HMEPLIKEG XAPAKTNPLOTIKEG TEpUTTWOoELS. ETumpooBeTwg, untdpxouy
TIPAKTIKES €PAPUOYESG OTIOU Ta dedoéEva UropoUv va a&loTtoin-
Bolv. AlaPnUIOTIKEG ekoTpaTeieg (advertising) kal n avixveuon
KolvoTNTwV (community detection) eival Tutuka mapadeilypata, eV
n avayvwplon cupBAavtwy (o€ mpaypaTtiko Xpovo), n avaiuon al-
AnAerudpdoewv peta&u xpnotwy (interaction analysis), kal n kata-
vonon NG ocuprnepldopdsg Twv Xpnotwv (user behavior analysis)



AapBdavouv ohoéva Kal nsptooowpn npoooxn H anomoémonom-
non tou nsplsxousvou TIOU TapAayeTal ano TOUG XP1OTEG O€ auw
Ta pEoa eival 1dlaitepa SUOKOAN, AOYW TOU OYKOU TWV OEDOUEVWV
KAl TNG TIOIKIAOPOpPiag Tou TEPLEXOUEVOU, TIOU oPelAeTal OTOV
avtiotolxo MAnBuouos Kal Ta evoladpEPovVTA TOUG.

H €€6pu&n dedopévwv oe TO00 PeydAo Oyko TAnpodopiag yia
TNV avelpeon ysyovéToov, rou eivatl a&la yla 6nuocnonoinon, el-
val KaBe dAAo Ttapd eUKOAN. I'Iponyou MEVEQ TSXVLKaq 81‘[lK8VTp(1)-
enKav oty rtapaKo)\ouenon ysyovmwv unovowvmc; OTL TO Ye-
YOVOG €XEL n6n avixveuBei n eival pe karotlo TpPOTO vaoro AM-
Aol €peUVNTEC amAoTioloUV To TIPORANUA PE TO va Paxvouv yld
OUYKEKPLUEVEG AEEEIC-KAELDLA, Ta OTIO(a HTopOUV va TieplypaPouv
ETIAPKWG €va yeyovog. H avixveuon yeyovotwyv, aveEapTNTwg
TUTIOU (rLX. TIOALTLKY), ABANTIKA, KATY), Kal Xwpic npéTepn yvcbcm
avagpopLlka e )\SESlq Tou uropoUV va To Teplypayouyv , anattei
Hla dladopeTIKN TIPOoEyylon. Q¢ eVAAAAKTIKN, KaTacpsuyouue
o€ Gawplsq Tou OTnplCovml otnv JuxoAoyia, ocUppwva pe TIG
oroieg Ta ysyovom E€XOUV ETUMTTWOELG OTOV avOpwrivo L|JUXlOp.O
(KAl TILO OUYKEKPLIPMEVA OTNV ouvValoONuATIK) ToUu KaTtdoTtaon), €
EwBWVTAC TOUG va eEWTEPIKEUTOUV TIG OKEWPELG TOUG. Ynoornpi-
(oupe 6TLYEYovOTa TIoU eival d&la pog dnpuootoroinon 6a €xouv
ETUMTWON 0 HEYAAEG OPADEG XPNOTWYV, KAl LECW TNG TIAPAKOAOU-
Bnong TNG ouvalodnuaTlkNg Katdotaong tTng oudadag, Ba pro-
poUE va eVTOTLOOUUE ATIOTOUES METAPBOAEG, TIC OTIO(EC UTTIOPOU-
UE VO OUOXETIOOUME PE TNV TMNYN, OAD, To cupBav.

ZT1amaiola autol Tou EpEUVNTIKOU TIPORBAN HaTog, wWOoTOO0O0, UTIAp-
XEL Ul r[}\neu)pa ava EPWTNMUATWY TIOU TIPETIEL VA ar[avmeouv
Ma napaéswua T[pST[Sl va avavaplCoupe mv TomoBeaia omou
EAaBe xwpa éva ysyovoc;, TO oroio Ba prnopouoe va pag Bondnoet
va To nsplypalpouus N akKOua Ka)\UTspa va To eﬁnynoouus H
eEaywyn g ouvaloenuaTLan KGTCIOTGOT]Q elvat eva 6u0Ko)\o
npoB)\n LA, aKkoua Kat av sonaCou He o eva pspokusvo xpnorn,
noco pAAAov oe |.llCl opada xpnow)v H avayvwplon anotouwyv
HeTABOAWV amnattel pa T[pOOSKTlKT] uows)\or[omor] Tou TIPOBAN-
MATOG, KOOGS eTiONG KAl ATIODOTIKES TEXVLIKEG, AOYw TOU uynAou
OYKOU 0edOoNEVWY, TA OTola TIPETEL Va eTieEEpYAOTOUUE OE TIPAY-
HaTIKO Xpovo. H mapouaciaon / omrikormoinon g minpodopiacg



Hne KaTAAANAo TpOTIo, WOTE va YiveTal eUKOAA KaTtavontn, lval
gva AAAo {NTna mou TPEMel va AaBoupe utoyn.
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Mining and Managing User-Generated Content and Preferences

Chapter 1

Introduction

1.1 The Web 2.0 era and beyond

The World Wide Web has changed dramatically over the years since
its initial inception, and is still evolving as new technologies emerge.
Online services and applications are more pervasive nowadays, al-
lowing users to share online aspects of their everyday lives. More
importantly, users feel comfortable with doing so, which is a major
shift in their attitude regarding privacy in digital environments. This
general change in behavior has made the boundaries between the
physical and online world less transparent.

Sharing of information takes place in various forms, ranging from sim-
ple button clicks, (e.g., "Like", "+1"), to structured and semi-structured
data, (e.g., filling in forms, selecting from pre-defined options), to to-
tally unstructured information, (e.g., natural language, pictures, online
videos). Note that this information is no longer produced by large (aca-
demic) institutions and corporations, which was the case in the early
days of the web. Rather, it is being generated by actual users, whose
role has shifted from information consumers to active participants in
the content creation process. ltis also interesting that companies cur-
rently encourage user feedback -- although, they occasionaly try to
game the system --, and users actively seek out opinions from others,
in order to make informed decisions.

The common denominator is that users express their preferences and
personal opinions on various topics, such as music, products, politics,
etc. Although new technologies provide the necessary framework(s)
for the users to express themselves, novel techniques are required to
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turn the available data into useful and actionable information. Such a
need translates into interesting and challenging research questions,
which we have to address, in order to provide the next generation
services. For instance, more expressive query types are needed,
whereby user preferences can be taken into account. At the same
time, we should develop techniques that extract meaningful and in-
sightful information from this high-volume, user-generated content.
Skyline and top-k queries are two such indicative examples. Top-k
queries retrieve the k£ best items according to some scoring function
f(). On the other hand, skyline queries support multi-objective opti-
mization and are geared towards returning items with different trade-
offs. In particular, the query is specified over a set of attributes, and
the result contains those items for which we can not find an alterna-
tive that is better in the selected attributes. Both query types have their
advantages and disadvantages. For example, top-k queries control
the output size through the parameter k. However, the result is highly
dependent on the ranking function f(), and selecting a good f() is not
a trivial task. On the other hand, skyline queries are easier for the
user to grasp, given that preferences are defined on each attribute
separately, but their query output size can become extremely large. It
would, then, be very tedious for the user to inspect all the results man-
ually. Consequently, we need techniques that combine the merits of
both query types. Incorporating additional constraints in the result se-
lection process, such as diversification of items, would also be highly
desirable, especially if we consider the fact that skyline queries aim to
return points with trade-offs.

Both of these query types capture user preferences in a pre-usage
scenario, typically when users are searching for new items or informa-
tion. Users may also express their preferences in a post-usage sce-
nario, in the form of feedback. Within certain domains, feedback can
be explicitly provided through a user's actions. For example, clicking
on a result during a web search session is a form of positive feedback,
whereas skipping results provides negative feedback for the skipped
item. Similarly, selecting the directory where to save a web resource
is an explicit form of feedback for this application scenario. Supporting
user activities by making judicious use of such feedback would greatly
improve the user experience.

User feedback can be provided in other formats as well, such as semi-

G. Valkanas 36



Mining and Managing User-Generated Content and Preferences

structured and free text. Online reviews are a characteristic example
of the latter form, that has received considerable attention in recent
years. This increased attention is due to the impact that reviews have
in the marketability of products. In fact, surveys have shown that users
prefer products that have already been reviewed, so that they know
the item's pros and cons, and can, therefore, make informed deci-
sions. Through a combination of user feedback and product speci-
fications, we can derive a rigid framework to analyze and compare
such products. More specifically, based on the users' needs -- pro-
vided through their feedback -- and the extent to which a product can
cover similar needs -- given by its characteristics --, we can identify
how competitive products are. This is extremely useful for both item
producers (e.g., the companies), as well as item consumers (e.g., the
end users). Despite its importance, a formal framework to identify
competitive items had been largely missing until now.The recent avail-
ability of online reviews has allowed us to test both the efficiency and
efficacy of techniques that return the top-k most competitive products,
with respect to a given item of interest.

Although online reviews have seen a sharp increase in numbers over
the years, they are nowhere near the data volume produced in so-
cial media. Popular social media platforms have extremely high user
adoption, with Facebook boasting more than 1.28 billion active users
per month (as of March 31, 2014), and Twitter -- a later founded com-
pany -- having more than 255 million active users per month (as of
July 2014). A driving force of these frameworks is their networking
component, with people linking to one another, as a prerequisite to
share information.

Undoubtedly, social media is among the most prolific areas for re-
search nowadays, not only because of the user adoption, but also
due to the usefulness of the data in various diverse disciplines: com-
puter science, psychology, sociology and journalism to name a few.
Moreover, there are practical applications where the data can be used.
Advertising and community detection are typical use cases, whereas
(real-time) event detection, interaction analysis, and user behavior un-
derstanding increasingly gain attention. Making sense of the user-
genereated content in these mediums is also extremely challenging,
because of the data volume and content diversity, which is as high as
the underlying population and their interests.
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Mining high volumes of data to identify (newsworthy) events is far from
trivial. Previous techniques have focused on event monitoring, imply-
ing that the event is already identified or somehow known. Others
simplify the problem by searching for specific keywords, which can ac-
curately describe the event. Being able to identify events, regardless
of their type, and without prior knowledge of any descriptive keywords,
requires a different approach to tackle the problem. As an alternative,
we can resort to psychological theories, according to which events
impact the user psychologically (and most specifically their affective
state), compelling them to externalize their thoughts. We argue that
newsorthy events will impact large groups of users, and by monitor-
ing a group's aggregate affective / emotional state, we will be able to
capth[re abrupt changes and trace them back to the source, i.e., the
event,

Within this research question, however, there are several other issues
that need to be resolved first. For example, we must be able to identify
an event's location, which could help us describe it, or better explain
it. Extracting the affective state of a single user is challenging on its
own, let alone for an entire group. Capturing abrupt changes requires
a careful formulation of the problem, as well as efficient computation
techniques, due to the high volumes of real-time data we are dealing
with. Presenting the information in a suitable form, so that it is easily
understandable, is another aspect we need to consider.

1.2 Contributions and roadmap of this thesis

The remainder of this thesis is organized as follows

- Chapter 2 discusses query types that incorporate user prefer-
ences. We discuss existing approaches and their shortcomings
and suggest techniques to address them. In particular, we present
a framework that can reduce the output size for skyline queries, by
selecting a set of divserse skyline points. We formally define di-
versification in the context of skylines, and propose efficient algo-
rithms to select the top-k most divserse skyline points. Moreover,
we propose an approach to rank skyline points using an Informa-
tion Retrieval-inspired scheme. Finally, we briefly discuss other
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techniques that combine notions from skyline and top-k queries,
and attempt to control the output size.

 In Chapter 3 we talk about user preferences in two post-usage
scenarios. More specifically, we propose a framework to identify
competitors by leveraging information extracted from online re-
views. We present efficient techniques to extract the top-£ most
competitive items, given an item of interest, and experimentally
evaluate our algorithms using real datasets. We also evaluate
experimentally the efficacy of our proposed formalism through
a user study. In an alternative setting, we discuss how we can
take feedback into account, to facilitate a user-initiated process.
More specifically, we present a machine-learning framework to
aid users in selecting the right directory during a download pro-
cess. We discuss the features that we use for this particular prob-
lem, and conduct a user study to evaluate our approach.

+ In Chapter 4 we propose techniques to mine social media data,
with a focus on Twitter. Our goal is to detect events, as discussed
by the users, while having Twitter as our only source of informa-
tion. The constraint for using Twitter as a single source stems
from a desire to report events as early as possible, with respect
to their time of occurrence. After an initial review of the literature,
we present our methodology for detecting events, using cognitive
and affective theories of emotions developed in the psychology
domain. We present efficient techniques that extract geographical
information of users. We propose a classification-based frame-
work to extract the affective state of users, and discuss how we
can group users together, to monitor their aggregate emotional
state. We formalize the problem of event detection in our setting,
and experimentally evaluate the entire system, in terms of both
efficiency and effectiveness. Detected events are displayed in a
contextual user interface, conveying as much information as pos-
sible in a concise manner, to support decision making.

+ Finally, Chapter 5 concludes this thesis, summarizing our key find-
ings and contributions. We also discuss future steps to further our
work in the various research axis presented herein.
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Chapter 2

Managing user preferences

2.1 Introduction

Skyline queries, in the context of databases, were initially proposed
in [42] and since then, they have attracted considerable attention by
the database and data analysis community, as they perform multi-
objective optimization without the need for user-defined scoring func-
tions. The only input required by the user is the preferences regard-
ing the minimization / maximization of attribute values. For example,
if price and quality are two of the attributes, then users prefer to min-
imize price and maximize quality, selecting items which are (objec-
tively) better than (i.e., dominate) others.

More formally, we assume a data set D composed of n points in a
d-dimensional space. For each dimension, independently of the oth-
ers, the user can define a specific preference, such as min or max,
depending on whether they are interested in minimizing or maximiz-
ing the respective attribute. We say that a point p dominates another
point ¢, where p, ¢ € D, and denote p < ¢, if p is at least as good as
g in all dimensions, and it is strictly better in at least one. The result S
of a skyline query contains those points in D which are not dominated
by any other.

To illustrate with an example, let us assume that our dataset consists
of a set of hotels, for which we are interested in their price (y-axis)
and distance to the beach (z-axis). We can present these items in a
2-dimensional plot, as shown in Fig. 2.1. In such a scenario, we want
to minimize both attributes, i.e. select hotels as close to the beach
as possible and as cheap as possible. The skyline consists of hotels
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price

distance

Figure 2.1: Example of the skyline on a set of hotels with 2 attributes

{a, g,e,n}, for which there is none cheaper and closer to the beach
at the same time. On the other hand, we have no reason to select one
of the other hotels -- assuming only these two dimensions --, as there
is always a better alternative.

Past research on skyline queries in the context of databases has fo-
cused primarily on the efficiency aspect of the problem, i.e. how to
compute the skyline set as quicklly as possible. In their seminal pa-
per that introduced the Skyline Operator, Bérzsonyi et al proposed two
algorithms for this problem: a Block-Nested-Loop (BNL) and a divide-
and-conquer (D&C) approach. BNL was later improved by presorting
the points according to a monotone scoring function, resulting in Sort-
Filter-Skyline (SFS) [59]. Kossman et al [121] proposed an algorithm
based on nearest-neighbor search. Papadias et al. proposed Branch-
and-Bound Skyline (BBS) [165], which uses a multidimensional index
and it is proven to be I/O optimal. Processing of skyline queries re-
ceived significant attention in other domains as well, including Peer-2-
Peer networks, Mobile Ad-hoc Networks (MANETS), Parallel and Grid
computing [30, 222, 111, 141, 132, 220, 66].

A major problem of the skyline, is that, depending on the data distribu-
tion and dimensionality, it is very likely that the result will contain a sig-
nificantly high number of points. More formally, Bentley et al showed
that for a randomly generated set of n points in d dimensions, the ex-

pected skyline cardinality is |S| = m = O((Inn)?"!) [38]. In a data
set containing 10° points, having about 10° skyline points may not be
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that much compared to the data set cardinality. However, in an era
when "ten blue links" may sometimes seem too many [125], returning
approximately 10° skyline points for manual inspection immediately
negates the advantages of skyline queries, i.e., selecting high-quality
points. Therefore, more sophisticated solutions are required.

2.2 Skyline diversification

2.2.1 Motivation

As already discussed, skyline queries suffer from the skyline cardli-
nality explosion problem. Simply put, depending on the dataset char-
acteristics, e.g., cardinality, dimensionality, distribution of points, the
size of the skyline size may become too large. To overcome this is-
sue, two main directions have been followed, both of which focus on
the selection of a fixed-size subset of £ skyline points.

The first alternative considers the entire dataset, selecting a set of k
Skyline representatives, which collectively dominate as many distinct
points as possible [136]. The second alternative considers the skyline
set alone, and selects k skyline points that best describe the skyline
contour. Techniques that fall under this category include [238, 200]
and make use of L, norms as distance functions.

In this research, we also address the skyline cardinality explosion
problem, by diversifying the skyline set, i.e. computing a subset of
k skyline points with high diversity. The need for diversification arises
in any context where there are users with varying tastes, e.g., web
search [12, 18]. The skyline setting is no exception, considering that
the query itself is designed to return results with varied trade-offs. For
instance, some users may be looking for a "cheap" buy, whereas oth-
ers for a "quality" one. Moreover, there may be some users who are
interested in having an investigative look before proceeding with their
purchase, therefore some (manual) post-processing is necessary to
fulfill their needs [62, 166, 195]. Without knowing the user's true inter-
ests, our safest bet is to diversify the skyline result, to fulfill the needs
of as many users as possible.

To this end, we propose a measure of diversity for skyline points which
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is meaningful and intuitive given the setting, and, most importantly,
builds upon the most fundamental skyline concept: the dominance
relation. In particular, each skyline point is associated with its domi-
nated set1'(p), i.e., the set of points that p dominates. The dominated
set is an established measure of quality of skyline points [136, 230],
thereby making it suitable as a building block for our diversification
model.

More formally, the diversity between two skyline points p and q is de-
fined as the Jaccard distance .J; of their corresponding dominated

sets, i.e., I'(p) N I'(q)]
. p)NT(g
Ja(p,q) =1 T(p) UL(q),

When I'(p) and I'(q) largely overlap, the diversity score will be small;
conversely, sharing few dominated points results in high diversity. Fi-
nally, our diversification model inherently encourages large domina-
tion sets, because for a fixed number of commonly dominated points,
the selected pair will be the one that collectively maximizes the domi-
nation score. The choice of J, arises naturally, taking into considera-
tion that it is the most widely used similarity measure for sets.

To motivate our approach further, consider Figure 2.2, where a set of
points has been split into its skyline (upper) and the set of dominated
points (lower). A directed edge exists to signify that the skyline point
dominates the corresponding point at the bottom. This representation
abstracts a multitude of domains:

* Nodes are product reviews and an edge exists when a product is
at least as good as another.

a b C d

X

| AN

pl p2 p3 p4 pb p6 p7 p8 p9 pl0 pll

Figure 2.2: Graph with dominance relations.
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* Nodes are web pages and a node dominates another if it contains
at least as much information on a topic of interest.

* Nodes are web search results and an edge exists if a user se-

lected one result over the others. The selected document be-
comes part of the skyline, whereas the rest (e.g., higher ranked

documents) belong to the dominated set.

Note that the entire representation only relies on the dominance rela-
tion because this may be all we have. For instance, in our third ex-
ample, we only know that a user preferred some documents over the
rest, without explicitly knowing "why". Similarly, the data may belong
to a 3rd party who has anonymized or obfuscated it and we are only
presented with this dominance graph, but not the actual data values.
This practically translates into an inability to build and use a multi-
dimensional index.

We stress that diversification, as an objective, is different from cover-
age. Coverage focuses on the selection of skyline points that maxi-
mize the number of unique points that are being dominated. For exam-
ple, in a 2 max-coverage approach, i.e., selecting the 2 skyline points
that maximize the number of dominated points, the result would be
the pair (b, c). However, their domination sets largely overlap, mean-
ing that little new information will be provided. Similarly, d discusses
topics already covered by both b and c. On the contrary, a may pro-
vide truly fresh information that none other does, despite the fact that
it dominates a single point. An approach focusing on diversification,
as the one that we propose, would return the pair (¢, a): ¢ dominates
the most points and addresses a lot of the information found in b and
d; a provides truly new information compared with ¢, and will attract
users with a varied taste better than any other combination.

Overall, our contributions are briefly described as follows:

« We define a novel and intuitive measure of skyline diversity, which
is solely based on the dominance property. In particular, the diver-
sity between skyline points is computed as the Jaccard distance
of their associated dominated sets. This makes our technique
suitable for settings, such as partially-ordered domains or data
with (multi-valued) categorical feature. Moreover, our formalism
maintains the scale invariance property of skyline queries, con-
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trary to other techniques, which also suffer from a need for addi-
tional distance functions or user input. Therefore, we advocate
this measure as an intuitive approach for (dis)similarity computa-
tion between skyline points.

Given our similarity measure, we proceed with presenting the prob
lem of k-most diverse skyline points. The problem is mapped
naturally to the k-dispersion problem. Since k-dispersion is NP-
hard [123], we obtain a 2-approximation with respect to the opti-
mal solution, by applying a greedy-based heuristic.

To efficiently approximate the optimal solution, we propose the
SkyDiver framework. Our framework may be applied regardless
of the existence of an index; naturally, the use of an index may
improve performance by reducing I/O operations. In particular,
we employ MinHash signatures and provide theoretical guaran-
tees for the effectiveness of our approach. Alternatively, Locality
Sensitive Hashing (LSH) can be used, as a space-efficient ap-
proximation to MinHashing.

We provide an extensive and comprehensive experimental eval-
uation of SkyDiver, using both real-life and synthetic datasets to
verify our theoretical study, and experimentally portray the bene-
fits of our approach against other alternatives that select a fixed
subset of the skyline set.

The rest of this section is organized as follows. Related work is sum-
marized in Section 2.2.2. Section 2.2.3 introduces some fundamental
concepts with respect to the domain, and formally defines the prob-
lem. Some straightforward techniques to addressing the problem are
discussed in 2.2.4, along with their inefficiencies. Our algorithms are
studied in detail in Section 2.2.5 and evaluated experimentally in Sec-
tion 2.2.6, using real-life and synthetic data sets.

2.2.2 Related Work

Diversity is a topic studied in several disciplines. Since the literature
is very rich, we will briefly discuss in the following the most basic con-
tributions that are closely related to ours.
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Operations Research. Diversification in Operations Research has
been used as a means of dispersion in optimization problems. In par-
ticular, this concept has applications in facility location, where the lo-
cations of k£ new stores or warehouses must be determined in order
to be convenient to deliver products to clients. The intractability of the
problem was first investigated in [123], where it was shown to be NP-
Hard. Therefore, only approximation algorithms can be used to solve
the problem in polynomial time, unless P = NP. Some heuristic-
based algorithms are studied in [78], whereas [174] discusses prob-
lem variations in detail. They also showed that a 2-approximation is
the best that we can get when the distance measure respects the tri-
angular inequality. In [88] the authors provided a uniform treatment
of the different dispersion problems and experimented with random-
ized heuristics. Finally, we note the work of [168] which studied upper
bounds and exact algorithms for dispersion problems.

Information Retrieval. The need for some degree of result diversi-
fication became evident in the Information Retrieval (IR) community
quite early [43]. It may serve as a means to cover various tastes or
resolve query ambiguity [192], even after personalization factors have
been taken into consideration. A diverse set of results may also serve
as a good starting point for further query refinement or exploratory
search [62]. In [12] a systematic approach to diversifying results is
presented, aiming to minimize the risk of dissatisfaction of the aver-
age user. The problem is shown to be NP-hard, therefore, approxima-
tion algorithms are used to solve it efficiently. FinaIIy, [18] investigates
new scoring functions that take into account both the relevance and
the diversity of the result set.

Database Management. The diversification problem has been also
addressed by the database community. Diversification of XML results
is studied in [140]. In [103], diversification is studied for points in Eu-
clidean space and access methods are used. In [212], the DivDB
system is developed, which provides result diversification by using an
SQL interface, whereas [74] studied the dynamic case of the prob-
lem. Our research contributes to the data management discipline, by
investigating diversification in the result of a skyline query[42], which
is widely used to reveal the best items according to user preferences.
Among the different algorithms proposed in the literature for skyline
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query processing, BBS [165] is preferred the most, because of two
significant properties, namely result progressiveness and I/0O optimal-
ity. However, in cases where indexing cannot be applied, one must
resort to other alternatives. Two efficient algorithms for skyline com-
putation without the use of an index are proposed in [69] and [191].
The first one is designed for the streaming case and performs multiple
passes over the data returning approximate results. In contrast, the
second one is designed for the 1/0O model and always provides correct
results. In the following, we take a closer look at existing techniques
that are mostly related to our work.

Skyline Diversity. Representing the skyline contour [200] has been
suggested as an alternative for skyline diversification [238]. Both tech-
niques use an L, norm (Euclidean distance in particular) as the mea-
sure of diversity between skyline points. This choice may be problem-
atic in the following cases:

- the dimensions correspond to attributes that are difficult to com-
bine (e.g., price and quality),

* the skyline is computed over a partially-ordered domain [234], and

- the attributes contain non-numerical values, e.g., when operating
over a document collection where the attributes may be terms,
g-grams or topics.

In situations such as the above, a multidimensional index can not be
used, rendering previously proposed techniques infeasible or even
inapplicable. Additionally, the Euclidean distance is sensitive to di-
mension scaling, meaning that a weighted distance measure might
be more appropriate. Therefore, by selecting an off-the-shelf distance
measure, the scale independence property of skylines is disregarded.
More notable is the fact that only the skyline set S is used to deter-
mine a solution, disregarding the rest of the points. Note that this is
in contrast with existing literature that accepts dominance power, i.e.,
the size of the dominated set |I'(p)|, as a predominant quality charac-
teristic of a skyline point [165, 230].

Coverage-based techniques. The techniques in [136, 84, 68] also
consider the problem of reducing the skyline size and suggest to select
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a subset of k£ skyline points according to a maximum coverage crite-
rion. In particular, the optimization goal is to maximize the number of
distinct non-skyline points dominated by at least one of the & selected
skyline points. Despite its set-oriented nature, this technique essen-
tially solves a different problem, aiming to maximize the dominated
set of the selected skyline points, and not to diversify them. Note that
such a solution would have been highly attractive in conjunction with
a greedy heuristic, as shown by the following lemma.

Lemma 1 ([47]) The greedy algorithm on a set-cover problem with
finite VC-dimension v, yields an approximation ratio of O(vlogvc),
where c is the optimal solution.

The set system of such a max-coverage instance has a finite VC-
dimension [210] of d (d being the dimensionality of the problem) due
to the axis-aligned hyper-rectangles of dominating regions, anchored
to the upper right corner of the d-dimensional space [145]. From
Lemma 1 and a reduction of max-coverage to set-cover, we can also
expect a better approximation than the 1 — 1/e of the general case. To
the best of our knowledge, such a remark has been largely overlooked
in the skyline literature.

To better illustrate the difference between our objective and the one
in coverage-based techniques, we have performed the following ex-
periment: We computed the diversity and coverage scores, both by
a k-dispersion and a k-max-coverage algorithm, for various data sets

Table 2.1: k-max-coverage vs k-dispersion
k-max-coverage k-dispersion
Dataset k || coverage \ diversity || coverage \ diversity
2 98.4% 0.064 95.5% 1.000
IND5M4D || 10 || 99.9% 0.064 95.8% 0.916
50 100% 0.018 98.3% 0.553
2 93.7% 0.304 88.6% 1.000
FC5D 10 || 98.9% 0.088 88.9% 0.941
50 || 99.8% 0.032 93.2% 0.714
2 70% 0.634 56.2% 1.000
REC5D || 10| 93.1% 0.328 56.7% 0.997
50 || 98.6% 0.142 68.6% 0.864
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(see Section 2.2.6 for details). Table 2.1 contains the results of this
experiment.

We draw the following conclusions:

- Clearly, we can not solve the diversity problem through coverage.
Coverage selects points with high overlap in their dominating re-
gions, which sharply reduces diversity.

* When the objective is diversity, coverage is not as high as when
aiming for coverage per se, but it is still high enough. This was
expected, since the diversity measure tends to select points that
cover a good portion of the dataset from their own viewpoint.

2.2.3 Problem Definition

Let D be a d-dimensional dataset, where without loss of generality
smaller values are preferred, i.e., we are interested in minimizing each
attribute.” We say that p = (p.21, ..., p.z4) € D dominates q = (¢.x1, ...,
q.xg) € D (and write p < ¢), when: Vi € {1,....d},p.x; < q.x; N3j €
{1,...,d} : p.x; < q.z;. The skyline & C D, is composed of all points
in D that are not dominated by any other point.

Given a data set D, the skyline set S and an integer k, k > 2, the goal
of the diversification process is to return a subset S, C S containing
k skyline points, aiming to maximize their diversity, i.e., the dissimilar-
ities among the skyline points. To quantify the diversity between two
skyline points we need a distance function d : S x S — R. Table 2.2
depicts the basic notations that are used frequently.

To overcome the limitations discussed in Section 2.2.2, we propose to
use the Jaccard distance for diversity computation. Each skyline point
p is associated with a subset of D, containing all points dominated by
p, denoted as I'(p), i.e.

I'(p) ={q€Dlp < q}

The domination score of p is the cardinality of I'(p). The similarity
between p and ¢ is defined as the Jaccard similarity between the sets

"We focus on numerical attributes for ease of presentation. Our approach applies to categorical ones equally
well.
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Table 2.2: Frequently used symbols

Symbol

Description

D, n = |D|

the data set and its cardinality

S, m =S|

the skyline set and its cardinality

the j-th skyline point

number of diverse skyline points

size of each signature

domination and signature matrix

LSH similarity threshold

number of zones for LSH

set of points dominated by p

Jaccard similarity between p, ¢

Jaccard distance between p, ¢

Jaccard distance for signatures

Ji(p, q)

_ [I'(p) N I(q)|
P'(p) UT(q)]

and ranges between 0 and 1. The corresponding distance measure
is thus Jy(p,q) = 1 — Js(p, q) and it is well known that it satisfies all
metric properties. The selection of the Jaccard distance as a measure
of diversity was based on the following rationale:

i) it relies solely on the dominance relations among points, there-
fore, no user-defined distance function or other input is required,

i) the quality of the resulting set of points does not depend on the

skyline S alone, but on the characteristics of D as well

iii) it leads to elegant ways of diversity computation by means of min-
wise independent permutations, and

iv) it is the most widely accepted measure for set (dis)similarity.

To facilitate diversification, we take the perspective of [74], viewing k-
diversity as a dispersion problem. In k-dispersion, the goal is to find £
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objects such that an objective function of their distance is optimized.
The optimal solution of the k-dispersion problem is given by:

OPT = arg E%a_%:f(A)

There are two basic alternatives for the objective function: i) in the
k-MSDP (Max-Sum Dispersion Problem) the goal is to maximize the
sum of the pair-wise distances, and ii) in the k-MMDP (Max-Min Dis-
persion Problem) the goal is to maximize the minimum pair-wise dis-
fance. Although either alternative can be employed, we choose to
work with k-MMDP because it leads to 2-approximation algorithms,
instead of the 4-approximation of k-MSDP [174].

Example 1 Figure 2.3 illustrates the output of a k-MMDP and a k-
MSDP for k=3. For simplicity, assume that objects are 2D points and
the L, distance is used as the measure of diversity. By inspecting
the two solutions, we observe that the solution for k-MMDP returns
points that are more distant to each other than k-MSDP. Both solu-
tions contain the objects a and b. However, k-MMDP returns d as the
third point, whereas k-MSDP returns c. Observe that the distance be-
tween a and c is smaller than the distance between a and d. Thus, in
k-MSDP, although the sum of distances between the returned points
is maximized, small distances may still occur, because they are com-
pensated by larger ones.

1 1
@) Ob. (ONNO) b.
Q.'—'C:Z:Q" #6 od’ °
ao:ffg‘)x‘o ao:ffg‘)'hO,x'",'.,x"'
L L
(a) solution for 3-MSDP (b) solution for 3-MMDP

Figure 2.3: Solutions to dispersion problems.
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2.2.4 Straight-Forward Techniques

Before going into the particulars of our proposed framework, we de-
scribe briefly some straight-forward approaches and we report on their
efficiency and effectiveness.

Brute-Force. This algorithm generates all pair-wise distances be-
tween skyline points, evaluates all (') alternatives and selects the
optimal solution. Clearly, this method suffers from performance degra-
dation by increasing the number of skyline points or the value k. In

addition, there is a O(m?) cost to compute all pair-wise distances of
the skyline points.

Simple Greedy. This method avoids the computation of all pair-wise
distances among skyline points, by employing a heuristic-based al-
gorithm, which guarantees a 2-approximation of the optimal solution.
The main drawback of this approach is that in order to compute the
Jaccard distance of two skyline points p and ¢, range queries must be
executed to determine the cardinalities of the dominating sets I'(p),
['(¢) and I'(p) N I'(q). Evidently, the cost of such an approach is pro-
hibitive, both with respect to I1/0 and CPU time, even when an aggre-
gate multidimensional index is available.

Sampling-Based. One may be inclined to think that sampling S or
D —S will lead to a reduction of the cost to compute the k-most diverse
skyline points. Taking a sample from S means that less than m skyline
points will participate in the selection process, whereas sampling from
D — S results in fewer points that will contribute to the computation of
the Jaccard distance between skyline points. In our case, sampling is
not helpful as we discuss in the sequel.

Lemma 2 Let S be a set of m items in a metric space and A the
diameter (maximum pair-wise distance). Any one-pass deterministic
or randomized algorithm, that uses less than or equal to m /2 items,
will fail with probability at least 1/2 to compute A exactly or provide a
2-approximation.

Proof 1 We focus on data sets containing exactly m points. Each

point is uniquely identified by its id between 1 and m. Define the data
sets D, D,, ..., D,, asfollows. Each data set D, contains a set ofm—1
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points that are clustered together in a minimum bounding sphere with
diameter 6, whereas the point with id=i, 1 < i < m is located at
a distance 20 + ¢ from the center of the sphere, where c is a small
constant. Let A be a deterministic algorithm that uses s < m space.
A randomly chosen D; is selected and given as input to A. Each point
of D; is presented to A as a stream of points.

Algorithm A selects s points to maintain in a deterministic manner.
Each pair of nodes has the same probability of being the one with

the maximum distance. Since we have (') different distances from

which exactly one is the maximum, with s points we can produce ()
pair-wise distances, meaning that the probability of success is

P(success) = s(s — 1)/m(m — 1)
and the probability of failure is
P(failure) =1—s(s —1)/m(m — 1)
Setting s = m/2 we get that

Im—2 _ 1

> — >
m_1=y"m=?

For the 2-approximation case, the difference is that the i-th element
must be included in the s points selected by the algorithm. The dis-
tance between p; and any of the other points lying inside the sphere
is guaranteed to be at least A /2. Thus, the success probability in this
case equals s/m and consequently, the failure probability is 1 — s/m.
Therefore, even by maintaining m /2 elements from S any determin-
istic algorithm will err with probability 1/2.

Using Yao's minimax principle [228], the effectiveness of any one-
pass randomized algorithm cannot be better.

P(failure) =

Basically, the previous result states that if one wants to get a success
probability larger than 1/2 in estimating the diameter A (i.e., the opti-
mal solution to the 2-dispersion problem), at least m /2 points must be
stored by any deterministic or randomized algorithm. The result may
be extended for any k. On the other hand, sampling from D — S is
not an effective solution either, because of the sparsity issue.
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To illustrate this effect, assume that the data set is viewed as a dom-
ination matrix 2 M with n — m rows and m columns, m = |S| and
n = |D|. Therefore, each skyline point is represented by a single
column, whereas a dominated point is represented by a row. In this
matrix, the cell in the 7-th row and the j-th column is 1 if the j-th skyline
point dominates the i-th data point and 0 otherwise. The sparsity of
the domination matrix depends heavily on the data distribution as well
as on the dimensionality of the data space. As an example, for 10,000
uniformly distributed points, in 3 dimensions the percentage of zeros
is 45%, in 5 dimensions it is 84% and in 7 dimensions the percentage
of zeros reaches 97%. The percentage of zeros is higher in anticorre-
lated data sets. It is evident that with the existence of sparsity it is not
possible to simply perform random sampling and then try to compute
the diversity among skyline points. Such an approach could miss im-
portant parts of the columns (containing 1's), resulting in erroneous
diversity computation.

2.2.5 The SkyDiver Framework

Given the shortcomings of the aforementioned solutions, more suit-
able techniques are required. In this section, we present the SkyDiver
framework for the skyline diversification problem, which consists of
two consecutive phases, fingerprinting and selection:

Phase 1: Fingerprinting. This phase generates a signature of re-
duced size for each skyline point, based on MinHashing. Alternatively,
Locality Sensitive Hashing (LSH) can be employed as a memory effi-
cient approximation of the MinHash signatures.

Phase 2: Selection. This phase is responsible for selecting the k
most diverse skyline points. This step may be applied to either the
MinHash or the LSH signatures.

2.2.5.1 Phase 1: Fingerprinting with MinHashing

The basic objective of the following method is threefold:

2This matrix is used only for illustration purposes and it is not constructed in practice.
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1. to avoid the execution of range queries,
2. to avoid the computation of all O(m?) pairwise diversities, and

3. to be able to work either with or without an index.

In this respect, we propose the use of the MinHashing technique [46],
because it fits nicely with our diversity measure and requires a single
pass over the data. Each column of the domination matrix (i.e., skyline
point) is represented by a signature of size t, such that t << (n —m).
Let H ={h4, ..., h:} be a set of ¢ min-wise independent hash functions,
where each h; performs a random permutation of the rows. The car-
dinality of H (i.e., the number of hash functions used) determines the
size of each signature. To generate random permutations of rows,
each hash function h; € H is of the form

where P is a prime number larger than n — m and a;, b; are randomly
chosen constants taking integer values in [1, P|. Although such a fam-
ily of hash functions does not satisfy the min-wise independence prop-
erty, it is used as an approximation that works very well in practice.
Moreover, it has been shown in [46] that the MinHash technique has
a very nice property that is directly related to the Jaccard similarity.
More specifically, if J,(p, q) is the Jaccard similarity between skyline
points p and ¢, then for each hash function A; it holds that

Problh;(p) = hi(q)] = J,(p, q).

Recall that each row of the domination matrix M corresponds to a
bit-array. If the j-th position of the ¢-th row is 1 then the j-th skyline
point dominates the :-th point. Each row is hashed ¢ times using the
hash functions in H and the signature of each skyline point is updated
accordingly. Therefore, each signature is composed of ¢ integer val-
ues, capturing the first row identifier with a non-zero element for each
permutation.

Index-Free Signature Generation. To speed up performance, most

techniques that deal with skyline queries assume the presence of a
multi-dimensional indexing scheme, e.g., an R-tree [100]. However,
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there are many reasons why the data set may not be supported such
an index. Briefly, some of them are:

* high dimensionality, which deteriorates indexing performance,

+ the data set may contain intermediate results and thus no index
is available yet,

* operations performed on a projection of the data set in specific
dimensions make the index inapplicable and

- the data set contains categorical attributes that prevent multi-dimensional
indexing.

Algorithm 2.1 outlines the signature generation process, when an in-
dex is not available. The algorithm takes as input the set of skyline
points S, the family of hash functions H and the number ¢ of signature

slots. The output is a matrix M with ¢ rows and m columns, where m

is the cardinality of the skyline set. Each column of M stores the Min-
Hash signature of the corresponding skyline point. Each data point
is scanned once (Line 2) and it is checked against the skyline points
to detect dominance relationships. If a skyline point s; dominates the

Algorithm 2.1 SigGen-IF
Input: D data set, S skyline set, # hash functions, ¢t number of slots per signature
Output: ]\/Zsignature matrix
1: Initialize all cells of matrix M with 00;
2: for (rowcount < 1 to |D|) do /* read data points */
3 p < next data point;
4 if ( p is a skyline point ) then continue;
5: for j < 1to |S| do
6
7
8

if (s; < p) then
UpdateMatrix( rowcount, j );

—~

return(/);

Procedure UpdateMatrix( row, column )
: for (i < 1to t) do
10: v; < h;(row); I* apply hash function */
11: ]\7[@, column] <+ min(]\/f[i, columnl], v;);

©
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investigated point (Line 6), then the matrix containing the MinHash
signatures is updated accordingly (Line 7). The procedure to update
the signature matrix is given in Lines 9--11, where we iteratively apply
the hash functions.

Note that the index-free technique requires a single pass over the mul-
tidimensional data set, provided that the skyline set is available. The
advantage of this method is that no index is required, whereas the
sequential scan of the data set is expected to be efficient taking into
consideration that usually the data file is stored sequentially on the
disk. Most notably, such an approach does not require that attributes
are numeric, but can handle any domain (e.g., categorical, partially
ordered) as long as dominance is well-defined. However, in cases
where an index is already available, more efficient processing is pos-
sible, which we investigate in the next paragraphs.

Index-Based Signature Generation. Typically, data points that are

close in the multidimensional space are expected to be dominated by
the same subset of skyline points. This feature is unique in index-
based techniques since the sequential scan of data points does not
guarantee any locality of references, unless the data is presorted based
on a spatial proximity criterion (e.g., space filling curves). Therefore,
when an index is present, we can exploit this property and reduce
processing costs by avoiding index probes. We discuss in detail the
appropriateness of each approach in Section 2.2.6.

To better understand the index-based technique, we introduce two
concepts regarding the dominance of Minimum Bounding Rectangles
(MBRs), namely 7) full and ::) partial dominance. MBRs are used
by multi-dimensional indexing methods (e.g., R-Trees) to organize
and group together data points that are close in the multidimensional
space. Full dominance means that the lower left corner of the MBR is
dominated. Partial dominance means that the MBR is not fully dom-
inated, but its upper right corner is. We illustrate with an example to
better explain the two notions.

Example 2 Consider the set of points in Figure 2.4, enclosed by the
minimum bounding rectangles R,, R, and R;. The skyline set is com-
posed of a, b and c. Evidently, R, is fully dominated by b, whereas R,
is fully dominated by a, b and c. Neither MBR is partially dominated.
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Figure 2.4: Domination of MBRs.

Therefore, for these two MBRs we avoid expanding the search toward
the leaf and update the signatures immediately. In contrast, we have
to increase the level of detail for R, because although it is fully dom-
inated by c, it is partially dominated by b.

Algorithm 2.2 outlines the MinHash signature creation in the presence
of an aggregate R-tree. A priority queue P() is used to store R-tree
entries that require further consideration. The algorithm removes the
top entry e from P() (Line 11) and checks whether it is partially or
fully dominated by a skyline point (Line 14). Full dominance means
that the lower left corner of e is dominated, whereas partial dominance
means that e is not fully dominated, but its upper right corner is. Par-
tial dominance prevails and if both relations exist, we need to visit e's
subtree (Line 16) by queuing it in P(). In case of exclusive full domi-
nance, Update Full Dominance is called (Line 18), which updates the
signatures without probing the index, by iterating over the number of
enclosed objects in e (Lines 20--23).

2.2.5.2 Phase 2: Selection of Diverse Skyline Points

The next step involves the selection of k£ skyline points, aiming to max-
imize their diversity. To perform this step efficiently, we should avoid
the computation of the exact diversity score between all pairs of sky-
line points, since that would be a costly operation. In particular, as-
suming that an R-tree index is available, this process would perform
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Algorithm 2.2 SigGen-IB
Input: D data set, S skyline set, # hash functions, ¢t number of slots per signature
Output: M signature matrix
rowcount < 1; .
Initialize all cells of matrix M with oo;
Initialize priority queue PQ;
for entry e in R.root do
DominatedRel( e, full, partial );
if ( !partial.isEmpty ) then
PQ.insert( e );
continue;
UpdateFullDominance( e, full );
while ( 'PQ.empty ) do
e < PQ.removeT op();
node < R.read(e.id);

N RO 2

—
M ©

13: for each entry ¢’ in node do

14: DominatedRel( ¢, full, partial );

15: if (!partial.isEmpty and node.isLeaf ) then
16: PQ.insert( ¢’ );

17: continue;

18: UpdateFullDominance( ¢/, full );

19: return M ;

Procedure UpdateFullDominance( e, full Dom )
20: for k < 1to e.count do
21: for j «+ 1to |fullDom| do
22: UpdateMatrix( rowcount, S.index(fullDom;) );

23: rowcount++,

a quadratic number of range queries of large volume, to compute the
Jaccard distances. Alternatively, if an index is not available, we would
have to perform multiple passes over the raw data. Both of these
cases lead to significant computation costs.

