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AbstratIn reent years a new paradigm has emerged on the Web, haraterizedby the massive partiipation of users in the prodution of ontent. Theresults present the typial advantages of a bottom up proess: infor-mation tends to over the most various topis, keeping up to date andre�eting the point of view of the users, giving prominene to the mostpopular ideas but representing also the long tail of diverse views. On thedownside, soial Web appliations su�er for a lak of organization; theabsene of a single oherent point of view, in onjuntion with sarelystrutured ontent, makes it harder to retrieve and organize information.The Semanti Web o�ers standards and tools for the representation ofknowledge in strutured format, but most online ommunities appear asstill far and sometimes relutant to the adoption of these solutions, whihan hardly deal with the simple and quik interfaes that haraterizeWeb 2.0 appliations, and with the messy heterogeneous data reated bymany di�erent-minded users.This work presents an investigation on how the new bottom up paradigmbased on the partiipation of large masses of users on the Web an dealwith prodution and organization of knowledge on a large sale. Startingfrom the observation of emerging dynamis, mehanisms and onventionsadopted by online ommunities to manage ontent, this thesis o�ers aninsight into the main hallenges raised by the huge amount of heteroge-neous data reated by users on the soial Web, fousing on three of itspillars: miroblogging, soial tagging and wikis. A variety of approahes,ranging from information retrieval and soial network analysis to Seman-ti Web tehnologies, are leveraged to shed light on interation patternswhih haraterize ontent prodution in these systems, to assess theirvalue as soures of strutured knowledge, and to propose solutions whihan improve urrent appliations.
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SommarioIn questi anni stiamo assistendo all'a�ermarsi nel Web di un nuovoparadigma, basato sulla parteipazione massiva degli utenti alla pro-duzione di ontenuti. I risultati presentano i tipii vantaggi di un pro-esso bottom-up: i ontenuti tendono a oprire gli argomenti più vari,a restare sempre aggiornati e a ri�ettere il punto di vista degli utenti,mettendo in risalto le idee più di�use ma rappresentando anhe la lungaoda di punti di vista diversi. Dall'altra parte, le appliazioni del soialWeb so�rono di una mananza di organizzazione; l'assenza di un uniopunto di vista oerente, insieme alla mananza di informazione strut-turata, rende più di�ile l'organizzazione e la riera dei ontenuti. IlSemanti Web o�re standard e strumenti per la rappresentazione dellaonosenza in formato strutturato, ma le omunità online sono per lo piùanora lontane e spesso riluttanti all'adozione di queste soluzioni, he ap-paiono inadatte alle interfae estremamente semplii he aratterizzanoil osiddetto Web 2.0, e alla quantità di dati eterogenei e disordinatireati dagli utenti.La domanda he sta alla base di questo lavoro è ome il nuovo paradigmabottom-up basato sulla parteipazione massiva degli utenti in rete puòoniliarsi on l'organizzazione della onosenza su vasta sala. Par-tendo dall'osservazione delle dinamihe emergenti, dei meanismi e delleonvenzioni adottati dalle omunità online per organizzare i ontenuti,questa tesi o�re una panoramia sulle prinipali s�de legate alla pro-duzione ollettiva di onosenza nel soial Web, onentradosi su tre deisuoi pilastri: il miroblogging, i sistemi a tag e i wiki. Diversi approi,dall'information retrieval e la soial network analysis alle tenologie delWeb semantio, sono utilizzati per studiare modelli di interazione hearatterizzano questi sistemi e proporre soluzioni per migliorare le appli-azioni attuali.