Thus, in our framework we exploit the signatures only, avoiding ac-
cess to the raw data. We study two different techniques: the first one
is based solely on the MinHash signatures whereas the second ap-
plies Locality-Sensitive Hashing aiming to reduce memory consump-
tion and enable speed/accuracy trade-offs.
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The Signature-Based Method. Let js(p, q) be the estimated Jaccard

similarity defined as the fraction of signature positions of p and g where
their values agree. The corresponding estimated Jaccard distance

jd(p, q) is simply 1— js(p, q). Since we have t different hash functions,
formally we have:

~ 1 0< 7 <t hi(p) = hjg
Js(qu): |] J tj() J( )|

Lemma 3 ([172]) The distance function jd respects the triangular in-
equality.

According to the previous discussion, the set of signatures along with

the distance measure J, is a metric space. We need this result to
apply a greedy heuristic for the k-dispersion problem that guarantees
a 2-approximation with respect to the optimal solution [174].

The algorithm first determines the two points with the maximum pair-
wise distance, and then greedily adds more points to the result set,
trying to maximize the minimum distance. The problem with this ap-
proach is that it requires quadratic complexity O(m?) to determine
the two most distant points. Here, we use a different technique with
O(k*m) complexity without sacrificing the 2-approximation guarantee.
The basic difference with respect to the work in [174] is that instead
of selecting the two most distant points, we start with the skyline point
with the maximum domination score and then use the greedy ap-
proach to include more points, until £ points are determined. We
also resolve ties by selecting the points with highest domination score,
thereby treating coverage as a secondary objective.

The algorithm outline for selecting k diverse skyline points is given
in Algorithm 2.3. Next, we show that SelectDiverseSet achieves a 2-
approximation with respect to the optimal solution. This can be proved
by using the same rationale as the one used for the proof of Theorem
2 of [174]. Here, we give a simpler alternative.

Lemma 4 Algorithm SelectDiverseSet reports a set of k skyline points
in O(k*m) time, achieving a 2-approximation with respect to the opti-
mal solution.
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Algorithm 2.3 SelectDiverseSet
Input: S skyline set, £ number of required points, F(.) distance measure used
Output: A set of diverse skyline points
m <« |S|; /* cardinality of skyline set */
p < skyline point in S with max dominance score;
A« {p}
while (|A| < k) do
T 4—arg maXes—a Minge4{F(z,y)}, i.e., find a point z € S- A such that the min distance
F(.) between x and the points in A is maximized;
Resolve ties by selecting the point with the max dominance score;
A— AU {z};
8: return A;

AN

N

Proof 2 The first point is selected in O(m) time. To select the second
one we compute the distance between each of the m — 1 remaining
points and the one selected. To select the third point we need 2(m —2)
distance computations. Thus, to select all k points we need in total
m+ (m—1)+2(m —2)+ ... +k(m — k) € O(k*m) distance compu-
tations. Let, S; denote the set containing the j skyline points selected
so far, where ;7 < k. Thus, when the first point is selected we have
|S1| = 1, whereas when all k points are selected |S,.| = k. Let p, be
the first point selected. To select the second point p,, the algorithm
scans all skyline points and picks the one that maximizes its distance
from p,. Create a neighborhood N (s;) for each skyline point s; € S},
suchthat N (s;) = {q € D : F(s;,q) < OPT/2}. We argue that there
must be a point in D not belonging to any of the ; neighborhoods. If
this is not the case, then the optimal solution to the k-MMDP problem
could not be O PT', which is a contradiction. Thus, for any 5 < k itis
guaranteed that the minimum distance between points in S; is at least

OPT /2.

According to [71], if Q(¢ 7?8 log(1/0)) is the signature size, where ¢
is the maximum allowed error (0 < € < 1), then with probability at
least 1 — ¢ it holds that

(1—e)Jup,q) +2B < Jup,q) < (1+2)Ju(p,q) + 8
where 0 < 8 < 1 is the required precision. This essentially means
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that the 2-approximate greedy heuristic using jd as the distance mea-
sure, is applied on the (¢,0)-approximation of the Jaccard distances,
for which the inequalities are

(1 + 5)Jd(p7 Q) — & — 5/6 S jd(p7 Q) S (1 T €>Jd(p7 Q) + € — 56

Consequently, by setting appropriate values for € and 9, the signature
distances can be made very close to the original Jaccard distances
[63]. Due to distance distortions, as a result of embedding the dis-
tances in lower dimensionality, it is possible to obtain a sub-optimal
solution. The following theorem relates the true optimal solution, to
the one computed by working with MinHash signatures.

Theorem 1 Let OPT be the value of the optimal solution to the k-
diversity problem in the original space and let x, y denote the cor-
responding skyline points, i.e., J;(x,y) = OPT. Similarly, let OPT
be the optimal value if the problem is solved using MinHash signa-

tures and let a, b be the corresponding skyline points, i.e., Jy(a,b) =

OPT. Fora given e and sufficiently small §, it holds that: J(a,b) >
FOPT — 12—5
1—¢ —e"

Proof 3 The optimal solution is given by a set of k points, O;, = {01, 0,
..., 0y }, forming a k-clique, where nodes are skyline points and edges
are weighted with the J,; of the adjacent points. Each k-clique is repre-
sented by a single value, i.e., the minimum of the () distances among
any two points in the clique, R(O;) = miny,, . (Ji(0;,0;)). This rep-
resentation stems from our formalization of k-diversity as an instance
of the k-MMDP, where we are interested in maximizing the minimum

distance of the selected set. According to this abstraction, O PT is the
representative distance of the optimal solution.

For any set of k points, P, = {p1, p2, ---» bx }, Px # Oy, it holds that
DisPj

In other words, any other k-clique will either be at most as good as O,
but never better, e.g., containing an edge with equal minimum weight,
or it will contain at least one distance strictly worse than O PT'.
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Let @ be the set of k points that fwe s select as the optimal solution in the
MinHash signature space and OPT be their representatlve distance
defined by the skyline points a and b, i.e. Jd(a b) = OPT. Itis not
hard to verify that if O, = Oy, or O, contains R(Oy) but no worse
edge, then J,(a,b) = Jy(a,b) = OPT and the inequality surely holds.
The challenging case is when Ok contains some points whose edge is
worse in the original space than in the signature space. Specifically,

the problem arises when in the signature space J;(a,b) > Jy(x,y),
despite that J,(a,b) < OPT in the original space.

Let Dy be any distance from the optimal solution O,, in the original
space, OPT < Do. It holds,

OPT < Dy =8 (1+e)OPT —¢ < (1+¢)Dp—¢
Simply put, underestimating a higher value than O PT’ could also yield
a sub-optimal result, but the worst case is obtained when we under-
estimate O PT itself. The same holds for overestimating J;(a,b) and
lower values. On the other hand, overestimating a value J,;(w, z),

Jo(w,z) < Jyla,b) < OPT so that Jy(w,z) > Jy(a,b) > Jy(z,y)
contradicts our assumption that J;(a, b) is the optimal solution in the
signature space; otherwise, J;(w, z) would have been selected. For

the worst case scenario to occur, i.e., Jy(a,b) > Jy(x,y), where Jy(a, b)

Zafd been overestimated and O P'T" has been underestimated, it should
old:

Ju(a,b) > Jy(z,y) < (1 —&)Jy(a,b) + &> (1+£)OPT — e &

(1+¢) 2¢

Jy(a, b) > OPT —
la:b) 2 =) 1—¢

Corollary 1 Leta and b be the two skyline points defining the solution

of the 2-approximation heuristic for the k-diversity problem, when run

over the MinHash signatures, where J,(a,b) is their corresponding

distance. Also, IetOPT be the opt/mal distance. Then, the following

holds: J,(a,b) > ”5 OPT S
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For the previous bounds to work, we have assumed that the parameter
0 is very small. This is because if the distances are not well-preserved
in the signature space, then we cannot have a guarantee about the
solution in the original space.

2.2.5.3 The LSH-Based Method

A limitation of the MinHash signature-based approach is that the size
of the signatures may have to be increased significantly in order to re-
duce the error probability, resulting in: i) increased processing costs
during distance computation and /i) increased memory requirements.
Keeping the signature size as small as possible has a direct negative
impact on accuracy, due to Theorem 1, a result we also experimen-
tally validate. To address this problem we propose to apply Locality
Sensitive Hashing (LSH) [113].

Recall the signature matrix that we introduced earlier, where columns
represernt skyline points and rows correspond to hash function. We
split the signature matrix to ¢ zones, each containing r rows such that
(-r=m. For each zone, a hash function is applied and each signature
part is hashed to a bucket.

Based on this scheme, the probability that two skyline points s;, s,
will hash to different buckets in all zones equals °® (1 — J,(sy, s3)")°,
whereas the probability that they will hash to the same bucket in at
least one zone equals 1 — (1 — J,(s1,52)")¢ . Our target is to select
Skyline points that are hashed in different buckets in all zones or if
this is not possible, fo minimize the number of skyline points that fall
in the same bucket in some of the zones. The values of r and ( are
controlled by the value of the threshold &, which is selected such that
¢(-r=mand¢ =~ (1/¢)%/"). Basically, the threshold ¢ controls the
shape of the sigmoid function 1 — (1 — J,(s1, s5)")°. For example, we
may assume that we consider two points similar if their similarity is
more than 20%, 50% or 80%.

Let B denote the number of buckets used per zone. Each skyline
point is seen as a bit-vector containing ( - B dimensions, where a

3To be precise, we should use fs(sl, s2), but since the distortion of the similarities can be made arbitrarily
small, we can safely assume that J(s1, s2) &~ Js(s1, $2)-
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value of 1 (0) denotes that the skyline point is hashed (not hashed) to
the corresponding bucket. Consequently, two skyline points s4, s, are
dissimilar if they both have a value of 1 in as few bit-vector positions
as possible. Therefore, the diversity is quantified by the Hamming
distance between their corresponding bit-vector representations. In
particular, we observe that the number of buckets where two skyline
points disagree equals half the Hamming distance between their cor-
responding bit-vectors. Note also that since each skyline point is nec-
essarily hashed in exactly one bucket in each hashtable, the L; norm
of its bit-vector is equal to (, i.e., ||bv(s;)||1 = (, Vi € [1,m].

Example 3 Figure 2.5 depicts a possible distribution of signatures into
buckets, when (=4 and B=3. The number shown in the upper-right
corner of each bucket corresponds to the position in the bit-vectors,
which are presented on the right. Each bit-vector contains ( - B=12
bits, where exactly four of them are set. By observing points a and
b we see that they are never hashed to the same bucket. Therefore,
their distance should be equal to 4, whereas one can easily verify that
the Hamming distance between bu(a) and bu(b) is 8.

0 3 6 9 bo(a)=100 010010 100
a b c,d a

T 7 7 T bo(b)=010 100 001 001
b,c a a

5 5 5 = bo(c)= 010001 100 001
d |l ed ]| b ||bed bo(d)= 001 001 100 001

(a) hashtables for the zones (b) skyline bit-vectors

Figure 2.5: Buckets and bit-vectors of skyline points.

Since the Hamming distance satisfies the triangular inequality, the
2-approximation heuristic is immediately applicable. Thus, to deter-
mine the & most diverse skyline points, algorithm SelectDiverseSet of
Algorithm 2.3 is applied by using the Hamming distance on the bit-
vectors instead of the signature-based distance that has been used
previously. We denote this algorithm as SkyDiver-LSH.

G. Valkanas 66



Mining and Managing User-Generated Content and Preferences

2.2.6 Experimental Evaluation

In this section, we report on the results of a comprehensive set of
experiments, towards comparing the various techniques covered in
the previous sections. First, we present the implemented algorithms
as well as the data sets used.

2.2.6.1 Algorithms and Data Sets

We have implemented four different algorithms, presented in Table 2.3.
We remind the reader that our proposed approaches, SkyDiver-MH
and SkyDiver-LSH, can be applied regardless of having an index in
place.

Table 2.3: Evaluated algorithms
Algorithm | Reference
Brute-Force (BF) Brute-force algo. (Sec. 2.2.4)
Simple-Greedy (SG) || Simple greedy algo. (Sec. 2.2.4)
SkyDiver-MH (MH) MinHash-based algo. (Sec. 2.2.5.1)
SkyDiver-LSH (LSH) || LSH-based algo. (Sec. 2.2.5.3)

We have generated synthetic data sets following the independent (IND)
and anticorrelated (ANT) distributions, using the methodology pre-
sented in [42]. In addition, we have used two real-life data sets: For-
est Cover (FC) downloaded from UCI Machine Learning Repository
(http://kdd.ics.uci.edu) and Recipes (REC) [127] (Sparkrecipes.com),
where each data point is a recipe and its attributes are the nutritional
values for several common compounds, e.g., carbohydrates, protein,
calcium etc. Table 2.4 summarizes the basic dataset characteristics,
with default values underlined. For the real datasets, we select the
first d dimensions to compare the techniques against dimensionality.

The code was written in C++ and all experiments were run on a Quad-
Core @3.5GHz machine, with 4Gb RAM, running Linux. Each data
set was indexed by an aggregate R*-tree, with a 4Kb page size. An
associated cache with 20% of the corresponding R*-tree's blocks was
used with every experiment. Timings reported in the graphs are in
seconds, measured as CPU processing time and assuming a default
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Table 2.4: Basic data set characteristics

Data set | Cardinality | Dimensionality
Independent (IND) 1M, 2M, 5M, 7M 2,3,4,6
Anticorrelated (ANT) || 1M, 2M, 5M, 7M 2,3,4,6
Forest Cover (FC) ~ 581K 4,5, 7
Recipes (REC) ~ 365K 4,5,7

value of 8ms per page fault. Unless stated otherwise, all values re-
ported below refer to the 2-step process of finding the k-most diverse
skyline points, without the cost of finding the skyline itself as it does
not affect the relative performance of the algorithms. Regarding effec-
tiveness, we report the minimum (Jaccard) distance among the pair
of points that has been selected by each approach.

2.2.6.2 Experiments and Results

We begin by evaluating when signature creation should use an index
(IB) or not (IF), in case we have such an option. We then evaluate the
efficiency of all techniques compared to various parameters, using the
IB approach, since BF and SG use the index as well. We finally report
on result quality and memory consumption.

Signature Generation. Our first experiment focuses on the cost for
signature generation and how the index affects this step. Figures 2.6(a)-
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Figure 2.6: Time for generating MinHash signatures vs signature size.
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Figure 2.7: Time for generating MinHash signatures of size 100 for synthetic data sets.

(b) show the signature generation time as a function of the signa-
ture size, for all dimensions of FC and REC data sets, respectively.
Clearly, by increasing the signature size, the signature generation
phase requires more time. Nevertheless, selecting IB or IF seems
to be unrelated to signature size. We have obtained similar results for
the IND and ANT distributions.

Figures 2.7(a)-(d) report the time taken to generate the signatures,
depending on whether an index was used (IB - index based) or not
(IF - index free), for varied cardinalities / dimensionalities of IND and
ANT data sets. More specifically, figures 2.7(a) and 2.7(b) report CPU
and total time -- I/O's included -- respectively, for varying cardinalities
and default dimensionality d = 4. ANT data consistently favor the
IB approach. However, for IND data, the IF method is more efficient
when total time is concerned. On the contrary, when taking only CPU

time into account, IB is better. This is due to a lot of I/Os on the R-tree,
more than what a linear scan on the actual data set requires.

Even more interesting is the case when we vary the dimensionality,
as shown in Figures 2.7(c) and 2.7(d). In particular, for ANT data sets,
low dimensionality favors the IF approach. In this case, the costs are
mostly due to I/Os. However, as dimensionality increases, more dom-
inance checks are executed, which |IF performs naively. On the other
hand, IB saves on CPU costs, by utilizing the index. For IND data,
IB and IF differ marginally for few dimensions and as d increases, 1B
is favored. For 2D, the R-tree saves several I/0O operations, and the
overall cost of IB is much lower. However, for average dimensionality,
the 1/O cost sharply increases for IB, making it less suitable. Basically,
partial dominations of MBRs have dramatically increased, which ne-
cessitate that we decompose them further, resulting in additional 1/Os.
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Figure 2.8: Runtime for k£ = 10 diverse skyline points vs dimensionality.

Specifically, we observe an ~ 70 x increase in the number of I/0Os from
2D to 3D, but the I/0 increase is niche as d increases from that point
onwards. A big part of the R-tree has to be traversed when d > 3, yet
several dominance checks are saved, explaining why CPU-costs do
not follow this trend. Given the efficiency when the signature size is
set to 100 and the fact that we achieve good quality (Figure 2.10), as
we discuss in the next paragraphs, we adopt it as the default signature
size for the rest of our evaluation.

User Guide. We propose the following scheme which is experimen-
tally validated: The IB method should be considered: ¢) when the R-
tree can be memory resident, assuming enough resources, whereas
for a disk-resident index z) for average and high-dimensional data
(d > 4) and 222) when d = 2, provided we are dealing with IND data.
In the few remaining cases, IF should be favored.

Runtime VS Dimensionality. We now turn our attention to the effi-
ciency of the techniques for selecting the £-most diverse skyline points.
Figures 2.8(a)-(d) demonstrate the performance of the employed algo-
rithms on all data sets, for varying dimensionalities. In particular, we
have plotted the overall time taken to compute the 10-most diverse
skyline points, including the time for generating the signatures (for the
cases of MH and LSH).

As expected, BF shows the worst performance, given that it searches
exhaustively for the optimal solution. By increasing the dimension-
ality, the number of skyline points increases too and, consequently,

so does the number of (") enumerations. Moreover, unlike the other

techniques, BF's reported times are for &k = 2; k£ = 10 yields even
more enumerations, since the skyline contains a few hundred points
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Figure 2.9: Runtime vs number of diverse points (k).

at best. We even ran BF for £ = 5, but none of the experiments had
concluded within a 10 day period of execution (in wall clock time). Not
surprisingly, BF is inappropriate for practical applications, even when
dealing with small skyline sets and reasonable values of k. For this
reason, we omit it from subsequent experiments.

The greedy algorithm SG, which computes the actual diversity scores
by performing range queries, is inferior to MH and LSH by, approxi-
mately 2-3 orders of magnitude. Note that we have boosted SG, by
maintaining in-memory the minimum distance of each non-selected
skyline point. Even so, most of the time is spent on I/Os due to range
queries for Jaccard distance computations, whereas CPU cost is only
a fraction. This validates our goal to keep range queries to a mini-
mum. SG performs better only for the IND data set and d = 2, where
there are very few skyline points (~ 5 — 10) and signature creation
phase places enough overhead to make the signature-based tech-
niques slightly worse. In all other occasions, SG's performance is
worse; in fact it did not complete for the anticorrelated dataset with
6 dimensions (ANT 6D setting)8. Finally, though MH and LSH differ
slightly, at this granularity their difference is not discernible.

Runtime VS Number of Points (k). Figures 2.9(a)-(d) portray the
efficiency of the techniques with respect to the number of requested
points. The graphs clearly support our earlier findings that MH and
LSH are superior to SG by orders of magnitude, for reasonable values
of k. All three algorithms exhibit a consistent behavior in all data sets
and k values: MH and LSH perform almost identically for all £ values,
with LSH being slightly better as shown in Figure 2.9(c)-(d), which
is one of the main reasons to consider it over MH. CPU costs are
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Figure 2.10: Quality vs number of diverse points (k).

minimal for these techniques, accounting for no more than 45 sec for
ANT, and at most 2 seconds for the other data sets, with £=50 and
default values for the other parameters. On the other hand, for all
k values, SG is burdened with an excessive number of I/Os, due to
range queries, despite being boosted. The technique also shows a
noticeable increase in runtime for £=50, across all data sets, as a
result of increased CPU costs. This is because when increasing &, the
pair-wise Jaccard distance computations add-up to a more noticeable
amount, given that range queries require O(d) checks, and recursively
descend the R-tree if needed, to compute the intersection.

Quality of Results. We now turn our attention to the effectiveness
aspect of our approach. Figures 2.10(a)-(d) demonstrate the diversity
score, i.e., the minimum Jaccard distance in the original space, of
the selected set of skyline points, for different values of £ (number of
selected points). As expected, by increasing &, the minimum Jaccard
distance is reduced. SG performs better than MH and LSH in general,
however, the latter two achieve very good performance, given their
efficiency savings. With the exception of REC data set, MH is only
slightly worse than SG for k£ values up to 10. In constrast, LSH has
a steeper decline in the diversity score, but requires less memory, as
shown in Figure 2.11(a)-(b) and explained in the sequel.

MinHashing VS LSH. Figure 2.11 depicts a comparison between MH
and LSH, demonstrating the memory vs accuracy trade-off. In partic-
ular, we have performed a series of experiments with a fixed k value
(k=10), while varying the parameters ¢ (threshold) and B (number of
buckets per zone) for LSH, and (varying) the signature size for Min-
Hash. By increasing &, the number of zones ( is reduced, which in-
creases memory savings. In addition, maintaining fewer buckets per
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Figure 2.11: LSH vs MinHashing, for & = 10 diverse skyline points, with signature size fixed
to 100

zone reduces memory consumption further. The price we pay in this
case is a drop in accuracy. As expected, the accuracy of LSH is lower
than that of MH as shown in Figure 2.11(c)-(d), whereas the savings
in storage are more sensitive to the value of £, due to the high correla-
tion between & and ¢ as shown in Figure 2.11(a)-(b). For example, by
using LSH with £ = 0.2 and B=20, we need around 300Kb for the FC
data set, whereas MH requires almost 600Kb. Moreover, the corre-
sponding diversity score obtained by LSH is 0.88 when MH performs
marginally better obtaining a diversity score of 0.93. Overall, the sig-
nificant reduction in memory requirements make LSH a very attractive
alternative, in cases where we are willing to sacrifice accuracy, up to
an acceptable level.

Another key observation is that by simply reducing the signature size
in MinHashing does not give promising results. For example, using
a threshold of 0.2, with 10 buckets per zone, LSH obtains results of
similar or better quality, while requiring less memory than MH50. In
general, the accuracy of MinHashing drops rapidly by decreasing the
signature size, whereas by carefully controlling the threshold and the
number of buckets per zone, LSH can be effectively tuned.

Comparing against contour representation. As we have discussed
in earlier paragraphs, contour representation has been suggested as
an alternative for skyline diversification, where the measure of diver-
sity is given by the Euclidean distance (L) of the skyline points. Un-
der the Euclidean distance, the problem is still formally defined as an
instance of £-MMDP.

Despite the disadvantages of these techniques, which we have out-
lined in the previous paragraphs (e.g., inapplicable in certain domains,
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Table 2.5: Comparing SkyDiver and Contour Representation techniques, Independent
Dataset
SkyDiver Contour Representation
Dataset | k | Coverage | Jaccard | L, distance | Coverage | Jaccard | L, distance

2 99.93% | 0.0352 0.0353 99.93% | 0.0352 0.0353

Indep 5 100% | 8.2x10~* | 8.3x10~* 100% | 8.2x10~*| 8.3x10~*

n=5M | 10 100% 8.2x10~* | 8.3x107* 100% 8.2x10~* | 8.3x107*

d=2 25 100% 8.2x10~* | 8.3x107* 100% 8.2x10~* | 8.3x107*

50 100% 8.2x10~* | 8.3x107* 100% 8.2x10~* | 8.3x107*
2 99.12% | 0.9927 1.0022 99.12% | 0.9927 1.0022
Indep 5 99.20% | 0.8426 0.1861 99.34% | 0.5362 0.4855
n=5M | 10 | 99.55% | 0.5634 0.0470 99.72% | 0.2863 0.2626
d=3 25| 99.86% | 0.2262 0.0470 99.93% | 0.1484 0.1223
50 || 99.96% | 0.1004 0.0312 99.97% | 0.0810 0.0603
2 95.14% | 0.9998 1.2568 95.14% | 0.9982 1.3300
Indep 5 95.17% | 0.9931 0.9887 95.18% | 0.9692 1.1080
n=5M | 10 || 95.30% | 0.9392 0.1088 96.13% | 0.7555 0.6934
d=4 25| 96.51% | 0.7269 0.1088 97.70% | 0.5431 0.4106
50 || 97.83% | 0.5716 0.0309 99.01% | 0.3464 0.2617
2 85.20% | 0.9999 1.6167 85.20% | 0.9999 1.6167
Indep 5 85.21% | 0.9990 0.9039 85.24% | 0.9914 1.3525
n=5M | 10 | 85.26% | 0.9857 0.6747 85.54% | 0.9083 0.9855
d=5 25| 85.70% | 0.9355 0.2138 88.35% | 0.7950 0.6511
50 || 87.89% | 0.8644 0.1170 93.26% | 0.5647 0.4957

mandatory requirement of an index), it would be interesting to see how
they compare against our proposed approach. Note that the compar-
ison is only meaningful when both approaches are applicable, i.e.,
numerical attributes indexed by an R-tree.

Given that contour representation only considers the skyline, thereby
using considerably less information, a comparison in terms of effi-
ciency will not be particularly helpful. Therefore, our focus will be on
the quality of the produced solutions, namely Coverage of the dataset,
minimum Jaccard distance of dominated sets and minimum Euclidean
distance of the selected skyline points. For this comparison, SkyDiver
employs the Simple Greedy approach, using the exact computation of
Jaccard distances. Recall that this is the upper bound of quality we
can achieve, and we can tune SkyDiver-MH or SkyDiver-LSH appro-
priately to reach these values.
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Tables 2.5 and 2.6 summarize the result of two such experiments, for
an independent dataset with 5 million points and for the forest cover
dataset, respectively. In both cases, we have varied the dimension-
ality of the dataset. Higher values are always preferred, and we have
marked in bold the best value in each case. In case of a tie for a quality
measure, none of the values are emphasized.

For the independent case, we observe that in 2-dimensional data, the
two techniques are tied in all used measures. In fact, for £ > 5, we
observe that none of the techniques improve, which is expected, given
that the skyline only contains 5 points in this case.

Through careful inspection of Table 2.5 we observe that SkyDiver is
always better in terms of the Jaccard distance, whereas Contour Rep-
resentation is better in L, distance. This means that either technique
performs the best for the objective function that it optimizes, which is
hardly surprising. What is interesting, however, for the independent
dataset is that contour representation is also better in terms of cov-
erage. Therefore, although the selected skyline points are far from
each other in the Euclidean space, they clearly correlate with cover-
age as an objective. Recall that we have already shown that coverage
is different from diversification, a result validated again with this exper-
iment, as diversity drops considerably with Contour Representation.

Since the independent dataset is a synthetic one, we would like to
draw some conclusions for a real dataset as well. For this reason, we
have performed the same experiment with the Forest Cover dataset,
and the results are given in Table 2.6. As with the independent dataset,
Contour Representation is better at L, distance, whereas SkyDiver is
better at Jaccard.

Of particular interest is the fact that SkyDiver is sometimes also better
at coverage by a large margin (much larger than in the independent
case). For example, for d = 4 and k = 2, SkyDiver is better at cov-
erage over 5%, while for k = 5 by slightly less than 4%. Ford = 5
and similar k values, SkyDiver achieves a better performance by 4%,
which drops to 3% for higher k values (same d). Meanwhile, for the
independent dataset, Contour was better by 5.5% in a single case
(d = 5, £ = 50), whereas it was never better by more than 3% in all
other occasions (and less than 1% in many of them).

It is also interesting that Contour achieves better coverage for higher
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Table 2.6: Comparing SkyDiver and Contour Representation techniques, Forest Cover

SkyDiver Contour Representation
Dataset | k | Coverage | Jaccard | L, distance | Coverage | Jaccard | L, distance
2 99.99% | 0.0729 0.0601 98.53% | 0.0589 0.0446
FC 5 99.99% | 0.0127 0.0115 99.99% | 0.0062 0.0081
d=2 10 100% 0.0029 0.0028 100% 0.0029 0.0028
25 100% 0.0029 0.0028 100% 0.0029 0.0028
50 100% 0.0029 0.0028 100% 0.0029 0.0028

2 98.65% | 0.9592 0.4515 93.52% | 0.8803 0.8811
FC 5 99.60% | 0.7110 0.1558 95.30% | 0.4787 0.2917
d=3 10 || 99.80% | 0.3640 0.0682 99.90% | 0.1012 0.1260
25 || 99.93% | 0.0461 0.0253 99.99% | 0.0164 0.0378
50 100% 0.0029 0.0028 100% 0.0029 0.0028
2 98.64% | 0.9595 0.4520 93.20% | 0.9518 0.9249
FC 5 99.38% | 0.7430 0.1748 95.65% | 0.4175 0.3181
d=4 10 || 99.58% | 0.4787 0.0727 99.88% | 0.1133 0.1279
25| 99.91% | 0.1904 0.0365 99.99% | 0.0554 0.0581
50 100% 0.0031 0.0028 100% 0.0031 0.0028
2 88.61% | 0.9995 0.9308 84.49% | 0.9991 1.2534
FC 5 88.67% | 0.9918 0.5255 84.78% | 0.9511 0.7740
d=5 10 || 88.90% | 0.9411 0.3245 87.12% | 0.7433 0.4470
25| 90.76% | 0.8320 0.1353 87.82% | 0.6535 0.3075
50 || 93.19% | 0.7135 0.0894 95.62% | 0.2447 0.2249
2 84.67% | 0.9999 1.1226 84.67% | 0.9999 1.3434
FC 5 84.67% | 0.9999 0.7711 85.16% | 0.9595 0.8954
d=6 10 || 84.70% | 0.9977 0.3088 86.55% | 0.7857 0.6327
25| 85.47% | 0.9061 0.2572 88.72% | 0.6734 0.4041
50 | 86.99% | 0.8231 0.0827 91.44% | 0.4386 0.3007

values of k£ (25, 50), and medium dimensionality (3 and 4). The rea-
son is that in these cases, the skyline contains less than 50 points.
Therefore, the 25 selected points are more than half the skyline. Note
that SkyDiver manages to be much better in terms of the Jaccard dis-
tance (though decreasing), even for half the skyline. On the other
hand, Contour increases its coverage by at least 7% (compared with
less than 5% for SkyDiver) and decreases its Jaccard score substan-
tially. This fact validates the claim that Contour selects points which
generally correlate with coverage, despite being far in the Euclidean
space.
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Finally, when d > 5, a lot more points belong to the skyline (> 1300).
Much like in the previous cases, for small k& values (compared with
the skyline size) SkyDiver is better at coverage as well, but Contour
performs better as k£ grows larger. For k = 6, where more points
belong to the skyline (|S| = 2728), Contour is better at coverage for
as low as k = 3, since there are a lot more points to select from. Even
so, the technique is still worse regarding the Jaccard distance, which
drops to less than half for £ = 50.

Consequently, in addition to the disadvantages of the Contour Rep-
resentation approach we have talked about, we have experimentally
shown that this technique favors coverage as a goal, and not diversity.
In other words, this technique solves a different problem from the one
that we proposed in this thesis.

2.3 Skyline ranking with IR techniques

2.3.1 Introduction

In Section 2.2 we presented an approach to address the skyline car-
dinality explosion problem by diversifying the skyline set. Meanwhile,
we briefly discussed some alternatives for tackling the same problem.
The common denominator of these techniques is to return a subset of
k skyline points, where k is a user- or application-defined parameter.
The subset has some specific properties, e.g., collectively maximizes
coverage [136], captures the contour of the skyline [200], diversifies
the skyline [209, 200], etc. Nevertheless, these techniques generally
fail to differentiate between the returned points in terms of some qual-
itative aspect. Moreover, they are mapped to NP-Hard problems, so
we can only efficiently approximate the solutions, unless P=NP.

As also discussed in the beginning of this chapter, top-k queries are
another technique to control the result size. Top-k queries require a
function f() : D — R, mapping data points to a real value, which can
be used to fully rank the dataset, and researchers have also investi-
gated ranking of the skyline set.

We identify two categories, depending on the amount of information
used to rank the points: In the first case, the entire dataset is used,
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and the importance of a skyline point is given by the number of points
it dominates [165, 231]. The major shortcoming of this category is
that dominated points are equally important. For example, a point
p1 dominated by 10 skyline points and another one p, dominated by
100 contribute the same weight to their dominators. Considering that
skyline queries have an inherent relation to sorting [38], and that dis-
tance measures for sorted lists heavily rely on the relative positions
of items, it feels counter-intuitive to use the same weight for all domi-
nated points.

The second category relies on the skyline § alone, and typically uses
dominance relations in all possible subspaces [215, 51]. As a result,
such techniques ignore the dataset characteristics, except for the sky-

line. They are also generally inefficient, as they need to consider O(2%)
non-empty subspaces. Moreover, they favor skyline points with ex-
treme values in a single dimension and have been shown to produce
correlated results, whereas some of them [215] have not been suffi-
ciently evaluated.

To address these shortcomings, we present a novel ranking scheme
for skyline points. The importance of a skyline point sp is given by
aggregating the importance scores of its dominated set, I'(sp). We
argue that the importance of a dominated point should be affected by
the number of skyline points that dominate it, as well as the relative
position of that point in the dominated set.

To that end, we propose that the importance of a dominated point is
inversely proportional to the number of skyline points that dominate it.
Regarding the relative positions of dominated points, we propose that
points in the same ( different ) layer of minima with respect to the sp
should contribute equally ( differently ).

For instance, if sp; < a, sp; < b, and a and b do not dominate
each other, they contribute equally to sp,. Otherwise, if a < b, then
score(a) > score(b). Note that the factor regarding the relative po-
sition of a dominated point p has a more local taste (i.e., per skyline
point), whereas the number of skyline points dominating p is a more
global aspect. Therefore, our technique promotes skyline points that
dominate genuine points, i.e., points which are not dominated by many
others, and is a hybrid approach.

To capture both aspects in a single scoring function, we apply a modi-
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fied version of the renowned Term Frequency-Inverse Document Fre-
quency (TF-IDF) weighting scheme and present efficient algorithms
that derive the top-£ skyline points according to it. Our contributions
are briefly described as follows:

+ We define a novel, generic and intuitive measure of importance for
skyline points. Inspired by the renowned tf-idf weighting scheme
from information retrieval, our method promotes skyline points
that dominate genuine points.

+ We present efficient algorithms that compute the top-£ most im-
portant skyline points, given our measure.

« We provide an extensive experimental evaluation, in terms of ef-
ficiency using both real-life and synthetic datasets.

The rest of this Section is organized as follows. Section 2.3.2 gives
the details of our scoring model, followed by Section 2.3.3 where we
present the algorithms to derive the top-k result. Section 2.3.4 con-
tains the experimental evaluation of our proposed techniques.

2.3.2 DP-IDP weighting scheme

Our proposed measure, dp-idp, which stands for Dominance Power -
Inverse Dominance Power, is inspired by the renowned tf-idf weight-
ing scheme from Information Retrieval. The general rationale is that
dominated points are not equally important, and that they impact sky-
line points differently. Therefore, their contribution depends on some
local (per skyline point) and some global characteristics (the entire
skyline), much like tf-idf uses local and global information to find im-
portant keywords in a document corpus. In the following paragraphs
we present our ranking scheme.

2.3.2.1 Inverse Dominance Power

We will start with inverse dominance power (idp), which is easier to
define, due to its more global view. The inverse dominance power of
a point p € (D \ S) is the number of skyline points which dominate
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p. This factor is similar to idf in the sense that the more frequently p
appears in a skyline point's dominated set, the lower the importance
of p. More formally:

N
{sp e S :sp=<p}

An interesting property of dp is the following: Assume a set of points
¢, G2, -, ¢, dominated by all skyline points, i.e., Vsp € S, sp < g¢;,
7 =1,..,m. The contributing score of the ¢;'s will be 0, due to the log
in the idp factor. Such points do not alter the ranking of S, either with
ours or simpler models (e.g., |['(sp)|), because they affect all skyline
points the same.

idp(p) = log

2.3.2.2 Dominance Power

There are several ways we could define the dominance power of a
dominated point. Given that we want to measure this factor with re-
spect to a skyline point sp, we argue that its relative position to sp
should matter. As a result, the same dominated point may contribute
differently to different skyline points.

Figure 2.12: Example for the Dominance Power

To avoid introducing more artifacts in our model, we choose the dom-
inance relation as our building block. More specifically, we find the
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layer of minima * Im(p, sp) where the dominated point p falls in, with
respect to sp. The dominance power of that point is then given by the
inverse of the layer where it lies, i.e.,

1
Im(p, sp)

Figure 2.12 portrays the skyline of a dataset as black filled points, and
the dominance region for each skyline point. Moreover, it shows the
layers of minima for skyline points B and (, in dotted green and purple
respectively. We observe that the red-filled point, dominated by both
B and (), lies at different layers of minima. Being easier to reach it
from C, should render it more important for C'. On the contrary, there
is an additional layer for skyline point B prior to reaching that point,
that decreases its importance. This is similar to term frequency, where
the same term is weighted differently, depending on its occurrence in
each document.

dp(p, sp) =

2.3.2.3 Putting it all together

Given our previous discussion, we can now formally introduce how
we compute the importance of a skyline point sp. We use an ad-
ditive model, because 7) it is monotonous (dominating more points
increases the overall importance) :2) it is comprehensive and #:2) it
leads to efficient computations, as we followingly discuss. Therefore,
the importance of a skyline point sp is given by:

1
score(sp) = Z 5]

—— X log
= Im(p, sp) {sp' € S :sp < p}

The additive model also favors skyline points that dominate more gen-
uine points, i.e., points dominated by few others in general (not just
skyline points). This is important, because those skyline points are
the reason why the dominated ones cannot be part of the skyline. For
example, if we remove B from the skyline in Figure 2.12 (e.g., a hotel

“4In the literature, the term layer of maxima is more common. Here, we use the term /ayer of minima because
we assume that smaller values are preferred.
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Algorithm 2.4 Baseline
Input: Skyline S, Dataset D, Integer &
Output: Top-£ skyline points with highest score
1: for every sp € S do
2 score( sp ) < 0; layer < 1; Im < NextLayer( sp, 0 );
3: while (Im # () do
4
5

for every p € Im do
score( sp ) +=

1 .
layer X log\{sp/:sp/<p}| 4
6: Im < NextLayer( sp;, Im ); layer++;

7: Order by descending score(sp);
8: Return £ highest skyline points;

being fully booked), the point next to it will enter the skyline at once
(similarly for the closest point dominated by A). Additionally, points
dominated by the entire skyline still have no effect. Finally, note that
the sum of tf — idf values is also used in IR systems, to score the
entire document against a query.

2.3.3 Ranking the Skyline

Algorithm 2.4 gives the baseline approach to rank the skyline § with
our proposed scheme. For each skyline point sp (line 1), we ex-
tract one-by-one its layers of minima(lines 2--6). NextLayer uses
BBS [165] internally. For every point in each layer (line 4), we find
how many skyline points in S dominate it, and together with the layer's
index, we update the score of sp (line 5). After ordering the skyline in
decreasing score order (line 7), we return the top-k ranked items.

Unfortunately, this approach is computationally expensive, due to re-
peated evaluations. It does not perform any pruning, but computes
the exact score of all skyline points, despite our interest in the top-£
results alone. Finally, it lacks any notion of progressiveness, as we
need to rank the entire skyline first. For all these reasons, we present
an alternative approach, that relies on bounding the score of a skyline
point.
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2.3.3.1 Bounding the score

Bounding the score of a skyline point sp will help us reduce compu-
tations, by pruning away those that will not make it to the top-k posi-
tions. To achieve this, we use the number of points that sp dominates,
II'(sp)|. We can then derive lower and upper bounds of the score of
a skyline point, as shown in the next paragraphs.

Loose Bounds. In the simplest case, we can consider each skyline
point independently of the others. In that case, bounds are derived as
follows. A skyline point obtains its maximum score when all the points
it dominates are in the same (first) layer, and they are not dominated
by any other skyline point. In that case, the upper bound is:

score(sp) = |I'(sp)| % log |S]|

On the other hand, the lower bound is obtained when every point is
dominated by the entire skyline S. In that case, the score is 0, due
to the idp(sp) factor. However, this bound only holds for the skyline
point sp,,;,, with the minimum |I'(sp,..,,)|, unless, of course, every point
in the skyline dominates every dominated point. The rest of the sky-
line dominates some points, which can not be dominated by sp,,;.
Consider, for instance, that |I'(sp,.;,)| = 3 and that |['(sp’)| = 5. By
definition, the 2 additional points dominated by sp’ can not be domi-
nated by sp,..,, otherwise |I'(sp,..,)| = 5. Therefore, the surplus will
be dominated by |S| — 1 skyline points, and a correlated distribution
will give the lowest score value. In a correlated distribution, each point
is a layer of minima on its own, which reduces the dp factor. This im-
proves slightly the lower bound:

| ‘ n—minpr 1

score(sp) = log S 1 X Z -

1 [/

Collaborative Bounds. Despite their simplicity, the above bounds
have limited pruning capability. Assume, for instance, a dataset D,
with |D| = 1M and |S| = 800. If |I'(sp)| = 300K, then Score(sp) =~
871K, and score(sp) ~ 3 x 107°. Note that a skyline point sp’ with
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II'(sp’)| = 1, has an upper bound of ~2.9, making it eligible for con-
sideration in the second round! Apparrently, the computational gains
of such bounds are easily swept away.

To address this issue, we derive stricter bounds, through additional in-
formation from other skyline points. To better illustrate this approach,
we visualize the problem as a bipartite graph. Figure 2.13 shows a
dataset, with its skyline and dominance regions on the left, and the re-
sulting bipartite graph on the right. The bipartite graph has the same
semantics as the one in Fig. 2.2. The left hand side of the graph
contains the skyline, whereas the right hand side has the dominated
points. There is an edge between a skyline point sp € § and a domi-
nated point p € D\ S, iff sp < p.

We start with the upper bound. Due to the additive model, the score of
a skyline point is maximized when the contribution of each dominated
point is maximized. It is easy to see that dp is maximized when the
dominated point is at the earliest possible layer. To maximize idp, we
rely on the Pigeonhole Principle. For any two skyline points sp;, sps,
if T'(sp1) + I'(spy) > |D], then at least |D| — (I'(sp1) + I'(sp2)) dom-
inated points are shared by sp; and sp,. Dominating more common
points reduces idp(), so this factor is maximized when the overlap is
minimized. Given this information, the question now becomes "How
should we assign the common edges to maximize the score of a sky-
line point'? Lemma 5 answers this question.

pl

A/3
p2

1 p3
O 3 4
0 B/6 o
A3 O 2| 53 O 3 p5
1| o cr7
pé
e
B/6 oz
p7
® O
D/5
C/7 . —9 p8
D/5
p9
(a) Motivating Example (b) Bipartite Form

Figure 2.13: Example of skyline and bipartite domination graph
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Lemma 5 Let sp be a skyline point, p,, and p, two dominated points,
where sp < p, and sp < p, and lm(p.) = Im(p,) = l. Assigning
an edge to the point dominated by more skyline points gives a higher
score(sp).

Proof 4 LetS,, S, be the current sets of skyline points dominating p,
and p,, respectively. Assigning an edge to either p, or p, gives two
different bipartite graphs, with S, and S, being the new dominating

sets of these points. It holds that |S,| = |S,| + 1 (same for S} ), due
fo the new edge, i.e., one more dominating skyline point. The result-
ing bipartite graphs differ only in the assignment of this edge, which
impacts the weights of p,, and p,. The weights of all other dominated
points remain unchanged. Assume that adding the edge to p, yields
a higher score. It so holds:

—><Iog ‘S,’ +—><Iog S >—><Iog 5] +1><Iog ’S/‘ ==
|53 S| |Ss | S|
ST 1S SI 1S : :
o9lig * 15 > 9g ] X gy = 18- 1S > 1.1 18,1 =

[Sel - (IS,[ +1) > (IS +1) - [S,] = [S:] > |8y

The above result tells us that a higher score is achieved by adding the
extra edge to the dominated point that currently has the highest inde-
gree. Such a result can also be efficiently integrated in an algorithm
to compute the upper bound of a skyline point's score. Figure 2.14(b)
shows the edge assignment for the upper bound of skyline points B,
using the above result.

A naive implementation of the upper bound can be very inefficient °,
because it requires too many counter updates for the commonly dom-
inated points. Since we must compute the bound of each skyline point
sp independently and repeatedly, as new layers are extracted, we
need a more efficient approach. Algorithm 2.5 presents this improved
technique.

50ur experiments showed that this step alone can make up for up to 10 seconds of CPU processing time,
for the datasets that we consider in our experiments.
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Figure 2.14: Collaborative upper bound

The improved algorithm takes as input the dataset D, the skyline S,
the skyline point of interest poz, and two values minI D P and layer.
As we extract more layers for poi, we must compute the number of
skyline points dominating each of the extracted points, which we need
for the idp value. The minimum value that we have seen this far is
stored in minI D P, and is different for each skyline point. This value
practically tells us that any point in subsequent layers will be domi-

Algorithm 2.5 Score Upper Bounding
Input: D, S, Skyline Point poi, minI DP, layer
Output: Upper bound of poi
Vigp-PUSh( minI DP'); v,,q.push( pending( poi ) );
Sort S, in decreasing |I'(sp)];
for every sp € S, sp # poi do
surplus = |I'(poi)| - seen( poi ) + |I'(sp)| > |D|
if (surplus>0) then
Upnallast] = vp,q[last] - surplus;
Upna-push( surplus );
Vidp-PUSh( v;gp[last] + 1);
ub < 0;
for (i=0;i<wvig.size(); i++) do

1 ; IS]
ub lager+1 * Upnd[i] * 109 Vidp|i]

—
T N R ONM 2

—

—
n

Return ub;
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nated by at least minlI D P skyline points, due to dominance being a
transitive relation. The layer tells us which was the index of the last
layer of minima extracted for po:.

The algorithm uses two vectors, storing the minI D P value and the
number of unseen points, that have not yet been extracted for po:
(line 1). For example, if |I'(poi)| = 100, and we have extracted 30
points, then unseen(poi) = 70. In simple terms, the vectors store, in
aggregate, how many points (vpyp) can be dominated by that many
skyline points (v;pp). We sort the skyline points in decreasing order
of their dominance power (line 2). We iterate over them (line 3), and
select those points that will share common edges with poz, using the
Pigeonhole Principle (lines 4--5). The surplus of points is removed
from the last position (line 6) and is appended, incremented by 1 (lines
7--8). With these values, we can compute the upper bound according
to the DP-IDP scheme (lines 10-11).

To better explain lines 5--7, assume v,,,4|last] = 60, v;4,|last| = 4, and
surplus =25. This means that 60 points will be dominated by 4 skyline
points and the current sp will share at least 25 dominated points with
pot. As a result, we must add an edge (i.e., increment the ¢dp) for an
equal number of unseen points from poi. These must be selected from
the points with maximum current idp, due to Lemma 5. Processing
the skyline in decreasing order of dominance power ensures that we
are properly assigning edges, and that the maximum 2dp is in the last
positition. Given these values, 25 points will be computed with an idp
of 5, which we append, whereas 60-25=35 will remain with an 2dp of
4, which we update.

For the lower bounds we could follow a similar reasoning. Unfortu-
nately, the edge assignment problem in this case is not as straight-
forward. Although certain properties are self-evident, e.g., dp de-
creases with a correlated distribution, they do not necessarily result
in the lowest possible score for a point. The reason is that a corre-
lated distribution enforces certain constraints with respect to the dom-
inance relations among points in the skyline. For example, in a cor-
related distribution, as soon as a point is dominated, any other point
in a subsequent layer will also be dominated, due to the transitivity of
dominance, i.e.,ifa < band b < ¢, thena < c.

Consequently, a correlated distribution does not ensure a minimum
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score for the skyline points, unless we violate the constraint of the
number of points that they dominate. Therefore, we may have to reas-
sign edges, and, possibly, reconsider the layer where some points are,
i.e., break the correlated distribution, to minimize the score. There-
fore, in our current work, we proceed with the collaborative upper
bounds.

2.3.3.2 The SkyIlR technique

Now that we have shown how we can efficiently bound the score of
a skyline point, using easily extracted information, we turn our focus
to finding the top-k most important skyline information, according to
our DP-IDP weighting scheme. Algorithm 2.6 shows the general idea
of execution of our technique, to efficiently compute the top-k skyline
points. Our algorithm processes the points according to a prioritization
scheme, and employs pruning of skyline points that will certainly not
be in the final top-£ result.

The algorithm starts by initializing appropriate information of the sky-
line points (lines 1-4), such as their dominance count, known score,
and priority value, according to the prioritization scheme that we use
(see below). This information is essential to compute the bounds of
skyline points, using the techniques of the previous section.

We add each skyline point to a priority queue, using its priority value
(line 4). We also initialize the k-th value, i.e., the value of the k-th
ranked skyline point, to 0. We then enter a loop, each time extracting
the top-most item from the priority queue, po: (line 7). If the upper
bound of that point's score is below the k-th value, there is no need
for further examination (lines 8 -- 10). In this case we discard it and
proceed with the next one from the priority queue. Otherwise, we
extract the next layer of poi, provided there is one (lines 11--12). We
update the point's score using this layer (line 13) and try to add po: in
the top-k result. If the point was not added, i.e., its value was below
the k-th known score, and it can not be further updated, we discard
it and proceed with the next point from the priority queue (lines 14-
-17). If the point was added, we keep track of the k-th value in the
top-k result. If we can further update the point's score, we compute
its new priority and add it back in the priority queue (lines 20--21). The
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Algorithm 2.6 SkyIR
Input: Skyline S, Dataset D, Integer &
Output: Top-£ skyline points with highest score

1: for every sp e S do

2 spr < |T'(sp)|

3 SPscore <= 0;

4 priorityQueue.enqueue( spprior, Sp );

5: kScore + 0;

6: while (priorityQueue.empty()) do

7 poi < priorityQueue.dequeue();

8 if (UpperBound( poi)) < kScore) then

9: Discard poi;
10: continue;
11: if (pending( poi)>0) then
12: Im < NextLayer( poi, Im );
13: POlseore <— UpdateScore( poi, Im );
14: added <+ topk.insert( poi, poigeore );
15: if (ladded AND pending( poi ) == 0) then
16: Discard poi;
17: continue;
18: if (topk[k]> kScore) then
19: kScore < topk[k]
20: if (pending( poi)>0) then
21: priorityQueue.enqueue( spyrior, Sp);

22: Return topk;

loop ends when the priority queue becomes empty, meaning no other
points can update their score. The top-k list contains the final result.

Priority Schemes. Our SkyIR algorithm relies on a prioritization scheme
to process the skyline points. In this thesis we experiment with the fol-
lowing prioritization schemes.

* Round Robin (RRB): ltems are processed in a round robin fash-
ion. According to this scheme, we can not process the same sky-
line point twice, unless we have processed every other skyline
point first. This scheme also allows for an implementation that
relies on arrays rather than the general priority queue, leading to
faster (main memory) acceses.
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* Pending (PND): The priority of an item is the number of points
that it has not yet processed. For example, if a skyline point dom-
inates 100 points, and it has already "seen" 30, its priority will be
70. Therefore, skyline points with more dominated points through
which they can update their score will have a higher priority.

- Upper Bound (UBS): The priority of a skyline point is given by the
upper bound of its score. In other words, its priority is its potential
to achieve a high final score. Similarly to the previous scheme, a
higher upper bound results in a higher priority for the skyline point.
Given that the upper bound can be used as a point's priority, it is
even more important to have an efficient technique to compute it,
like the one we presented in Algorithm 2.5.

2.3.4 Performance Evaluation

In this section, we report on the results of our experimental evaluation.
The experiments were run on a Quad-Core @2.5GHz machine, with
8Gb RAM, running Linux. The code was written in C++ and compiled
with g++ 4.7.2, with -O3 optimization. The datasets we consider were
indexed by an aggregate R*-tree, with a 4Kb page size. An associated
cache with 20% of the corresponding R*-tree's blocks was used with
every experiment. Unless stated otherwise, the reported timings are in
seconds, measured as CPU processing time and assuming a default
value of 8ms per page fault.

Datasets and Algorithms. We generated datasets with independent
(IND) and anticorrelated (ANT) distributions, as in [42], and also use

Forest Cover 8. Table 2.7 shows their basic properties. Although the
datasets that we consider seem rather small in size (up to 500K), one
should keep in mind that our weighting scheme extracts all of the min-
imal layers for each skyline point. This problem is known to be difficult
for high dimensionality even in the RAM model [48]. We also discuss
approaches in the following sections to address this issue.

The algorithms that we evaluate are Baseline and SkyIR. For SkyIR
we want to compare the performance of the Loose (LS) and Collab-
orative (CB) bounds, and how the three prioritization schemes affect

Shttp://kdd.ics.uci.edu
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Table 2.7: Dataset Statistics

Data set | Cardinality | Dimensionality
Independent (IND) | 100K, 200K, 500K 2,3,4
Anticorrelated (ANT) | 100K, 200K, 500K 2,3,4
Forest Cover (FC) 580K 2,3,4

the results. We use the abbreviations as suffixes to indicate what we
compare each time.

Runtime. Figure 2.15(a) shows the total runtime for the independent
distribution, when varying the dataset cardinality, with £=5. The naive
approach is the worst, whereas SkyIR with collaborative bounds per-
forms the best of the techniques, and we have obtained similar results
when varying dimensionality and k.

As seen in Figure 2.15(b), the UBS prioritization scheme outperforms
all others, resulting in up to 3x improvement compared to the base-
line. Similar results are obtained for different priorities with the loose
bounds, but the differences are less pronounced. An important ob-
servation from these plots is that the problem we are solving is not
linear with the cardinality of points. The reason is that as the cardi-
nality increases, there are more layers of minima to extract, and the
computational costs are increased substantially, as a result of both
more CPU processing and page faults.

Baseline —+— SkylR-CB-RRB - SkylR-RRB —+— SkylR-UBS -
SkyIR-LS-RRB wwer:)oeee SKyIR-PND  weersJoeee

9000 )
8000 t i
7000 | §
6000 t .
5000 | :
4000 =
3000 t =
2000 t 4
1000 ¢ _“m,,,,.,-.-;,,,_._: ; |

Time (sec)
Time (sec)

L L 0 L L L
100K 200K 500K 100K 200K 500K
Cardinality Cardinality
(a) Techniques (b) Prioritization for CB

Figure 2.15: Total runtime versus cardinality for IND, k=5

Figures 2.16(a)-(b) demonstrate how each prioritization scheme per-
forms with the collaborative bounds. Figure 2.16(a) shows the perfor-
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Figure 2.17: Total runtime for ANT distribution

mance when varying the data dimensionality. We observe that UBS
performs the best for d = 3, 4, while being slightly worse for d=2. The
reason for that is our array-based implementation, which is faster than
the reordering of the priority queue maintained by PND and UBS. How-
ever, as seen in Figure 2.16(b) there is a huge improvement with UBS
for d>2. The improvement increases with lower values of £, going
up to 40%, because the collaborative bounds can prune away more
points, reducing the computational costs.

Figures 2.17(a) and (b) demonstrate how the prioritization schemes
perform for the anticorrelated distribution (ANT), versus dimension-
ality and k, respectively. Once again, UBS is better than PND. The
loose bounds appear to be slightly better than the collaborative, but
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not considerably. The difference comes from the fact that the loose
bounds are less computationally intensive. The more interesting fact,
however, is that ANT appears to be easier when compared to IND.
In particular, for d=4, it takes ~6000 seconds for CB to compute the
top-5 for IND, whereas it takes ~4000 seconds for ANT. The reason
is again that IND has more layers to extract, and is more CPU hungry.
Even though ANT has a lot of page faults, its CPU time is minimal.
Finally, Figure 2.18 compares the loose and collaborative bounds,
when applying the UBS technique on the real dataset FC. We ob-
serve that the CB technique performs better than LB for all tested di-
mensions.
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Figure 2.18: Forest cover

Memory Consumption. Finally, we compute the maximum number
of items that we must maintain in memory while computing the top-£
result. Figures 2.19(a) and (b) show this for IND and ANT, respec-
tively, using the CB technique. We observe that the number of main-
tained items increases as the cardinality of IND also increases. On
the other hand, increasing the dimensionality of ANT, does not have
a similar effect: the number of memory points increases as we go from
2D to 3D, but drops again as we proceed to 4D. This may be explained
again by the fact that ANT has less layers of minima to retrieve. For a
fixed cardinality, more dimensions spread the points more, increasing
the points retrieved with each layer. This decreases the information
we must store to proceed to the next layer, giving as the plot of Fig-
ure 2.19(b).

Generally speaking, the schemes RRB and UBS behave almost the
same (with the exception of ANT). We should stress the fact, however,
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Figure 2.19: Maximum memory consumption for CB, k=5

that the pending scheme (PND) always results in less memory utiliza-
tion. This is because the scheme will stick to a single point and try to
reduce its number of pending points as much as possible, whereas the
other schemes will rotate more over different points. This is an inter-
esting outcome, because PND would be a good alternative in systems
with limited resources.

2.4 Summary

Skyline queries are a very expressive and intuitive query type, allowing
the user to define their preferences on each attribute individually. The
result contains a set of items from the dataset, for which there are no
other points which are better in all dimensions.

A major issue with skyline queries is that the size of the skyline result
may become too large, depending on the dataset characteristics (car-
dinality, dimensionality, distribution). In this thesis, we proposed tech-
niques to tackle this issue, by selecting a subset of k& skyline points,
which have maximum diversity. We presented how diversification can
be applied to the skyline context, by employing a distance function that
is based entirely on the most fundamental concept of skyline queries:
the dominance relationship. Consequently, no artificial distance func-
tions are required.

In particular, we quantified the diversity between two skyline points as

G. Valkanas 94



Mining and Managing User-Generated Content and Preferences

the Jaccard distance of their corresponding domination sets, capturing
dataset characteristics in the process. To confront the NP-hardness
of the problem, we resort to a 2-approximation greedy heuristic. To
achieve better performance, at the (slight) expense of quality, we em-
ploy MinHash signatures and Locality Sensitive Hashing.

Our framework is applicable even when an index is not available, but
we presented techniques which can take advantage of an R-tree like
multi-dimensional indexing scheme, to boost performance. We ex-
perimentally validated the performance of our approach using real-
life and synthetic data sets, achieving orders of magnitude better run-
time performance in comparison to straight-forward techniques, with-
out sacrificing quality too much. Our experiments also demonstrated
a clear difference between our proposed formalism and other tech-
niques which select a subset of k skyline points.

In addition to selecting a set of £ high-quality skyline points, we also
presented techniques that rank such points in a way that reflects their
individual quality. Inspired by the renowned {tf-idf weighting scheme
from Information Retrieval domain, we presented a novel model that
incorporates both local and global characteristics of the skyline points
to be ranked. We proposed efficient techniques for finding the top-k
result, by bounding the maximum score of a skyline point and em-
ploying pruning, combined with different ordering schemes to process
the points. We also experimentally evaluated the proposed bounding
and prioritization schemes in terms of runtime efficiency and memroy
consumption.
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Chapter 3

Mining user preferences

3.1 Introduction

In the previous Chapter, we discussed how preferences can be taken
into account, in order to identify meaningful and interesting objects for
the user. In these cases, preferences are provided in advance as part
of the input, where the user specifies, for instance, those attributes
she cares about, as well as whether they should be minimized or max-
imized. In that sense, preferences are defined in a pre-usage scenario
of the potential items or services, i.e., when the user is searching and
exploring the available information, but before they have actually used
it.

However, user preferences over items can be provided in other forms
as well, such as user feedback. Online platforms allow feedback to be
given in various forms, such as totally structured with strict semantics,
e.g., clicking on a "Like", "+1" or other endorsement-like button, or
(semi-)structured, such as controlled vocabularies and free text. In
the latter cases, information extraction techniques come into play, to
mine and better understand the available information.

A characteristic example of such unstructured information is online re-
views, where users express their opinions regarding products or ser-
vices and discuss which aspects they liked (or did not like), how much
they enjoyed the product as a whole and each feature individually, etc.
Typically, this type of user feedback is provided in semi-structured or
free text form. Review mining, i.e., the domain of applying text and
data mining techniques to online reviews with the purpose of convert-
ing textual information into structured data, has seen a considerable
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surge over the past years, due to the monetary power of that informa-
tion. Building upon existing techniques that extract information from
reviews, in this thesis, we present techniques that utilize the extracted
information and develop a robust, formal framework to identify com-
petitors. Such a framework has been missing until now, and, to the
best of our knowledge, our work is the first one to fill this blank.

3.2 Review Mining for Competitor Identification

3.2.1 Motivation

Competitiveness is a challenge that every product or service provider
has to face, regardless of the application domain. A significant amount
of relevant work has demonstrated the strategic importance of iden-
tifying and monitoring an entity's competitors [170]. In fact, a long
line of research from the marketing and management community has
been devoted to empirical managerial methods for competitor identifi-
cation [72, 61, 82, 39, 169], as well as to methods for analyzing com-
petitors [56], defendlng against competitive incursions, and devising
appropriate response strategies [86, 57]. Our own work focuses on
competitor identification, a key step for any competitiveness-driven
study or application. Contrary to the significant amount of available
work by the marketing community, the problem has been largely over-
looked by computer scientists. For the latter, the challenge is to pro-
pose formalizations and competitor-identification algorithms that can
utilize the vast amounts of rich data that is nowadays available on the
web and other digital sources. Some progress toward this direction
has been made by the information systems community [134, 144, 133,
31, 164, 233]. While the proposed approaches help motivate the prob-
lem, they present significant shortcomings. These include the lack of
a formal definition of competitiveness, as well as the existence of as-
sumptions that limit the applicability of these approaches. Specifically,
these techniques are based on mining comparative expressions (e.g.
"ltem A is better than Iltem B") from the Web or other textual sources.
Even though such expressions can be indicators of competitiveness,
they are absent in many domains. For example, consider the domain
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of vacation packages (e.g flight-hotel-car combinations). In this case,
the items have no assigned name by which they can be queried or
compared with each other. Further, the frequency of textual compar-
ative evidence can vary greatly across domains. For example, when
comparing brand names from the domain of technology (e.g. "Google
Vs Yahoo" or "Sony Vs Panasonic"), it is indeed likely that compar-
ative patterns can be found by simply querying the web. However,
it is trivial to consider other mainstream domains where such find-
ings are extremely scarce, if not non-existent(e.g. shoes, jewelery,
hotels, restaurants, furniture). Finally, even in domains where such
approaches are applicable, they cannot actually evaluate the com-
petitiveness relationship between any two items. Instead, they can
only identify a subset of the competitors, based on the available ev-
idence. Our own work overcomes these drawbacks, by providing a
formal definition of competitiveness that is applicable across domains.
On a high-level, the fundamental problem we address in our work is
the following:

Problem 1 We are given a set of items I, defined within the feature
space F of a particular domain. Then, given any pair of items I, I’
from T we want to define a function C'x(1, I') that computes the com-
petitiveness between the two in the context of the domain.

As mentioned in the statement of the problem, our notion of compet-
itiveness is based on the feature-space F of the corresponding do-
main. Our competitiveness paradigm is based on the following obser-
vation: the competitiveness between two items is based on whether
they compete for the attention and business of the same group of
users (i.e. the same market share), and to what extent. For example,
two restaurants that exist in different countries are obviously not com-
petitive to each other, since there is no overlap between their target
groups. In the ideal scenario, we would have access to the complete
set of users that could be interested in a given item. Then, given any
two items, we could trivially compete their competitiveness based on
the overlap of their respective sets. In practice, however, this is clearly
not an option. Taking this into consideration, we formalize the compet-
itiveness between two items based on their respective features. For
example, if the considered items are MP3 Players, JF could consist
of the features price, sound quality, battery life, connectivity, capacity
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and design. Our motivation is that, regardless of the domain, users
compare and evaluate items based on their features. Therefore, by
attaching our formalization to the feature space, we ensure the avail-
ability of a consistent and informative resource for competitiveness
evalga}tion. We provide a (simplified) overview of our approach in Fig-
ure 3.1.

User groups ltems

g I; ®
O ®
g, ®
What the ~ ﬂ What the
users want . - items offer
\ o g; ©
258
ez ~L)®
. i, G .

Figure 3.1: Simplified example of our competitiveness paradigm

The figure illustrates the competitiveness between three different items
I, I, and I5. Each item is mapped to the set of features that it can offer
to the users. Three distinct features are considered in this example:
A, B and C. Note that, for this simple example, we only consider bi-
nary features (i.e. available/not available). Our actual formalization
accounts for a much richer space of binary, categorical and numeri-
cal features. The left side of the figure shows three groups of users
(91, 92, g3). The example assumes that these are the only groups in
existence. Users are grouped based on their preferences with respect
to the features. For example, the users in group g, are only interested
in features A and B. As can be seen by the figure, items I, and I;
are not competitive to each other, since they simply do not appeal to
the same groups of users. On the other hand, I, is in competition with
both [, (for groups ¢, and g,) and 5 (for gs). Finally, another interest-
ing observation is that I, competes with I; for a total of 4 users, and
with I5 for a total of 9 users. In other words, I; is a stronger competitor
for I,, since it claims a much larger portion of I,'s market-share than
I;. In our work, we propose ways to deduce these user-groups from
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sources such as query logs and customer reviews, and describe meth-
ods to estimate the size of the market share that they represent. Our
work is the first to utilize the opinions expressed in customer reviews
as a resource for mining competitiveness.

The formal definition of the competitiveness Cx(1;, I;) between two
items /; and /;, in the context of their domain's feature-space ., is the
first contribution of our work. As we demonstrate in our experiments,
the evaluation of competitiveness can be a major computational chal-
lenge when dealing with real datasets of hundreds or even thousands
of items. Motivated by this, we propose an algorithm for the natural
problem of finding the top-k competitors of a given item.The proposed
framework is geared toward scalability and efficiency, which makes it
applicable to domains with large populations of items.

In Section 3.2.3 we introduce our formalization of competitiveness.
In Section 3.2.4 we show how we use this formalization toward an
efficient framework for finding the top-k competitors of a given item.
In Section 3.2.2 we discuss previous related work. The experimental
evaluation of our work is presented in Section 3.2.8.

3.2.2 Related Work

To the best of our knowledge, our work is the first to consider domain-
invariant competitor mining. Nonetheless, our work has ties to previ-
ous work on relevant fields.

Competitor Mining. A previous line of work [134, 133, 31, 225] fo-
cuses on mining competitors based on comparative expressions found
in web results and other textual corpora. The intuition is that the fre-
quency (i.e. statistically significant) occurrence of expressions like
"Item A is better than Iltem B" or "item A Vs. ltem B" are indicative of
the competitiveness relationship between the two items. However, as
we have already discussed in the introduction, such comparative evi-
dence are typically scarce, or even non-existent in many mainstream
domains. As a result, the applicability of such approaches is greatly
limited.

Finding Competitive Products. Recent work [217, 218, 237] has
explored competitiveness in the context of product design. The first
step in these approaches is the definition of a dominance function
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that represents the value of a product. This can measure domina-
tion of other items or potential customers. The goal is then to use
this function to create items that are not dominated by other, or max-
imize items with the maximum possible dominance value. A similar
line of work [224, 223] represents items as points in a multidimen-
sional space and looks for subspaces where the appeal of the item
is maximized. While relevant, the above projects have a completely
different focus from our own, and hence the proposed approaches are
not applicable in our setting (and vice versa).

Skyline computation. Our work leverages concepts and techniques
from the extensive literature on skyline computation [42, 121, 165].
These include the dominance concept among items, as well as the
construction of the skyline pyramid used by our CMiner algorithm.
Our work also has ties to the recent publications in reverse skyline
queries [213, 214]. Even though the focus of our work is different, we
intend to utilize the advances in this field to extend the functionality
and improve the efficiency of our framework in future work.

3.2.3 Formalizing Competitiveness

In this section, we describe how we can formalize and measure the
competitiveness between any two items within a given domain. This
formalization serves as the building block of our framework. Note that
our definition can be easily extended to handle more than two items
at a time.

3.2.3.1 Competitiveness via Coverage

In order to synthesize a competitor-mining method that works across
domains, we need a formalization of competitiveness that is both ac-
curate and flexible. Motivated by this, we build upon a crucial factor
that remains consistent across domains: user preferences. In every
market, the ultimate goal is to convert users into customers by meet-
ing their individual requirements. Consider a single user u, interested
in a specific domain (e.g. restaurants). While the domain may contain
numerous items, the user will ultimately choose only one to spend his
money on. In a typical scenario, the user follows the following steps:
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1. Encode requirements and preferences in a query.

2. Submit the query to a search engine and retrieve the matching
items.

3. Process matching items and make the final choice.

We observe that the items that do not match the user's criteria are
never considered. In other words, they never get the chance to com-
pete for his attention. As far this single user is concerned, the set
of competitors consists of the matching items retrieved by the search
engine. Consider the following motivating example:

Example: A user is trying to pick a restaurant for dinner. He has
a very limited budget and is only interested in Italian restaurants in
the Boston Area. Only the restaurants that satisfy these criteria will
compete for the user's attention. On the other hand, Chinese restau-
rants, restaurants from New York, and expensive establishments are
not truly competitors with respect to this particular user, since they are
outside the boundaries of his personal requirements and thus never
had a chance to be chosen.

In this example, the user is interested in the features {price range,
location, food type}. The respective values that encode the user's
requirements are {Cheap, Boston, ltalian}. Clearly, any other assign-
ment of values could be specified for the same query (e.g. {Cheap,
Chicago, Chinese}). In fact, each possible value-assignment repre-
sents the preferences of a different user. Formally, given a subset of
features F, let V~ be the complete space of all possible value assign-
ments over the features in F'. We observe that every item covers a
portion of the entire space V', and, hence, covers the corresponding
population of users. For example, a cheap restaurant in Boston that
serves both ltalian and American food covers a user who is interesting
in cheap Italian food in Boston, as well as a user who is interested in
cheap American food in the same city.

In order to evaluate the competitiveness of two given items /;, /; in the
context of a subset of features 7', we need to compute the number of
possible value assignments over F' that are satisfied by both items.
Formally, we define pairwise coverage as follows:
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Definition 1 [Pairwise Coverage] Given the complete set of features
Fin a given domain of interest, let V= be the complete space of all
possible value-assignments over the features in a subset 7' C F.
Then, the coverage cov(Vx, I;, I;) of a pair of items I, and I; with
respect to Vr is defined as the portion of Vr that is covered by both
items.

Considering the above definition, we observe that the coverage of
each dimension (i.e. each feature F' € F') is independent of the oth-
ers. Therefore, we first compute the percentage of each dimension
that is covered by the pair. We can then optimally compute the cover-
age of the entire space Vz as the product of the respective coverage
values Vi for every F' € F'. Formally:

cov(Ve, I;, 1) = H cov(Vyry, 1;, 1) (3.1)

FeF'

This computation has a clear geometric interpretation: The portion of
the space Vz that is covered by a pair of items can be represented as
a hyper-rectangle in | F'|-dimensional space. For each dimension F/,
cov(Vyry, 1;, I;) gives us the portion of the dimension that is covered by
the two items. Finally, by multiplying the individual coverage values,
we are essentially computing the volume of the hyper-rectangle that
represents the entire space V.

Figure 3.2 illustrates the pairwise coverage provided by two items
I, I, in the context of the two dimensional space defined by two fea-
tures I and F;. As shown in the figure, the two pairwise coverage of
the the two items is defined by the highlighted rectangle. The three
points ¢, q2, g3 represent different value assignments for these two
features. Every assignment that falls within the rectangle is covered
by both items.

Definition 1 allows us to evaluate the coverage provided by a pair of
items to (the value space of) any subset of features F’. Conceptu-
ally, 7' captures the fraction of the population that is interested in
the features included in F’. In practice, the size of the correspond-
ing population varies across subsets. For example, in the domain of
restaurants, the subset {food quality, price range} is arguably of inter-
est to more users than the subset {Wi-Fi availability, delivery options}.
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Figure 3.2: Geometric interpretation of pairwise coverage

To account for this in our definition of competitiveness, we attach a
popularity weight w(F’) to each feature subset. We revisit the com-
putation of these weights in Section 3.2.6, where we discuss practical
methods for learning the weights from sources such as query logs
and customer reviews. For the remaining of our analysis, we assume
that the weights are provided as part of the input. Further, we define
Q to be the collection of subsets with a non-zero weight. Formally:
Q = {F €27 :w(F') > 0}. Taking the above into consideration, we
formally define the competitiveness of two items I;, I; as follows:

Definition 2 [Competitiveness] Given the complete set of features
F of a domain of interest, let Q be the set of all subsets of F that have
a non-zero popularity weight. Then, the competitiveness of two given
items I; and I; is defined as:

Cr(Li, ;) = Y w(F) x cov(Vp, I, I) (3.2)
FeQ

where cov(Vz, I;, I;) is the portion of Vz that is covered by both I,
and ;.

3.2.3.2 Computing Coverage

Our definition of competitiveness between two given items is based on
the pairwise coverage that they provide to the value space of the differ-
ent subsets of features. We observe that the value space is complex,
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since it can contain different types of features. By supporting virtually
every reasonable feature-type (numeric, ordinal, boolean, categori-
cal), our framework guarantees the flexibility required to encode the
requirements of virtually any potential customer. Next, we discuss the
different types of features that we consider in our work, and show how
coverage is defined for each of them.

Categorical Features. In this thesis, we identify two sub-types of
categorical features: single-value and multi-value. For a single-value
feature F', each item assumes exactly one value from the respective
value-space Vypy, e.g. the brand of a digital camera. Clearly, boolean
features are simply a special case of this group, assuming values from
{YES, NO}. The pairwise coverage of two items I;, I;, given a single-
value feature F', is defined as follows:

1 if |F| = I1;|F
cov(Viry, L, 1) = { 0 otther/ise i1 (3-3)

For a multi-value feature F', each item can be mapped to any subset
of values from the respective value-space V. Assume, for example,
the feature parking from Table 3.1, referring to the parking facilities of
a restaurant. Since a restaurant can in fact provide any number of
these options (even all of them), parking is a multi-value categorical
feature. We define the pairwise coverage of two items /;, I, for a multi-
value feature F’, as follows:

. I
cov(Vypy, 1i, 1;) = L0 L] (3.4)
Viryl
Conceptually, the covered portion is defined as the overlap between
the sets of values that are mapped to each item, divided by the total
number of possible values for F'. Clearly, the dividend is always a
value in [0, 1.

Ordinal Features. The value space V) of an ordinal feature I as-
sumes values from a finite ordered list: Vipy = {vi,v9,v3,...}. De-

pending on the nature of the feature, higher or lower states may be
preferable. For example, for the feature price range, lower values are

G. Valkanas 106



Mining and Managing User-Generated Content and Preferences

preferable. On the other hand, for the feature stars rating, higher val-

ues are better.
First, let us introduce two functions that will aid us in our definition of
coverage in the context of ordinal features. Given an ordinal feature I

and two values vy, v, € Vipy, letloser(F, vy, vy) return the least prefer-
able between the two values. In addition, let weq(F’, v;) return the set
of values that are worse or equal to v;. For example, for the price
range feature discussed above, weq(F, $$$)={$3$$, $$$$}. Then, the
]E)elllirwise coverage of two given items to the value space is defined as
ollows:

weq(loser(F, I;|F'|, [;|F’
ooV, I, Ij) = 120 (V{F}‘” L g

As in the case of categorical features, cov(Vipy, I;, I;) takes values in
0, 1].

Numeric Features. A numeric feature F’ takes values from a contin-
uous pre-defined range. Without loss of generality, we assume that

all numeric features are normalized to take values in [0, 1]. Higher or
lower values may be preferable, depending on the nature of the fea-
ture. As in the case of ordinal features, we define loser(F, vy, vy) to
return the least preferable of two given values for a feature I'. Then,
given two items [;, I;, the pairwise coverage of the value space Vr,
is defined as:

cov(Viry, 1, 1;) = loser(F, I, 1) (3.6)

Conceptually, the value space that is commonly covered by the two
items is bounded by the one with the least preferable value. Now that
we have provided a definition of coverage for every supported feature-
type, we present the following example.

Example: Consider the subset of features /' shown in Table 3.1.
The respective representations for two items I;, I, are { $$$, Boston,

{Street, Valet}, 0.8 } and { $$, Boston, {Street, Priv. Lot}, 0.6 }. Then,
following Eq. 3.1, the pairwise coverage of the two items of is com-
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Table 3.1: Feature-subsets and their respective value-spaces.

Feature | Type | Value-Set V7,

price range | ordinal {3, $3, $$%, $$$%}
location categorical (single) | {Boston, New York}
parking categorical (multi) | {Street, Priv. Lot, Valet}
food quality | numeric [0, 1]

puted as follows:

2 1
CO/U(V]:/,[@',IJ') = Z X 1 X 3 x 0.6 =0.1

3.2.4 Finding the Top-K Competitors

In the previous section we presented a formal definition of the com-
petitiveness between any two items. Given this definition, we study
the natural problem of finding the top-k competitors of a given item.
Formally, the problem is defined as follows:

Problem 2 We are given a set of items L, defined within the feature
space F of a domain. Then, given a single item I € I, we want to
identify the k items from T \ {1}, that maximize the pairwise compet-
itiveness with I :

I =argmax Cx(I,1I") (3.7)
I'e7\{I}

A naive algorithm for this problem would iterate over all items in I’ €
Z\{I}. Foreach suchitem I, it would compute w(F") x cov(Vz, I, I')
for every subset 7' € Q, where Q is the collection subsets with a non-
zero weight. It would then be trivial to obtain the top-k competitors for
the given item. However, considering that Z can contain thousands of
items, the computational cost can be overwhelming. We demonstrate
this in our experiments, where we compare our own CMiner technique
with the naive approach.
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3.2.5 The CMiner Algorithm

Motivated by the inefficiency of the naive approach, we present CMiner,
a new algorithm for Problem 2. Our approach combines scalability
with the ability to handle the online arrival of new items. The latter is
crucial in many mainstream domains. As an example, consider the
case when items are vacation packages. In such a domain, an arbi-
trary number of new packages can be introduced at any point in time.
Hence, we would like to preprocess the data in a way that allows us to
compute the competitors of a new package without having to repeat
the entire computation effort.

First, we define the concept of item dominance, which will aid us in
our further analysis:

Definition 3 [Item Dominance]: Given two items I;, I; from a set L
defined within a feature-space JF, we say that an item I, dominates an
item I; if both of the following conditions are true:

1. LLIF]| C I,|F], for every multi-value categorical feature F' € F

2. I,|F| > I;[F), for every ordinal, numerical, or single-categorical
feature I' € F.

Conceptually, an item dominates another if it has better values for all
features of the considered space F. Clearly, if I; dominates I, then it
is also more competitive with respect to any other item from Z (since
it covers at least as much coverage to any possible sub-space as ;).
This observation motivates us to utilize the skyline of the entire set
of items Z. The skyline is a well-studied concept that represents the
subset of points in a set that are not dominated by any other point in
the set [42]. We refer to the skyline of a set of items Z as Sky(Z). The
concept of the skyline leads to the following lemma:

Lemma 6 Given the skyline Sky(Z) of a set of items T and an item
I; € Z, let Y contain the k items with the highest Cx(-, I;) values from
Sky(Z). Then, an item I; € T can only be in the top-k competitors of
I, ifI; € Y or I, is dominated by one of the items in ).
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Proof 5 We will prove this by contradiction. Let I; be an item that
is not included in Y, and has a competitiveness value that is higher
or equal to that of some item I € ). The assumption is that I; is
not dominated by any of the items in ). Observe that I, cannot be
in the skyline, since its competitiveness would have included it in ) .
Hence, it is guaranteed to be dominated by at least one of the items
in the skyline. This means that there is an item I' € Sky(Z) with
a competitiveness higher or equal to that of I;. However, since I;
has a greater (or equal) value than one of the items in ), the same
applies for I'" which is guaranteed to be included in ). This leads to a

%ontradiction, since we assumed that none of the items in ) dominate

By applying Lemma 6, we do not need to consider the entire set of
items in order to find the top-k competitors of a given item [*. Instead,
it is sufficient to recursively check for the items that are dominated by
the current top-k items from the upper levels. In order to fully utilize this
observation, we construct a structure that greatly reduces the number
of items that need to be considered for the computation of the top-
k competitors set. We refer to this structure as the skyline pyramid.
The pyramid can be constructed by recursively computing the skyline
and removing the skyline points from the current set, until the entire
collection of items has been exhausted. Standard techniques can be
used for computing the skyline on each iteration [165], as well as for
updating the pyramid in case new items are introduced [121]. Each
item from the i;;, layer of the skyline is assigned an inlink from the
item from 7;;, level that dominates it. If multiple such dominators exist,
we simply choose one randomly. This is simply done to avoid re-
checking the dominated item during the competitor-finding process,
and does not affect the optimality of the result. An example of the
skyline pyramid is shown in Figure 3.3. The left side of the figure
shows the complete dominance graph for a given set of items. An
edge I, — I; means that I; dominates ;. The right side of the figure
shows the skyline domination pyramid.

Lemma 7 Assume the skyline pyramid structure on a set of items 1.
We can retrieve the optimal top-k competitors set with respect to an
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Figure 3.3: An example of the skyline pyramid structure

item I*, 1 f f we maintain exactly one edge for each item I, in layer
1 + 1 from any item I, in layer i, such that I, dominates I, ;.

Proof 6 First, we will show that we need to maintain at least one such
edge, between an item from layer i + 1 and an item from layeri. The
proof is immediately derived from Lemma 6, since a top-k competitor
could be an item from layer i+ 1, which is dominated by some point in
layeri. If we do not maintain such an edge, then item I, will never be
checked and the top-k result will not be optimal. Therefore, we need
fo maintain at least one such edge, for any item that is dominated by
some other.

We will now show that it is sufficient to maintain at most one such
edge, i.e., if item I; , is dominated by two or more points from I, say
I, and I,, keeping only one of these edges will yield the optimal result.
The proof is given by contradiction. Assume 3 points, I, I, and I,
with I, and I, being in the i-th skyline layer and I in the (i+1)-th layer,
and that both I, and I, dominate I;. Additionally, assume that I, and
I3 should be in the top-k result, but I, should not, and that from the two
edges I, — I3, I, — I3, we keep the latter (I, — 13). If 15 is not in the
top-k result, then 31, s.t. Cx(I* I,) <Cx(I*, I;,). However, Cx(1*, I;)
<Cx(I*, I,), because that is how the skyline pyramid is constructed.
Therefore, Cx(1*,13) < Cx(I*,1I},) and I3 should not be in the top-k
result, hence the contradiction.

A corollary from the above proof is that for an item [ to be taken into
consideration as a candidate for the top-k set, all of its masters should
have been eligible for consideration in the previous round. That is all
of I's masters should be among the top-£ competitors. Since all of
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I's masters need to be in the top-k result, we could maintain the edge
J — I for the point J that is farthest from I, with respect to some
predefined criteria (e.g. L1 distance, or Cx(J, J) ).

The pseudocode for the pyramid-extraction process is given in Algo-
rithm 3.1. We refer to this process as PyramidFinder. The input to
PyramidFinder is the set of items Z. The output is the skyline pyra-
mid Dz. In our experiments, we explore the construction of the skyline
pyramid for large datasets, discuss its characteristics, and demon-
strate its usefuleness in the context of top-k competitor search.

Algorithm 3.1 PyramidFinder
Input: Set of items Z
Output: Dominance Pyramid Dz
Dz[0] « Sky(Z)
Z « T\ Skyline(T)
level < 1.
while Z is not empty do
Dzlevel] < Sky(Z2)
for every item I, € Dz[level] do
for every item I; € Dz[level — 1] do
if /; dominates /; then
Add alink I; — I;
break
11: Z «+ Z\ skyline(2)
12: level < level + 1

N R ONM 2

—
e ©

3.2.5.1 The CMiner Algorithm

Next, we present CMiner, an optimal algorithm for finding the top-k
competitors of any given item. Our algorithm makes use of the sky-
line pyramid described earlier in this section, in order to reduce the
number of items that need to be considered and minimize the number
of required coverage computation. The intuition is that, since we only
care about the top-k competitors, we can incrementally compute the
score of each candidate and stop when it is guaranteed that the top-k
have emerged. The pseudocode is given in Algorithm 3.2.

The input to the algorithm includes the set of items Z, the set of fea-
tures F, the item of interest [*, the number k of top competitors to
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Algorithm 3.2 CMiner
Input: Set of items Z, Iltem of interest I* € Z, feature space F, Collection Q of feature-subsets with non-zero
weights, skyline pyramid Dz, int k
Output: Set of top-k competitors for I* from Z \ {I*}

: TopK + masters(I*)

: if (k <|TopK|)then

return TopK

Dk« k—|TopK|

1 LB+ -1

Dlow(I) «+ 0,V € X.

Dup(D) < Y w(F) x (cov(Vip, I*,17)),VI € X.
F'eQ

8: X + getSlaves(TopK,Dz)U Dz[0]

9: while (|X|!'=0)do

10: X < updateTopK(k, LB, X)

11: if (|¥]!=0) then

Nouh N =

12: TopK < merge(TopK, X)
13: if (|TopK| =k ) then

14: LB <+ TopK|k]

15: X < getSlaves(X,Dz)

16: return TopK

17: Procedure updateTopK(k, LB, X)
18: localTopK <+ ()

19: for every F' € Q, in sorted order do
20: sc — w(F') x coo(Vp, , I, I*)
21: localTopK + 0

22: for everyitem I € X do

23: up(I) <= up(I) — sc + w(F") x coo(Vlg,, I*, 1)
24: if (up(I) < LB) then

25: X« X\ {I}

26: else

27: low(I) « low(I) + w(F') x (cov(V%,I*,1))
28: localTopK .add(I,low(I))

29: if (|localTopK| = k) then

30: LB + localTopK k]

31: if (|X| <k)then

32: break

33: for everyitem I € X do

34: for every remaining 7' € Q do

35: low(I) + low(I) + w(F') x cov(Vl,, I*,I)
36: localTopK .add(I,low(I))

37: return JocalTopK

retrieve, the collection O of feature-subsets with non-zero weights,
and the skyline pyramid Dy.
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In lines 1-4, the algorithm uses masters(1*) to retrieve the set of items
that dominate [*. Note that this set can be easily pre-computed for
all the items during the pyramid-construction phase. These items are
guaranteed to have the maximum possible competitiveness with 7*.
If at least k& such items exist, we can just report them and conclude.
Otherwise, we append them to the final result and decrement our bud-
get of £ accordingly. The LB variable maintains the lowest lower
bound from the current top-k set. This is used as pruning thresh-
old for the candidates. In lines 6-7 we initialize the upper and lower
bounds for each candidate. In line 8 we initialize the set of candidates
X as the union of the items in the first layer of the pyramid and the
items dominated by those in the TopK. The latter is returned via calling

getSlaves(TopK, Dz).

In every iteration of lines 9-15, the algorithm does the following: (i) it
feeds the set of candidates X" routine, which prunes items based on
the L B threshold, (ii) updates the TopK set via the (merge)(-) function,
(iii) updates the pruning threshold LB, (iv) expands the set of items
by including the items that they dominate.

Discussion of UpdateTopK (). This routine processes the items in X
and finds at most & with the highest competitiveness scores among
X, subject to the condition that this score is higher than the global
pruning threshold L B. The approach uses two bounds low and up,
for every I € X. low(I) maintains the competitiveness score of item
I, as new feature subsets are considered. up([) is an optimistic upper
bound on [I's competitiveness score. Therefore, up begins with the
maximum possible competitiveness score, Cx(I*, I*).