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1 Introdution
1.1 Motivations and goalIn the last deade, we have witnessed the explosion of soial appliationson the Web. The low tehnologial barriers and the development ofeasy interfaes based on the paradigm of the read-write Web have madepossible the ative partiipation of large masses of users. Web siteslike Deliious1, Flikr2, Youtube3, Twitter4 and Wikipedia5, started asobsure experimental projets, have all been haraterized by an expo-nential growth until reahing millions of ative users in few years.The result of this wide partiipation is the prodution of huge amountsof information, with the typial advantages of a bottom up proess: in-formation tends to over the most various topis, keeping up to date andre�eting the point of view of the users, often giving prominene to themost popular ideas, but representing also the long tail of diverse viewsin a demorati way.Reently, the importane of this kind of systems and their in�ueneon the whole soiety has emerged in the a�rmation of so alled wiki-revolutions of the Arab spring [1, 59, 49℄, or in the rise of the 15Mmovement in Spain and in the ampaign for the anti-nulear referendumin Italy, where soial media suh as Faebook, Twitter and Youtubesupplied to the lak of information provided by TV and traditional mono-diretional media, and were probably a determinant fator for reahingthe quorum6.One of the �rst suessful experiments whih leveraged the Internet tofoster the ative partiipation of a large base of users, and an be seenas an anestor of Web-based ollaborative projets like Wikipedia, is the1http://www.deliious.om2http://www.�ikr.om3http://youtube.om4http://twitter.om5http://wikipedia.org6See http://www.guardian.o.uk/ommentisfree/2011/jun/14/silvio-berlusoni-italian-referendum 1



1 Introdutiondevelopment of the Linux kernel. To desribe the proess whih in fewyears allowed the projet led by a 21 year old student to ompete withthe major ommerial operating systems, Eri S. Raymond introduedthe metaphor of the bazaar, a new bottom up model made possible bythe Internet and based on the free ollaboration of thousands of volun-teers spread all over the world, opposed to the athedral, the traditionalhierarhial model [149℄. Whereas to build a athedral everything is pro-jeted in detail from the beginning by a few people, and some expertswork, mainly in isolation, for the development of its single parts, in thebazaar anyone an propose tweaks and hanges, whih are managed bythe ommunity in a ontinuous spontaneous proess of natural seletionof best ideas. The strength of this dynami and demorati model isgiven by the multipliity of points of view: aording to the so alled Li-nus's law : �given enough eyeballs, all bugs are shallow�; the hallenge isthe ability to harmonize a huge quantity of heterogeneous ontributionsto reate an organi result. As Reymond pointed out, the innovationwas not tehnologial, but soial.Also regarding Web 2.0, although the importane of new programmingparadigms like AJAX has been often empathized, it is today a widelyaepted idea that the main innovation is soial. In other words, there isno spei� tehnologial advane that marks the transition from the oldstati Web to so alled Web 2.0; instead, the ingredients were all there,and the revolution was made by the thousands of users partiipating inthis new generation of appliations, who made their suess and dereeda hange in the Web usage.The model of the bazaar an be seen as the founding paradigm ofmany among the most suessful new generation Web appliations: folk-sonomies represent a bottom up approah to lassi�ation, opposed totaxonomies reated by experts [163℄, while the blogosphere hallengestraditional mainstream media by enabling a many-to-many ommuni-ation paradigm [30℄, and in soial news websites like Digg7 the userspropose, vote and selet news; Wikipedia is an enylopedia whih anbe edited by anyone, and whose entries are reated, modi�ed and dis-ussed eah day by thousands of users.The initial general septiism towards this kind of systems has pro-gressively left plae to a growing aeptane. The advantages of thelightweight and dynami lassi�ation allowed by folksonomies have beenlargely reognized [117℄, while the quality of Wikipedia artiles has beenshown to be omparable to that of the major ommerial ompeti-7http://digg.om2



1.1 Motivations and goaltors [54℄. Most importantly, the amount of ontent reated daily byusers in these systems ould hardly be produed and maintained by anyompany or organization relying only on expert teams.On the downside, Soial Web systems su�er for a lak of organization,and it is often not easy to assess quality and provenane of ontent. Theabsene of one single oherent point of view an give plae to inon-sistenies and ambiguities, and makes it harder to retrieve informationand to struture and organize knowledge. In partiular, the absene ofunique identi�ers for entities is a serious issue for many of these systems,where it is often di�ult to make sense of ontent and metadata in theform of rough text, without any expliit onnetion to a spei� mean-ing. This, in onjuntion with the absene of ontrolled voabularies,an ause very low performane both in terms of preision and reall.The reation and use of taxonomies in this ontext is another hallenge;hierarhies are very useful for organizing information and for helping tobetter browse and searh, but require agreement on shared models.Semanti Web tehnologies an represent a solution to many of theseissues, providing models, languages and tools for knowledge represen-tation. Unfortunately, these tehnologies are still far from the averageinternet user, and an hardly deal with the simple and quik interfaesthat haraterize Web 2.0 appliations, and with the messy heteroge-neous data reated by many di�erent-minded users. In other words,the Semanti Web appears to be still loser to the athedral than tothe bazaar; this an be seen as a reason for the sare availability ofontologies on the Web, and for the limited di�usion of