For every feature subset, we examine all items in X and update their
up value. If at any point up(/) < LB (line 24), item I can be safely
removed from the X. If, at any point, | X'| becomes less or equal to £,
the loop over the subsets comes to a halt. In lines 33-36 we update
the lower bounds of the remaining items in X. We do this outside
the loop, in order to avoid unnecessary bound checking and improve
performance. Observe that the routine processes subsets in sorted
order. In Section 3.2.6, we elaborate on the impact of the ordering on
the performance of CMiner.
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3.2.5.2 Algorithmic Complexity

The complexity of CMiner depends on the number of points in each
layer of Dz. According to Bentley et al. [38], for n uniformly-distributed
d-dimensional data points (items), the expected size of the skyline is

@(l(’f__llﬁ). Since we need to examine at most & skyline layers to find

the top-k result, this value is upper-bounded by O(k * l(gd_—_llﬁ). This

bound naively assumes that each layer should be considered entirely.
In practice, however, we only need to check a small fraction of items
that are dominated by the items considered in the previous layer. For
instance, for uniform distribution, with consecutive skyline layers of
similar sizes, the number of points to be considered will be in the order
of k, since links will be evenly distributed among the skyline points.
As we only expand the top-k items in each step, at most k£ new items
will be introduced. Therefore, for small values of k, the complexity of
CMiner is written as O ( |Z| * |Q| * k%), where Q is the set of feature
subsets with non-zero weights.

3.2.6 Weight-Estimation for Feature-Subsets

Our analysis has assumed that the weight w(F’) of each subset of
features F’ is provided as input. In this section, we discuss methods
for computing these weights.

The motivation of assigning a different weight to each feature-subset
stems from the real-life observation that not all features are equally
important to users. Based on this, a straightforward approach is to
consider the weight of each individual feature separately, and then
aggregate to the subset-level. This aggregation could be achieved
by selecting the sum, average, median, maximum or minimum over
all the individual features in a set. This approach assumes indepen-
dence among the features of an item. This assumption, however, is
not always valid. For example, it may be the case that people who are
interested in the screen resolution of a laptop computer are also more
likely to be interested in the included graphics card. This motivates
an approach that considers the popularity of feature-subsets instead
of individual features. We identify two sources from which we can
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learn the popularity of a subset of features: query logs and customer
reviews.

Query logs. The first source is the query logs of the search engine on
the website where the items are hosted. Regardless of the interface
through which the user encodes his preferences in a query, the set
of selected feature is always recorded in a dedicated log. Assuming
the existence of a large enough user-base, we can simply estimate
the popularity of a feature-subset based on the number of times that
it was queried upon by the users.

Customer reviews. In cases when query logs are unavailable or in-
adequate, the weights of the subsets can be estimated by considering
the reviews that are available for the items in the domain. As an ex-
ample of such a dataset, consider the union of the review sets that
are available for all the digital cameras offered on amazon.com. Each
of these reviews comments on a particular subset of attributes from
the digital-camera domain. Hence, the review corpus serves as an
intuitive way to access user preferences. For example, a user who
is greatly interested in the wheelchair-accessibility of a restaurant is
more likely to discuss this feature in his review. We implement and
employ review mining as means for estimating the weights of feature-
subsets in our experiments. In practice, one can choose to ignore
subsets that appear less frequently than a set threshold. In our own
experiments, we consider all subsets that appear at least once.

3.2.7 Subset Ordering

Given an item of interest [*, CMiner iterates over the given set of
subsets and computes the coverage provided by /* and each candi-
date item to the value-space that corresponds to each subset. Given
our definition of competitiveness, we next consider IC, an ordering
scheme that, given an item of interest I*, processes subsets in de-
scending order of w(F') x cov(V%, I*, I*) values. As stated in the
following lemma, IC achieves the optimal convergence rate (i.e. there
exists no ordering that can result to a faster convergence).

Lemma 8 [IC Convergence Rate]: Given two items I;, I,, the ordering
imposed by the IC scheme results in the fastest possible convergence
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to the target-value C'x(I;, ;) (i.e. the true competitiveness between
the two items)

Proof 7 Assume that we want to compute the competitiveness be-
tween the target item I* and a candidate I'. Letl; and u; be the lower
and upper competitiveness bounds, after checking F!, the i-th fea-
fure subset imposed by the IC scheme. For ease of notation, we use
Cr(Ii, 1) = w(F)) x cov(Vg, 11, 1,), for any two items. Every time
a new subset is considered, |; and u; are updated, until finally all the
subsets have been evaluated and both variables converge to the ac-
tual competitiveness score Cx(1*,1'). We now define T, = u; — ;.
Since both l; and u; ultimately converge to Cr(1*,1'), T; converges to
0. Also, T; > 0,Vi. The convergence rate of T; is:

T, Cr(I*, T%)
=1- - 3.8
Tiy Ui—1 — liq (8.8)

Also, we know that:

= Cr(I", 1) =) Cn(I", ")+ > _ Cr(I',T7)

j=1 j=1

and

7

li=Y Cp(I' 1)

j=1
By immediate replacement in Eq. 3.8, the convergence rate becomes:

: C/I* I
T 1 7 ) (3.9)

(1%, I%) ZCP (I, I7)

As it can be seen by Eq. 3.9, the convergence rate depends only on
the score of the target item [*. The IC ordering scheme processes
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subsets in decreasing order of Cx (1", I*), which is the maximum pos-

sible coverage that any item can jointly achieve with I*. Thus, the nu-
merator is equal to the 1,;, maximum possible value among all feature-
subsets. Similarly, the difference in the denominator is minimized,
since the subtracted sum maintains the highest possible value (and

Cr(I*, I) is constant).

Given IC's optimality with respect to the convergence rate, we adopt
it as the standard ordering scheme for CMiner. In Section 3.2.8, we
present experiments that demonstrate the superiority of IC when com-
pared with other sub-optimal ordering schemes. In fact, it will become
obvious that the order in which the subsets are processed can have a
tremendous impact on the overall efficiency of the algorithm.

3.2.8 Experimental Evaluation

For our experimental evaluation, we compiled the following datasets:

Digital Cameras from Amazon.com: The features of this domain in-
cludes the objective attributes of each camera (e.g. price, number of
megapixels), as well as numeric attributes representing the opinions
of the users on the item's different characteristics (e.g. photo quality,
video quality). These were extracted via the opinion method by Ding
et al. [73], which assigns a numeric opinion-value to each feature of
an item, given the corpus of reviews. All scores were normalized to be
in [0, 1], with higher scores being preferable. The same method was
also used for the datasets from Booking.comand TripAdvisor. com.

Hotels from Booking.com: The feature-set for this domain consists
of objective features (e.g. price, location) and the opinion values ex-
tracted from the relevant reviews on different attributes (e.g. cleanli-
ness, service quality).

Restaurants in New York from TripAdvisor.com: The feature-
set for this domain consists of objective features (e.g. type of food
served) and the opinion values extracted from the relevant reviews
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on different attributes (e.g. food quality,service quality etc.)

Recipes from Sparkrecipes.com: The feature-set for each recipe
consisted of the different nutritional values (e.g. grams of protein and
carbohydrates), which are available on the website.

The datasets were intentionally selected from different domains to por-
tray the cross-domain applicability of our approach. Table 3.2 sum-
marizes some basic statistics for each dataset.

Table 3.2: Dataset Statistics
Dataset | #ltems | #Feats. | #Subsets | Skyline Layers

Cameras 579 21 14779 5
Hotels 1283 8 127 5
Restaurants | 4622 8 64 12
Recipes 100000 22 133 22

For each dataset, the second, third, fourth and fifth columns include
the number of items, the number of features, the number of distinct
feature-subsets, and the number of layers in the respective skyline
pyramid, respectively. The feature subsets were extracted from the
set of reviews that is available for each dataset; the frequency of each
subset of features is equal to the number of times they were included
together in a review. To conclude the description of our datasets, we
present some statistics on the skyline-pyramid structure constructed
for each corpus. Figure 3.4 shows the distribution of items in the first
Recipes === Cameras mmwm

Hotels Restaurants

00 o e
80 r
60 |
40

20

Cumulative #Points %

1 2 3 4 5 6
Layers of the Skyline Pyramid

Figure 3.4: Cumulative distribution of items across the first 6 layers of the skyline pyramid.
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Figure 3.5: Distribution of feature subset weights

6 skyline layers of each dataset.

We observe that, for all datasets, nearly 99% of the items can be found
within the first 4 layers, with the majority of those falling within the first
2 layers. This is due to the large dimensionality of the feature space,
which makes it difficult for items to dominate one another. As we show
in the following experiment, the skyline pyramid helps our CMiner al-

gorithm to clearly outperform the baselines with resepect to compu-
tational cost. This is despite the high concentration of items within
the first layers, since CMiner can effectively traverse the pyramid and
consider only a small fraction of the included items.

Recall that in Section 3.2.6, we argued that the feature subsets are not
all equally important and for that reason we applied a different weight,
learned from query logs or user reviews. Figures 3.5a-b), show the
distribution that the feature subset weights follow for the cameras and
recipes datasets. They portray, for each dataset, the portion of sub-
sets that have a specific weight. For example, in the cameras dataset
in Fig. 38.5(a), nearly 30% of all feature subsets have been queried
only once, whereas subsets that have been queried approximately 10
times make up for 1% of the entire feature subset set. Clearly, for the
cameras dataset, the feature subset weights follow a power-law dis-
tribution. A similar tendency can be observed for the recipes dataset,
in Fig. 3.5(b). This observation could be taken into account to devise
even more efficient algorithms, for the identification of the top-k com-
petitors. Though we have not pursued this direction in this work, we
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plan to do so in our future work.

Baselines. We compare our CMiner algorithm with two baselines.
The first is the Naive approach described in Section 3.2.4. The sec-
ond is a clustering-based approach that works as follows. First, it

iterates over the considered feature-subsets. For each subset 7, it
identifies the set of items that have the same value assignment for

the features in /', and places them in the same group. Thus, F' is
mapped to different groups of items with the save value-assignments
over its features. The algorithm then iterates over the reported groups.
For each group, it updates the pairwise coverage provided to V- by
the target item I* and an arbitrary item from the group (it can be any
item, since they all have the same values with respect to F’). The
computed coverage is then used to update the competitiveness of all
the items in the group. The process continues until the optimal com-
petitiveness scores for all items have been computed. Assuming there
are at most M groups per feature-subset, the runtime complexity is
O( |Z| * M * |Q] ). Obviously, when each group is a singleton, the
algorithm degrades to the Naive case. We refer to this technique as
GMiner.

To demonstrate the effect of ordering feature subsets on efficiency,
and evaluate the performance of our IC ordering scheme presented in
Section 3.2.6, we have performed a set of related experiments. Over-
all, we compare the following ordering schemes:

« W-ASC: Ascending order by weight (i.e. w(F"))
+ W-DSC: Descending order by weight
» IC: Descending order by w(F") x cov(V%, I*, I*)

All experiments were run on an desktop with a Quad-Core 3.5GHz
Processor and 2GB RAM.

3.2.9 Computational Time

In this experiment we compare CMiner with the two baselines (Naive
and GMiner), in terms of computational time. First, we use each of
three algorithms to compute the set of top-k competitors for each item
in the four datasets. We repeat the process for k € {3, 10, 50, 150, 300},
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Figure 3.6: Average time (per item) to compute top-k£ competitors for the various datasets

l.e., reasonable values in practical application scenarios. The results
for the four datasets are shown in Figures. 3.6a-d). The x-axis holds
the different values of k. The y-axis holds the respective computa-
tional times (in seconds). We report the average time for each item.

The figures motivate some interesting observations. First, the Naive
algorithm consistently reports the same computational time regardless
of k, since it naively computes the competitiveness of every single item
in the corpus with respect to the target item. Thus, any trivial variations
in the required time are due to the process of maintaining the top-£ set.
In general, Naive is outperformed by the two other algorithms, and is
only competitive for very large values of k for the Hotels Dataset.

For the Cameras dataset, CMiner and GMiner, exhibit almost identical
running times. The similarity between the last two algorithms is due
to the very large number of distinct feature-subsets for this dataset,
in comparison with the other 3. In particular, this dataset has 14779
different subsets and GMiner identifies, on average, 443.63 groups
per subset. This means that the algorithm saves roughly a total of
(579 — 443) x 14779 = 2009944 coverage computations per item, al-
lowing it to be competitive to the otherwise superior CMiner. In fact,
for the other datasets, CMiner displays a clear advantage. This ad-
vantage is maximized for the Recipes dataset, which is the most pop-
ulous of the four, in terms of included items. The experiment on this
dataset also illustrates the scalability of the approach with respect to
k. For the Hotels and Restaurants datasets, even though the com-
putational time of CMiner appears to rise as k increases for the other
three datasets, it never goes above 0.035 seconds. For the Cameras
dataset, the large number of considered subsets has an adverse of
the scalability of CMiner, since it results in larger number of required
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Figure 3.7: Average number of computed coverages to find the top-k competitors for the
various datasets

computations for larger values of k. Recall that, for our experiments,
we considered all subsets that appear at least once. However, our
findings motivate us to consider pruning the set of subsets by setting
a lower bound on their observed frequency.

Ordering Efficiency. In Fig. 3.7, we evaluate the impact of the order-
ing scheme on efficiency, for all four datasets, for different values of
k. The figures show the average number of computed coverages for
every item in the dataset, when finding its top-k competitors. That is,
for every feature subset, we store the number of items for which we
must update their bounds. Evidently, IC needs to compute a lot less
coverage scores than the other two methods -- less than half than the
second best in most occasions --, validating in practice Lemma 8. As
k grows larger (x-axis), more scores need to be computed for all tech-
niques, reaching the maximum value when k is equal to the dataset
size (last set of bars). This is expected, since setting k equal to the
dataset size asks that we fully rank all items in the dataset. Note that
fewer coverage computations imply that more points are discarded in
each iteration, inside the updateTopK procedure of our CMiner algo-
rithm.

One could argue that IC prunes away some points initially, but per-
forms as many iterations as the other two ordering schemes, which
would also result in fewer coverage evaluations. For this reason, we
have also plotted the graphs in Fig. 3.8, depicting the average number
of feature subsets that need to be processed within the updateTopK
procedure, before each scheme falls back to a sequential scan on the
(at most) k remaining items (lines 33-36 in Alg. 3.2). The fact that IC
examines fewer queries (y-axis) is a clear indication of its faster con-
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vergence and, consequently, more aggressive -- but correct nonethe-
less -- pruning. Therefore, it reaches the number k of requested com-
petitors, and breaks out of the loop, sooner than the other two alter-
natives. Given that within the updateTopK we only alter the ordering
scheme, the procedure's input and output are the same across the
three alternatives. Therefore, the difference in performance can only
be attributed to the ordering scheme, demonstrating the superiority of
IC.

A final remark we should make from Fig. 3.8 refers to the fluctuations
in the number of queries, as we vary the number of competitors k. The
number of queries that CMiner will check depends largely on the num-
ber of given points, during each iteration of the updateTopK method.
More specifically, it depends on whether the provided points exceed
the requested number k. Take the cameras dataset for instance. Up
to the point that k = 350, IC needs to process, approximately, 4000
queries. However, after that point, the number of queries it uses to
prune away points drops dramatically (almost 0). The reason is that
the first skyline layer of the cameras dataset (Fig. 3.4) contains about
380 points. Therefore, when we request k = 400 points, the full sky-
line layer will be scanned, reducing significantly the number of bound
checks CMiner performs. The same holds for the other datasets.

3.2.10 A User Study

In order to validate our competitiveness paradigm, we conduct a user
study as follows. First, we select 10 random items from the Digital
Cameras corpus. We refer to these 10 items as the seed. For each
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item I* in the seed, we compute its competitiveness with every other
item in the corpus, according to our definition. We refer to our ap-
proach as CMiner. We also rank all the items in the corpus based on
their distance to I* in the feature-space. The L, distance was used for
numeric and ordinal features, and the Jaccard distance was used for
categorical attributes. We refer to this as the NN approach (i.e. Near-
est Neighbor). We then chose the two items with the highest score,
the two items with the lowest score, and two items from the middle of
the ranked list. This was repeated for both approaches, for a total of 12
candidates per item in the seed (6 per approach). We then created a
user study on the online survey-site kwiksurveys.com/. In total, the
survey was taken by 20 different human annotators. Each of the 10
seed-items was paired with each of its 12 corresponding candidates,
for a total of 120 different pairs. The pairs were shown to the anno-
tators in a randomized order. The users were also given access to a
table including the values of each item in the pair for every feature. For
each pair, the annotator was asked whether he would consider buying
the candidate instead of the seed item. The possible answers were
"YES", "NO" and "NOT SURE". The results are shown in Figure 3.9.

The y-axis holds the percentage covered by each approach. The fig-
ure shows 3 pairs of bars. The left bar of each pair corresponds to
our approach (CMiner), while the right bar to the NN approach. The
first two bars from the left represent the responses of the users to the
top-ranked candidates for each approach. The two bars in the mid-
dle represent the responses to the candidates ranked in the middle,
and, finally, the two bars on the right represent the responses to the
bottom-ranked candidates. Each bar captures the fraction of each of
the three possible responses. The lower, middle, and upper part of
the bar represent the "YES", "NO" and "NOT SURE" responses, re-
spectively. For example, the first bar on the left, reveals that about
90% of the annotators would consider our top-ranked candidates as a
replacement for the seed item. The remaining 10% was evenly divided
between the "NO" and "NOT SURE" responses.

The figure motivates some very interesting observations. First, we
observe that the vast majority of our top-ranked were identified by
the annotators as possible replacements for the seed item. These
are thus verified as strong competitors that could deprive the seed
item from potential customers and decrease its market share. On the
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Figure 3.9: Results of the user study comparing our competitiveness paradigm with the
Nearest-Neighbor approach.

other hand, the top-ranked candidates of the NN approach were often
rejected by the users, who did not consider these items to be compet-
itive. The middle-ranked candidates of our approach attracted mixed
responses from the annotators, indicating that it was not straightfor-
ward to determine whether the item is indeed competitive or not. An
interesting observation is that the middle-ranked candidates of the
NN approach were more popular than its top-ranked ones. The in-
terpretation is that this approach fails to emulate the way the users
perceive the competitiveness between two items. Finally, the bottom-
ranked candidates of our approach were consistently rejected by the
annotators, verifying their lack of competitiveness to the seed item.
The bottom-ranked items by the NN approach were also frequently
rejected, indicating that it is easier to identify items that are not com-
petitive to the target.

In conclusion, the survey demonstrated the ability of our paradigm
to capture the competitiveness between two items. Further, our ap-
proach consistently outperformed an intuitive baseline, indicating that
the task is non-trivial.

3.3 Summary

In this section of the thesis, we presented a formal definition of the
competitiveness between two items. Our formalization is applicable
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across domains, overcoming the shortcomings of previous approaches.
We consider a number of factors that have been overlooked by previ-
ous approaches, such as the position of the items in the multi-dimens-
ional feature space, and the preferences and opinions of the users. A
user study was conducted to verify the validity of our notion of com-
petitiveness. Based on our competitiveness paradigm, we addressed
the problem of finding the top-k competitors of a given item. The pro-
posed framework is designed to be efficient and scalable, in order to
be applicable to domains with large populations of items. Our method-
ology was evaluated via an experimental evaluation on real data from
different domains.
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Chapter 4

Mining user-generated content

4.1 Introduction

Despite the prevalence of online reviews and their economic power,
the most defining online service of the contemporary web is that of so-
cial media. Users actively participate in online networking sites, and
there is a plethora of these services, covering a wide spectrum of do-

mains. MySpace ! is one of the first networking sites targeting musi-

cians, while Flickr 2 aims at photographers and LinkedIn 3 focuses on
professional networking. There are also general purpose social net-

works, mostly used for leisure, with Facebook # and Twitter ° being
the most characteristic examples.

A major difference between these sites and other online services is
that the networking component is an integral part of the service itself.
For example, web forums -- the closest example of online user com-
munities prior to social media -- organized information hierarchically
by topic, subtopics, discussions (threads) within a subtopic and posts
made by the users. In other words, the primary focus was placed on
the written content itself and in the organization and retrieval of infor-
mation, and only secondarily, if at all, to the users posting it. This is
far from surprising, considering that web forums were primarily a tool
to help other users with similar problems (e.g., technological forums).

'https://myspace.com/
2http://www.flickr.com
Shitp://www.linkedin.com
“http://www.facebook.com
Shttp:/ftwitter.com
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For the same reason, there was no notion of following a user in order
to receive updates regarding what they post.

Contrary to these platforms, online social networks make the user a
first class citizen, and connections are their driving force. Users may
interact with each other, engage in discussions and talk about their
interests. In the end, the information that they will receive depends
greatly on who they have connected with. It is particularly interesting
that there is a strong interplay between network structure (i.e., user
connetions) and topical similarity between users [177].

However, the social component is not the only difference between so-
cial networks and earlier online platforms. For example, there has
been a major shift in the users' attitude towards privacy in online set-
tings. In particular, users tended to identify themselves through nick-
names and aliases in earlier years. On the contrary, they now tend to
use their real names, and, in fact, feel comfortable with doing so. The
number of active users are also largely apart. More specifically, online
social networks have hundreds of millions of active users (some up to
a billion), as opposed with the hundreds of thousands or few millions
users of earlier online platforms (e.g., web forums). Another differ-
ence is that the user base is very diverse in terms of demographics,
l.e., location, age, language, as well as discussed interests, which has
also been pointed in past research [139, 153]. Finally, as a result of
the aforementioned factors, and on occasions due to certain platform
restrictions, user discussions tend to be more conversational, rather
than individuallistic, as is the case with blogs. Given the large user
base, this leads to a continuous, real-time flow of information.

With the advent of these new platforms, several research opportuni-
ties arise. The networking component alone may be the subject of
research questions, such as community detection, outlier detection,
spammer identification, detection of common / frequent structural pat-
terns, graph similarity and so on. Most of these problems stem from
the modeling of the social network as a graph. Moreover, by allowing
users to express themselves more freely, without tying their partici-
pation to the service to a specific reason (e.g., seek for help), new
research problems can be formulated and solved. User profiling, per-
sonalization and recommendation are some well-studied problems in
the literature, even outside the social media domain. Finally, the na-
ture of the medium (real-time information flow) requires the use of fast
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techniques, that can cope with the user-generated data streams.
Particularly interesting, however, is the fact that online social networks
are a prolific area for interdisciplinary reserach. The fact that people
are more open towards these services, interact with one another on a
regular basis, and share content online regarding their everyday lives
allows sciences very distinct from computer science, such as sociol-
ogy, psychology and medical science, to propose new hypotheses,
develop new theories or refine existing ones and, most significantly,
test these ideas at a large scale. The latter is very important for these
sciences, given that, until now, collecting the necessary data to test
ideas was a tedious process. As a result, algorithmic approaches
have been proposed to test these theories with real world data, that
are now readily available. This has led to the generation of new dis-
ciplines such as:

« computational psychology: The use of algorithmic techniques to
address questions from psychology. Characteristic examples in-
clude the identification of personality traits [171], understanding a
user's emotional state from what they write, as well as the effect
of external stimuli on their emotional state (known as emotional
contagion).

« computational sociology: The use of algorithmic techniques to
understand how people interact with each other within communi-
ties, who they connect with, who they talk to, how communities
are formed over certain topics (e.g., politics) and their structural
properties, role identification of certain users in a community, etc.

« health care informatics: The use of algorithmic techniques to sup-
port health care, identify health problems by location and their
spreading [67, 21] or food-related outbreaks [22]. Such applica-
tion scenarios are characteristic of the Big Data era.

It is easy to see that these research opportunities would not have been
made possible without the proliferation of social media. For exam-
ple, computational sociology relies heavily on the underlying network
structure, which is an integral part of these services, unlike past set-
tings. Similarly, computational psychology creates user profiles by uti-
lizing all possible generated content (and social ties), which is primarily
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driven by the user's need to express themselves, and not by a need
to search for information. The last discipline covers a much broader
spectrum, such as organization and retrieval of medical records, privacy-
preserving techniques, etc. But there is a rising trend within it, to use
more and more social media information, because of its real-time na-
ture and cost effectiveness [104].

4.1.1 Research questions in Online social networks

From the previous discussion, it is easy to understand that there are
endless possibilities for research questions in social media. As a re-
sult, it would be practically impossible to consider all of them in a dis-
sertation, much less in a single chapter. Therefore, we will only con-
sider a small subset. Moreover, we will focus on Twitter, a prevalent
social media service. The service is generic in the sense that users
may talk about anything, is very diverse in both topics and users, and
imposes certain restrictions that make it unique.

In particular, the chapter is organized in a way that each section con-
siders and addresses a different problem that may arise in such a set-
ting. Section 4.2 considers principled techniques to collect, process
and analyze the data from social media. More specifically, we present
the architectural design and implementation details of a crawler for the
Twitter service, one of the most prevalent social media sites. We also
present techniques to harvest data from query-based interfaces, that
take into account the ranking of the returned results. Finally, query
execution engines have already been proposed for streaming data,
accepting queries in declarative languages (SQL variants), and exe-
cuting them efficiently, as they take into account the domain's partic-
ularities. When such engines are in place, it is time consuming, inef-
ficient and error-prone to build data mining techniques in an ad-hoc
fashion. As an alternative, we propose to accommodate them within
the declarative language, and present an approach that allows them
to be optimized by the execution engine as well. These ideas are ap-
plicable in any domain where a query execution engine is used, such
as social media, sensor networks and relational settings.

One of the reasons why Twitter has been so well received by the re-
search community is its data policy towards researchers. In particular,

G. Valkanas 132



Mining and Managing User-Generated Content and Preferences

Twitter provides Application Programming Interfaces (APIs) to retrieve
information of interest, including both content and the social compo-
nent. Moreover, it provides access to the stream of user generated
content with various sampling rates. Therefore, researchers have ac-
cess to a wide range of the platform's content. Regarding the provided
samples, the service offers two different schemes: a 1% sample and
a 10% sample, which is only provided upon request. Access to the
full stream (100%) is also provided, but only with a fee. Therefore,
the focus of Section 4.3 is to compare the two sampling ratios, and
identify their differences, other than the data volume.

Finally, Twitter has been characterized as a news reporting site [124],
due to the real-time nature of the information that its users generate.
Given the high diversity of the service's users, discussed events cover
a wide spectrum as well. For these reasons, in Section 4.4 we present
algorithmic solutions to identify (newsworthy) events, using Twitter
data as our only source of information. We discuss particular sub-
problems that arise in such a setting, and propose efficient solutions,
to cope with the real time nature of the data. Moreover, we present
the architectural design of our system, while also describing the data
flow between components. Section 4.5 concludes this chapter, and
summarizes our basic findings.

4.2 Towards principled solutions for mining online content

4.2.1 Faceted crawling of the Twitter service

Numerous prototypes have been built on top of social networks, rec-
ognizing their importance in a variety of occasions [124, 96, 221, 205,
116, 91, 89, 29, 32]. Depending on their objective, these applications
rely on different key properties of the underlying data. For example, in
the Big Data era voluminous data is the norm. Emergency manage-
ment and location based services require access to locational infor-
mation [14, 204, 76]. News reporting must have acces to newsorthy
and high-quality information from high-quality posters. Social graphs
are another major asset, integral to computational sociology, but also
important for community detection, node importance identification and
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information diffusion, to name a few.

Building the infrastructure that retrieves the desired information is both
time consuming and technically challenging. For example, the Twitter
service offers two distinct Application Programming Interfaces (APIs)
to retrieve data, with distinct limitations: Access is restricted to au-
thenticated (i.e., registered) users, and to public tweets, i.e., tweets
visible to anyone. The default streaming API returns only 1% of pub-

lic tweets ©, while the REST API limits the number of requests issued
within a specific timeframe, imitating the politeness principle [58].

To address these problems, in this thesis, we also consider the prob-
lem of an efficient crawler for the Twitter service, to fetch content with
desired properties. Those properties refer to different facets of the
data (tweets, users, graph, location, etc.), giving rise to the faceted
crawling problem. We present our system's design and implementa-
tion details, and provide experimental evidence of our crawler's per-
formance. We also discuss lessons learned from our interaction with
the service's APIs.

4.2.1.1 Related Work

Harvesting web documents is as old a task as the web itself. Search
engines rely on web crawlers [45, 49, 106] to fetch online documents,
which they subsequently index and make available. These are built for
the surface web, where webpages are reachable through hyperlinks.
However, Twitter's multiple information facets do not allow a straight-
forward modification of existing crawlers, which would also violate the
politeness policy, given the real-time nature of the medium. Similar
problems exist for crawlers of the Hidden Web [40, 85], where infor-
mation can be accessed through query forms. Given that we discuss
Hidden Web techniques in a subsequent section, we do not elaborate
more on this subject here.

Several libraries exist [6], to access Twitter's APls programmatically,
one resource at a time. Therefore, these are not complete solutions,
whereas we facilitate faceted crawling through the craw/ flow.

The work in [9] also discusses facets on Twitter, but in a conceptually
different way. More importantly, our research goals are different: [9]

8Elevated access can be granted for a fee.
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is interested in enriching tweets with "context", whereas we aim at
the implementation of an efficient and robust crawler. Therefore, [9]
can be thought of as an application, that one can build on top of our
proposed infrastructure.

4.2.1.2 Twitter APl Background

Twitter provides two main Application Programming Interfaces (APIs)
to access publicly available data, i.e., data that anyone can see: There
is 1) a REST-ful one, which probes the service with HTTP requests,
and i2) a streaming API, which resembles a publish-subscribe mech-
anism. In both cases, the user can apply filters, to restrict the informa-
tion they are looking for. In both cases the user needs to be authen-
ticated through one of the available options. In the next paragraphs,
we give a more detailed overview of these two APIs.

REST APIl. The REST API uses HTTP requests (i.e., GET, POST)
to perform the communication between the end user and the Twitter
service. This API supports multiple query types, each of which can
be employed by contacting a carefully constructed URL, with all the
necessary information.

From the REST API specification [4], we identify four types of restric-
tions, which we must take into account in our crawler. Table 4.1 gives
additional details.

- Rate restrictions: The number of queries of a specific type that
the developer can issue within the 15 minute window.

« Maximum Result Size: The upper bound on the results of a par-
ticular query. Forinstance, even if a user has posted 5000 tweets,
we are only able to access the most recent 3200.

* Probing Result Size: The number of results that we can retrieve
each time we probe the service with that particular query. For in-
stance, a query for a user's timeline will return at most 200 tweets.

« Maximum Query Size: The number of objects that we can query
simultaneously with a single probe to the service. Typically this
is 1, (e.g., 1 tweet each time, using its id), but there are some
exceptions (e.g., lookup at most 100 users).
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Table 4.1: Restrictions for some major query types.

Query Rate | Max Result | Probe Result | API limit
User Lookup || 180 00 100 100
Tweet Show || 180 1 1 1
Friends 15 %) 5000 1
Followers 15 %) 5000 1
Timeline 180 3200 200 1
Retweets 15 100 100 1

Streaming API. Through this API, one can receive data as a flow of
tweets. The API returns a 1% sample of all public posts, though not
uniformly [155]. Consequently, data received through this APl may
reflect fluctuations of the actual stream, e.g., increase / decrease of
posts, temporal patterns of user interactions, etc. A drawback of this
APl is that it can not be used for all information facets, e.g., it does not
return the social graph.

4.2.1.3 Faceted Crawler Architecture

Figure 4.1 shows the architecture of a classic web crawler [49] on the
left, compared against our Faceted crawler architecture, on the right.
The two designs appear to be similar for the most part. The contents
of the frontier queue, however, in the two cases are different, because
surface crawlers need only handle URLs of the next pages to fetch.
On the contrary, our crawler needs to handle different query types,
each of which takes different parameters.

The components Seeder, Ranker and Streamer are also different.
The latter exists to harvest data using the streaming API. The Seeder
allows support for various applications in a unified way. The Ranker
is separate from the scheduler to simplifyc application development,
and to combine multiple query types.

Streaming API. The Streamer component exists to obtain information
from the Streaming API, as shown in Figure 4.1. The component
opens a connection to the service, receives the stream of tweets, and
may forward it for processing, storage and seeding.

REST-based crawling. Aside the Streamer, the components in Fig-
ure 4.1 largely resemble a classic crawler architecture. However, the
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Figure 4.1: Architectural designs of both classic web crawler and our Twitter faceted crawler

actual design is quite different. We have already pointed out the dif-
ference in the frontier queue. Moreover, each application may have
a different crawling process, therefore we need to efficiently multiplex
queries. For this reason, we have decoupled crawling (i.e., accessing

the service) from seeding.

Scheduler. A major component of our system is the Scheduler, re-
sponsible for queueing crawl tasks. A crawl task contains information
about the query type and all of the parameters that accompany it. The

Algorithm 4.1 Scheduler Algorithm

Input: Database db, Ranker ranker
Output: outQueue
Shared Queue qucue, timedQueue

/Main Thread

while !stopped do
qry < queue.dequeue();
data < ranker.getNext( qry );
outQueue.enqueue( qry, data );
db.store( gry.qryMeta );
timedQueue.enqueue( gry, NOW + gry.ival );

oohkhwn

EventTrigger()
7: nextQuery <+ timedQueue.dequeue();
8: top + timedQueue.top();
9: queue.enqueue( nextQuery );
10: resetTimer( top. TIME - NOW );
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Scheduler is also responsible for enforcing the rate limits. To achieve
this, the component operates in an event-driven manner, shown in
Algorithm 4.1.

The component starts with the query types of the crawling process.
It will enqueue these queries to a temedQueue, and will trigger the
event, leading to the execution of the "EventTrigger()" method. The
queries that triggered the alarm are dequeued and passed to the queue
for crawling. We then reset the timer to trigger for the next query item.
ltems in queue are processed one by one, by the main scheduler
thread. For the current query type, we probe th "Frontier Queue" (Line
3), implemented as a database relation, and pass the result for crawl-
ing. The scheduler stores metadata in the database (e.g., statistics)
and requeues the query for timely execution, computed through its
rate limit.

Ranker. As seen in Algorithm 4.1, the scheduler relies on a Ranker
object. A Ranker implements our IRanker interface, shown in Fig-
ure 4.2. The init () method is used to properly initialize resources
(e.g., database relations). The getNext() method returns the next item
to submit to a crawler as our next query. The id is decided by the
scheduler to simplify the architecture. The query also contains the
RateLimit information. This allows for a common interface across
queries.

public interface IRanker{

public void init();

public List getNext( long qid, Query query );
}

Figure 4.2: The IRanker interface

Seeder. As shown in Algorithm 4.2, the Seeder operates in an end-
less loop, much like the Scheduler. It receives information from the
result queue RQ (Line 2), where crawlers write the result of probing
Twitter. Results are forwarded for storage (line 3). We then update
the frontier in two steps. First, update the current query (line 4). The
result is a boolean value that determines whether we should move to
the second step, i.e., update subsequent frontiers (lines 5-8).

The QueryLog Relation. To restart after a (forceful) shutdown, and
monitor our system's performance, we store appropriate information,
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Algorithm 4.2 Seeder Algorithm
Input: Database db, ResultQueue RQ, CrawlFlow CF

1: while !stopped do

2: (result, gry) <+ RQ.dequeue();

3 storeResult( result );

4: update = CF.stepSeeding( gry, result );

5: if (update) then

6 nxtQrs < CF.nextQueries( gryMeta );

7 for (i =0; ¢ <nxtQrs.size; i++) do

8 nxtQrs(i).stepSeeding( gry, result );
9 db.store( qry.qryMeta );

in a relational table, called QuerLog. A partial view is shown in Ta-
ble 4.2. Statistics of the system include rank time, seed time, etc (not
shown here). Fields qid and result are straightforward. Values of the

result field can be found in [5]. The next three fields ensure that the
rate limits are enforced in cases of failure or restarts.

Table 4.2: Fields of the QueryLog relation

Field | Description

qid Unique ldentifier for the Query

result Code Signifying how the query

toq The type of query associated with this tuple

crawler || An identifier for a crawler
tssched | Timestamp when this query was scheduled

Crawl Flow. To further simplify the crawling process, we introduce the
concept of a Crawl Flow. The idea is that on Twitter, a crawl is driven
by the underlying application, which can be generally expressed as
a sequence of faceted probes (with cycles). The Crawl Flow can be
thought of as a state automaton, and defines the sequence of the
queries to the service. Figure 4.3 shows a schematic representation
of two Crawl Flows that we provide, a user's timeline, and sampling
the social graph. Through the Crawl Flow, the user specifies:

* The general execution sequence of queries. The sequence may
contain loops (including self-loops), depending on the goal.

+ An object implementing the IRank interface.
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(a) Timeline (b) Sampling

Figure 4.3: Schematic representation of Crawl Flow examples.

« An object implementing the 1Seed interface.

4.2.1.4 Use Cases

We have fully implemented our crawler in Java 1.6 and used the Twit-

ter4j library 7 for method probes. We used PostgreSQL 8.4 with its de-
fault configuration, but any SQL-compliant database will work. Each
component runs on a separate thread. Our experiments were run on
an Ubuntu Linux 64bit machine with a quad core @3.4GHz and 16Gb
of RAM, setting only half of it as Java's heap space.

Crawling by Location. Location is a very important aspect of tweets.
Tweets with location can be retrieved through a geographical filter,
specified as 2D bounding box with GPS. Despite its accuracy, GPS is
not the sole approach to geocode data. External geocoders [204] can
be applied directly to the streaming API. Figure 4.4 shows the number

"http:/ftwitterdj.org

Crawled === Geocoded —— Crawled === Geocoded ——
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E E 1M
S 1M ¢ E =)
o o
O w HT H ™ w %
100K t 3 10K
Any GPS UK North CA, USA Any GPS UK North CA, USA
America America
Location Location
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Figure 4.4: Comparing raw counts between crawled and geocoded locational information
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of tweets (on the left) and users (on the right). Custom geocoding
(Geocoded) can extract an additional 10% to GPS-filtered information
(Crawled).

Changing the bounding box of a crawl returns different results, even
when the boxes overlap. Table 4.9 depicts the similarities in terms
of received users (upper right, in red) and tweets (lower left, in blue),
where each crawler is configured to monitor the corresponding loca-
tion. Despite some commonly shared users and tweets, a lot of new
content is being delivered by each stream.

Table 4.3: Jaccard Similarity between the GPS enabled crawls using the Streaming API
| Any GPS || UK || N Amer | CA, USA

Any GPS || 1.0 0.069 || 0.249 0.038
UK 0.057 1.0 6x10~* || 0.001
N Amer 0.218 0.0 1.0 0.138
CA, USA | 0.042 0.0 0.145 1.0

Crawling Basic User Information. User timelines are useful in sev-
eral cases, e.g., behavior analysis. To efficiently crawl a user's time-
line, it is best to know the number of expected results. We improve
user information extraction by 1%, as seen in Figure 4.5(a), through
the combination of two query types. Figure 4.5(b) depicts this im-
provement (blue line) as a percentage. The 1 less query out of every
4, shown in Figure 4.5(a), is due to our best-effort approach for crawl-
ing the service, which has tight time constraints.

Crawling the Timeline. Figure 4.6(a) shows how much time is spent

Baseline —+— Improved -3¢ Baseline —+—  Increase % ¥
18200 P s S e e e e
XX xxx D X 1 Improved - Lo
E 18150 ".‘l ::' "..“ '-‘..‘ 1 0.999 | q
SRR Y, VoY 0998 | |
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5 18050 E 8 0.996 -} i
=) < 0995 i ]
» 18000 r 1 0.994 | LMK K |
17950 1 0.993 *x E
0.992 % %*BK 1
17900 ———¥——— ¥ - ¥ 0991 b :
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Figure 4.5: Crawling comparison for basic user information
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Figure 4.6: Average crawler performance for harvesting (a) user information and (b)-(c) user
timelines.

on the getNext method by the Ranker component, which is below
10ms. Both the getNext and stepSeeding methods do not take, on
average, more than 4ms (Figure 4.6(b)).

The average elapsed time between consecutive schedulings of Time-
line queries is shown in Figure 4.6(c). The interval does not increase,
but stabilizes over time. Even with multiple crawlers, our system main-
tains its performance. With 10 crawlers, we are at more than 98.5%
of the optimal case for Timeline queries (Figure 4.7(a)) perform simi-
larly for Lookup queries (Figure 4.7(b)). Evidently, more crawlers yield
more results faster (Figure 4.7(c)).

Sampling. For large networks, sampling is important. We have im-
plemented the Metropolis-Hastings algorithm [196], through the IRank
and ISeed interfaces. Instead of thinning, we use reservoir sampling
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Figure 4.7: Collective performance of the crawlers used for harvesting user timelines.

G. Valkanas 142



Mining and Managing User-Generated Content and Preferences

on the collected nodes, which has the same effect. Figure 4.8a) shows
the time required for ranking and seeding. This is the only case where
the timings are high, compared to other use cases, and eventually
reach an average of ~2.5 seconds. The reason is that sampling, syn-
chronizes on shared resources. Regardless, our implementation is
well within the timeframe between subsequent queries of this type (60
seconds).

Time (sec)

500 1000 1500 2000
Iteration

(a) Runtimes

Figure 4.8: Sampling scenario statistics.

Retweet Graph. Retweets are a key concept in Twitter, allowing
users to re-post / endorse tweets of others. They can be used to
identify cascades of information, leaving the actual reason as a la-
tent feature to be explored. Crawling retweets has been implemented
through appropriate seeders / rankers in our framework.

Retrieve tweets by ID. Per Twitter policy, one may only disclose the
tweet IDs of their dataset. Therefore, this use case becomes very im-
portant for reproducibility of results and fair comparison of techniques.

Crawl Social Graph. We have also implemented a BFS traversal of
the social graph of Twitter, through Seeders and Rankers.

4.2.2 Harvesting content from Hidden-web databases

Although users have become accustomed to surfing the web by fol-
lowing hyperlinks, during the early years of this millenium, it became
apparrent that not all of the web information is accessible this way.
More specifically, early reports [40] suggested that there is an ever in-
creasing amount of information hidden behind Web search interfaces
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and query forms. This information was not only estimated to be much
larger than the surface web, i.e., the portion of the web accessible
through hyperlinks, but also very high in quality. Consequently, re-
searchers focused on techniques to retrieve this content, which is col-
lectively known as the "Hidden Web".

Harvesting content from the Hidden Web originally focused on struc-
tured information stored in relational databases, but soon enough ex-
tended to accommodate textual information [159, 211, 114]. More-
over, despite the techniques being developped to collect as much
of the information as possible and to subsequently make it available
through a search engine's index, they can be used in any occasion
where a search field exists. For example, they can be applied in a
social media context to collect almost all information regarding a topic
of interest.

One thing that we should consider when crawling a Hidden Web site
is the ranking of the returned results. Most techniques assume that
when probing a Hidden Web site for information, the full information
will be retrieved. In practice, however, only a subset of the results
can be obtained, and which subset depends on how results will be
ranked by the search engine. Previous techniques did not account
for this fact. Given that the actual ranking function of the Hidden Web
site is unknown to us, as well as the features used, we propose tech-
niques that take into account the ranking of the returned information
in a generic way. In short, our contributions in this thesis are the fol-
lowing:

« We extend previous algorithmic techniques that cover the con-
tent of a Hidden Web site while taking ranking into account. Our
proposed approach is generic and uses domain-independent fea-
tures, so that it may be applied to humerous Hidden-Web sites
without major modifications.

« Since our technique determines which queries to use based on
the retrieved ranked results, we show that it manages to achieve
better coverage performance than previously existing techniques.

« We provide an experimental evaluation of our proposed technique,
by crawling YouTube. An interesting outcome of the evaluation is
that our techniques can be very easily parallelized in order to crawl
Hidden-Web sites.
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The rest of this section is organized as follows: We start with related
work on the topic in Section Section 4.2.2.1. Section 4.2.2.2 formally
defines the problem, followed by Section 4.2.2.3 which introduces our
proposed approach. Our experimental findings are presented and dis-
cussed in Section 4.2.2.5.

4.2.2.1 Related Work

Crawling Hidden Web sites is related to several fields pertaining the
web, such as Web Mining and Web IR. The existence of the Hid-
den Web (HW) was brought to light in the early years of this millen-
nium [40]. Research on the subject has focused on various aspects,
such as understanding query forms [85, 186, 235], classifying the sites
based on their content [115], accessing it [105, 70] and searching the
surface web to discover HW entry points [211]. Our work focuses on
surfacing HW content, i.e. retrieving content from those sites, so that
it can be indexed, thereby it relates to the works in [159, 137, 147].
The general technique in these works, as in ours, is to probe queries
to the HW site, retrieve the actual content and then select the next
query with which to probe. These techniques focus on coverage, i.e.
retrieve as big a portion of the site's content as possible. The key
difference is that they do not take the ranking aspect into account.

Ranking has been extensively studied both within and outside the
scope of web-related disciplines. Its importance is significantly higher
in the web domain, due to the size of the web and the fact that users
rarely view more than the top ranked documents. It is, therefore,
an ever-going research topic, with various settings and applications.
To rank documents on the web, several approaches have been pro-
posed, such as machine learning [175], link structure [45], web con-
tent analysis and anchor text. Our current work differs in that we do
not aim at building a new ranking function for HW sites. Rather we
are interested in taking ranking performed by HW sites into account,
while retrieving their content. Ranking in the context of HW sites has
been studied in [20], where the authors want to identify the order in
which to probe sources, in order to provide users with appropriate in-
formation. Their work differs from ours in that we are interested in the
ranking performed by HW sites per se, not to globally rank the HW
sites themselves with respect to a user need. Moreover, the authors
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in [20] perform sampling of HW sites, as an external step of their ap-
proach, whereas our primary goal is to crawl HW sites and crawling is
an integral part of our strategy.

Finally, our employed approach relates in notion to the active learning
paradigm [189]. Active learning is based on the idea that a classifier
"may achieve higher accuracy if it is allowed to choose the next train-
ing label from which to learn". To do this, a measure of the error that
is introduced by a potential label is required. Then, the label that is
expected to maximize the gain is selected and used to train the classi-
fier. Although existing crawling algorithms for HW sites mostly rely on
mathematical models to choose their next query, simplifying our tech-
nique's intuition, our work relates in the following manner: we choose
the term for which we can not accurately predict its global ranking,
had we used it to probe the database. Nevertheless, our work differs
from active learning approaches, as we do not use a machine learning
classifier, nor is it our primary concern to learn the ranking function of
each HW site. Moreover, we are interested in coverage as well. Fi-
nally, to the best of our knowledge, active learning approaches have
not been used in the context of Hidden Web sites.

4.2.2.2 Background

We start by formally defining the problem of ranking-aware Hidden-
Web crawling and our goals. To make our discussion more concrete,
we assume that a Hidden-Web site is associated with a database D,
containing documents D = {d;,ds, ...,d|p }. We represent each doc-

ument d; within D as a bag of words, i.e. d; = {w!, w?, ..., w""}.
Slmllarly, we represent the set of unique terms contamed by aII docu-
mentsin D by T' = {t,, s, ..., ti1 }.

We define D, C D to be the set of documents retrieved by query q.
These documents are the relevant ones w.r.t. g as they were returned
by the Hidden-Web site. Let 2 be a ranking (permutation) of D, i.e
R = R(q,D,) — {1,2,..,]D,|}. Note that we are only interested in
the rank (position) of each document. Also each document appears
only once in a ranking. Based on this notation, we can now formally
define our goal in rank-aware crawling of a Hidden-Web site:

G. Valkanas 146



Mining and Managing User-Generated Content and Preferences

Definition 4 Given a Hidden-Web site, identify the minimum set of
queries that covers the content from the site that allows us to approx-
imate the ranking of all potential queries.

Intuitively, we want to retrieve as much content from the Hidden Web
site as possible, while maintaining the queries probed to the site at a
minimum. At the same time, we are interested in the ranking that each
query is associated with. Since the set of unique termsin D is T, there

are |T'| rankings for single-keyword queries, and 21Tl combinations of
queries. However, since keyword search commonly employs AND
semantics which restrict the results, we can achieve better coverage
by issuing only single keyword queries. Therefore, since coverage is
a basic goal, we want to issue fewer queries than |T'| while being able
to approximate the ranking of any ¢; € T' that has been retrieved so
far.

4.2.2.3 Rank-Aware Crawling

In this section we develop and describe our proposed metric, to show
how we may include the ranking performed by a Hidden-Web site as
a paremeter while crawling it.

Efficiency. As we already discussed in the previous section, a funda-
mental goal of our techniques is to minimize the download cost when
crawling a Hidden-Web site while achieving high coverage. Similar
to [159], in order to compare among crawling techniques, we use the
notion of efficiency for a query term ¢, defined as:

.. Pnew(t)
Ef ficiency(t) Cost(t)
where P,.,, is the fraction of new items (over all current items) that term
t is expected to retrieve and Cost is the overall cost associated with
issuing term ¢, measured for example in money, bandwidth, or com-
munications between the crawler and the Hidden-Web site. In [159]
the authors use the E f ficiency metric described above to determine
which queries the crawler should issue to the Hidden-Web site. Their
goal is to maximize the coverage of the site using the minimum num-
ber of queries. Since we are also interested in coverage we will be
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using the E' f ficiency metric as well. However, as we also aim at ap-
proximating the ranked results of the queries coming from a Hidden
Web site, we will extend this metric by considering the "ranking gain”
of the query term as discussed next.

Ranking Gain. Apart from the coverage aspect, we are also inter-
ested in the ranking associated with each term. First, we describe the
intuition behind the ranking gain of a term: it is a measure of the de-
gree to which we can approximate the term's ranking, i.e. the ordering
of results we would obtain by querying this term. In other words, we
evaluate how similar a derived ranking would be to the actual one. If
we are able to accurately reconstruct the ranking of a term, then that
term's gain (w.r.t. ranking) would be close to 0. On the contrary, if the
derived ranking introduces a big error in our attempt to approximate
the actual one, then, we would need to query this term. The need to
correctly derive the ranking of a term is important for several reasons,
both for single and multi-keyword queries. Finally, we note that al-
ready queried terms have a ranking gain of 0, as their actual ranking
is known.

Therefore, to evaluate the ranking gain of a term we would need to
know its actual ranking, so that we can measure the distance between
the two. However, in that case, we would not need to derive it in
the first place, hence, we take a different approach on computing the
ranking gain. The idea is that documents in which the term already
exists in may provide clues about the overall ranking for that term.
Even if they do not provide evidence for the actual ranking itself, they
can still be useful.

Once the ranked result of querying the site with term ¢ has been re-
trieved, we parse the documents and extract the terms they contain.
For each term, we maintain a set of inverted indexes of the docu-
ments it is contained in with respect to each probed query, keeping
the ordering in which the result was returned. This results in a set
of orderings for each term, which we can aggregate to obtain a sin-
gle one and compute the ranking gain as their level of disagreement.
The more these rankings disagree among them, the more likely we
consider it to be that the inferred ranking will be misleading. That is
because their aggregate list, which seems as a natural choice for the
derived list, would try to average all distances, which would result in
a lot of information being lost. We can then define the measure used
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to compute the ranking gain of a term ¢ as:

N
RankingGain(t) = Z d(r;,agg(t))
i=1

where agg(t) is the aggregate list of the N rankings r;, Vi = 1,.., N,
of term ¢ and d is a distance function between two ranked inputs. An
aggregate list is one that minimizes the distance between itself and all
other input lists.

What we state in the above equation is that by querying ¢, what we gain
for its ranking aspect is equal to the overall disagreement of the rank-
ings that ¢ belongs to already. Terms with identical rankings among
queries have a ranking gain of 0, as we do not benefit with respect to
this parameter. Terms with rankings that exhibit a strong correlation
will have a lower benefit for that factor compared to ones with higher
discordance.

A major drawback of this approach is that it needs to compute the ag-
gregate list of each term ¢. However, ranking aggregation is known
to be NP-Hard [75].Moreover, it can not be efficiently maintained in-
crementally. This entails recomputation of the aggregate lists from
scratch. Hence, itis in our best interest to avoid consuming the crawler's
resources on computing aggregate lists. Instead, we use the following
observation:

Observation 1 The bigger the distance is between two ranked inputs
of a term t, the bigger the ranking gain of this term will be.

We can then reformulate the ranking gain as

2

N N
RankingGain(t) = N+ (N —1) Z Z d(ri, rj)
i=1 j=i+1

hence computing the pair-wise distances between all ranked inputs of
aterm. To avoid boosting inputs with bigger lengths, we take the aver-
age of pair-wise distances, by dividing with the number of all possible
pairs.

Putting it all together. Since we are interested in both maximiz-
ing coverage and achieving good results in approximating the ranking
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of the Hidden-Web site, we combine the two cost models presented
above into a single one. More specifically, we use their weighted av-
erage as:

(1 —w) * Poew(t) + w * RankingGain(t)
Cost(t)

The cost is paid only once, as it is related to the query term and to the
number of pages that it will retrieve, and is the same for both coverage
and ranking gain. Retrieved documents are parsed and terms are
extracted, and we select as the subsequent query the one with the
highest (overall) Gain.

Gain(t) =

4.2.2.4 Ranking Distances

There are several measures that are particularly suited to compute
the distance between two or more ordered lists, most of which aim
at finding the degree of correlation. Such rankings include Kendall 7,
Spearman footrule and Spearman p, top-K variants, nDCG etc. We
have used the ones that are most commonly used in the bibliography,
due to several properties that they exhibit (i.e. extended Condorcet
criterion). In our work we experimented with different metrics for com-
puting ranking distances as they directly affect our crawling strate-
gies. More specifically, we experimented with Kendall tau, Spearman
Footrule, Top-K and variations of these, to account for potential ties
or different ranking lengths.

Kendall 7. Kendall 7 measures the correlation of two given lists, as
the number of pairwise swappings, given by the equation

2% (N, — ng)

T n*(n—1)

where n.. is the number of concordant pairs, n, the number of discor-
dant pairs and n the number of distinct elements in both lists. We
normalize the result in the [0, 1] range.

We have also used Kendall 7 — b to account for ties, following the
methodology in [79]
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Spearman Footrule. Another commonly used ranking distance is the
Spearman footrule, where the distance of two rankings r1 and r2 is
given by:

n
D(ry,mg) = Z |71, — 7o
=1

and r;, is the index of j — th element in ranking r;. To address the

problem of ranking length variation, we have also used scaled Spear-
man footrule (SSF), given by

T1. To.
D(ry,ry) =Y | -

\7“1’ N \7“2’

Top-K. In essence, users are not interested in the entire ranking that
a web site performs but rather in the top ranked ones, known as the
top-k documents. Hence, the top-k distance captures the difference
between the first k ranked documents, disregarding all others. Given
a ranking r, we denote by r(k) its first k entries. Using the formula
from [80], the distance between r; and r, up to position : is given by

[(r1(2) Urs (i) — (r(@) Nra(d))]

51'(7“17"“2) = %1

This distance captures the fraction of non commonly shared items in
the first ¢ positions. Then, to get the overall distance, we sum 9's, for
1t =1, ..., k. More formally

1 k
D(T17T2> = %252»(7“1,7“2).

4.2.2.5 Experimental Evaluation

Experimental setup. We have conducted a set of experiments to
measure our approach in terms of effectiveness, on YouTube [232].
YouTube is a video sharing web site, where users may upload videos
and search for them through a simple keyword interface.
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The YouTube service limits its results to 1000 items per query. How-
ever, there may be duplicates, i.e. the same video (identified by url)
appears in different ranking positions. In such cases, we maintain only
the first occurrence, which is when a user will see it for the first time
and possibly select it. After removing duplicates, each query returns
~800 results on average. This poses an upper bound on the number
of videos we expect to see. Our results are from crawling the site be-
tween March 1st and March 28th, 2011, and each crawler may probe
the service up to 300 times. Each configuration runs independently of
the others and computes its statistics based on the set of documents
that it has retrieved by itself.

We consider as documents the text-based information of the videos,
l.e. title, description and tags. We did not include the user comments
as they are not always directly related to the video itself.

Harvest rate. We start our presentation of the experimental results
by first evaluating the number of documents that each approach man-
ages to retrieve from the Hidden Web site. The keywords used to
probe the YouTube service are selected according to our discussion
in Section 4.2.2.3, and we employ various ranking distance functions,
as shown in Table 4.4. As a baseline comparison, we use the tech-
niques presented in [159].

Table 4.4: Crawling configurations

ID | Distance
CVR None
KTA Kendall T-a
KTB Kendall T-b
SF Spearman Footrule
SSF Scaled Spearman Footrule
TOPK Top-X

cKTB KTB with Jaccard weighting

cSF SF with Jaccard weighting

cSSF || SSF with Jaccard weighting
cTOPK || TopX with Jaccard weighting

Figures 4.9(a) and 4.9(b) show the number of documents that each
configuration retrieved from the Hidden Web site. Knowing the upper
limit of YouTube query results (i.e. 800), we display our findings as
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a percentage of the optimal retrieval case, where each new query re-
trieves the maximum number of new distinct documents. We note that
the approach that does not take ranking into account at all, performs
the lowest among all of the techniques.

The graphs in Fig. 4.9(a) are a direct application of the discussion
in Section 4.2.2.3, using different distances. We have also experi-
mented with a variation of these techniques, the results of which are
shown in Fig. 4.9(b). In this case, we have weighted the outcome of
the distance function by the Jaccard coefficient of the two rankings,
i.e. the fraction of their common documents.

As we observe from the graphs, different configurations (i.e., differ-
ent ranking functions) perform differently. Overall, all policies achieve
better coverage than [159], which does not account for result ranking.
The highest harvest rate is given by Kendall 7-a, followed by SSF. The
reason that the coverage-only approach performs the lowest, is that

it relies on static features alone, whereas YouTube ranks results in a
query dependent manner. Though we do not know the exact ranking

function of the Hidden-Web site, loosing the (explicit) coverage aspect
and increasing other, more dynamic, features seems to be beneficial.
Interestingly, we also observe that the policies start performing better
after issuing about 100 queries. This is due to the fact that the poli-
cies need to acquire some knowledge about the document collection
before they start selecting good queries to probe.

Empirical comparison of the approaches. Table 4.5 shows the 15

100

100
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3 80| § go CKIB
5 3 cSSF
S 60 S 60 [ cTOP20
® B
2 40} 2 40t e
g 207 g 207 1
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(a) Harvest rate (%) of approaches (b) Harvest rate of approaches

Figure 4.9: Effectiveness in harvesting information from Hidden Web sites
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Table 4.5: First 15 query terms by configuration

No Ranking || KTa | KTb | SF | SSF | Top-20
soup soup soup soup soup soup
http http http http http http
twitter homemade parents annual prepares listening
WwWw doneness retro bold coulis sausage
youtube panlasangpinoy residents casserole fresco nutrition
watch margarine traumatic acidity penne steamed

follow toweling deborah aparta unbelievable || songifications
add fashioned ixzz beet mixer wonton
video foodwishes casserole antioxidants shawtayee siu
user foodies litre absorbable stvplayer intestines
center dmark hing acquire sinatras powders
subscription swirls hamburgers antibacterial larder enhances
machinima dmarkii mattar antiparasitic broadcaster intricate
tags secretlifeofabionerd S00ji antiinflammatory gilbrook craftsmanship
high hungrynation drizzle acnes tyres luggage

first terms for each of the approaches. Apart from the 1st query, which
was the seed term and the 2nd one, where the ranking has not yet
taken effect, it is clear that all configurations differentiate from each
other as soon as the 3rd query. An interesting observation is that,
apart from the coverage approach, the first 10 query terms in all con-
figurations appear to be semantically related to the first one, i.e. food.

Figure 4.10(a) shows how the configurations correlate with each other
in terms of the selected queries. This grid map shows the number of
commonly queried terms between any two of our about 30 configura-
tions, measured as the percentage of their intersection. The closer the
value is to 1.0, the higher the correlation. It is clear from Fig. 4.10(a),
that certain configuration, not on the diagonal, exhibit a high correla-
tion. These in fact use the same distance measure (e.g. KTb), with
different weight w. Nevertheless, apart from these configurations, the
rest have very low correlation (below 25% in most cases). This means
that the query terms selected to probe the Hidden-Web site are en-
tirely different, despite the fact that all configurations started with the
same one.

Moreover, the fact that configurations probe with different queries is
not sufficient on its own, as they could be retrieving similar documents.
For this reason, Fig. 4.10(b) shows a similar map, measuring the cor-
relation of retrieved documents by each configuration. Again, this is
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computed as the pairwise intersection of documents for all configu-
rations. We can clearly see that unless the terms are the same, the
configurations retrieve entirely different portions of the Hidden Web
site. This is the main hint that using the ranking aspect results in a
more breadth-wise search.

4.2.3 Mining data using execution engines and declarative languages

The use of declarative languages to retrieve information has its mer-
its, and has been extended from the relational to other settings as
well, such as streaming environments [24, 44] and the web [25, 193].
Meanwhile, bridging classic query processing with data analysis and
mining techniques has long been of interest in the database commu-
nity, as exemplified by the numerous prototypes [102, 112, 157, 183,
143, 201, 219]. These prototypes generaly propose a new declar-
ative query language, or enhance the existing one, to support data
mining constructs. One of the advantages of declarative languages is
that they are typically processed by query execution engines, which
optimize for certain objectives, tied to the domain of application. As
a result, data mining techniques can greatly benefit from this type of
merging, given that they will be also optimized for the domain.
Although several alternatives have been proposed to merge data min-
ing with query processing, they typically suffer from the following short-
comings:

+ they also propose their unique query language
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- focus on specific algorithms, and
+ are developed having a single domain in mind.

Most of them also rely on User Defined Functions (UDFs), which have
been generally criticized for being "black-boxes" and not optimization-
friendly [55, 154]. Sub-optimal plans, however, impact differently one
domain from the other, making these techniques unfit to port between
domains. For example, sensor networks are constrained on resources,
face a distributed setting and dynamic environment, and are substan-
tially different from a relational database setting. A poor execution
plan that runs in a relational database simply increases running time
of the query, leaving the user to wait. On the contrary, a poor plan
destined to run in a sensor network could completely drain nodes from
their energy and render the network useless. Therefore, it is impor-
tant to optimize the code for each setting of application, but doing so
manually is error prone and requires significant technical effort.

To successfully integrate query processing and data analysis, we iden-
tify the following desiderata:

i) The primary objective is to support data analysis and mining tasks,
such as clustering, classification, outlier detection, etc., in a con-
sistent way across domains, e.g. relational databases, distributed
databases, or streaming sensor networks.

i) Efficiency is still a major concern, although its definition is highly
dependent on the domain. For instance, relational databases are
interested in reducing response time, whereas for a sensor net-
work energy consumption is a first-class citizen.

iif) Ease of programmability and development of data analysis tech-
niques is an additional goal, as it increases a programmer's pro-
ductivity. Note that the integration of new techniques needs to
satisfy the efficiency constraint we mentioned above.

iv) Maximize adoption and ease of use by the end-users.

To address these concerns, we propose an approach that allows users
to express data mining tasks through a high-level declarative language,
e.g. SQL. Our contributions in that respect can be summarized as fol-
lows:
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i) We give an approach to define and execute data analysis tech-
niques using declarative queries. The main advantages are speed
in development and deployment, a simple syntax and a system
that takes care of correctness implications.

i) We conceptualize data analysis techniques as intensional extents,
l.e. sources whose data do not have to be acquired or stored,
as opposed to extensional ones, and derive a flexible framework
where we can combine these two types within the same query.

iii) We propose a query refactoring approach, motivated by the idea
that several data mining algorithms can be expressed as alge-
braic operators. Therefore, unlike UDFs, we can leverage the
optimizers that query processing engines already have.

We showcase our approach through two entirely different data analy-
sis techniques. We focus on the sensor network domain, and in par-
ticular aim for in-network execution of data mining techniques. The
selection of the domain is driven by two main reasons. First, sen-
sor networks need to take the temporal aspect into account, due to
the constraint on the resources of the sensing nodes and the fact
that the environmental conditions change over time. Therefore, the
sensing nodes can not maintain the entire history of sensed data,
so better models are required. The temporal aspect is also present
in social media data, as discussions and posted information typically
addresses current issues. Consequently, we would like to use an in-
frastructure that inherently supports temporal information. Secondly,
the limited capabilities of the nodes make the sensor network domain
a very demanding one. Therefore, if our proposed approach performs
well in such a demanding setting, it would be really worth considering
for other domains as well. Finally, there have been open sourced solu-
tions regarding query execution engines for sensor networks [], which
allow building upon both the execution engine and the language itself.
For the reasons mentioned above, we built a prototype system, SNEE-
A, that enhances a query execution engine for the sensor network do-
main, so that it accommodates data mining techniques. We demon-
strate our approach through two different data mining techniques:

Online correlation: If we know there is a correlation between the val-
ues of two measured variables, e.g. temperature and humidity, is it
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possible to predict humidity knowing only temperature readings and
can this be done efficiently?

Outlier detection: Given a sensor network deployment that measures
humidity and temperature, we want to be informed of anomalies in
readings.

The rest of the Section is organized as follows: Section 4.2.3.1 dis-
cusses related work. Section 4.2.3.2 presents the necessary lan-
guage extensions to integrate data analysis with standard query pro-
cessing, whereas Section 4.2.3.3 the needed modifications to the query
engine. Our proposed approach is experimentally evaluated in Sec-
tion 4.2.3.4.

4.2.3.1 Related Work

We first focus on general approaches that bring together data mining
tasks and classic query processing, and then focus on more specific
approaches for the in-network setting, given the application domain.
Recall that sensor networks are similar to social media, assuming that
we are interested in temporal data types, so that we may consider and
analyze posted information as a stream.

Unifying query execution engines with data mining techniques under
a common query language has been a research topic since the mid
1990s. Support for association rule mining [102, 112, 182] and clas-
sification [157, 183] at the language level has been examined. These
approaches, however, were developed for the relational setting and
were too narrow on their supported algorithms. For example, both
classification techniques dealt with decision trees. More importantly,
though, they all employ UDFs to achieve their goals. UDFs have long
been critized as effectively being "black boxes" and not optimization-
friendly [55, 154]. However, the impact of non-optimizable query op-
erators may largely vary from setting to setting. For instance, a poor
execution plan in the relational setting results in longer execution times
and lower user satisfaction. On the other hand, poor optimization for
in-network processing is detrimental, because it can drain node en-
ergy very quickly, rendering the sensor network practically useless.
The work in [160] employs SQL queries to perform K-Means clustering
through the use of triggers and vendor-specific SQL scripting exten-
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sions. However, the objective of that work is not to integrate data
mining with a query language, but rather to use (relational) database
technologies to perform K-Means clustering. Also note that the util-
ities used therein (i.e., triggers) operate differently in relational and
streaming environments.

Moreover, when moving from the classic relational domain to more
complex ones, e.g. streaming environments, the declarative language
itself is constrained in expressiveness. To overcome this, most pro-
posed systems and techniques introduced their own declarative query
language, which is usually an SQL variation for that setting, such as
CQL [24] (Continuous Query Language) and variants [118], ACQP
(Acquisitional Query Processing) [146] and SNEEqI [44] (SNEE query
language). ESL, proposed in [143], employs User Defined Aggre-
gates (UDAs), a subset of UDFs, thereby inheriting their drawbacks.
These languages, however, for the most part, do not focus on data
analysis and mining support. MMDL [201], an ESL extension, is a
step forward in this direction for the streaming setting. However, as
pointed out in [219], memory requirements of UDAs (therefore ESL
and MMDL) cannot be clearly estimated from their syntactic structure,
which does not fit well the resource-limited sensor network setting.

We now briefly discuss query execution engines for sensor network,
as our application domain of choice is such. Typically, there are two
lines of work in this area: ¢) Gather all sensed data to a central node,
the sink and perform operations in a centralized environment or i7)
view the network as a distributed processing query engine, and (par-
tially or entirely) evaluate queries in-network.

Systems that fall under this category include STREAM (Stanford Stream
Data Manager) [23], Aurora [8], Borealis [7], TelegraphCQ [122] and
the more recent SMM (Stream Mill Miner) [201]. SMM is the only
one among them to target specifically at data mining support. It uses
UDAs, thus inheriting their drawbacks which we already discussed.

Works under the second category include the Cougar project [229],
which introduced database concepts in sensor networks, as well as
some in-network aggregation. Madden et al. developed one of the
most well-known in-network query processing frameworks, TinyDB [146].
Sensor readings are represented by a relational table, optimization is
limited to operator reordering and the same load is distributed among
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the nodes in the participating set, disregarding their position in the net-
work topology. Despite their novelty in in-network query processing,
none of them considers data mining tasks.

SNEE (Sensor NEtwork Engine) [83], is a sensor network query exe-
cution engine, optimizing queries submitted in a declarative language,
SNEEql. SNEE considers multiple parameters that affect network ef-
ficiency, e.g. network topology, node availability, energy consumption
of operators. By default, SNEE optimizes node power consumption,
and maximizes network longevity. Quality of service requirements
may also be imposed (e.g. delivery constraints), which effectively alter
the optimization goal.

A hybrid approach is adopted by the recently presented AndulN [118].
AndulN uses a declarative, streaming language variant and supports
data analysis techniques through UDFs at the query level. Another
difference is that we model data analysis as algebraic operators and
leverage the execution engine's optimizer, whereas AndulN uses UDFs
and evaluates code performance offline, through simulations.
Regarding in- and out of network custom data analysis and mining
techniques, there is a large body of literature [11], not to mention for
classic settings. However, these are stand alone solutions and not
integrated with a query processing engine, which we aim for. It has
also been discussed that they sometimes contradict established no-
tions of relational databases [53], let alone streaming environments.
Furthermore, in these cases, optimization issues are a responsibility
of the algorithm's designer, despite the existence of optimizers in the
processing engines, which we would like to take advantage of.

4.2.3.2 In-Network Data Analysis with a Declarative Language

Towards fulfilling our goals, we follow a holistic methodology that in-
volves:

a) extending the declarative language appropriately, so that data
analysis techniques are supported at the query language level.

b) implementing them as extensions to the query optimization stack,
building on the contribution that they can be denoted by inten-
sional extents.
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For ease of discussion, we will use SNEE and SNEEq| [44] as the
query execution engine and language respectively. We chose SNEE
due to its well-defined and modular query optimization stack, that ex-
tends the classical two-phase optimization approach from distributed
query processing [120], as well as for the various optimization goals
it supports. SNEEq| is a declarative query language for sensor net-
works inspired by expressive classical stream query languages such
as CQL [24]. Nevertheless, we stress that our findings apply in similar
approaches where declarative languages are applicable.

Extending SNEEql. To support data analysis tasks at the declara-
tive level, we manipulate them as extensional extent (i.e. relation,
stream), leaving the query language syntax intact. As a distinction,
We refer to them as intensional extents, i.e. sources of information
for which it is not necessary that their tuples are acquired or stored.
Users create data analysis and mining tasks through CREATE state-
ments, much like creating a view in relational databases, which al-
ters SNEE's metadata to accommodate the new extent. To support
this functionality, we extend SNEEQq|'s data definition language (DDL),
utilizing a hierarchical decomposition of data analysis categories and
their techniques. Figure 4.10 shows the updated DDL syntax. Tokens
in bold are reserved terms, while the rest are replaced by the corre-
sponding rule. Unmatched tokens refer to specific algorithms and their
respective parameters, e.g. the value k for k-Means.

Online correlation. Assume, for instance, the two extensional stream
extents of Fig. 4.11, one for the amazon forest that reports tempera-

DDLIntExtent ::
createClause ::
fromClause

createClause fromClause;
CREATE dattype [ datsubtype, datparams ] identifier
FROM ( fromItem )

dattype CLASSIFIER | CLUSTER | SAMPLE |
ASSOCIATION_RULE | OUTLIER_DETECTION |
PROBFN | VIEW

datsubtype linearRegression | knn | d3 | kmeans | ...

datparams paramListItem, dataparams | paramListItem

identifier
fromItem

Any valid identifier
Either an extent in the schema, or a sub-query

Figure 4.10: Syntax for Defining an Intensional Extent.
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Schema:
AmazonForest:stream (id:int, time:ts, temperature:float)
TropicalForestData:stream (id:int, time:ts, temperature:float, humidity:float)

Figure 4.11: Example schema of two streams expressed in SNEEq|.

ture values, and a more general tropical forest stream that reports
temperatures and humidity values.

Figure 4.12 shows the creation of a linear regression classifier over
TropicalForestData, using tuples within a 20 minute window to con-
struct it. We can then use that classifier in subsequent queries with
TropForestLRF as the extent's name, as shown in Fig. 4.13. Here we
wish to predict humidity values from the AmazonForest extent given
its current temperature (this is what "NOW' refers to). Incorporating in-
tensional extents in such a way also has a natural interpretation in
terms of query semantics: "Give me the humidity value of a tuple from
(virtual) relation TropForestLRF, for which the temperature is equal
to the current sensed temperature from AmazonForest". This makes
our approach easy to understand for users who are familiar with SQL
but not data analysis techniques.

Conceptually, when an intensional extent variable appears in an equal-
ity condition in the WHERE clause, what happens is akin to variable
binding in logic languages, e.g. Datalog [10], after all necessary se-
mantic checks have successfully completed. Our query refactoring

CREATE CLASSIFIER [linearRegression, humidity] TropForestLRF
FROM (

SELECT RSTREAM temperature, humidity

FROM TropicalForestData[FROM NOW-20 MIN TO NOW]
);

Figure 4.12: Creating a Linear Regression Classifier.

SELECT RSTREAM AF.temperature, LRF.humidity
FROM  TropForestLRF LRF, AmazonForest[NOW] AF
WHERE AF.temperature = LRF.temperature;

Figure 4.13: Using the TropForestLRF intensional extent.
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approach makes extensive use of these value bindings.

Note that TropForestLRF is constantly updated, as it is an intensional
extent, built over the TropicalForestsData stream. As data is acquired
from that extent, the classifier is updated as well. More generally,
intensional extents inherit the acquisitional properties of extensional
ones, upon which they are built.

Outlier detection. Our proposed approach can also handle more
complex constructs, such as the D3 outlier detection algorithm [197].
Detecting outliers is crucial as it may serve as a data cleaning step,
and outliers may be the result of an external event (e.g., faulty hard-
ware).

D3 uses sampling and the Epanechnikov kernel density estimator, to
approximate the distribution of sensed data. It reports data as outliers
if they have low probability to have been drawn from the same under-
lying distribution that created their (multi- dimensional) neighboring
data. D3 requires two parameters: a neighborhood range and a prob-
ability threshold. Figure 4.14 shows how to create a D3 intensional
extent over the temperature values of AmazonForest from the last
20 minutes, where range = 5 and probability = 15%. Figure 4.15
shows a query using that extent to check whether the most recent tu-
ple is an outlier. As we can observe from it, intensional extents can
also be part of a self-join query.

4.2.3.3 Query Refactoring

We now present how an existing query execution infrastructure, i.e.
SNEE, can be modified, so that it supports data analysis techniques.
When a query is submitted, we check with SNEE's metadata whether
it contains intensional extents or not. The occurrence of an inten-

CREATE OUTLIER_DETECTION [D3, 5, 0.15] d3od
FROM (

SELECT RSTREAM temperature

FROM AmazonForest [FROM NOW-20 MIN TO NOW]

Figure 4.14: Creating a D3 outlier detection extent.
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SELECT RSTREAM AF.temperature
FROM  AmazonForest[NOW] AF, d3od od
WHERE AF.temperature = od.temperature;

Figure 4.15: Using the d3od intensional extent.

sional extent triggers its substitution by a templated subplan, which
performs its algorithmic computations. We collectively refer to this
process as query refactoring [208]. In essense, we reformulate an
initially posed query into an equivalent one, that is also expressed in
the same declarative language (SNEEq]).

This approach has the added advantage that data analysis techniques
are no longer black boxes but can leverage the engine's optimizer,
without altering query semantics. Query refactoring only affects the
parts of the query related to the intensional extent, leaving the rest
intact. To better illustrate the needed modifications, Fig. 4.16 shows
how query refactoring changes SNEE's optimization stack.

The output of query refactoring depends on the intensional extent(s)
used. This process is transparent to the user, who will simply write the
initial query. It follows that we need not perform any changes to the

<query, QoS expectations>, <query, QoS expectations>,
<logical schema, <logical schema,
physical schemavtnetwork, cost parameters): physical SCheane'work’ cost parameters):
1 [ parsing/type-checking ] ° P [ parsing/type-checking ]
abstract s)lmax tree a ‘ abstract 5&’"’" tree
o >
2 [ translation/rewriting ] v.'g 2 [ query refactoring ] e
T abstract simax tree’ a
logical-algebraic form - @
3 3 [ translation/rewriting ] o
2 =
3 [ algorithm assignment ] o |ogica|-a|q'ebraic form -
physical-glgebraic form » 7 H
4 [ algorithm assignment J @
4 [ routing ] 3 1 physical—iilgebraic form
i routing tree l PAF ! 3 5 [ routing ]
3 '
5 [ partitioning ] E lrouting tree l PAF 3
L e
RT l fragmenled—alg%braic form 3 g 6 [ EIEEH ] ) ;=
© . i
. RT | f ted-alggbraic ft e,
6 [ where-scheduling ] 2 i l ragmented-a g% raic form B
I 7 there-schedulil S
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7 [ when-schedulin, ] 1 ‘
Y 8 [ when-scheduling ]
RT i lDAF lagenda 1 RT agenda
8 codogoremion ] o[ cotepemnton )
<N1, ..., Nm> nesC/TinyOS code <N1, ..., Nm> nesC/TinyOS code

Figure 4.16: SNEE optimization stack: (left) original stack, (right) query refactoring approach
for data analysis techniques.
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query language level to support data analysis in such a way. On the
downside, our approach is limited by the expressive power of SNEEq|!.
Provided that the algorithmic description of a data analysis technique
can be expressed in the query language, it can then be incorporated
in our approach easily. We now demonstrate how query refactoring
is applied to the two examples from Section 4.2.3.2.

Linear Regression. Assume an extent LRFSource with attributes X
and Y, as shown in Fig. 4.17. Attribute X is the independent vari-
able and Y is the dependent one. Values in bold are placeholders for
actual extents and attribute names. Training this classifier is equiv-
alent to computing coefficients (a,b) based on LRFSource, i.e., the
source over which the extent was created. These values need to be
appropriately updated as new readings are acquired, as discussed in
Section 4.2.3.2. These goals can be achieved through the templated
SNEEq| subplan of Fig. 4.18.

Figure 4.19 shows a SNEEq| query using the LRF extent from Fig-
ure 4.17. The last argument in the SELECT clause of Figure 4.19 is

CREATE CLASSIFIER [linearRegression, Y] LRF
FROM (

SELECT RSTREAM X, Y

FROM LRFSource

);

Figure 4.17: Creation of a templated Linear Regression classifier.

SELECT RSTREAM (r.n*r.sxy - r.sx*r.sy) / (r.n*r.sxx - r.sx*r.sx) as a,
(r.sy*r.sxx - r.sx*r.sxy) / (r.n*r.sxx - r.sx*r.sx) as b
FROM (
SELECT RSTREAM COUNT(t.X) as n,
SUM(t.X) as sx, SUM(t.Y) as sy,
SUM(t.X * t.Y) as sxy, SUM(t.X * t.X) as sxx
FROM (
SELECT RSTREAM X, Y
FROM LRFSource
)t

Figure 4.18: Templated subquery for computing (a, b) values
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the dependent variable of the classifier. The position of the depen-
dent variable is not important; it has only been placed at the end to
ease readability. Other extents can also be included in queries with
intensional extents and projected attributes may also appear in the
SELECT clause. The OP;s in the WHERE clause are standard boolean
operators, e.g., AND, OR, combining the w;s, which are either boolean
expressions or express join conditions between attributes of extents.
When the user submits a query such as the one shown in Figure 4.19,
we check whether it contains an intensional extent, using the stored
metadata of the execution engine. For the partciular example that we
consider here, we find that LRF is an intensional extent, at which point
query refactoring comes into effect. Briefly explained, the steps that
we perform are the following:

* Locate in the WHERE clause which expression of the w;s joins the
Iri.X variable. In particular, we are looking for expressions of the
form Iri.X=Z or Z=Iri.X, where Z is the attribute name of another
extent. Let us assume that this is w; in Fig. 4.19.

* Replace all occurrences of Iri.Y with Iri.a x Z + Iri.D.
« Remove w; from the WHERE clause, as it will not be used anymore.

* LRF becomes a placeholder for the subplan of Fig. 4.18, and is
substituted accordingly. We briefly refer to it as LRF_ab.

Figure 4.20 shows the templated form of the refactored query, once
we have applied these steps. In the case of the TropForestL RF clas-
sifier from Fig. 4.13, the mappings that we obtain from these steps
are shown in Table 4.6. Through careful substitution in the templated
code, we also get the subplan for computing values (a, b) (Fig. 4.21),
which substitutes LRF_ab. The overall refactored SNEEq| query for
our TropForestLRF classifier is given in Fig. 4.22. Note that all of

SELECT RSTREAM s;, S2, ..., S,, 1lri.Y
FROM ¢, €, ..., en, LRF 1ri
WHERE w1 OP1 Wa OP2 e OPl_l wq

Figure 4.19: General form of a query using the LRF extent
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SELECT RSTREAM sy, S2, ..., Sp, Ifi.a x Z + Iri.b
FROM €1, €, ..., €, (LRF_ab) 1ri
WHERE w1 U.Pl Wo 0P2 .. UP[,Q Wi—1

Figure 4.20: General form of a refactored query using Linear Regression

Table 4.6: Template variables mapping for the query in Fig. 4.13.
Template Variable | Mapping
SELECT RSTREAM temperature, humidity

LRFSource FROM TropicalForestsData[FROM NOW-20 MIN TO NOW]
LRF TropForestLRF

X temperature

Y humidity

Z AF.temperature

these operators are directly optimizable through the existing infras-
tructure.

D3 Outlier Detection. We have already discussed that our query
refactoring approach is able to handle more complex constructs. Fig-
ure 4.23 shows the refactored query of the one in Fig. 4.15. The
STDEYV operator computes the standard deviation of the temperature
tuples in the window specified in the FROM clause, which was pro-
vided when creating the extent. Note that this is just a convenient way
of writing the computation of standard deviation, which can be also
expressed through additional subqueries. Furthermore, this type of
notation allows us to use more efficient, approximate algorithms [27],
if we see fit. Recall that, during creation, the range was set to 5 and
the probability threshold to 15%. The range is used to compute the
closed form of the Epanechnikov integral, whereas the probability fil-
ters points which are outliers, in the WHERE clause. We have marked
the parameters with bold to distinguish them from the same values
used as part of other expressions. It is easy to see, nevertheless, that

SELECT RSTREAM AF.temperature, LRF.a * AF.temperature + LRF.b
FROM  AmazonForest[NOW] AF, (ab_COMP) LRF;

Figure 4.21: Refactored Query of Fig. 4.13.
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SELECT RSTREAM (r.n*r.sxy - r.sx*r.sy) / (r.n*r.sxx - r.sx*r.sx) as a,
(r.sy*r.sxx - r.sx*r.sxy) / (r.n*r.sxx - r.sx*r.sx) as b
FROM (
SELECT RSTREAM COUNT(t.temperature) as n,
SUM(t.temperature) as sx, SUM(t.humidity) as sy,
SUM(t.temperature*t.humidity) as sxy,
SUM(t.temperature*t.temperature) as sxx
FROM (
SELECT RSTREAM temperature, humidity
FROM  TropicalForestsData[FROM NOW-20 MIN TO NOW]
) t

Figure 4.22: Subquery of (ab_COMP) in Fig. 4.21

all of the operators used are optimizable as they rely on operators
defined in [44].

Extensions. Query refactoring is a general technique, that can be ap-
plied to all settings with declarative query languages, e.g., relational,
streaming, which is another advantage of our methodology. Never-
theless, expressing data analysis techniques as SNEEq| queries is
non-trivial in its own right. The fact that merging classical query pro-
cessing with data mining has been an active reasearch topic for many
years is indicative of its complexity. Additionally, given that intensional
and extensional extents can now be interleaved, several query refac-
torings are possible, leaving room for additional optimizations.

Additional extensions include how to efficiently materialize such data
mining models and reuse them. Clearly, this is not always possible.
For example, materialization is meaningful in a static environment like
a relation database, but in a streaming environment, where the clas-
sifier is constantly updated as new data points arrive, such an alterna-
tive may be indifferent. What is interesting in both settings, however,
is how to precompile and save the query operator tree of a data min-
ing task, to subsequently integrate it in a new query, thus performing
incremental optimizations. Although we do not consider such issues
in this thesis, they are interesting research directions for the future.
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SELECT RSTREAM od.temperature
FROM (
SELECT x.temperature,
( 1/COUNT(y.temperature) ) * ( (1/4)"1 ) *
SUM( (3 * 2 *x 5 / g3.bl) -
( ( (x.temperature - y.temperature + 5) / g3.b1 )"3 -
( (x.temperature - y.temperature - 5) / g3.bl )7"3 ) ) as probability
FROM (
SELECT SQRT(5)*ql.sigma*(q2.rsize”~(-1/5)) as bl
FROM (
SELECT STDEV(temperature) as sigma
FROM AmazonForest [FROM NOW-20 MIN TO NOW SLIDE 20 MIN]
) ai,

SELECT COUNT(temperature) as rsize
FROM AmazonForest [FROM NOW-20 MIN TO NOW SLIDE 20 MIN]
) g2
) g3,
AmazonForest [now] x, AmazonForest[FROM NOW-20 MIN TO NOW SLIDE 20 MIN] y
WHERE abs( (x.temperature - y.temperature) / g3.bl ) < 1
GROUP BY x.temperature
) od
WHERE od.probability < 0.15;

Figure 4.23: Refactored query of D3 outlier detection algorithm.

4.2.3.4 Experimental Evaluation

Efficiency in sensor networks is almost synomymous with energy con-
sumption, which includes both CPU and radio energy consumption.
To gain better insights, we also measured the number of transmit-
ted messages and bytes. These two aspects are crucial in determin-
ing radio energy consumption. We evaluated all approaches using
Avrora [202], a sensor network simulator, that provides accurate per-
node statistics. All sources were written in nesC 2.0/TinyOS 2.x [87,
107] for MicaZ motes. The discussion will focus on linear regression,
due to its widespread adoption as a data analysis tool, and the fact
that we obtain similar results for outlier detection (Fig. 4.31).

We experimented with various topologies and Table 4.7 summarizes
some of their structural properties. The topologies are not directly
comparable as their structural properties differ. For instance, an 8-
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Table 4.7: Structural properties of the topologies used in the experimental evaluation.
Size | Avg. Length | Max. Length | Leaf Nodes | Description

4 1.3 2 2 Tree
5 1 1 4 Star
8 2.14 3 3 Tree
9 1.75 3 4 Tree
11 1.7 2 7 Tree
12 2.18 4 6 Tree
20 1.79 4 9 Tree

node star-like network will behave differently from an 8-node chain.
Because of this, extrapolating the results to other topologies should be
performed with caution. Given a static topology during initialization,
we construct a minimum-hop routing tree rooted at the sink, using
one of several existing algorithms [16, 52, 227]. SNEE also uses the
topology to find the best query routing tree, and does so during the
routing stage of query optimization. As such, we have excluded the
cost of building the routing tree from the graphs displayed below.
Given that we apply our method in a streaming setting, we experi-
mented with various window, slide and acquisition intervals, and we
will be using the following caption notation in the experimental figures
for convenience: W:w, S:s, A:a, to signify them respectively. Vary-
ing the window and slide parameters gave similar results, so we omit
these figures. Experiments were run for 300 seconds of simulated ex-
ecution time. The periodic nature of the queries allows us to scale up
the results for longer periods.

Handcrafted Algorithms. We implemented two baselines, both of
which perform a depth-first traversal of the reverse routing tree. The
sink is responsible for initiating a new tree traversal, close to the end
of each acquisition interval, so that the result is timely reported.

In our first approach, Naive, the sink probes nodes separately for data
one after the other, receiving and aggregating the tuples. The second
one, LC for "Local-Computation", traverses the tree and aggregates
values in a postordered fashion, where each node is contacted by its
parent only once within an epoch. On the contrary, SNEE optimizes
queries based on a time-strict agenda. This allows nodes to contact
each other at predefined times, using a push-based scheme. SNEE
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(a) Naive approach (b) LC approach (c) SNEE-A approach

Figure 4.24: Example of Linear Regression computation for Naive, LC and SNEE-A ap-
proaches.

calculates these times by utilizing the routing tree and its optimization
cost models. All approaches are graphically portrayed in Fig. 4.24 for
a simple 4-node example. Labels denote the sequence in which node
communication occurs, until we obtain the full result.

Radio Communication. Figure 4.25 shows the average, per-node,
number of sent packets (y-axis) for the various acquisition intervals.
On the x-axis, we plot the average network length, which is a better
indicator of how the network is affected, than the network size. We
observe that in practically all cases SNEE-A's performance is supe-
rior to the handcrafted alternatives, due to its push-based scheme.
Differences are negligible when the average length is 1, due to the
star-shaped topology, where each node sends directly to the sink.
However, as the average network length grows higher, the difference
among the techniques increases. The reason is that SNEE-A exhibits
a steady performance, which is expected as each node will send data
only once during a single epoch. On the other hand, the custom tech-
niques require additional (control) messages to probe nodes for data.

The graphs in Fig. 4.26 show the average number of bytes sent in to-
tal by each node. SNEE-A and LC have a steady behavior across all
acquisition intervals, unlike Naive, as a result of local aggregations,
performed by the two former approaches. Even so, SNEE-A is still
superior to the other two, due to the control messages that the hand-
crafted implementations rely on.

We can also see that the type of information to send depends on a
combination of the sensing rate, the window size and the structural
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LR
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Figure 4.26: Average number of sent bytes compared to the average network length for LR

properties. For instance, for high sensing rates (Fig. 4.26(a) ), it is
preferrable to send aggregate information. However, as the sens-
ing interval increases (Fig. 4.26(c)), fewer readings are taken during
an epoch and sending the raw data becomes more efficient. Such
optimizations are beneficial to a lot more queries when implemented
within a query execution engine.

Radio Energy. Fig. 4.27 shows the average, minimum and maximum
transmission energy consumption per node, for all techniques, clearly
favoring SNEE-A. Given the push-based model and partial aggrega-
tions of SNEE-A, all three values are identical. This is not true for the
custom implementations which use control messages, the number of
which is affected by the network's structural properties. Figure 4.27
also shows the load distribution among the nodes, with SNEE-A, dis-
tributing it almost evenly.

However, the factor that mostly affects radio energy consumption is
the energy consumed while the radio is on waiting for messages, de-
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Figure 4.27: Transmission energy consumption compared to the average network length for
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Figure 4.28: Reception energy consumption compared to the average network length for LR

picted in Fig. 4.28. The bespoke techniques have the radio switched
on constantly, because it is impractical to manually compute when
nodes will communicate. On the other hand, as a result of its agenda-
driven task execution, SNEE-A performs radio management, switch-
ing it on and off for each node independently. This level of control
over the radio allows SNEE-A to achieve better performance.
Therefore, although we aimed for communication optimization as well,
i.e., minimize transmission costs, that was not sufficient on its own.
This validates our objective to utilize existing infrastructures and query
engine optimizers.

CPU Usage. We finally turn our attention to the CPU consumption of
the nodes. Figure 4.29 shows how the minimum, average and maxi-
mum CPU energy consumption is affected by the network's properties.
Clearly, CPU follows a trend similar with radio reception, once again
advantaging SNEE-A, for reasons we previously described.

These remarks are backed up by the graph in Fig. 4.30, showing the
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percentage with which the CPU and Radio components contribute to
the total energy consumption, with an emphasis on the energy spent
while the mote is idle. Even with SNEE-A's power management, the
radio remains the dominant factor of consumption. However, the CPU
is idle for proportionately less time compared to Naive and LC. This
implies that with SNEE-A, we make use of the resources of the node,
when they are indeed required.

Ease of Programmability. One could argue that the handcrafted al-
ternatives are inefficient because of their communication scheme. Al-
though this is partly true, as demonstrated, most of the energy con-
sumption is due to the radio being idle, which is a matter of when
nodes communicate, rather than how they do so. Secondly, build-
ing manually a push-based approach, like the one used in SNEE-A,
or even computing when nodes should communicate is impractical,
as it involves accurate computation of processing and communication
times for each node.
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On the other hand, building a system or module that provides these
accurate timings basically duplicates what the query engine already
does. It is even less practical to rework this component when moving
between settings (e.g., relational, streaming, distributed etc.). This
brings us to another benefit of query refactoring: the time taken to
write -- and debug -- the handcrafted code. For instance, SNEE-A has
a clear advantage against the handcrafted alternatives, as 7) the de-
veloper uses high-level (declarative) languages instead of low-level,
and z) the system autogenerates and deploys code for all nodes in
the network, optimized for the requested goal. Finally, note that if
we change the optimization goal, the bespoke techniques must be re-
implemented, whereas for SNEE-A (and similar execution engines) it
is a single parameter.

4.3 Comparing sampling policies

As we pointed out in the introduction of this Chapter, a contributing fac-
tor of Twitter's success and adoption by researchers is its data policy
towards the academic community and application developers. In par-
ticular, Twitter provides access to its data through two distinct Appli-
cation Programming Interfaces (APIs), and Section 4.2 discussed the
architecture of an efficient crawler for the service. As also pointed out
in that section, each API poses certain restrictions, with the Streaming
API limiting access to 1% of all public tweets. Despite the 1% sam-
ple being the default behavior, one may obtain access to higher data
ratios for research purposes (up to 10%) or for a fee.

It is easy to see that access to higher ratios will increase the compu-
tational costs, given the 10-fold increase in data. This may, in turn,
increase the financial cost to be able to cope with the data volume of
these rates. A natural question then is what are the merits of higher
data ratios? In other words, for a given application, is the 1% sam-
ple sufficient or are the advantages of higher ratios such that make
the financial and computational costs negligible? For example, is the
1% sample reliable enough for the purposes of an application? Re-
cent work [155] demonstrated that the default sample returned by the
Twitter service is not a truely uniform one.
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Similar in spirit, we, too, are interested in evaluating the extent to
which analytical processes are affected by the aforementioned limi-
tation, i.e., having access to a limited proportion of the entire infor-
mation. In particular, we apply a plethora of analyses on two subsets
of Twitter public data, obtained through the service's sampling API's.
The first one is the default 1% sample, whereas the second is the
Gardenhose sample that our research group has access to, returning
10% of all public data. We extensively evaluate their relative perfor-
mance in numerous scenarios. The difference between our current
work and the one in [155] is that we focus on specific aspects of the
data, namely spatial and temporal, which are inherent due to the na-
ture of the medium itself, as we explain in the following.

Given that it would be impossible to apply all data analytical tech-
niques in order to evaluate extensively the obtained samples, we se-
lect a representative subset, motivated by different application sce-
narios, and report on those findings. More specifically, we answer the
following research questions:

« Sentiment Analysis: Sentiment analysis has been used to evalu-
ate the performance, and predict the outcome of potical debates
and elections [64, 150], to perform brand monitoring and event
detection [205, 149], to name a few. Consequently, we want to
study how the Twitter APl sampling affects the widely used spatio-
temporal analysis task of Sentiment Analysis.

« Geo-located information: How many geo-located tweets are pro-
vided by the Streaming API and the Gardenhose? How is the re-
lation between these two values varying through space and time?
In all of these tasks we study how the difference between the two
streams varies in different locations. Stefanidis et al. [194] re-
ported that approximately 16% of the Twitter feeds in their ex-
periments had detailed location information with it in the form of
coordinates, while another 45% of the tweets they collected had
some geo-location information at coarser granularity (e.g. the city
level).

* Popular tweets: We extract trending topics of various locations
using the Twitter APl and the Gardenhose and study their differ-
ences.
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« Social Graph Evolution: We focus on the retweet graph, and want
to see how the sampling process affects certain of its measures.

* Linguistic Analysis: We apply language detection, to compare
the linguistic statistical properties in the received sample against
ground truth data. More specifically, we answer the question whether
the written languages found in Twitter are a representative sample
from languages in the physical world.

4.3.1 Related Work

We will focus on the techniques that may be applied to Twitter data,
given the analytical purposes that we are considering in this Section.

4.3.1.1 Spatio-temporal analysis of Twitter feeds

As we have already discussed in previous paragraphs of this Chap-
ter, the Twitter service is characterized by a high degree of diversity
regarding its users, in terms of location, spoken languages, backr-
gound, interests, etc. The spatial aspect is of paramount importance
for a large number of applications, such as event detection and re-
sponse, targeted advertising and community detection to name a few.
Towards that end, users are able to geo-tag their tweets, i.e., attach
GPS information.

Unfortunately, despite providing high precision information, it has been
shown in numerous studies [194, 204] that the percentage of GPS-
tagged tweets is too low. Moreover, such information is typically me-

diated through other location-based services, e.g. Foursquare®, which
reduces the textual content provided by the users themselves. To ad-
dress this shortcoming, researchers have proposed techniques which
aim to extract spatial information from the text, either of the tweets or
the users' profiles [14, 17, 108, 204].

8https://foursquare.com/
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4.3.1.2 Sampling Social Data Streams

The number of users who are actively using the service, and the amount
of information posted daily are enormous. To cope with these sizes,
sampling is usually employed to downsize the data, while maintaining
the properties of interest. For example, the work in [91] proposed tech-
niques to perform online sampling on the social graph of Facebook.
This approach is equivalent to a uniform sampling of the nodes, with-
out knowing the entire graph in advance. The authors in [90] apply
sampling on users, in order to identify topical experts.

The work most closely related to ours is [155]. Having access to the
Firehose, the authors compare the default sampling policy of Twitter
against the entire Twitter stream. One of the main outcomes of their
work was that the sample provided through Twitter's default stream-
ing APl is not a random sample. Compared with that work, we want
to evaluate the performance of the 10% sample (Gardenhose) and
contrast it with the 1% default sample. We also take a more tempo-
ral standpoint of evaluation, and focus on more analytical processes,
such as sentiment analysis and linguistic analysis. We are also inter-
ested in evaluating properties of retweeted posts, that go beyond the
retweet graph itself. Nevertthe data, while maintaining the properties
of interest. For example, the work in [91] heless, the reported values
in [155] can be used as ground truth information, considering that they
had access to the full Twitter stream.

4.3.2 The Data

Our experimental setup relies on data received from the Twitter ser-

vice, and in particular the service's streaming API®, which follows the
publish-subscribe paradigm: users subscribe to the service, with a re-
quest to receive data. Twitter sends the data to the subscribed users,
according to a sampling policy. This results in the service being less
stressed by contiuous probes for new data.

The default sampling policy returns 1% of all publicly available tweets,
l.e., tweets from users who have allowed everyone to see their posts.
Our group has also been granted access to the Gardenhose, which

Shttps://dev.twitter.com/docs/api/1.1/get/statuses/sample
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returns a 10% sample of the publicly available tweets. In both cases,
the sampling policy is controlled entirely by Twitter.

Our main set of experiments is conducted on two datasets, obtained
by crawling the 1% and 10% of the service over the same period of
time. We monitor the Twitter stream for slightly over a 4-day period in
November 2013, and store the tweets as they are provided. We sub-
sequently perform our analyses in an offline fashion, using a custom
workflow infrastructure [207].

Figure 4.32a shows the amount of information we collected within
each hour from the onset of our experiment, for both sampling policies.
An immediate observation is that the two samples differ by an order of
magnitude, which is expected given the sampling percentages offered
by the service. Secondly, we see that both samples exhibit the same
temporal pattern, with the same increases / decreases appearing in
both streams. Finally, it is interesting to note that in both cases, there
is a certain periodicity in the data, which coincides with the 24-hour
cycle of a day.

4.3.3 Geo-location Coverage

An important aspect of Twitter data is that several of them are geo-
tagged, meaning that the posting user has attached a GPS-quality
signal to the tweet when uploading the information. Such information
can be particularly important to understand where the user is and what
they are refering to.

Figure 4.32b shows the number of geotagged tweets that were re-
ceived from the two Twitter sampled streams, the default one (red)

Default Gardenhose ---s-- Default Gardenhose -

10M 100K

B 1 £ P m #
t ,,;M‘J%W “':\,f’ - W V¥ W
S Mt ] 8 10K | ]
@ -
= 2 \/W/
\/\/V\/\/\/\w\/\r\'\/ G
100K : : : : : 1K : : : : :
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(a) All tweets (b) GPS-tagged tweets

Figure 4.32: Comparing default and Gardenhose samples for volume over time
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and Gardenhose (black). It is interesting that we observe the same
temporally periodic pattern as the one in Figure 4.32a. Moreover, the
geotagged tweets are between 1-2% of their respective raw sampled
data, and the two streams (of geotagged tweets) differ by an order of
magnitude, which is a result of the Gardenhose returning 10 x more
tweets that the default sample. Finally, several of the fluctuations that
we observed in Figure 4.32a have been flatened out when we con-
sider the geotagged tweets alone.

Twitter also allows its users to ask for geotagged information. In this
case, the user connects to the streaming API, but indicates that they
are interested in geotagged tweets. To do this, the user provides four
geodetic coordinates: |(latin, l0Nmin) (Lt ez, 0N 4, )], Which consti-
tute a bounding box, and Twitter returns tweets that fall within this
region. In this particular case, the volume of the returned results is
the same for the two samples. The reason is that a different mecha-
nism is used by the service. Given that there is no difference between
the two sampling ratios in this case, we omit these figures.

However, we would like to check whether there are any other differ-
ences that may arise from the use of this mechanism. To this end, we
focused on a particular region in London, and applied different bound-
ing boxes, which slightly overlap. Table 4.8 shows the coordinates for
the bounding boxes that were used, along with the number of tweets
that were received, whereas Figure 4.33 visualizes these on a map.
Table 4.9 shows the similarity between the collected tweets. In par-
ticular, we have computed the Jaccard similarity of the received data
and report these values. It is interesting that the measured similarity
is generaly quite high, even when the overlap is low (e.g., Crawl 1
and 2). As the overlap increases between the bounding boxes that
we applied, so does the similarity between two different crawls.

Table 4.8: Description of the the GPS-driven crawls
ID | Bounding Box | #Tweets

Crawl1 || [(-0.1754, 51.4830), (-0.0704, 51.5327)] || 35275
Crawl2 || [(-0.2654, 51.4830), (-0.1604, 51.5327)] || 27811
Crawl3 || [(-0.2254, 51.4830), (-0.1204, 51.5327)] || 27811
Crawl4 || [(-0.1854, 51.4830), (-0.0804, 51.5327)] || 27811
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Table 4.9: Jaccard Similarity between the GPS-driven crawls
| Crawl1 || Crawl2 | CrawI3 || Crawl4

Crawll || 1.0 X X X
Crawl2 || 0.527 1.0 X X
Crawl3 || 0.671 0.788 1.0 X
Crawl4 | 0.866 0.612 0.777 1.0

Figure 4.34 shows how the 4 distinct bounded-driven crawls performed
over time for a single day. With some minor fluctuations, we observe
that all of them follow the exact same pattern. Note that the first half-
hours, where there is a steep decline in volume, are in the early hours
of the day because the crawl was started around 10:30pm. Therefore,
the x-values between 3 and 15 depict the volume between midnight
and 8 o'clock in the morning.
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Figure 4.34: Different crawls from London
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4.3.4 Sentiment Analysis

Sentiment analysis is probably one of the most frequent tasks applied
on Twitter [110, 150, 138, 162]. The vast availability of opinions ex-
pressed in Twitter raised the interest of the research community as
well as the industry. Hence we consider this problem as one of most
critical tasks where the sufficiency of the Streaming API (1%) should
be evaluated.

In general, the problem of sentiment analysis is that given a text seg-
ment ¢;, it is requested to assign it into one of the polarity classes
(negative, neutral, positive) according to the sentiment that it
expresses. In fact, most of the times, the output is a sentiment rate in
0, 1]. In the setting that we consider, the task is to assign such a label
to each tweet individually.

For our analysis, we employed a lexicon-based approach, whereby
positive opinion words contribute towards the positive classification
of the text whereas negative opinion words contribute towards nega-
tive classification. The obvious advance of a lexicon-based approach
is that no training data are required and that there are low computa-
tional requirements. Naturally, to apply such a technique, two sets
of words are required: a positive and a negative one. We utilize the
lists provided in [109]. Given the text of a tweet, we count how many
words appearing in it express positive (w_.) or negative (w_) opinion.
We then assign the tweet to one of the classes as follows:

positive :|wy| > |w_
sentiment(tweet) =  negative : |w,| < |w_

neutral : otherwise

Figure 4.35 reports the ratio of positive and negative tweets, per hour,
over all tweets received during the same time period. Interestingly,

we observe that the ratio of tweets is the same in both occasions,
although the absolute values differ by an order of magnitude. The

ratio is higher for positive tweets, with certain cases having twice as
many positive tweets. There is also periodicity in the data, similar to
the one that we observed in previous sections.

Inherently, Sentiment Analysis has spatio-temporal characteristics. In
the last USA presidential elections, many organizations kept track of
the sentiment during the electoral period (trend) for each one of the
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Figure 4.35: Comparing tweets with sentiment

States. For this reason, we also provide an experimental comparison
by applying sentiment analysis to the subset of geotagged tweets that
were received with the two sampling policies.

As we observe from Figure 4.35c, the ratios of positive and nega-
tive geotagged tweets exhibit similar patterns to the general stream,
shown before. Even in geotagged tweets, there are more positive
ones than negative, regardless of the streaming policy used. The ra-
tios, however, are in principle lower than in the general stream, mean-
ing that geotagged tweets offer less sentiment-oriented information.

4.3.5 Popular Topic Detection

One of Twitter's most characteristic features is the ability of its users
to retweet other posts. Such an action allows for fast dissemination
of information, leading to viral posts, which are a means to identify
trending topics and trendsetters [178]. Retweeting also implies that
the user is interested in the content of the original post, and that they
are endorsing it, which can be a genuine resource for community de-
tection [32].

4.3.5.1 Top-most retweeted posts

A first kind of analysis we are interested in, is to see whether the two
sampling policies differ in terms of the information that they return, with
respect to retweets. Towards that end, we conducted the following
experiment: We extract the top-k most retweeted posts, that appear
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in our data. Among other information, Twitter provides the number
of times that a post has been retweeted, which serves as the ground
truth for ranking. For each of the top-k tweets, we also maintain the
number of times that they appear in our dataset.

At the end of this analysis, we obtain a top-£ list for each sample,
ranked in descending order of their retweet count (ground truth). We
want to compare the degree of agreement between the two lists, one
obtained from each sample. Given that these are ranked lists, we
compare them using Kendall's 7 — b, which is given by the following
equation:

(ne — na)
sV, Nl b S N2

Kendall's method performs a pairwise comparison of the first n items in
the lists, and finds how many pairs appear in the same order (n.), and
how many do not (n,;). In the denominator /N; and NV, are the number
of items not-tied in the lists. Items which appear in one list but not the
other are appended at the end [79]. The result is in the range [—1, 1],
where -1 means that the two lists are completely reversed, and 1 is
that the two lists are identical. We repeat the comparison for various
(sub)list sizes.

We extracted the top-10000 most retweeted items, as they appeared
in the 1% and 10% samples. We then compare the two sublists (one
for each sample), starting with the top-10 and increasing each time
its size by an order of magnitude (top-100, top-1000, etc.). We also

T =
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compare how many of the most retweeted posts are shared in the two
lists. To check for any bias from Twitter's sampling policy, we also
randomly split each sample in half, and rerun our experiment.
Figures 4.36a-4.36b show the results of this experiment. A label with
S1 and S10 refers to the default or Gardenhose sample, respectively.
Labels with P1 or P2 refer to either half of that stream, e.g., S1P1
means the first half of the 1% sample. The omission of a P{1,2} part
refer to the entire stream.

Firstly, we observe that up to the top-100 items, the two lists are
identical: they contain exactly the same tweets, uniquely identified by
their id, (Figure 4.36b), and they have the exact same ranking (Fig-
ure 4.36a). In other words, if one is only interested in extremely pop-
ular tweets, which are but a small fraction of retweeted posts, the 1%
sample is adequate. However, if one wants to see the bigger picture,
and go beyond the first top-100, the 1% sample starts being problem-
atic.

More specifically, correlation drops to 0.9 when we consider the 10K
most retweeted posts. Note that 10K tweets are a very small subset,
compared with the entire dataset. As a measure of comparison, the
1% sample returns more than 100K tweets per hour. Despite the high
correlation at top-1K and top-10K, it is clear that the 1% sample results
in reduced quality, as more items are considered. It is important to
note that we obtained similar results when using Kendall 7 — a, which
only considers common items. Therefore, the drop in correlation is not
only due to dissimilar sets. The ranking is affected because the 1%
sampling policy does not obtain medium-sized retweets as frequently
as the 10% sample.

Regarding the halved streams, we observe that the two Gardenhose
subsets (S10P1-S10P2) exhibit high correlation, even at the top-10K
items. Moreover, the 1% sample shows the same correlation with
these two subsets (S1-S10P1, S1-S10P2). This means that the top-
most retweeted posts are retrieved multiple times with the 10% sam-
ple. Onthe contrary, this is not the case for the 1% sample (S1-S1P1),
validating our claim regarding stale rankings. We expect the correla-
tion to be even lower as we increase the most retweeted items.

As we already described, for each of the tweets appearing in our top-
10K most retweeted posts, we maintained the number of times it ap-
pears in our dataset. We are then able to rank these items (in de-
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Figure 4.37: Burstiness of retweeting information

scending order), according to the number of times that we encoun-
tered them, and compare them against the lists ranked by the actual
retweet count, given by Twitter. Figure 4.36(c) shows the result of this
experiment.

Interestingly, the top-1 most retweeted post is not the one that we ob-
tain most times, irrespectively of the sample used. On the other hand,
we obtain high correlation starting from the top-5. In the long run, the
10% results in a 0.8 correlation between the two lists, whereas, the
1% sample is significantly lower at 0.7. This practically tells us that
the 10% returns items at a much higher rate than the 1%. In combi-
nation with the plots in Figures 4.36a-4.36b, we conclude that the 1%
easily results in stale information.

4.3.5.2 Retweet Burstiness

Viral posts become popular, i.e., they receive a lot of retweets, over
a short period of time. The rate at which users retweet information
plays an important role in capturing this as an ongoing trending topic.
Moreover, a post that rapidly gains attention could be the result of an
ongoing event. For this reason, we want to evaluate whether there is
a difference between the rates of receiving retweets.

To answer this question, we performed the following experiment: For
each of the top-10K most retweeted posts which we extracted from
our dataset, we computed how many times we received it within a time
period after the tweet was first posted. For instance, with a 5 minute
interval, we want to know how many times we received a tweet 5/,
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10, 15', 20' etc., after it was originally posted. Figures 4.37(a)-4.37(c)
show these results.

Figure 4.37(a) shows the following: For each of the top-10K most
retweeted posts, we count the percentage of retweets that we received
during the first M' minutes after it was posted. Each point in our plot
is the average over all of the top-10K most retweeted posts. As ex-
pected, when we increase the interval size, more tweets fall within the
first interval. It is interesting that more than half of the retweets are
received at most within the first hour of the original tweet, while one
third of the retweets are received during the first 15 minutes. There
is no significant difference between the two sampling policies in that
respect.

Figure 4.37(b) shows how the average of received retweets behaves
as a function of the :-th interval, after the original post, with a 15" in-
terval size. As we have seen, during the first 15 minutes, we receive
approximately one third of all retweets. This value drops to ~12%
in the second quarter and to 5% within 3 quarters of an hour. After
this point, we receive very few tweets in every interval. Once more,
we do not observe any notable differences between the 1% and 10%
samples.

Until now, we averaged over all of the top-most retweeted items. As
we saw in our earlier experiment, the behavior was different, if we con-
sider lower ranked items. To check whether this holds for burstiness
as well, we did the following: We fix the interval size to 15 minutes and
zoom in on the first interval. We split the top most retweeted posts to
1K batches, and rerun our previous experiment (computing the av-
erage percentage). For instance, "3K" on the x-axis means that we
compute the average of the tweets ranked in positions 2001-3000.

A striking result is that the low-ranked retweeted posts receive (in per-
centage) more retweets during the first interval. The two samples also
differ in these lower ranked retweeted posts, with the most notable dif-
ferences appearing between the items ranked in positions [6001, 8000].
Moreover, posts ranked between [3001, 7000] are closer to the total av-
erage. A similar result has been observed with the 2nd interval after
the post.
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4.3.6 Graph Evolution

One of the major assets of any social networking site, such as Face-
book, Twitter, Google+, etc, is its social component. Although, the
term "social component" is typically perceived as synonymous to the
explicit social graph, there is more information which can be used in
that direction.

More specifically, users engage in discussions, reply to each other
either to form an arguement or respond to questions, endorse views
by favoriting, "liking", and retweeting, or simply mention other entities
/ users in the content they upload. All such actions are explicit forms
of interaction between the users. In that sense, the social graph is a
subset of what constitutes the social component of the social medium.
We are interested in identifying key properties of the retweet graph,
extracted over time from the incoming stream of tweets. We would
like to know how well these properties correlate with the ground truth
data, as presented in [155] where the entire Twitter stream was used,
when we consider the 10% sample.

4.3.6.1 Temporal Retweet Graph

Retweets are a very particular characteristic of the Twitter service. As
already mentioned, it allows users to repost tweets, thereby endorsing
and acknowledging the original poster at the same time. If user A
retweeted a post, originally posted by user BB, then we add an edge
from user A to user B. This is a directed graph, much like Twitter's
explicit social graph. Note that we do not focus on a particular tweet
in this case, as this would form a star-shaped graph. Therefore, the
graph can be the result of multiple individual tweets, posted at different
timestamps.

Compared with [155], we want to see how the retweet graph changes
over time. Rather than taking daily snapshots of the graph and aver-
age them, we would like our graph to incorporate a more continuous
notion of time. To achieve this, the edges of our graph are weighted
and we decay them over time. The edges are removed when their
weight drops below a certain threshold. More specifically, we con-
struct our retweet graph in the following manner:
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Figure 4.38: Statistical properties of the extracted retweet graph, over time

Step 1: We use an interval size, similar to the one used for the
Retweet analysis. We extract the retweet graph using the tweets
that were posted during the first interval. This is our starting graph

Go.-

Step 2: Proceed to the next (:-th) interval. Extract the graph of
that interval, which we denote by G;

Step 3: The initial edge weight from a node X to a node ) is
equal to the number of times that user A" retweeted any post from
node ). We normalize the weights, so that, for each node, the
total outgoing edge weight is 1.

Step 4: Decay the graph §,_;, that we have aggregated until this
point, using an exponential function. This means that the weight
of each edge becomes w = wxexp~*. If that edge drops below a
certain threshold ¢, remove the edge. This implies that the edge
is too old, and has not been updated recently.

Step 5: Add the decayed graph §,_; to the one extracted at the
current iteration, G,. The graph contains the union of the two node
sets. We add an edge between two nodes, iff there is such an
edge in G; or G;_;. If such an edge exists in both graphs, the edge
weight is the sum of the two individual weights in either graph.
Proceed with Step 2, until all intervals have been processed.

Figure 4.38 shows the results of this experiment. In particular, it de-
picts the number of nodes that the entire graph contains. We have

189 G. Valkanas



plotted both the statistics for the aggregated graph until the i-th it-
eration, as well as the statistics for graph G, of each iteration. We
note that the graph exhibits a periodicity akin to the one shown in the
data volume and sentiment analysis. As we can see, the global graph
contains the most nodes of all cases. However, its size does not nec-
essarily increase, as old nodes are discarded, because they did not
appear in a more recent interval.

Figure 4.38(b) shows the size of the Largest Connected Component
(LCC), as a function of the interval. We observe that the size of
the LCC does not share the same periodicity we saw in other cases.
Rather, in various occasions, the graph size will increase significantly
and then return to normal values. We also computed the clustering
coefficient of the 4 graphs we extracted: 2 for the global case and
2 for each iteration (1 per sample). It is interesting that, over time
(Figure 4.38(c)), the clustering coefficient of the Gardenhose retweet
graph is very close to the one reported by [155]. This, in fact, means
that the retweet graph we extract from the Gardenhose, yields similar
results to the ground truth data.

4.3.7 Linguistic Analysis

As a final experiment, we would like to see whether there is a correla-
tion between the spoken languages in Twitter, and the ground truth ob-
tained from studies in the physical world. Moreover, we want to check
whether there are any differences regarding the two sampling policies.

To perform this experiment, we used language detection software 1°

and obtained ground truth information from Wikipedia''-'2. We map
each tweet to a language and count the number of tweets with that
language. We then derive a ranked list for the languages, based on
the absolute counts, and we compare the derived list for each sample
with the ground truth using Kendall 7.

Table 4.10 depicts the results of this comparison. Correlation is lower
when we consider native speakers, as opposed to lists ranked by the
number of people in the world who speak that language. Regardless,

Ohttps://code.google.com/p/language-detection/
"http://en.wikipedia.org/wiki/List_of_languages_by_number_of_native_speakers
2http://en.wikipedia.org/wiki/List_of_languages_by_total_number_of_speakers
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Table 4.10: Comparison of languages extracted from samples
| Ethnologue | Spoken Popularity

Sample 1% || 0.158 || 0.342
Sample 10% || 0.155 || 0.342

even if we account for the fact that the language detection software
is not perfect (i.e., is not 100% accurate), the correlation between the
extracted list from Twitter data and the ground truth is extremely low.
This holds for both sample sizes. Therefore, there is an inherent bias
in the data, which is not due to the sampling policy, but mostly because
of the user base of the service itself. This means that researchers
on the field of linguistic analysis, who rely on Twitter data, should be

weary of this inherent bias.

4.3.8 Efficiency

Table 4.11 shows the efficiency of each experiment for the two sample
sizes. In particular, we measure the wall clock time from the point that
we started processing the input, up to the point that the full output was
written (either to the standard output, or to a file). Our experiments
were run on a single Quad-core machine @3.4GHz, with 16Gb RAM,
running Ubuntu Linux.

Despite the fact that the actual data differ by an order of magnitude,
the running times do not differ by the same amount. There are, of
course, various reasons for that, including caching, other processes
(e.g., daemons) running simultaneously, process context switching,
etc. Itis clear, however, that processing takes substantially more time,
on a single machine.

Table 4.11: Efficiency of experiments (seconds)
| Sample 1% | Sample 10%

Sentiment Analysis || 147.276 || 2058.264
RT Graph Evolution || 175.061 || 2531.362
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4.4 Detecting Events with User-Generated Content

One of the major characteristics of social media in general, and mi-
croblogging services in particular, such as Twitter, Tumblr and Plurk,
is the rapid updating of their user-generated content, which also oc-
curs in huge numbers. For instance, Twitter now counts more than
200 million active users, with an approximate 400 million "tweets" on
a daily basis 3.

This constant updating of information has earned them the name "Live
web" or "Now web". Due to the nature of the posted content, its topi-
cal diversity and how it spreads through user interactions, these plat-
forms may serve as real-time news reporting and / or crisis manage-
ment tools, as exemplified with the recent political termoil in the Middle
East, with Japanese earthquakes [180], or the 2007 Southern Cali-
fornia wildfires [198]. The role of these platforms as real-time news
reporting systems became evident very early [124].

As a result, several approaches have been proposed to automatically
identify newsworthy real-life information in social media, especially
from Twitter given its open data policy that we have talked about in
previous paragraphs. Unfortunately, automating event identification
is not that easy. By event, we mean important phenomena with a
spatial and temporal dimension in the physical world. Some of the
challenges of this task are:

+ The large adoption means that we must process in real time vo-
luminous amounts of data,

« The content (text) is typically short, very noisy, with a lot of slang
and personal style, and diverse in numerous ways, regarding lo-
cation, languages and themes

+ the precise location of a user is generally scarce, which means
that additional techniques are required in order to address the
original problem

Taking into account these impediments, it is no surprise that most
existing works that deal with event detection in Twitter simplify the
problem by focusing on a specific event type [37, 180, 190]. They

3https://business.twitter.com/audiences-twitter, access Aug 2013
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then monitor the stream for specific terms, or #hashtags (i.e., user
generated topic labels). However, this can only work when the event
can be described by a handful of terms, e.g., "[..] now shaking [..]"
for earthquakes. Clearly, it is impossible to detect genuine events by
such means, as the descriptive terms are unknown a priori.

Another alternative is to use online clustering [15, 36, 149] or term
burstiness [119, 128], so that frends emerge as a set of frequently
co-occurring terms. However, these techniques suffer from scalability
issues, as they are known to be quite inefficient even for a small frac-
tion of the Twitter stream [15, 128]. They are also sensitive to popular
terms or large groups of users with similar interests. Spammers are

also known to use such terms in their tweets, in order to "blend in"
and obtain a higher visibility for their posts [96], only making matters

worse. Combined with highly personal [167], and poor writing style
the terms describing the event may take a while to surface with these
approaches. Furthermore, a trend is not necessarily indicative of an
event. Rather the contrary, since they are always present, as users
constantly discuss their interests and popular terms emerge. They
can also be the result of recurring phenomena, such as a prominent
hashtag, e.g. "Follow Friday" (#FF), or misleading at times: "Dear
santa" and "Merry Christmas" were trending at some point in May and
June 2012, respectively, despite the fact that they are really out of
season. In fact, as we experimentally show, clustering approaches
are also ineffective, when trying to return events in a timelier manner,
in such a noisy setting.

Therefore, in this thesis, we too undertake the task of detecting events
in a stream of microblogs. The main challenge is to devise tech-
niques that work regardless of the category such events belong to,
e.g., sports, politics, natural phenomena, etc. To achieve this, we
employ techniques grounded on influential theories of emotions, such
as Cognitive and Affective [151]. According to these theories, users
are urged to express themselves due to an event from the real world.
Figure 4.39 shows indicative tweets, based on real life events of varied
gravity. In both cases the users externalized their thoughts as a result
of a real life event, but, as the user in Figure 4.39a) puts it, tweeting
about that event was his very first reaction.

http://twitter.com/137650823/status/202677925663866880
Shttp://twitter.com/Number10Gov/status/337244366181634050
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Figure 4.39: Tweets reflecting real-life events.
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Figure 4.40: A timeseries on the daily emotions identified in the Twitter stream, between
March 15 and May 24 2012

By monitoring the Twitter stream we can access these reactions. More-
over, we argue that such tweets will not be a flat description of the
event, but will also convey the user's emotional state, partially disclos-
ing how it affected them. An event can then be modeled as a time-
and place- related phenomenon, which triggered a significant change
in the emotional state of a (potentially large) group of people and our
goal is to automatically capture such sudden changes.

Figure 4.40 validates our claim: We plot the relative occurrence of
the 4 most prominent emotions, from a sample of the Twitter stream,
between May and March 2012. We ommit neutral tweets, which we
assert to be non-informative. Surges in anger in early April are re-
lated with the Syrian uprising, whereas the high values of joy towards
the end are due to the Champions League final, the Eurovision song

G. Valkanas 194



Mining and Managing User-Generated Content and Preferences

contest etc.

To address the sheer volume of data, we employ online event detec-
tion techniques applied on user input, thereby reinforcing the social
sensors naming convention. More specifically, we use aggregate in-
formation, making our approach scalable and efficient. The general
idea is to group users together and assign them to a virtual sensor,
which will monitor their emotional state over time and space, in an on-
line fashion. Information aggregation also ensures that the identified
events are of interest to a large group of people. Our technique can
be run in parallel, achieving high throughput and scalability, managing
to efficiently process large volumes of data.

Overall, our contributions can be briefly described as follows:

+ We set up arigorous framework to aggregate emotions as a means
of identifying real-life events.

« We evaluate the importance of emotions, coupled with temporal
and spatial information in event detection, and demonstrate their
vital role in this data mining task.

+ We propose a technique to associate a user with spatial informa-
tion, a task that must be taken into account in order to address
event detection. The proposed technique is efficient and can be
applied online, so that event detection may be performed in real-
time.

+ We present a detailed end-to-end architecture of our approach,
which we compare against the state-of-the-art in event detection,
using a large crawl of Twitter data, received in a streaming fash-
ion.

+ As part of the infrastructure, we provide a contextual user interface
to display the identified events in real time. The interface shows
all information that we use to identify events, to provide a better
understanding of the event and its characteristics.

We also note that, contrary to alternatives, our approach inherently
serves a dual purpose: detect new events and monitor a group's
emotional reaction to it. This could prove extremely useful in deci-
sion making or social sciences. Both the way that we identify events
and its contextual visualization help in this direction.
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The rest of this Section is organized as follows: Section 4.4.1 presents
existing work on event detection techniques. Section 4.4.2 discusses
our event detection model and algorithmic approach, followed by Sec-
tion 4.4.3 which discusses our approach for extracting spatial informa-
tion from user-generated content and evaluates the proposed tech-
nique. Section 4.4.4 gives an engineering perspective of our system,
followed by Section 4.4.6 which experimentally evaluates our event
detection approach.

4.4.1 Related Work

Despite our work's ties with psychology and sentiment analysis, it is
impractical to provide a detailed overview of these fields. Therefore,
we focus on key aspects that relate to our problem and discuss re-
search regarding event detection from microblogs, which is our main
objective.

Psychology. Emotions are a major discipline in psychology, and sev-
eral theories have been proposed to understand them [130] from vari-
ous aspects, including evolutionary, social and cultural, as well as pro-
cedural. The basic intuition of our work can be seen to have grounds
on procedural as well as cognitive and affective theories [151]. The
latter, in particular, argue that emotions are the result of an external
stimulus (i.e., an event), which will influence a person's attitude or be-
havior. Under such an affective state of mind, users are more likely to
externalize their thoughts.

Sentiment analysis. Sentiment analysis and opinion mining [163]
have been broadly studied in various domains and settings. Textual
content is classified to a positive or negative class, and works have
been proposed for Twitter in particular [33, 93]. Extensions deal with
strength of polarity or by considering more target classes [41, 126,
129, 152]. Our current research differs from this body of work in that
sentiment analysis is for us a tool to achieve our goal, i.e., event de-
tection of real world phenomena. Therefore any such proposed tech-
nique can fit our algorithmic framework.

Event detection in Social Media. Event identification from Twitter
appears to receive an increasing interest lately. Early works focus on

events of specific types, e.g. earthquakes [180] or news [181]. They
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whitelist specific keywords and phrases, e.g. "[..]now shaking]..]", or
sources of information, respectively. Evidently, these approaches are
inapplicable for type-independent event detection, in a medium as dy-
namic and diverse as Twitter.

A closely related concept is trending topics or trends, i.e., terms which
gain in popularity over a period of time. Trends are practically bursty
phenomena [119] of term or hashtag cooccurrences. However, trends
are not necessarily indicative of events; rather the contrary, since they
are always present. For instance, a big fan base discussing their pop-
ular music idol, easily results in a trending topic, regardless of an event
actually happening. They are also related with recurring phenomena,
such as TV shows, or memes, e.g., the "Follow Friday" (#FF) hashtag.
Given that our definition of an event ties it to a specific location in the
physical world, techniques for spatiotemporal burstiness [128] might
be considered. However, these share the same inefficiencies with the
classical bursty approaches, and are also computationally expensive.
A type-independent approach was proposed in [36], where the authors
applied online clustering through appropriate similarity measures. How-
ever, their methodology was meant for Flickr, an online photo-sharing
service, with characteristics very different from Twitter: ) Shooting a
photo requires the physical presence of user u at location / at time
t. This information is not always available. 7z) Users select the tags
of their photos carefully, in order to maximize their visibility. 222) Mi-
croblogs are voluminous and updated at a very fast pace.

The most closely related work to ours is [221], which is the current
state-of-the-art for event detection in Twitter. The authors employ
wavelet-based techniques to capture important differences in the "en-
ergy" of individual terms in sliding windows. Tokens are then used to
represent nodes in a graph, where edge weights encode strength of
cooccurrence between terms. Subsequently, they apply a modularity-
based graph partitioning algorithm to obtain groups of terms that share
similar burstiness patterns. Evidently, this method has huge memory
requirements, as it must maintain a sliding window with the occur-
rences of every token, even if it was encountered only once, because
it may become bursty in the future. To address the quadratic complex-
ity of the clustering step, the authors filter out tokens with the median
absolute deviation. However, when applied online, this measure fil-
ters out important tokens as well. Moreover, at the conceptual level,
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the authors' claim that "emotional expressions are not useful in defin-
ing events". We argue the exact opposite, motivated by emotional
theories. We return to this approach in our experimental section.
The works in [35, 176] aim to better understand the temporal infor-
mation in tweets (e.g., "[..]Jtomorrow [..]"), and build full calendars of
events. Finally, we note the works in [99, 161] that deal with the qual-
ity of extracted events from Twitter. These techniques address an
orthogonal problem, and they could be applied to our output.

Most of the systems discussed above also contained a visual com-
ponent, to present to the user the extracted information, depending
on the output type. For example, [180] provided a web-based earth-
quake alerting service, simulating an online seismograph for Japan.
The information presented to the user was the time and place where
the earthquake occurred, as identified by the proposed system, as
well as the feed of tweets talking about earthquakes.

In an extended version of [221] ', the authors presented a User In-
terface to their approach, but for this particular purpose they limited
themselves to a very specific event type: the SGE 2011 elections. A
distinctive difference with this work, is that we do not constrain our-
selves to events of a particular type, when it comes to visualization.
Most importantly, we are interested in providing as much information
regarding the event as possible, to help users make informed deci-
sions. We also map users to location, using custom location extraction
techniques which is assumed to be known a prioriin [221].

A visual perspective for event detection was also undertaken in the
TEDAS [135] and TwitterStand [181] systems. In both cases, the main
issue is visualization of information (i.e., events), rather than extract-
ing them, as events are taken from whitelisted sources, which are
practically news reporting agencies / channels. Neither of these ap-
proaches consider the users' reactions to identified events, which we
do, and the system in [135] lacks a spatial information component.

4.4.2 Modeling & Detecting Events

In this section we formalize our definition of an event, and proceed
with our problem statement. Similarly to [34], we define an event as

®www.hpl.hp.com/techreports/2011/HPL-2011-98.pdf
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follows:

An event e is a real-world phenomenon, that occurred at some spe-
cific time t and is usually tied to a location |.

However, we are only able to monitor the aftermath of the event, i.e.,
its effects on actual people who provide their input. According to in-
fluential theories of emotions [151], the event will have a significant
impact on the emotional state of the users that experienced it. Be-
cause of this, they will be urged to externalize their emotional state,
i.e., the way they feel, and will be inclined to post a message about it.
Therefore, we can model the emotional state of a user as the number
of tweets they post conveying one of several emotions or moods [129]:
excited, sad, angry, confused, etc. Since an event from the real world
is by definition tied to a location, we expect the first responders to be
geographically linked as well.

Taking all that into account, our problem can be stated as:

Problem 3 [Event Detection] Given a time ordered stream of tweets
as input, we want to identify those messages which i) alter significantly
and abruptly the emotional state of a (potentially) large group of users,
and i1) can be traced back to event e.

This definition fits nicely with an outlier detection formalisation, where
we observe a sudden and significant change in the emotions of users,
with respect to the recent history. Monitoring individual users is very
inefficient resource-wise, and will not provide significant clues regard-
ing the event anyhow. It also raises ethical questions at best, as being
very intrusive on a user's privacy.

To overcome these limitations, we use aggregate information, ex-
tracted from larger user groups, G;. Users are clustered together
according to their geographical location, extracted from available in-
formation. We then monitor the emotional state of each geographi-
cally distributed group independently of the others and report an event
when the group's cumulative emotional state changes suddenly. Note
that this approach covers inherently the part of the definition that wants
the event to affect large groups of users.

Instead of putting all users to a single group, which has no local co-
herency, we decompose G into smaller groups G; and organize them
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Figure 4.41: An example assignment of groups to virtual sensors.

hierarchically. We denote gg’ as group ¢ at level j, assuming that leaf
nodes are at 7 =0. The hierarchy can be administrative (e.g., country,
state, etc.), or constructed algorithmically, e.g., via hierarhical cluster-

ing. For a fixed level j in the hierarchy, it holds that UG/ = G and
NG’ = 0, and G/ = UG, ". Evidently, this decomposition is a trade-
off, providing high-level granularity versus a higher need in resources.
We then assign each group G? to a virtual sensor s;, which senses
(i.e., reads) all of the tweets from that group. Sensors at higher levels
gather information from their children. Figure 4.41 shows an example

of user grouping, with their assigned virtual sensor nearby. '”. Upon
arrival, each tweet is classified to one of the emotions that we monitor.
Using an aggregation interval a (e.g., a=1min), the sensor produces a
single value for each emotion, which is the respective count of tweets
conveying that emotion during that period. The aggregation interval
acts as a discretization unit, to cope with the streaming nature of the
medium. The sensor operates over the w most recent points with a
sliding window. This results in a much simpler model than the more
intricate, 2-stage, multi-level wavelet coefficients of [221]. The combi-
nation of a and w specify the history length, based on which the sensor
will identify events.

Assume, for instance, a sensor s;, with a = 5 minutes andw = 12. The
sensor maintains a history of the past 5 x 12 = 60 minutes. Every 5
minutes, s; will process a single value for each emotion, extracted
from the tweets received during that interval from the group of users

"World Map image from http://www.wpclipart.com/
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that it monitors. The oldest point will be discarded and the new one
will take its place.

4.4.2.1 Approximating the Emotional State Distribution

Given that a user's emotional state is a result of several factors, it
would be unfounded to assume that it will follow a predefined distri-
bution, much less a static one. In fact, we need to approximate it and
maintain it efficiently in an online fashion. To achieve this, we can
estimate the Probability Density Function (PDF) of the distribution, by
observing the reactions of each group G,. Non-parametric models are
a great fit for this purpose and kernel estimators have been shown to
achieve good performance for this task [98], while being efficient.
Kernel estimation is based on the idea that each point distributes its
weight in its surrounding area, and the kernel function describes how
this is done. The function f(z) which describes the distribution to
approximate is given by the following equation

f(x) ‘T‘Zk’r—az

Here, T is the actual set of values that we want to approximate, R is a
sample of the data, that each sensor s; maintains, and k(x) is the ker-
nel function that describes how each data point distributes its weight.
Given that the choice of the kernel function has little significance over
the estimation output [185], we use the Epanechnikov kernel, which
has a closed form integral, and can thus be computed very efficiently.
The Epanechnikov kernel is given by the following equation

( (%)dm H1<z<d(1 o (%)2)
<1

k(z) =

| 0, otherwise

where B; is the kernel's bandwidth, computed with Scott's rule [185],

B; = v/50;|R|~#1. The kernel is suitable for multi-dimensional data
and o; is the standard deviation for the i-th dimension (i.e., emotion),
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Figure 4.42: Approximating the data distribution in a sliding window.

which can be efficiently and accurately maintained in an online fash-
ion. For simplicity, we ignore the interplay of emotions, and set d =

1. Finally, we note that values are normalized in the [0, 1]? space.
However, we do not find this really restrictive: As a straightforward
approach, we can normalize with the maximum value allowed by the
system's architecture (e.g., 22 — 1 for int). Alternatively, we could rely
on system specification requirements regarding the load it must sus-
tain, which will also be an upper bound (within constant factor) on the
values it can process.

Since we operate under a sliding window model, we need to efficiently
approximate the distribution of the data which currently fall within the
window. Figure 4.42 graphically portrays this requirement, demon-
strating for two consecutive time instances the contents of a sliding
window (points in blue) and their respective PDF. As time advances
(from top to bottom), new points arrive and expired ones are evicted.
Therefore, we must update our kernel estimation at each timepoint;
using data aggregation during time intervals, instead of monitoring a
stream, makes this computation tractable.

In order to approximate the data distribution, we need to i) maintain
online a random sample over the data that fall within the window w,
and 17) keep track of the standard deviation o of the values within w.
Both of these values are very easy to maintain in a streaming environ-
ment. We use "chain sampling" [26] to produce the random sample,
which will randomly select a point s from the sample to evict, regard-
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less of s being expired or not, and replace it with the new point p. Al-
though we could maintain the entire stream, given enough resources,
this is not necessarily a good idea, as shown in Section 4.4.6. More-
over, sampling serves as an indirect way for filtering spurious bursts.

4.4.2.2 Event Detection

Having our online kernel density estimator in place, we can now use it
to identify changes in the data distribution. The rationale is to identify
events on the basis that the most recent aggregate emotional state of
users was not "as expected", according to what we have seen so far.
Therefore, if a sudden change was observed, this could be caused by
an external phenomenon.

Due to our "chain-sampling" approach, we always maintain a sample
which reflects the latest distribution from the data, and consequently,
the most recent emotional state among the users. Similar problems
have been examined in sensor networks [197], but we have the ad-
vantage that 7) we can maintain the full window, if we want to, as we
are not as heavily constrained on our resources, and 2z) an event of
significance will have a more lasting effect on the users, so we expect
at least one point to be inserted in the sample.

To characterize the new point as a significant deviation, we first com-
pute its probability mass over the sample R, according to our kernel
k(x). More specifically, for each new point p we evaluate the quantity

1

valr e
( ) ‘R| [p—7,p+r]

Z k(x —t;)dx

ti€R

The value r is the neighborhood range, within which to search for
points from K. From the definition of the Epanechnikov kernel, the
values need to be in the (p; — r — B;, p; + r + B;) range, to contribute
to the integral. If that probability P(p, ) is below a certain threshold,
we say that this tuple is an outlier. In our setting this means that a
significant change was detected in the emotional state of the observed
population. Since this could be the result of an occurring event, we
should trigger additional mechanisms to describe it. Therefore, event
detection is decoupled from event description.
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4.4.3 Extracting Spatial Information

As we have already discussed, we group users based on their spa-
tial proximity. Spatial information has become ubiquitous over the
years in applications. In fact, we can see a clear shift from the "spa-
tial is special" argument made in the '90s and early 2000 [19] to a
general adoption of a "spatial is everywhere" statement. One of the
reasons of this transition is that locational information can be used to
map information from the online back to the physical world, as we do
in our case. Moreover, we can use this type of information to con-
textualize data and provide localized recommendations [199] through
Location-Based Services (e.g., Gowalla, Foursquares, etc.), and mul-
tiple techniques have been proposed that rely exclusively on this as-
pect [76, 108, 180, 81, 216]. Finally, such is its importance that con-
cealing the location of a user is actively researched in privacy preserv-
ing data mining [13, 92, 226, 95].

However, spatial information regarding the users is generally scarce
on social media, despite its central role in today's applications. The
reason is that most of the existing techniques expect geodetic coor-
dinates to provide their service effectively, and rely on GPS-enabled
devices, e.g., smartphones, that provide highly accurate coordinates.
Unfortunately, users that share their location through a GPS-device
are currently far less than those who do not. Therefore, a significant
amount of information is lost, unless we can link them to a physical
place as well. Figure 4.43 demonstrates the number of Twitter users
received through the Gardenhose (10% sample) over a 2-month pe-
riod, who share their location through a GPS mechanism as opposed
to those who did not. Almost half of the users who provide GPS loca-
tion (green bar) have done so through a status update, whereas the
other half (grey bar) give GPS location in their profile. Regardless,
these users make up only 1% of the Twitter users, whereas approx-
imately 60% provide textual information. Even if we explicitly asked
for GPS-enabled tweets, the figure practically states that most infor-
mation on Twitter would remain idle, which is clearly underutilization
of information.

On the bright side, most social network users share their location pub-
lically on their profile in text form, including, for instance, the city,
state, and country (or equivalents) they live in. Therefore, they pro-
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Figure 4.43: Distribution of users based on how they discolse their location

vide a coarse view of their whereabouts in general, usually at city level
granularity, or they attach such information to each of their status up-
dates. Being able to pinpoint users at the city level is still important
and sufficient for a variety of applications, including our case (news-
worthy event detection). Other applications are spatiotemporal bursti-
ness [128], sentiment analysis or even demographics, which has been
historically handled at a higher-than-GPS level.

The problem of extracting the location of a user in terms of (/atitude,
longitude) given a textual query is known in the literature as geocod-
ing. Building a geocoding service is not easy, mostly because of the
need for a complete reference database, as well as the heavy de-
velopment and fine-tuning it entails [187, 54]. Moreover, despite the
abundance of online geocoders, relying on these services as external
resources is impractical and sometimes impossible as a result of their
terms of use. Given the hard limits that the services pose on their daily
query quota, it would take several months to geocode, e.g., all Twitter
users, which are approximately 140 million '® at the moment.
Motivated by the aforementioned problems, and a need for high vol-
ume of localized data, in this thesis we tackle the problem of geocod-
ing locations, provided by the users as textual information. Unlike
existing sophisticated and complex algorithms, which are common in
online map services [1, 2, 3] we rely on software and data which are
publically available online, making our approach practical and easy to
implement. We present a simple, lightweight, yet efficient algorithm
to geocode user locations and place them on the map, at the best
possible granularity. Finally, our approach is effective and is able to

Bhttps://business.twitter.com/basics/what-is-twitter/
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augment the pool of location-mapped users significantly, as we ex-
perimentally demonstrate on a large corpus of Twitter users.

4.4.3.1 Related Work

Our main objective is to return geodetic coordinates ( "latitude, longi-
tude" ), which are the nearest to a location, represented in text form.
This process is commonly known as geocoding and its common use
refers to mapping street addresses to coordinates. Note that effec-
tive geocoding in that sense requires complete reference datasets of
street names, which are unavailable to the public for all countries.
Moreover, existing methods assume that the query location will be
well-formed, or will adhere to some structure to guide the search, e.g.
comma separation of administrative hierarchies: Street No, Street,
City, State. Early works on geocoding investigated address tokeniza-
tion techniques, employing rule-based or Hidden Markov Model [60,
156], because non-standard address formats were used. Note that
according to a recent survey [94], the problem still persists in most
countries.

These methods, however, used public health records, hence, suffi-
cient information on the location of the patient (city, county, state)
was present, and were constrained within a single country. On the
contrary, our approach is challenged by high diversity, as social net-
working sites are used by people around the globe. Moreover, users
hardly ever provide a street level location and write in their personal
style. Location nicknames (e.g. "Fog City" for San Francisco), abbre-
viations ("LA" for Los Angeles, or "KCMO" for "Kansas City, Missouri")
and (intentional) mispellings (e.g., "Laweezyana") are also customary.
Finally, note that city-level granularity is sufficient for our purposes, yet
we still need to overcome the other shortcomings.

The most relevant work to ours is [187], used in commercial online
map service [3]. There are several technical differences in our ap-
proach and theirs, with the most basic being that we do not have ac-
cess to a complete reference dataset, but rely on online resources as
our primary data, making our approach easy to implement. Moreover,
we employ lightweight, yet efficient algorithms, unlike the sophisti-
cated algorithms presented in [187], which rely on mature commercial
technology [54] and parameter fine-tuning. We stress that, although
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our goals overlap, our incentive is not to compete with these tech-
nologies, but provide simple, yet effective, algorithmic mechanisms to
geocode information. This objective is driven by our need to perform
online event detection using Twitter data, that we receive as a stream.
Exploting online resources for geocoding has been researched in the
past [28], but with a different goal in mind: to discriminate and ac-
curately identify the location of a street address. The idea stems
from the lack of fine-grained information in common online datasets
(e.g. TIGER), and the authors counter this problem by using tax and
real-estate sites, which provide additional information on the census

blocks. Since address level location is scarce in online social net-
works, this methodology is inapplicable in our case.

Other approaches propose to use online resources to automatically
construct and maintain gazetteers, which are essentially the datasets
of reference locations used in geocoding and other applications (e.g.,
named entity recognition) [236, 203]. Their advantage is that docu-
ment level linking -- which is common in Wikipedia -- corresponds to
spatial proximity or relation (e.g., administrative hierarchy). Neverthe-
less, the goal of building gazetteers is orthogonal to ours. The bet-
ter the accuracy of gazetteers, the better our approach will perform.
Given the public availability of datasets with good quality and easy-to-
crawl resources, we do not currently consider these methods.
Similar in spirit are the works in [65, 188] in that they also try to de-
rive a location from user tags. However, their approach differs in that
users carefully select tags to describe a photogoraph because that will
increase their photos visibility, unlike the social network setting. More-
over, photographs are usually about landmarks, which can be accu-
rately identified and placed on a map. Finally, the Flickr service itself
allows users to geocode their photos by selecting a place on a map,
}[/vhich can provide an accurate reference dataset of location-related
ags.

4.4.3.2 Problem definition

The problem of geocoding basically means to transform a location of
type A, to another --usually equivalent-- location of type B, through
a meaningful mechanism. In our setting, the goal is to map textual
locations, provided as user generated input, to a (/atitude, longitude)
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pair or an equivalent identifier (that can be mapped back to these co-
ordinates). The problem can then be defined as follows (tailored for
our setting):

Problem 4 Given a user location L, provided as a set of tokens (terms),
find a set of geodetic coordinates (i.e., latitude, longitude), that can ac-
curately describe L.

Given this definition, our research focuses on the following desiderata:

1 Using available text descriptions from online resources

2 Investigate the accuracy and efficiency of simple techniques

4.4.3.3 Problem setting

Note that the geocoding definition is general enough and several trans-
formation mechanisms could be employed. Moreover, the level of re-
quired accuracy is subjective, and usually is application-dependent.
For event detection, achieving city level accuracy is sufficient. In that
respect, returning a set of geodetic coordinates that describe the city
(e.g., the center of the city) is considered enough. We are also highly
interested in efficiency, due to the voluminous amount of data that is
generated in social networks.

Unfortunately, existing online resources are notorious for being in-
complete or inaccurate [173], even for the US. To address this prob-
lem, we utilize the wealth of information available on the Web and
fill in missing gaps. As we are not interested in street level accu-
racy, the GeoNames dataset '° is sufficient for our purposes. De-
spite its richness, the dataset lacks a hierarchy of administrative units
(e.g. county, state, etc) for most countries. To overcome this, we can
crawl online resources, such as the Flickr places dataset, or even mine
Wikipedia, which will provide better information. For instance, we can
use wikipedia to construct reference lists for abbreviations, synonyms
or nicknames of locations (e.g. "Fog City" or "Frisco" for "San Fran-
cisco", 2-lettered US and Canada states abbreviations, etc.)

®http://www.geonames.org/
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4.4.3.4 Online geocoding

A straightforward solution one might consider would be to query online
geocoders, such as GeoNames server, OpenStreetMaps server, or
even online mappings services. However, online mapping services
pose a hard limit on the number of the allowed daily query quota. Even
if such quotas were not present, crawling "politeness" should still be
honored, which would eventually pose an upper bound on the number
of submitted queries.

Although such an approach would work well for a few locations (say,
a few thousand), it is infeasible for online social networks. Twitter
currently claims 140 million users, whereas Facebook has nearly 1
billion active users per month 2°. Even if we take into account that
60% of the users provide their location in text form and assume a
high query quota is allowed (Yahoo! allows 50K queries/day), it would
take several months to geocode all of them. Finally, online geocoders
are accessed through HTTP requests, which is known to be a slow
communication protocol, and do not allow batch processing requests.

4.4.3.5 Data Cleaning

Another issue is that users tend to write funny quotes in their profile
such as behind you, why do you ask, etc., so as not to disclose their
location. Therefore, it is mandatory to clean such data to come up
with location information that will be of use.

For instance, users multiplex different encodings, charsets and fonts
to make up their location. Though these locations are readable and
well-understood by humans, they can not be mathced to an actual
location, unless they are transformed to another encoding. Users
also tend to surround their text with emoticons or various shapes (e.g.
hearts, stars, bars, etc.) to make them fancy. We have manually
compiled such lists and intend to make them publically available.

We also have lists to remove japanese, korean and arabic text. A
major issue with japanese and korean is that text tokenizers and an-
alyzers --including the one used by Lucene-- are not well suited for
these languages, which do not use whitespace delimiters. Assuming

2Onttp://newsroom.fb.com/content/default.aspx?NewsAreald=22
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that an appropriate tokenizer is present, our algorithm is still applica-
ble. Due to this fact, such locations resulted in a high rate of false
positives. Given that we are unable to understand these languages,
we removed all such locations, using custom built lists from online
dictionaries, alphabets and the actual text from the locations.

Finally, given that (custom) data cleaning is a time consuming pro-
cess, we could make use of machine learning approaches for this pur-
pose. Sentences that do not refer to actual locations may emerge as

topics and we could employ topic extraction algorithms (e.g. Mallet ).
Alternatively, we could use co-occurrence relations or even maximal
sets to identify these. We plan to thoroughly investigate these ap-
proaches as part of future work.

4.4.3.6 Algorithmic description

Algorithm 4.3 gives a detailed description of our lightweight geocoder.
The algorithm takes as input the reference database (our gazetteer) G
and the associated hierarchy of locations ‘H. In our approach a 4 level
hierarchy was used: i) suburbs and towns, 22) counties, i) states
and :v) countries. Coarser or more fine-grained hierarchies could be
employed, but we see that these levels work well in practice and align
well with human intuition. The algorithm also takes the location £ that
we wish to geocode.

The entire process consists of 3 phases: cleaning, tokenization and
searching. The cleaning process lower cases the characters to sim-
plify subsequent steps. Due to the nature of the social networks datasets,
cleaning also means that we need to correct fonts and encodings, and
convert them to the one used in G. Once this has been performed, we
remove decoratory symbols (e.g., hearts, stars etc) that users insert
in their location. Unfortunately, a drawback of using commodity soft-
ware is that ordinary tokenization will not recognize these characters
as text delimiters. The problem that then occurs is that tokens will
not match valid locations in G. As a final step, we remove characters
which we can not process, e.g., japanese in our case, although this
step should be optional in a complete system.

2Thttp://mallet.cs.umass.edu/
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Algorithm 4.3 LightGeocoder

13:
14.
15:
16:
17:

Input: Reference database (gazetteer) G, Locations Hierarchy 7, Location to geocode £
Output: Set of possible geodetic coordinates C

: //Location preprocessing
cleanLocation < lowerCase(L)

: //Search term extraction

. tokens <+ tokenize(cleanLocation)
searchTokens + ()

newT oken < tokens|0]

: for (i < 1;i! = tokens.size();i++ ) do
search < newToken +"" + tokensi]

newT oken < search
else

newT oken < tokens|i

18:

19

20:

21

22:
23:
24.
25:
26:
27:
28:
29:
30:
31:
32:

33:

: //Location Matching
matches < ()

cleanLocation < CorrectFonts(cleanLocation)
cleanLocation < RemoveDecoration(cleanLocation)
cleanLocation <— RemoveCharacters(cleanLocation)

if ( G.getResult(search).size() 1= 0) then

searchT okens < searchT okens U newT oken

: for (i < 0;i! = searchTokens.size(); i++ ) do

search < searchTokens]i]

interpr < G.getResult(search)

if (matches.isEmpty() =0 ) then
matches < interpr
continue

newMatches < matches

for (j < 0;j! = interpr.size(); j++ ) do

if (ancestor! = null) then

matches + newM atches

34:

35
36

37:
38:

:C«+ 0

: for (i < 0;i! = matches.size(); j++ ) do
C < C U G.coordiantes(matchesli])

return C

ancestor < H.search(interpr(j], matches)

newM atches < newMatches \ ancestor
newM atches <— newMatches U interpr(j]
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Once the cleaning process is done, we tokenize the input location. We
apply simple tokenization on whitespaces. We then check whether we
can combine tokens with one another, into larger token sequences. In-
tuitively, the idea is to combine tokens which make up valid locations,
e.g. "los angeles" instead of separately having "los" and "angeles".
During this step, we do not care about the actual locations that can
be retrieved, only whether additonal locations can be retrieved. This
step creates a set of search tokens to use in the final step.

Finally, we perform the actual location mapping step. For each loca-
tion from the search tokens, we get a list of id's, which we call interpre-
tations. An interpretation is simply a possible location against which
a token can be matched, without using other contextual information.
For each new interpretation (lines 28-32), we check in the hierarchy
‘H whether there is a child-parent relation with another interpretation
that we obtained for previous search tokens. If we identify such a
child-parent relation, we remove the parent id and insert the child's.
This way, we increase the level of granularity for the location we have
been given. Note that we maintain locations for which we can even-
tually establish a connection in the hierarchy. Once this process is
complete, we query our database G for the actual coordinates of the
locations that we have extracted, which we then return.

As a final note, the (worst case) algorithmic complexity of our tech-
nique is O([ ] inter(token)), where inter(token) is the number of in-
terpretations that each token may have. However, tokens are usually
few (at most 7), and each one is matched to few locations. As we
demonstrate in our experimental evaluation, the actual running time
of the entire process is minimal, keeping the approach efficient for our
purposes.

4.4.4 The Twinsight System

In this section we discuss the components that make up our system,
as well as the data and its workflow. There are several components,
in order to provide the desired functionality, each of which works in-
dependently of the others. Consequently, we can substitute any one
of them with better alternatives.

Twitter Data. Our only source of information is the Twitter stream,
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receiving tweets through the service's streaming API 22, Having ac-
cess to the Gardenhose we receive a 10% sample of all public tweets
that are posted to the service. Unlike previous techniques, we do not
rely on external sources [161, 131] or whitelists [181]. To retrieve the
information, we use our crawler, described in Section 4.2.1.

Emotion Classification. Emotions are a key ingredient in our ap-
proach, and constitute the basic input to our algorithm (following the
tweet). We use a set of 6 emotions proposed by American psycholo-
gist Paul Ekman [77]: anger, fear, disgust, happiness, sadness, sur-
prise. We also use a neutral (None) state, to describe the absence of
an emotion. We do not consider neutral tweets, as we think that they
are uninformative.

In order to extract emotions from tweets, we have trained a classi-
fier using both structural and semantic features. We consider gen-
eral punctuation, such as exclamation marks, question marks, quo-
tation marks, etc. We also consider letter capitalization / duplication
(e.g. "yesssss!!F instead of "yes"), number of retweets, whether it
is a retweet (RT) itself, number of mentioned entities, hashtags and
urls. The basic rationale behind using structural features of the tweet
is that we expect truly spontaneous reactions to contain these charac-
teristics. Moreover, these features are very easy to extract, because
they are either directly provided by Twitter (e.g., retweets), or can be
extracted through shallow parsing.

We also compiled lists of emoticons from online resources, such as
Wikipedia, and by manual inspection of the tweets, which are good
indicators of sentiment [93, 33]. Finally, we use lists of words and
phrases which are known to be related to emotions. For this pur-
pose, we use the Affective WordNet [142] vocabulary, and the moods
dataset [129] which contains several sentiment-tagged words.

It is important to note that classifying tweets to emotions is harder
than classic sentiment analysis. The reason is not only the additonal
target classes, but rather the inherent ambiguity of certain words and
the way we use them. For instance, according to Affective WordNet,
"amazing" is related to surprise. However, in the sentence "That book
was amazing!", the intent is to express joy. Sentiment analysis would
correctly identify the sentence as "positive", but an emotions classifier

22https://dev.twitter.com/
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may easily mislabel it. Similarly, disgust can easily be misinterpreted
as anger, as in "l hate eggplants!!!"; but in either case the sentiment
will be "negative".

Location Extraction. To extract a user's location, we use the ap-
proach presented in Section 4.4.3. More elaborate techniques could
also be considered [108, 14], but these require a significant amount of
data for each Twitter user, to build an accurate language profile. We
remind the reader that we use the GeoNames database 22 and Flickr
data 2* to create an administrative hierarchy of places. The admin-
istrative hierarchy is necessary to discriminate between places with
the same name, such as "Athens" in Georgia, US from "Athens" in
Greece. Flickr provides data up to a town or suburb level, which we
believe is more than sufficient for our purposes.

Along with every tweet, the Twitter service also sends information
about the poster, such as the "Location" field of her profile. Tweets
are mapped to locations as follows: First check whether it contains
a GPS signal, which occurs when the tweet is automatically posted
from a location based service (e.g. Foursquares). Otherwise, use the
"Location" field and map the user with our custom gazetteer. There-
fore, for that particular tweet, the user is assigned to the sensor that
monitors the respective area. We do not consider tweets from users
who can not be mapped to a location.

Event Detection. We assume a set of virtual sensors, each of which
is in charge of monitoring a specific location. Each sensor runs the
event detection mechanism presented in Section 4.4.2, applied on the
counts of each emotion separately, measured in every aggregation
interval. Event detection runs in an online fashion, to address the "as
events occur' requirement of our problem. When an outlier is detected
in the emotional state of the users, a signal is raised, notifying the
event extraction mechanism to be put into effect. The general idea
is to run a lightweight, yet effective, mechanism for event detection,
which will trigger the more heavyweight event extraction module when
it should be executed, instead of constantly running the latter.

Event extraction. The event extraction mechanism is responsible for
finding the most informative terms which describe the event that oc-

2htip://geonames.org/
24http://www.flickr.com/places/info/
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curred. The input of this component is a set of tweets (e.g., their ids)
expressing the same emotion and were observed during the aggrega-
tion interval that triggered the event. The output is a set of keywords
which can effectively describe the event. Various techniques can be
employed at this stage, e.g., term frequency, TF-IDF, or similarity-
based [50, 158, 36]. We employ term frequency in our experiments.
It is possible for certain events (e.g., elections) to invoke different
or contradicting emotions. Such cases can be handled as follows:
tweets for the same event will (most likely) share a fair amount of
common terms and, therefore, can be grouped together. Note that
clustering based approaches will also fail, unless the tweets share
some terms. The user can then be notified of the event and the emo-
tions in an aggregate way (e.g., 60% happy, 30% angry, 10% sad).
In fact, informing the end-user of the different emotions that an event
may elicit adds a semantic dimension, which can be very helpful for
social scientists and decision makers alike. This is a unique trait of
our technique, not shared by other approaches.

4.4.5 Event Extraction Workflow

From the description of an event e and our event detection mecha-
nism, it should be clear by now that we need the following information:
a location [, the time of occurrence t, a set of keywords to describe
it, and the emotions that were elicited as a result of the event. The
standalone subsystems used to extract this information have already
been described. Therefore, in the next paragraphs, we describe how
we put the pieces of the puzzle together to serve our ultimate goal of
event detection.

Figure 4.44 shows a schematic view of the components and their inter-

action®. The Twitter stream is our system's input, feeding two com-
ponents, namely the emotions classifier and the location extraction
subsystem. Through the location extraction process, each incoming
tweet is mapped to a location, which will also be the location of the
event (assuming one occurs). As discussed in Section 4.4.2, we use a
set of virtual sensors, each of which is solely responsible for a specific

25Storage image by Barry Mieny, under CC BY-NC-SA license.
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Figure 4.44: Schematic interaction of our system's components

location. Therefore, the tweet will be forwarded to the virtual sensor
responsible for the location it was mapped to.

Meanwhile, the tweet has been classified to one of the 7 emotions
that we use. If the classifier indicated that the tweet conveys a non-
neutral emotion, the virtual sensor will further process it. Otherwise,
no additional actions are performed. In any case, we store all tweets
in our database. It is worth noting that this approach allows for an
elegant integration with spam detection mechanisms: spam tweets
can be cast to the neutral class, thereby preventing them from any
subsequent processing.

All in all, when a sensor receives a tweet for further processing, we
already know its location and which of the 6 non-neutral emotions it
has been cast to. For each emotion independently, the sensor counts
how many tweets it has received during the last aggregation inter-
val, and produces a single value (the respective count) at the end of
each aggregation interval. Each such value serves as input to a sep-
arate instance of the event detection mechanism we have previously
described, running on the same sensor. The event detection mod-
ule updates its values and identifies whether a surge, i.e., an event,
in any emotional state has occurred. In such a case, we report the
end time of the aggregation interval as the event's time of occurrence
t. Additionally, the tweet ids that caused the peak for that particu-
lar emotion are passed on to the event extraction mechanism, which
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will go over them and summarize the event appropriately. This final
step will provide the descriptive keywords of the event, which can then
be presented to the user with all the necessary information: location,
timestamp, emotion and description. Notice how the event extraction
step is put into motion only if an event was detected. A sample output
can be found in [206].

4.4.6 Experiments
4.4.6.1 Experimental Setup

In this section we present experimental evidence of our proposed
techniques, used to extract events from Twitter data. In particular, we
evaluate our geocoding mechanism, described in Section 4.4.3, as
well as our event detection mechanism, described in Section 4.4.2.
We have crawled Twitter through the Gardenhose between the start
of April and end of May 2012, and have obtained a dataset of a little
less than 300 million tweets. Considering that the sampling policy is
entirely at Twitter's discretion, we have no control over the type of
data we receive in terms of content, location, or language, nor the
rates in which they arrive. The tweets have been posted by 29 million
unique users (identified by their id). Taking into account the analysis of
Section 4.3, using the Gardenhose sample is better for our purposes,
as we want to track general events in real-time, whereas the default
sample is appropriate (in the temporal dimension) only for the most
popular discussed topics.

Given our final objective -- event detection --, we filter the received
tweets by language language (english, french, german, greek, span-
ish) and locations (USA and european timezones), so that we can un-
derstand what is being talked about, and evaluate our system in terms
of effectiveness. After this filtering step, we obtain approximately 11
million unique users. Note that several of them are in fact non-english
speakers, however, the default language option is english. This is
not a major issue as we can filter out such users further down the
processing chain, based on the content of their tweets, using either
lexicon-based or machine learning approaches, e.g. [179].
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4.4.6.2 Geocoding Results

Out of the 11 million users, we have extracted approximately 2.5 mil-
lion locations, which means that in a uniform distribution there is an
average of 4 users per location. Over the 2-month period that we
crawled Twitter, about 150K unique users changed their profile loca-
tion, which we use for geocoding. Therefore, in the worst case, we
are still left with 2.35 million unique locations to geocode. This leads
to the following conclusions:

« Users will update their profile location if they are inclined to do so.

+ For the most part, for short periods of time (e.g., spanning a few
months), the general location of a user remains unchanged. By
"general" we mean a broad area where they have mostly been
during that period.

« Since users do not change their profile location that often, geocod-
ing it and storing it for future retrieval is meaningful and can be
easily performed. Note that in case of users who have enabled
a geo-tagging service, their location is available. Nevertheless,
these services use a well-formed naming convention, making the
geocoding problem much easier.

After applying the cleaning process that we have described in Sec-
tion 4.4.3.1, we derive a dataset of 1.8 million locations. Within this
dataset, the GPS-enabled locations are less than 100K. Table 4.12
summarizes the basic properties of the dataset used for geocoding.

Table 4.12: Location dataset characteristics

Variable | Value

#Initial users | 29 million
#Users after filtering 11 million
#Uncleaned (unique) locations || 2.5 million
#Cleaned (unique) locations 1.8 million
Average token count / location || 3.147

Full gazetteer size 3,490,337 entries
Small gazetteer size 1,042,742 entries
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Our geocoding approach requires the use of a reference database
(i.e., gazetteer). For this purpose, we created two gazetteers, both of
which include all of the data that we crawled from the Flickr Places
website. Their difference lies in the entries used from the GeoN-
ames dataset, for the countries we want. The first one contains all
of the GeoName entries, and we denote this one as Full. The sec-
ond one uses only entries that have been marked as "administrative"
(e.g., a county) or "populated area" (e.g., village). We denote the lat-
ter dataset as Small. Each GeoName entry has been assigned to the
closest location of similar administrative type from the Flickr dataset,
as we have described in the previous sections, to be able to effi-
ciently exploit the hierarchy. Finally, we have indexed each reference

database using Lucene 2%, to allow for IR-style retrieval of locations.

Geocoding Efficiency. We start by evaluating our system in terms
of efficiency. The geocoding process is written in Java 1.6 and ran
on a single node, with Quad Core @3GHz. We measure the time
taken to run the LightGeocoder algorithm for each user and report the
cumulative time required for all 1.8 million unique, cleaned locations.
Therefore, the reported values show how much time is required for
the geocoding process in a real system implementation.

Figure 4.45 shows the efficiency of our geocoding scheme, with each
of the two gazetteers. Clearly, when the Full gazeetteer is used the
runtime increases, because each token has more possible interpreta-
tions and the index contains more entries to search against. On the
other hand, the Small gazeetteer is more lightweight and requires less
time to come up with the set of possible locations. Although there is a
3:1 ratio in the gazetteer sizes, the processing times differ by a factor
of 10; this is can be explained as the hierarchy consists of 4 levels
(including countries).

Not surprisingly, both approaches are linear to the number of locations
mapped. Therefore, we can cut down the total elapsed time by using
multi-threaded solutions or by distributing the workload among more
computers. Regardless, the average (per location) geocoding runtime
is 3.4 ms when using the Small database, whereas it is 14.4ms with
the Full database, which still allows us to do the geocoding in real
time. Finally, the cleaning process takes a negligible amount of time

2http://lucene.apache.org/core/
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Figure 4.45: Efficiency of geocoding using the Full and the Small gazetteers

(in the order of 10~° sec), and does not influence the overall efficiency,
as it is linear in the text's length and performed through lookups.

Effectiveness Evaluation. A basic goal of our research was also to
investigate the effectiveness using simple techniques and publically
available data. To measure our technique's effectiveness, we per-
formed a series of experiments. First off, and in order to simplify the
evaluation process, we assume that if our geocoder returns more than
5 possible matches, then we can not map the corresponding loca-
tion at the granularity we desire. However, we discriminate between
"overmapping" a location and not mapping it at all. Effectively, we can
see the number of locations that have been mapped, the ones that
have been "overmapped' and the remaining ones that have not been
mapped. Figure 4.46 shows the number of locations (in log scale)
that fall inside each of these categories when either of the gazetteers
is considered.

The interesting outcome of this experiment is that, contrary to what
one might expect, the Small gazetter maps more locations than the
Full gazetteer, especially when it leaves more locations unmatched!
Apparently, the large number of indexed entities present in the Full
gazetteer introduce more disambiguation and make it harder for the
algorithm to select a small set of possible matches. This leads us to
the conclusion that it is not only important to clean the incoming loca-
tions, but we should also pay special care to the reference dataset.
Mapping (or not) more or fewer locations may be statistically useful,
but does not realy hint us on how well our system performs. For this
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Figure 4.46: Number of mapped, unmapped and overmapped locations by gazetteer usage

reason, we have conducted an oracle experiment, querying a service
which is particularly suited to the geocoding task. Specifically, we
queried the Yahoo! maps geocoding service with 10K locations, ran-
domly sampled from the 1,8M locations that we experimented with.
The service returns its response in XML format, with a ranked list of
potential matches. If the location could not be matched, an empty

ranked list is returned.
We used the default parameters which return at most the top-10 pos-

sible locations, along with a GPS location and a small textual descrip-
tion. Each result is also accompanied by a quality element of integer
type, which is essentially the granularity (or precision) of the result-
ing location. Higher values indicate greater precision. For instance,
quality values greater than 80 correspond to points, whereas values
between 31 and 40 are town level areas.

We initialy present a confusion matrix, which measures 4 values:

 True positives: the number of textual description identified as a
location by both approaches

+ True negatives: the number of textual information that have been
correctly identified as not being locations

* False positives: the number of textual information which (our ap-
proach) identifed as being possible locations, whereas Yahoo!
maps did not consider them as such.
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« False negatives: the number of locations which we failed to iden-
tify as being a valid location, whereas Yahoo! maps returned a
ranked result set.

Table 4.13 contains the values for these four measures for both of
the reference databases. The matrix is read as a combinatiom of its
row and column, for the corresponding gazetteer. For instance, the
upper right corner reveals the true (vertical) positive (row) for the Sim-
ple gazetteer. Two important things to mention are: i) overmapped
locations are handled as unmapped, on the basis that we can not dis-
criminate between them easily with our current approach, and i:) the
frue positives metric only measures whether both techniques identi-
fied a description as being a location or not. It does not consider,
whether the same location has been indeed selected, which we dis-
cuss followingly.

Table 4.13: Confusion matrix for the "oracle" experiment
Full Small
True | False | True | False

Positive 1699‘ 114 2363‘ 75
Negative | 656 | 7551 || 695 | 6887

For the columns labeled with True (False), higher (lower) values are
preferred. Once again, we draw the conclusion that "simpler is bet-
ter". The small gazetteer performs better than the full gazetteer in all
four occasions. In fact, if we carefully observe the matrix, it appears
that when we move from the small to the full gazetteer, there is a
transfer of true positives to false negatives (a result of "overmapping"
locations), and a similar transfer of true negatives to false positives.
Clearly, this artifact has been introduced by the GeoNames dataset,
since everything else has remained unchanged.

We now drill down on the true positives which we identified with each
approach. We want to see if the locations extracted by our geocoder
fall within the top most locations returned by the Yahoo! maps. To
this end, we measure the percentage of documents retrieved by our
approach that can be matched to one of the top-n results by Yahoo!.
For instance, if the top-1 result is present in our returned list, we as-
sume that we have a match at position 1. Because we currently avoid
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ranking, this essentially means that we have the prospect of returning
one of our results as a top-1 value (and stop at that point).

We select up to the top-5 results, returned by Yahoo! maps, which
have already been provided as a ranked list. For each result, provided
that its quality is up to a city level ( quality > 30 ), we extract the closest
city location from our crawled Flickr dataset, which is the basis for
the hierarchy. Followingly, we check if at least one of our geocoder's
proposed locations is within Yahoo! map's top results.
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Figure 4.47: Effectiveness of our approach using the two gazetteers

Figure 4.47 demonstrates the cumulative measure we discussed in
the previous paragraph. We observe that the simple gazetteer did not
only achieve a high true positive ratio (see Table 4.13), but it has been
able to correctly identify the correct location at a percentage of 36%
with simple techniques. It is also better than the full gazetteer by at
least 10%. In actual numbers, the simple gazetteer matched correctly
around 845 locations, as opposed to a mere 434 that the full one did.
As a final note, it is important to mention that, despite the misclassifi-
cations (false positives, false negatives), even with the full gazetteer
it appears that we can increase our geo-tagged users data pool by
roughly 5% of present locations. This translates to several users,
especially if we consider the average 4:1 user-location ratio. Clearly,
our gold-standard data is quite small, and generalizations should be
cautioned, but it still provides good evidence that profile location is
useful and can be extracted with lightweight approaches, such as the
one presented in this thesis.
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4.4.6.3 Event Detection Results

Since spatial information is essential for our event detection mecha-
nism, we only consider those users who have been mapped to a lo-
cation, using the technique we have already described. In particular,
we only consider tweets written in english, spanish, german, greek by
users from Canada, France, Greece, Germany, Ireland, Spain, UK,
US. This gives us approximately 33.5M tweets, from a little less than
400K unique users. We order the tweets by their timestamp and re-
play the stream, feeding them to the event detection mechanism. We
apply no other data cleaning, since we would like to perform our eval-
uation as it should occur in a real-life setup.

Techniques. We have implemented our system, Twinsight, and the
state-of-the-art, EDCoW [221], in Java 1.6, both of which rely on Twit-
ter alone as input. We run our experiments on a Quad Core machine,
@3.5 GHz, with 16GB RAM and report the average of three runs.

Emotions Classification. To train our classifier, we asked from 30
individuals, of varied expertise on Twitter, to annotate a set of tweets
with one of Ekman's emotions, or a "None" option, according to their
belief that the tweet conveyed (or not) an emotion. They were also
allowed to skip tweets they felt unsure about. The tweets were ran-
domly selected from the initial dataset of 300M, to avoid biasing the
evaluation, and no consesus phase took place.

This process created a gold standard of nearly 6700 tweets 2’. From
these, we removed about 100 tweets that were outside the set of ac-
cepted languages, despite the Twitter users having indicated other-
wise in their profiles. Taking our objective into account, we performed
the following cleaning: For every tweet with an emotion and more than
100 retweets, we created an identical entry in the dataset with a ran-
dom retweet count of up to 100. We then replaced the annotator's
choice with "None" in the initial tweet and kept both versions. Most
of these tweets were funny quotes and memes -- a commonplace in
Twitter --, and had the same id, thus they could be efficiently identi-
fied through simpler mechanisms (counting the id of a tweet), even if
they refer to an ongoing event. Finally, we feel that a user reporting
an event, will tweet about it in their own words, than search for an

2’The dataset will be available upon request
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Table 4.14: #Times a trigger was raised, compared to the neighborhood range. a = 1min, w
=30,p=041

50% Sample 100% Sample
Range | Neutral | Joy || Neutral | Joy

0.001 | 4977 | 1637 5315 | 1942

0.01 | 4266 | 1168 4138 | 1280
01| 4198 | 1252 4088 | 1274

existing one and retweet it.

We experimented with various classifiers in Weka [101], including
SVMs and decision trees. Selecting the most frequent class ("None")
would give a ~34% accuracy. In the end, a C4.5 decision tree re-
turned the highest accuracy ( 64.39% ), in 10-fold cross validation,
with other classifiers yielding similar results. Clearly, these values
can be improved, but one should also consider the subjective nature
of the experiment. Most importantly, though, this did not prevent us
from identifying meaningful events. Finally, techniques such as [117]
are applicable, given the high discrepancy in sizes between our gold
standar and the experimental dataset.

Effect of parameters. In this section we evaluate the effect of pa-
rameters of our kernel-based mechanism in the event identification
process. In particular, we want to see how they affect the times a
trigger is raised, putting the event extraction phase into motion. Al-
though a high number of triggering might fulfill more users' needs, it
also means that Twinsight is stressed more, especially if these are
false positives.

Table 4.14 shows the number of times that the event extraction phase
was triggered, for various neighborhood ranges and sample sizes. We
use 1 minute aggregation and maintain a window of 30 points, result-
ing in a history length of 30 minutes. We compare against an approach
that relies on simple counting of received tuples ("Neutral"), instead of
distinguishing between emotions.

Increasing the neighborhood range results in less triggers, because
each point distributes its weight to a broader area. Therefore, new
points receive more weight from previous ones, and are less likely to
raise an event. Although the raw counts may seem quite high, they
account for less than 2.5% of all minutes in the 2 month period.
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In addition to the semantic implications of distinguishing among tweets
using emotions, this technique also appears to be a more lightweight
approach when looking for events, as there is a 3x cut-down of trig-
gering times. Also note that far fewer tuples are considered, because
tweets classified as "None" are dropped. In other words, subsequent
modules will be triggered fewer times and operate on fewer tweets,
resulting in a reduced load overall.

Spatio-Temporal Locality of Emotions. In this section we discuss
the effect of spatio-temporal locality of emotions, and its importance
in event detection. Figure 4.48 shows the number of times our ap-
proach raised an event as a function of the history it maintains, when
aggregating emotions over the past 1 minute and monitoring the entire
stream at once (we use only one sensor).

Interestingly, a bigger sample size results in more triggers. This is due
to maintaining outdated information compared to the fast pace of the
medium. As we increase the history length, triggering drops slowly
(Figure 4.48(b)), because new points can be matched against more
sampled data, and are less likely to be flagged as outliers. Recall that
we monitor the entire stream here, implying that there is a continuous
flow among all the regions we monitor.

On the other hand, Figure 4.48(a) leads to a very interesting obser-
vation. Using a 50% sample, there is a dramatic drop in the num-
ber of triggers, when we increase the window size from 10 to 15;
from that point, until a window size of 30, triggering events increases
slightly, and begins decreasing from that point on. This means that for
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Figure 4.48: #Times a trigger was raised, compared to the window size. a = 1min, » = 0.01,
p=0.1
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1 minute aggregations, there are rapid changes in the observed emo-
tions; therefore a window of 10 points may be too narrow, to maintain
a representative "history". On the other hand, a window between 15 --
30 minutes seems like a better choice. This result correlates very well
with the real time nature of the medium, where people tend to speak
and respond very quickly to their tweets. It also means that events
that are present in our data create some momentum over a mid-size
period (~30minutes), and then dissipate.

Given that 1-minute aggregations may be too aggressive, we also ex-
perimented with 5-minute aggregations. As shown in Figure 4.49, 5-
minutes aggregations are smoother with 50% sampling. Moreover,
triggering is increased towards the end, where the window size is at
least 24 points, i.e. 2hours. However, most triggers did not corre-
spond to particularly meaningful events using simple term frequency
for event description. This implies that there are not such sudden
changes in 5-minute aggregations, when monitoring the entire stream.
This has also been validated with longer aggregation periods.

What is more interesting, however, is the spike we observe in Fig-
ure 4.49(b), for a window size of 15 points (75 minutes), which does
not exhibit a similar behavior with the one of Figure 4.48(a). The expla-
nation is given in Figure 4.49(c), where we plot the emotion of joy for
Canada compared to the average of the rest of the countries. The dis-
crepancy between the two lines for w=12 and w=15 is the cause of the
spike shown in Figure 4.49(b). In practice, this means that emotions
are also exhibit spatial coherency. Therefore, it is better to perform
localized monitoring, rather than bluntly looking into the entire stream
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at once.

Efficiency Performance. In the following paragraphs, we compare
Twinsight in terms of efficiency and effectiveness against EDCoW
[221], the current state-of-the-art for event detection in Twitter.

Table 4.15 summarizes for both systems the average time taken by
each component to apply its functionality on a newly received tuple.
Location extraction is a common component. Therefore, any differ-
ences lie in the classification and event detection steps.

We achieve a total 6 x speed-up compared to EDCoW, with the event
detection step being orders of magnitude faster. In other words, our
approach requires considerably less time to identify events, and is ex-
pected to scale better as the number of tweets increases. The reason
is that Twinsight operates in an online fashion, and new tuples are
processed only once upon arrival. On the contrary, EDCoW requires
between 20 and 200ms, depending on the value of A, which spec-
ifies the number of Stage-2 signals. This difference in efficiency is
the result of several reasons: 1) EDCoW revisits tuples to produce the
Stage-2 signal values, i7) computes the wavelet coefficients in all lev-
els, which is a function of A, 727) computes signals' autocorrelations --
an unavoidable cost, tv) applies the median absolute deviation filter
twice and i22) performs the clustering step each time anew.

We would also like to note that we have run Twinsight on a simple
laptop with 2GB RAM. On the contrary, EDCoW can not operate with
so little memory, as it must maintain (at least) the stage-1 signals for
every word it has encountered.

Effectiveness Performance. To evaluate the effectiveness of the

techniques, we compare their ability to identify significant events from
our dataset. Obviously, neither technique can identify events which

Table 4.15: Average Component Processing Time (ms)

Module | Twinsight | EDCoW
Location Extraction | 3.36
Classification | 035 |

Event Detection | 0.001 | 20--200
Total | 372 | 23.36--203.36
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are not mentioned at all. For this reason, we present significant events
that each technique extracted, cross validating them with online re-
sources.

EDCoW Results. We initially run EDCoW with the parameters sug-
gested by the authors, i.e., 10 minute intervals for stage-1 signals, A
= 6, v = 40, over the duration of one day. As described in [221], an
event must contain at least two terms, but not too many. Note that, for
these parameters, the average description length of an event in their
dataset was 2.23 terms, with at most 3 tokens.

In our dataset, EDCoW finds 709 events with at least 2 keywords.
However, the average event descriptionis 39.7 terms (0 =26.6). There-
fore, we set v = 200, to increase the number of filtered tokens. Al-
though this is 5 times higher than what the authors originally used,
the average description remains high: 21 terms (o = 23.2). In other
words, most of the identified events would have been filtered out due
to low significance.

Regardless, we searched for terms that we knew to have occurred
during our crawl. The terms "eurovision" (the contest), "bayern" and
"drogba" (for the Champions League final), did not return any results.
The term "chelsea", -- the other competing team --, appears in 4 events,
when using v = 40; the term does not appear when ~ = 200. Most im-
portantly, though, the term appears on May 24 2012, 5 days after the
match. One of those 4 cases is shown below. Clearly, most of the
terms are unrelated:

bobcat, liar, desir, doc, chainz, push, selena, quedo, pasado, un-
derstood, gustan, howard, older, rare, technolog, chelsea, stadium,
phoenix, fit, concern, psalm, thug, duda, pacer, irish, hah, hacerlo,
provid, debat, swag, mum, pregunto, lama, vou, lux, strike, swallow,
cuerpo, grow, goal, theori, singer, yung, lookin, 500, slapen, lea, sus-
pens, 2016, ignor, marri

Given our goal to identify events in a timely fashion, we also experi-
mented with 1 minute aggregations, A =5, [' =40, over the duration of
half an hour, similarly to our parameters. This gives 588 events, with
an average description length of 6 tokens, but is filled with cusses. The
only exception of a real-life event is the case of "don,celtic" identified
on May 27, 00:27 GMT. The event most likely refers to the Boston
Celtics game, which took place on May 26, 8:00 ET (i.e., May 27,
00:00 GMT).
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All in all, EDCoWV failed to identify meaningful events that we knew
about during the 2-month period of our experiment. We identify two
key reasons for this:

+ With the exception of our filtering step, so that we only consider
specific languages and locations, we received tweets as a stream,
and did not bias the data collection process. On the contrary,
the data collection process of [221] could have easily biased the
received tweets towards common terms, because of the Snow-
ball harvesting technique, i.e., following social ties of a seed set
to extract additional tweets. Past research has shown that con-
nected users in online communities do not only share topical in-
terests, but also use similar wordings [184, 177]. Moreover, the
pre-processing of the dataset performed in [221] ensured an ade-
quate volume of the tokens that would indicate events, while dis-
carding unrelated words.

* The clustering step is prone to the data cleaning process and
groups tokens together aggressively. This can be validated by
the need for EDCoW's event significance step, to prune clusters
with too many terms. However, as our experimental evaluation
showed, in spite of this step, the clusters may still contain too
many terms, if the original data is not carefully selected. This
finding has also been verified by subsequent research [97].

Twinsight. On the contrary, Twinsight identified several events dur-
ing this period, and Table 4.16 presents a brief summary of the most
prominent, along with the associated emotion, where and when it was
discovered, given our objective to identify events as they occur.
Event 1 concerns the speech that Erskine Bowles, a renowned figure
in the US, gave to the graduates of an american university on that
day. Given that posted excerpts contained terms such as "debt", and
"crazy", they were flagged with the emotion of "Fear".

Event 2 is about an australian company that failed to raise a required
amount of $150m, to finish the construction of the Ararat prison. The

company went under voluntary administration 28.

28http://www.theaustralian.com.au/business/property/st-hilliers-arafat-arm-fails-to-secure-150m-goes-into-
administration/story-fn96561z-1226357382452
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Table 4.16: Sample Summary of 15 Prominent Events Identified By Twinsight
ID || Emotion || Where || When (GMT) || Description

) bowles crazy crisis debt national
1 Fear us 13/05, 13:53 single spent year érskine #2012AUGrad
. ) $150m administration ararat couldn
2 Surprise || Canada 15/05, 23:42 due extra funding hilliers
3 Sadness || Canada 16/05, 2:20 spade h_eat oke ship SIQ..h .
spurs win @luggageboii @monalove810 calling
) aus frankfurt
4 || Anger | Germany || 16/05, 07:52 || /o 12 io @eThnO hitp://t.cofji9MNILL occupy
5 Jo UK 19/05. 18:37 bayern win based champions chelsea
y T excited fair fan final germans
6 Jo UK 19/05. 19:07 15th 3rd 5th chris game
y T games goal kreider nyr wel
7 Jo German 19/05. 20-23 thomas bayern championsleague
y y T cfc mueller muller maller
8 Jo UK 19/05. 20:29 didier drogba fucking beauty
y T enjoying fair gal gaz goal great
9 Sadness || Canada 20/05, 22:42 died bich breaking mio robin
S singer @rodneyedwards gib gibb opa
10 | Anger || Canada | 20/05, 23:04 || NOS€ didntlive nato piz
police protestors riot tryna tweet
) @ctvcalgary aime ambition chacun earthquake
11 || Anger || Canada || 20/05, 15:19 || ¢ 0 frais hitp://t.co/0hJEeZ9Q italy kills
i @Mou2amara alive assad onus
12| Anger US 20/05, 11:23 prove regime shawkat showusshaukat syria
13 || Anger Ireland 26/05. 19:11 fahey ireland jesus keith paul
o squad suck tlist caled
. eurovision rain
14 || Anger Greece 26/05, 19:52 too much #Eurovision2012 kuulaaaaaaa
) celtics comin days game left
15 ) Joy us 27105, 00:58 #IRELAND #SOEXCITED @NICKIMINAJ looking

Event 3 can be traced back to various NBA games occurring on May
15, but are observed on May 16 due to the time difference. Both
"Spurs" and "Heat" played on May 15 ("Spurs" when the event was
detected), and "OKC" had a game the following day. Note that these
games appear together because we report events at the country level,
rather than the city level.

Event 4 refers to the "Blockupy Frnakfurt" movement in Germany on
May 16/05.
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Event 5 is about a major event in our dataset, the Champions League
(CL) 2012 finals, between Bayern and Chelsea, that took place on
May 19. The game began at 20:45 CEST (18:45 GMT), and there are
supportive tweets for the teams just as the match was about to begin.
Event 6 is related to Chris Kreider, a NY Rangers (NYR) Hockey
player, who scored a goal in 5' 16" of the 3rd period. A regular hockey
game has three 20' periods, with 2 intermissions of 17' each. The
game began at 18:00 GMT (13:00 ET 2°), placing the goal no sooner
than 19:19 GMT, not accounting for any delays, and certainly no later
than 19:27, when we identify it.

Event 7 is related to the goal by Bayern's football player, Thomas
Mauller, in the CL final. The goal was scored in the 83rd minute of the
maitch, i.e. on 22:23 CEST (20:23 GMT). This places our finding the
event the moment that it actually occurred and was posted. We iden-
tify similar tweets in Canada and Spain, at the exact same timestamp.
Clearly, the event is related with Joy.

Event 8 is about the equilizer, scored by Didier Drogba in the CL finals.
The goal was scored in minute 88' of the game, i.e. on 22:28 CEST
(20:28 GMT), and we identify several joyous tweets on 20:29, right
after the goal.

Event 9 is about the death of Bee Gee's singer Robin Gibb. He was
pronounced dead at 23:30 BST (22:30 GMT) on May 20th °, and a
surge in sad tweets is seen at 22:42, only 10' after his death.

Event 10 concerns the riots in Chicago, where protestors were oppos-
ing Nato's Summit ®!. Due to words "protestors", "opposing", "riot", the
conveyed feeling is anger.

Event 11 is about the earthquake in Italy, on May 20, that resulted in
the death of six people, among them a woman.

Event 12 refers to Assef Shawkat, deputy Minister of Defense of Syria.
On May 20, 2012, there was a claim he had been murdered 32, and
tweets requesting proof were posted. We have also found tweets on
26th and 27th of May regarding the Houla Massacre of the Syrian
civic war which occurred on May 25. We ommit such tweets, as they

2%http://www.nhl.com/ice/recap.htm?id=2011030313
3Ohttp://www.bbc.co.uk/news/entertainment-arts-18140862
3Thttp://www.huffingtonpost.com/2012/05/20/nato-summit-chicago-protesters_n_1530789.html
32http://newsfromsyria.com/2012/05/20/asef-shawkat-assassinated/
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contain URLSs to pictures of immense brutality.

Event 13 is about Keith Fahey, an Irish football player, who was in-
jured and pulled out of the national team.

Event 14 is one of many regarding the Eurovision contest, which took
place on May 26. Most of them are related with Joy, however, the
one we show here is related with anger. The original tweets are in
greek and we show the transliteration. The day of the contest was a
rainy and the phrase "too much" indicates the posters' dislike of both
the contest and the fact that it was raining. Moreover, Kuula was the
name of the Estonian song, but also happens to be a Greek name,
popularized by an 80's greek comedy, to convey anguish. Moreover,
the tweets we have identified follow the sequence in which the songs
were performed. For instance, the tweets of this event appear after
tweets containing "eurovision" and "ltaly", which is expected, as Es-
tonia performed right after Italy. Finally, the contest started at 21:00

CET 23 (19:00 GMT), and the Estonian song was performed 52 min-

utes within the contest 34. Therefore, we identify the event as timely
as possible.

Event 15 is about the NBA game between Boston Celtics and the
76ers. The game started at 20:00 ET, 26 May 2012, which is 1:00 am
GMT, May 27th. Discussions on Twitter prior to the game, especially
as it was about to start, led to the event being detected. There were
also some feelings of excitement concerning Nicki Minaj's upcoming
performance in Ireland.

To sum up, Twinsightidentified several events of varying types, emo-
tions, and intensity, even though we use simpler techniques for event
description. Note that we also identified different events happening
on the same day, because we can operate effectively in smaller time
intervals. Moreover, depending on its type, an event's transition from
a latent state to one where it has gained enough visibility may vary,
nevertheless, we are still able to capture such changes. Therefore,
we have been able to identify considerably more meaningful events,
with more efficient techniques, compared with EDCoW. Finally, it is
worth noting that, even though we presented the locations where the
events were observed, we are able to identify most of them even when

33hitp://www.eurovision.tv/page/baku-2012/about/shows
34http://www.youtube.com/watch?v=fjueOl4Hyko#t=51m40s
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we monitor the entire stream.

4.4.7 \Visualizing Results

Taking into account what type of information constitutes an event (i.e.,
time, location, keywords), and how we have proposed to address the
event identification problem (i.e., affective theories of emotions), there
are three major components that our User Interface should have:

1. Location Extraction / Geocoding of users
2. Emotion extraction from tweets
3. Event description / textual summarization

The columns of Table 4.16 clearly indicate the type of information we
want to visualize. We discuss how we do that in a contextualized way,
in the following paragraphs.

4.4.7.1 \Visualizing Emotions

Regarding emotions, we consider the model of 6 basic emotions pro-
posed by american psychologist Paul Ekman [77]. We also use a
"Neutral" (or "None") emotion, to indicate the absence of one, leading
to a total of 7 target classes. Color psychology and respective emo-
tional theories have associated certain emotions with specific colors.
We build upon these theories, and use these mappings when visualiz-
ing this type of information. These mappings are shown in Table 4.17.

Table 4.17: Mapping of emotions to colors, and examples of corresponding tweets.
Emotion | Color | Example

Neutral White | am Dept. of Informatics & Telecommunications (Athens, Greece)
Anger Red | hate it when | do something and everybody finds out! :@

Disgust | Purple | RT Retweet this if you too are offended by #HoulaMassacre #Syria
Fear Yellow | I'm afraid this won't work out well

Joy Green | Goaaaaaaaaaaaaaaal!!!!! Let's go @chelseafc!!! #cfc

Sadness | Blue I miss my baby :(

Surprise | Orange | @gvalk are you serious!?
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Information regarding the extracted emotions from tweets is visualized
in two ways: First, we use a world map and place that information
there, as described in the following section. Second, we visualize how
the aggregate emotional state changes over time for each monitored
location, thereby providing a spatio-temporal hedonometer.

We use two techniques to visualize the hedonometer: The first one
is to use cardiograms, whereas the second one is to use histograms.
In the first case, all emotions of a specific location are shown in the
same area. Fig. 4.50 shows an example of this visualization, in three
distinct timestamps, for the United States.This enables the end-user to
understand the interplay -- or lack thereof -- of emotions experienced
in that area.

For instance, neutral emotions (black line) make up most of the num-
ber of tweets that are received, with emotions of joy being second in
line. An important observation is the difference between the trends
of tweets conveying an emotion and the neutral ones. As a specific
example, consider Fig. 4.50(b), where we can clearly see a distinctive
surge in neutral tweets, right after the middle. However, this surge
is not shared by tweets conveying an emotion, implying that we can
avoid spurious bursts by using emotional theories.

The figures also validate our intuition that we should rely on emotions
to detect events, rather than use simpler aggregations: If the lines
were identical (even if simply translated on the y-axis), there would
be no merit in using emotional signals; monitoring the entire stream at
once (i.e., tweet counting) should be sufficient. This is not the case,
as the lines are different from one another.

The second approach, shown in Fig. 4.53 at the bottom of the screen
uses histograms, and displays each emotion separately. Once again,
the emotions are updated along the temporal dimension. This visual-

e sl e wwww

(a) t1 (b) 2 (c) 3

Figure 4.50: Cardiograms of emotions, for three distinct timestamps in the United States
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ization allows for better understanding of how each emotion is varied
in a specific area over time. It also gives a clearer view of the magni-
tude of each emotion at a specific point in time.

4.4.7.2 Visualizing Spatial Information

Using our custom geocoding system, described in Section 4.4.3.1,
we are able to map users to specific geodetic coordinates, i.e. (lat,
lon). Geodetic coordinates can be visualized on a 2D World Map,
through appropriate projections. We employ Mercatorian projections,
which convert geodetic coordinates to cartesian, and are the most
widely used. The projected world map is visualized using KML (Key-
hole Markup Language) files, thereby conforming to OGC-compatible
Open Standards.

The map makes up for the central part of our Graphical User Interface

(GUI), as shown in Figure 4.53 3%, The user is allowed to zoom in
and out of areas, by selecting from a set of target countries, for which
we currently perform emotion detection. Once a tweet has passed
through emotional extraction and geocoding, it is displayed on the map
in the following way: Given the location where the tweet was mapped
to, we descend the hierarchy, in a random way, until we reach the

lowest levels, i.e. a town or suburb in our case. If the tweet was
mapped to a town / suburb in the first place, there is nothing more to

do. Given the emotion of that tweet, we then color that region with the
respective color of that emotion.

Currently, "coloring a town" means that we set the pixel corresponding
to its location on the map to the color of the emotion. Although we only
set a few pixels to that color, we expect that, in the aggregate, surges
of emotions will become evident. Coloring pixels instead of broader
areas has the advantage that we can update the Ul easily and most
importantly in real time. Newer emotions take precedence over older
ones, and a town is always colored based on the most recent infor-
mation. Finally, as time goes by, old town colorings are removed from
the map, to accomodate for newer information, or simply returning it
to the original color.

35The colors have been reversed, for printing efficiency
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4.4.7.3 Visualizing Event Description

Once an event is identified, we need to present it to the user, so that
they are notified about it, and we should provide as much information
as possible. Consequently, a separate area of the Ul is devoted to this
purpose. As new events arrive, older ones are evicted from the list, for
which we have already notified the end-user. The general information
we currently show is:

- Date: The date and time (shown in UTC/GMT) when the event
was identified. This is practically based on timestamps of incom-
ing tweets.

« At: A description of the location, where the event was detected.
These descriptions are based on what the user is currently moni-
toring. For instance, if they are monitoring at a country level, the
"At" field would be "United Kingdom", even if the event was iden-
tified in Manchester.

- By: A list of microbloggers who talked about the event. These are
practically links to the original tweets, based on which the event
was identified.

- Event: A list of terms describing the identified event. The descrip-
tion is used as a fast way for the end-user to know what is going
on.

Fig. 4.51(a),(b) demonstrate a subset of the events shown to the user
with respect to the Champions Leagufe final, an easily identifiable
event in our dataset. The figures are used to illustrate the fact that
new events are added in the list.

Fig. 4.51(a) shows a distinctive (sub)event of the Champions League
finals, which is the goal scored by Bayern's football player Thomas
Muller. The summary of the event clearly indicates that the event has
been identified in Germany, which is only natural given that Bayern
Munich is based in Germany, not to mention that the Allianz Arena
stadium, where the final took place, is also in Germany.

Similarly, Fig. 4.51(b) shows the (sub)event of the goal scored by Di-
dier Drogba, Chelsea's football player. Notice that the previous event
(Bayern's goal) is pushed down the list, to make room for the newly
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Event Summarization

On: 19/05/12 20:22:27

At: Germany

By: @Sport ist Nord, @melj1213, @Shaun Baker, @jankoninglo

Event: bayern cfc championsleague mueller muller milller phooooto phooto thomas tooooooocor
On: 19/05/12 19:58:27

At: Germany

By: @silke73, @chrizzoandmaxim, @BrendaViloria , @sxx_MuffinMix_xD

Event: @HoffMotte @mezi2011 @sandyptschke7d @xColorMe Purple aber bei bleiben chelsea o

(a) Goal by Mdiller

Event Summarization

On: 19/05/12 20:28:27 -
At: Ireland

By: @adamjld, @eva lawlor, @DenisGlynn
Event: @Ronankels @jwhirch @nbrez drogha droghaaaaa half jim joes laugh shouldhavebeenacon

On: 19/05/12 20:28:27
At: United Kingdom

By: @Star Obsession, @JakeAdams11, @Moniz8s, @RossTonner, @LouisSerranc
Event: penis prick @CurtisCampbellx @Leigh_Learmont @VINNYGUADAGNING bayern blizard

On: 19/05/12 20:28:27

At: Spain

By: @shevygaviria, @josueserranoper, @EtoFutsala?, @LueZas, @silviaagquadol 3, @DctMaligno
Event: droghba chelsea futhol gol didier drogbaaa final golazo injusto penaltys

On: 19/05/12 20:22:27

At: Germany

By: @Sport ist Nord, @melj1213, @shaun Baker, @jankoninglo

Event: bayern cfc championsleague mueller muller milller phooooto phooto thomas tooooooocor

(b) Goal by Drogba

Figure 4.51: Summary of two events shown to the end-user, regarding the Champions
League Final

identified event(s) describing Chelsea's goal. The same event 3¢ is
identified in three locations, because each one of them is being mon-
itored separately by the user: Spain, United Kingdom and Ireland.
Were we monitoring these locations collectively, the event would have
been identified only once, but the "At" field would be different. Also

notice that the user is promptly notified about both events 37, with re-
spect to when the goals were scored.

Finally, an additional piece of information that we present to the user
is the emotion associated with the event. This is again displayed as
a color, to the far left of the event description. For instance, most of
the events that we identified are associated with the color "Green",
signifying "Joy". This is expected, as most of the tweets are cheerful
about the goals scored, by the team they are supporting. The only

36We know its the same event due to the descriptions.
37http://en.wikipedia.org/wiki/2012_UEFA_Champions_League_Final

G. Valkanas 238



Mining and Managing User-Generated Content and Preferences

Event Summarization

Oomn: 28/05/12 19:52:27 i
At: Greece

By: @sbadek @MChrismara @constantnos

Event: ko @ikostaki eurovision eurovision2012 eurovisiongr italy aioyo ayyobpw avtiypagpapa PpoyT|

On: 28/05/12 19:49:27

At: Ireland

By: @CrlaghBieber, @LennyLovet, @WeddingHigh
Event: @ClaireDobinson @PaddyDuffy bunga cyprus eurovision hehehe preppy thinking

Oomn: 28/05/12 19:43:27

At: United Kingdom

By: @stevenjones4s, @FreshiesAnnoyMe, @SAMMYDABAMMY, @lydiahurren, @snewg4, @chlosfinlayson

Event: eurovision @MissFifll @ Pembyk @RaeRaeMysterio @TankBoogle @_SoCali @butterworth_97 avi balls catchr

On: 28/05/12 19:31:27

At: Spain

By: @OSES]ORGE, @EvaBtw, @bealrol1872, @AlvaritoPuensi, @SusaetaBeti 7, @irisnpl. @AmbreisHere
Event: eurovision oui rusia @Bensonissime @GuilleMolina7? @_alimonster @anapastor_tve abuelitas aupa avais

On: 268/05/12 19:25:27

At: Spain

By: @elenalahoz, @Johnyl9 88, @MarMratzzs, @MapyLopez27, @AlvaroCeltics, @edul 8Tx, @KendallmyLIFE, @IM]|
Event: eurovision lituania 3/25 @AnnaAlmecija @Estefania_P_] @JoseLuisSoria20 @MariloGuaje7 @Rubio LR @alfi

Oomn: 268/05/12 19:13:27

At: United Kingdom

By: @molliewelch, @twistedkitess9, @liamdcherty, @TW_Beth, @nathanluhar, @hannahmurphy

Event: 000 englebert eurcovision 277 @BBCOxfordIntro @Ivyrise @iwantweasley @lydianewhall bus climbed

Figure 4.52: List of identified events (and their summary), related to the eurovision contest

exception is the goal scored by Drogba, that is associated with "Red",
i.e., "Anger" -- clearly not what one might expect. Most surprisingly,
the event is identified in the United Kingdom, Chelsea's homeplace.
However, if we look closely, we will see that the term "Bayern" is in
the description of the event and not "Chelsea" (or "goal", or "Drogba") ,
with some less than flattering words. It is useful to note, nevertheless,
that these terms have come up during other runs of our approach, due
to our sampling-based approach in event detection.

Fig. 4.52 shows a second list of events, with their respective sum-
marization. The events all correspond to the Eurovision 2012 song
contest final, which stirred up considerable discussions. Starting from

the bottom and moving upwards the events list, we can easily verify
that the identified events describe the sequence in which the partici-
pating teams competed in the contest.

For instance, Engelbert opened the contest, which started at 19:00

GMT 39, The singer was representing the United Kingdom, singing a
ballad, thereby creating some moody feelings, as exemplified by the
color "blue" (sadness) next to the event description. About 12 minutes
later, we see an event containing the term "lituania", which was com-

38http://www.eurovision.tv/page/baku-2012/about/shows/final
39http://www.eurovision.tv/page/baku-2012/about/shows
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¢ ClEarth Event Summarizal tion

o Canada
[3 United Kingdom

Om: 28/05/12 1€:52:27
At: Greece
By: @sbadek @MChrismara, @const.

o [] Northern Ireland Event: kou @ikostaki eurovision eurot

On: 28/05/12 18:42:27
At: Ireland

o [wales

e [ Scotland

o [JEngland By: @OrlaghBieber, @Lennylovet, @
o Event: @ClaireDobinson @PaddyDufi
o [¥lSp Om: 28/05/12 16:43:27

At: United Kingdom

By: @stevenjonesds, @FreshiesAnno
Event: eurovision @MissFifii @Pembr
On: 28/05/12 18:31:27

At: Spain

By: @OSES]ORGE, @EvaBtw, @bealr
Event: surovision oui rusia @Bensoni:

& [¥lGreece
o [¢] United States

Om: 28/05/12 16:25:27

At: Spain

By: @clenalahoz, @Johnylg 96 @Ma
Event: eurcvision lituania 3/25 @Ann

IOn: 28/05/12 19:13:27

At: United Kingdom
By: @molliewelch, @twistedkites8g, &
Event: 000 englebert eurovision 277

No. Emotions: 1 @7

View: @ Histogram O Cardio

=}
Interval:

1Im 5m 10m 15m 30m 1h

apply | | | el et et

Figure 4.53: The overall GUI that the user sees.

peting 4th in line. Hungary and Albania do not show up in this run,
although Hungary received a very low ranking overall, and we did not
see that many discussions concerning its participation. Lithuania was
next, and with a maximum of 3 minutes per song, the user sees the
event -- as it is identified according to the discussions -- right when
it occurred. as shown in Fig. 4.52, we also identified discussions re-
garding Russia (which is written with a single "s" in Spanish), Cyprus
and ltaly.

4.4.7.4 Putting It All Together

In addition to the separate components that make up our system, the
user is able to control the event detection process through a set of
available options. These options are available at all times, and can
be altered while the system is running. Overall, our Ul provides the
following options that affect our system's functionality:

« Number of emotions against which tweets are classified.

G. Valkanas 240



Mining and Managing User-Generated Content and Preferences

+ Monitored locations, including parents and children nodes in the
hierarchy.

- Size of aggregation interval, i.e., number of minutes between two
consecutive runs of our event detection mechanism.

Fig. 4.53 shows the complete version of our Ul, as this is shown to the
end-user. Observe the histogram type of monitoring the emotions at
the lower section of the screen, that we have already discussed. Also
note that emotions are shown on the world map, coloring specific pix-
els appropriately. The coloring result is more prominent in France,
Ireland, Spain, the UK and the US. Regarding the United States, note
that very few tweets are mapped in the state of Alaska. The reason is
that, despite the arbitrary assignment to town locations, we descend
the hierarchy from the initial geocoded location. Therefore, if a tweet
was mapped to New York City, it will be mapped to a suburb of Man-
hattan or Brooklyn, but never to a city in Alaska. As the population in
Alaska is far lower than other states, this is an indirect validation of
our geocoding service.

The options available to the user can be seen in the left hand side of
the Ul. In the upper part of the options area, we display the areas that
the user is allowed to select from. These are shown in a tree structure
that reflects the hierarchy we currently rely on to identify events and
display information. Note that event monitoring is currently performed
at the country level and that it is also possible to select parent nodes
separately from children node (e.g., United Kingdom is selected, but
none of its children are). Therefore, only the countries appear in the
bottom area of the Ul, which shows the aggregate emotional state per
region.

In the lower part of that area, we can clearly see options that affect
the emotions that we monitor. Currently, the user is able to select
between monitoring all 7 emotions, or just 1. The latter case is iden-
tical to monitoring the rate at which tweets arrive, regardless of any
emotion that they may convey. We also allow various aggregation
intervals: 1 minute, 5 minutes, 10 minutes, etc. By reducing the ag-
gregation interval, users will be notified about events more timely, but
more events will be generated. By contrast, increasing the aggrega-
tion interval will generate fewer events, but the user will be notified
about them less promptly. They can also switch to monitoring a sin-
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gle "emotion", which is practically equivalent to monitoring the rate at
which tuples are received. In the same part of the Ul, we also clearly
see the option to switch between histogram and cardiogram view of
emotions.

An option not shown in this Ul is that the user may select between
real-time identification of events, by monitoring the Twitter stream, or
replaying stored streams. The latter functionality can be used to im-
prove all aspects of our sub-system, including our Ul, as well as give
access and insights to historical data. This is simply done by passing
additional arguments when the system starts.

4.5 Summary

Social media are a highly prolific area for research, especially due to
their wide adoption by the users. A distinctive characteristic of social
media platforms, compared to prior online services, is their social com-
ponent, where users may connect with each other, forming directed
or undirected social graphs. This component lays the ground for new
research questions in various disciplines, including social sciences,
economics and, of course, computer science.

In this chapter, we considered various research topics that arise in
such a novel area of research, ranging from efficient ways to harvest
information, to techniques that automatically identify meaningful in-
formation (i.e., events), that could prove useful for a number of ap-
plications, such as computational journalism, crisis management or
resource allocation to name a few.

In particular, we presented the architecture and implementation de-
tails of a crawler for the Twitter service, a popular social media plat-
form in the contemporary webosphere. The service offers two distinct
Application Programming Interfaces to provide access to its data: a
Streaming interface, whereby user generated content is received as
a data stream, and a Probe-based one, where users query the ser-
vice for specific information. Information may be collected according
to several characteristics, such as the social component, spatial infor-
mation, topical information (keywords), and so on. Our crawler effi-
ciently harvests information based on these characteristics.
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We also presented how data analysis can be incorporated in declar-
ative languages, so that it may be optimized and executed efficiently
in domain-specific query execution engines. The main advantage of
this approach is that the underlying optimizer knows the particularities
of the domain, and ensures the efficient execution of the query. We
proposed a technique whereby data analysis techniques are formal-
ized as intensional extents, can be expressed at the language level
as well, and are subsequently refactored to be optimized by the exe-
cution engine. Although our methodology is independent of a domain
of application, we demonstrated its performance in a sensor network
domain, which is a resource-constrained setting and the temporal di-
mension plays a vital role.

Finally, we used social media data to identify newsworthy events in
real-time, given that past research had shown that the discussed top-
ics reflect what is happening in the physical world. We started with
an initial analysis of the statistical properties of the received content
provided in a streaming fashion, because multiple sample percent-
ages may be used. The purpose of this analysis was to understand
the differences between the sampling policies and the merits of using
one over the other. Based on this analysis, we used the appropri-
ate stream, and went on to present our event detection mechanism
for newsworthy information, using social media data. Our event de-
tection mechanism relies on and incorporates cognitive and affective
theories of emotions, allowing our solution to be viewed as an ana-
lytical tool for the social sciences as well: not only an approach to
identify events, but also a way of understanding how different events
impact different people. In order to be able to identify events, we pre-
sented a geocoding service, which was used to assign spatial infor-
mation to the users and later groupd them into large, geographical
groups, which are monitored independently. Our approach for detect-
ing events also revealed certain properties regarding the discussions
of events, namely that events generate a medium-term momentum
(i.e., a lot of people start talking about it for some time), but then dissi-
pate. Our event detection mechanism operates in an online fashion,
making it suitable for a fast paced medium like Twitter, and social me-
dia in general.
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Chapter 5

Conclusions and future directions

5.1 Summary of the thesis

The landscape of the World Wide Web is changing, following the tech-
nological advancements that occur at the hardware and the software
level. Online services and applications are more pervasive nowadays,
especially as smartphones and other devices (e.g., wearables) allow
users to monitor and share their daily activities, and connectivity to
the internet is practically constant with wireless technologies. Users
also interact with each other directly and in real time, through social
networking platforms, openly expressing their opinions over politics,
sports, news, and general interests.

All these interactions generate a tremendous amount of information.
Managing and mining such information is a key step to providing the
user with engaging services that fulfill their needs. The information
may be used by an existing service either to improve its quality or to
add new functionality, or it may serve as the data to empower new
services.

In this thesis, we considered three specific cases of managing and
mining such information, while addressing both objectives. In short,
the contributions of this thesis can be summarized as follows:

1. A technique to reduce the output size of skyline queries, that cap-
tures diversification of trade-off points at its core, and an alterna-
tive scheme for ranking them.

2. A formal framework to quantify the competitiveness of items, and
efficient algorithms to return the top-k competitors.
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3. A complete framework to efficiently gather, process and mine in-
formation from a popular social networking platform, Twitter.

4. A comparative analysis of the sampling policies of the Twitter so-
cial networking platform.

5. A technique to detect events from social media data in real-time,
using custom geocoding and relying on cognitive and affective
theories of emotions, which also provides a dual perspective, in-
forming us of the way that users react to events.

In all of these cases, we experimentally evaluated and validated our
proposed techniques, comparing them with existing equivalents or
meaningful baselines.

Regarding our first objective, we provided a formal framework to diver-
sify skyline points in an intuitive way and return £ skyline points with
maximum diversity. Our proposed approach builds upon established
measures of importance for skyline points and only requires that the
dominance property be defined. Consequently, it is applicable in any
setting where skyline queries may be applied. We model the problem
as a Max-Min instance of a k-Dispersion Problem [], where k con-
trols the output size of a skyline query. To efficiently compute the
k skyline points with maximum diversity, we presented a two-phase
framework, named SkyDiver, that first transforms the original space
into a more compact, yet approximate one, and secondly selects the
k points, operating in the transformed space. For the transformation,
we use MinHash signatures [46] which fits nicely with our definition of
diversification. In particular, we compute the diversity of two skyline
points as the Jaccard distance of their domination sets, i.e., the sets of
points that they dominate. For a more compact representation of the
original space, we may also employ Locality Sensitive Hashing [113].
Experimental evaluations demonstrated that the SkyDiver framework
is much faster than a naive implementation of the solution, while being
very effective at the same time. Comparison against other techniques
that control the output of skyline queries [200, 136] showed that 2) di-
versification, as an objective, is different from coverage, and that i)
distance-based representation of the skyline correlates more with the
coverage objective.
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For our second objective, we presented a formal framework that quan-
tifies competitiveness between items defined in the same feature space.
Our proposed framework is generic enough to accommodate all fea-
ture types. Our formalism of competitiveness maps naturally the no-
tion that "items that address the same target group are more com-
petitive than items with different target groups". A target group can be
identified as a group of people interested in a specific feature subset of
the original feature space, and by considering all possible feature sub-
sets, we take into account all possible target groups of an item. Then,
for each target group, we quantify the degree to which two items may
fulfill the same needs. Our formalism also allows for different groups
to contribute with different weights. Given our formalism, we also pre-
sented efficient techniques to identify the top-£ competitors of an item
of interest. We then experimentally evaluated our techniques, both
in terms of efficiency and effectiveness. Our experiments revealed
that the presented technique is highly efficient, especially compared
against a straightforward implementation. Unlike a nearest neighbor
baseline, our formalism is also very effective in identifying competitive
items, as demonstrated by the user study we conducted.

For our third objective, we implemented a crawler for the Twitter ser-
vice, which is a prevalent social networking platform, that has received
much attention by the industry and academia alike. Our proposed
architecture ressembles that of a crawler designed for the surface
web [49], with certain changes to account for the differences of the
Twitter service, namely ¢) a streaming component to receive data, i)
a different mechanism to enqueue queries, given the custom rate lim-
its of the service. We also presented an approach that harvests infor-
mation from web sites that provide a query interface. Such techniques
have been popularized for the Hidden Web [40], and we augment ex-
isting models [159] to account for the ranking of the returned results.
Our experiments demonstrated that by accounting for this aspect, we
are able to retrieve more content (i.e., cover the content better) with
the same number of queries, when compared with the default scheme.
The final part of this contribution refers to building an intermediate
layer for query execution engines, so that so that data mining algo-
rithms may be expressed in structured languages (e.g., SQL, CQL,
etc), and executed efficiently by the underlying execution engine. We
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demonstrated how to achieve this with an existing execution engine
destined for sensor networks [83]. The selection of a sensor network
query execution engine is because queries in this setting also consider
the temporal aspect, which is also an integral part of social media data.
Our approach is to model data mining algorithms as extensional ex-
tents, allowing us to include them in declarative queries like any other
extent (e.g., relation, view, etc.) [208]. For the same reason, query
execution engines are able to optimize these constructs, as long as
they can be expressed with the declarative language.

Regarding our fourth objective, we were interested in comparing the
sampling policies that Twitter uses to provide data in a streaming fash-
ion. In particular, Twitter provides either a 1% or a 10% sample of all
public posts, and we conducted a set of experiments to identify key
differences in the two policies, with respect to the data acquired. Our
analysis covered a broad spectrum, including spatial and temporal in-
formation, sentiment extraction, popular topic detection, the retweet
graph and linguistic information. Our analysis revealed that the 1%
sample is good enough when someone is only interested in very pop-
ular topics, whereas higher sampling ratios are needed in order to
uncover less popular topics. It also showed that by monitoring the
retweet graph over extended periods of time, we may achieve similar
results, interms of graph characteristics, as when having access to the
entire stream (100%). The received information may also change by
slightly adjusting the bounding box of the monitored location. Finally,
our linguistic analysis showed that the languages in Twitter, ranked by
volume of written text, are very different -- in order and in percentages
-- from ground truth data collected through world-wide surveys.

For our final goal, we presented an approach that is able to identify
events in real time using social media data. Unlike previous tech-
niques, our approach is not tied to events of a specific type, thereby
making it generic. At the core of our model lies an outlier detection
mechanism which monitors the aggregate emotional state of users,
grouped by their spatial proximity. To extract the location of users, we
built a custom geocoding mechanism that relies on open-source soft-
ware and data available on the web. For the emotional state of users,
we employ a classifier with 7 target classes, augmenting the 6 emo-
tions proposed by psychologist P. Ekman [77] with a "None" class.
Twitter posts are then classified to one of the 7 classes, allowing us
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to collectively monitor the emotional state of the group. Comparing
against the state of the art, which uses online clustering [221], our ap-
proach is more efficient and is able to identify a lot more events. On
the contrary, [221] is unable to identify meaningful events, because
the technique requires careful data collection to work properly, which
is impossible for practical scenarios. Our proposed technique also
serves a dual purpose, as it can be used to observe how users react
to certain event types, which is not possible with previous techniques
designed for event detection.

5.2 Future Directions

There are various research directions to follow within the scope of
mining and managing user-generated content and their preferences,
and push forward the research that has been presented in this thesis.
We discuss some of these possibilities in the next few paragraphs.

5.2.1 Skyline diversification and novel query types

Interesting variations of the skyline diversification problem include set-
tings where the dominance property is not clearly defined, as is the
case with the skyline over groups of points [148]. The dominance
property, which is the most integral part of skyline computation, does
not extend to groups in a straightforward manner. Based on past liter-
ature, we could define diversification using the y-dominance between
groups of points. We note that our definition of skyline diversification
is easier to extend to such a setting, compared with diversification
techniques that rely on L, norms. Another direction regarding the
efficiency perspective of the problem would be to parallelize compu-
tations, to scale our proposed technique for massive datasets.

Efficiency was also one aspect to improve when ranking skyline points
with our IR ranking scheme. A reason for that is that we only consid-
ered the upper bound of a skyline point's score. Therefore, by consid-
ering the lower bound as well, we may be able to improve the efficiency
of the presented technique. An alternative approach is to use approx-
imate techniques, with quality guarantees, that result in the same final
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ranking as the one obtained through exact computations. There are
two options to achieve this: ¢) by sampling the original space, so that
we perform the computations using fewer points, and 2z) by using the
first top-/ layers of minima, as earlier layers contribute with a higher
weight. Moreover, earlier layers contain a significantly larger number
of points, therefore one would expect that the final ranking would not
be affected too much by the layers of minima towards the end.

5.2.2 Competitor identification and review mining

The notion of competitiveness builds on the premise that items target
the same group of people and fulfill their needs. To identify the degree
to which these needs are fulfilled, we used review mining techniques,
and assigned a score to each discussed feature (e.g., quality of prod-
uct, usability, etc). One aspect that our current methodology did not
take into account was that users expressed their opinions of the prod-
uct based on some specific usage type. In other words, the review
was biased by the user's expectations of the item. As an example, a
normal computer processor may be adequate for office work or brows-
ing the internet, but will not be sufficient for experiments or gaming.
If a user bought such a processor for a gaming machine, they would
definitely be unhappy, and this would be reflected in their review. By
carefully mining the reviews to identify the cases where an item is best
suited, we may not only improve competitor identification, but also rec-
ommendations for other products. Such a goal may also change the
searching paradigm for products to specifying the intended use.

5.2.3 Mining user-generated content and social media analysis

Despite the attention that the field has attracted, social media remains
an unexplored area to a large extent. Regarding event detection, bet-
ter techniques to extract the location of users are required. The rea-
son is that spatial information may be part of the post, which we do
not currently consider. Another issue is that certain events may not
necessarily be tied to a location. A way to address this is to map cer-
tain entities or keywords of a post with a specific location, combining
information from external resources, such as Wikipedia or FreeBase.
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Another limitation of our existing approach is that the same event may
be discovered in multiple locations, eliciting different emotions. For
this reason, we need an aggregation phase that groups together the
separate descriptions into a single one. This aggregation phase may
take place after the event description of each separately identified
event, grouping together events that share common terms. The op-
posite may also occur, where two different events may have occurred
at the same time, in the same place. In such a case, we need to split
the output event into two (or more). This may be achieved by finding
whether the descriptive keywords co-occur in any of the posts. If they
do not, we may consider them as separate events.

The above requirements have two additional byproducts. First, more
elaborate techniques should be preferred in this case, to extract more
descriptive keywords of the event. Second, we should be able to fil-
ter out false positives, i.e., cases that our technique identified as an
event, but do not really correspond to one. Ideally, this should be
done in real time, and without the use of external resources for cross-
checking. One way to achieve this would be a preliminary analysis
that would provide a prior probability of a term appearing in an event.
However, one should keep in mind the special characteristics of the
Twitter platform (personal writing style and slang, short text) when ap-
plying such prior probabilities.

As far as event detection is concerned, alternative user groupings
could be considered. For example, instead of grouping users by their
location, we could apply a clustering algorithm to group users together
according to their topical proximity. By topical proximity we mean the
users' similarity of what they post. Of course, a user may be part of
several communities, in which case a fuzzy clustering algorithm may
be more appropriate, so that each user may belong to -- and therefore
update -- more than one groups.

Moreover, there are several other research directions to consider re-
garding social media. The social network is a major asset of these
platforms and uncovering the underlying mechanism with which links
are formed is extremely interesting. Knowing this mechanism allows
us to better study and understand user behavior as well as graph
structure, its properties and evolution. The problem becomes partic-
ularly challenging given that the collection of the graph is a very slow
process, and techniques that could infer the graph would be preferred.
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Finally, event and timeline summarization is another direction to con-
sider. In this case, given a set of time-ordered posts, we are inter-
ested in a (much smaller) subset that captures the major (sub)events
or adequately describes the original set. For example, in a football
match, cards, goals and fouls are the subevents of interest. In a po-
litical campaign, the turning points that affected the outcome should
be the output of such a technique. We note that the selected subset
changes at different temporal granularities, even for the same event.
With the diversity, volume and quality of the user-generated content
in social media, the need for techniques that effectively summarize
information and capture the major milestones, can only be expected
to increase.
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