Semanti Webtehnologies.Goal of this thesis is to study how the bottom up model of the bazaaran be applied to the prodution and organization of knowledge.A �rst neessary step is an in depth study of existing suessful ap-pliations, to understand the mehanisms and the dynamis whih ruleontent prodution in this kind of systems. As we deal with a new andhanging environment, whih o�ers many hallenges and for whih thereare no onsolidated tehniques, no unique approah would be suitablein this ontext, and fousing on one single ase study ould result tooredutive. On the ontrary, we hoose several ase studies from di�erentonline ommunities, involving on one hand di�erent levels of partiipa-tion and di�erent kinds of ativities, and on the other hand di�erenthallenges related to knowledge organization.To understand soial dynamis and detet patterns of interation inthese systems, and to assess their value as soures of strutured infor-3



1 Introdutionmation, we rely on a variety of approahes ranging from informationretrieval to data mining, from statistis to soial network analysis. Fur-thermore, we propose some solutions to improve urrent systems by lever-aging Semanti Web tehnologies.1.2 Novel ontributionsThe �rst questions on whih this thesis is foused are related to identi-�ers in the Soial Web: the alphabet for the onstrution of struturedknowledge.As a �rst ase study we hoose Twitter, the most popular miroblog-ging system, and we fous on hashtags, a onvention adopted by usersto fae information fragmentation: adding a hash at the beginning of aword, this is turned into a tag. Hashtags are potentially very useful toaggregate ontent and onversations around a topi, a ommunity or athread of onversation, and their funtion is similar to that of URIs in theSemanti Web. However, not all hashtags are used in the same way, notall of them aggregate messages around a ommunity or a topi, not allof them endure in time, and not all of them have an atual meaning. Toidentify the hashtags whih show the desirable harateristis of strongidenti�ers, and ould hene serve as identi�ers for the Semanti Web, werepresent them as virtual douments and we propose some metris basedon information retrieval. We introdue the notion of nontag, as the wordorresponding to a hashtag after removing the hash, and we ompare theusage of eah tag with its orresponding nontag. We ompute entropy oftags and we study the evolution of their usage over time. We look at thevarious ways in whih hashtags are used, and show through evaluationthat our metris an be applied to detet hashtags that represent realworld entities.As a seond ase study we hoose soial bookmarking systems, thatare one of the pillars of so alled Web 2.0 and leverage the very littlee�ort of assigning quik keywords to resoures, to build olletive las-si�ations of large quantities of data. Tags here are not just inserted inshort text messages as in miroblogging, but they are metadata referredto a resoure; on the other hand they are still just arbitrary sequenes ofharaters freely hosen by users, whih are not expliitly assoiated toa spei� meaning. This freedom together with the simpliity of the userinterfaes have done the suess of this kind of systems. However, theabsene of ontrolled voabularies and of any kind of expliit semantisrepresents a strong limitation for information organization and retrieval;4



1.2 Novel ontributionsthe lak of an expliit meaning of tags is one of the main weaknessesof folksonomies, where on one side labels an be polysemi, and on theother one di�erent tags orresponding to synonymous, or to di�erentspelling or grammatial forms an refer to the very same onept. Thisresults in a lak of both preision and reall. Also the absene of hierar-hy and of expliit semanti relationships among tags a�ets the ease ofsearhing and browsing in the tag-spae. To address these limitations wepropose an algorithm to disambiguate tags aording to their ontext ofusage, and to map them onto WordNet onepts; we use WordNet nounhierarhy to present a taxonomy of related tags, improving the users'navigation experiene.Beyond the basi level of identi�ers, and the hierarhy among tags, weinspet the problems related to the lak of semantis at higher levels. Intraditional tagging systems a tagging ation onsists just in the assoi-ation of a label to a resoure; there is no plae for speifying anythingabout the kind of tag, the kind of ommuniative ation performed, orthe relation interurring between the label and the tagged resoure. Thissimpliity of the interfaes makes the users' voabulary exessively poorin many ases, and limits the e�etiveness of annotation retrieval. Thedemand for riher expressivity is witnessed for example by the di�usionof mahine tags, spontaneous onventions that have beome popular intagging systems like Flikr to express spei� properties of the annotatedresoures by means of speial syntaxes. The third ontribution of thisthesis is the proposal of a voabulary for tagging based on RDF namedgraphs. In the NieTag ontology we represent a tag as the relation be-tween a resoure and a sign, with the possibility of typing all of theseelements, inluding the relationship and the at of tagging itself, andwe provide primitives for the desription of di�erent kinds of taggingations as ommuniation ats. Eah tagging ation is represented as anamed graph, so also metadata about authorship, date and provenanean be managed. Leveraging Semanti Web tehnologies and standardswe ahieve riher expressivity, possibility of better performane in termsof information �ltering, searhing and browsing, and full interoperabilityfor the aggregation of information from heterogeneous soures.In the seond part of the thesis we fous on the ollaborative eny-lopedia Wikipedia. Wikipedia is the largest example of ollaborationon the Web, and as suh overs a speial interest for the study of so-ial dynamis in online prodution ommunities. In these ten years ofhistory, the ommunity of Wikipedia editors has grown and evolved es-tablishing its own norms and poliies, assigning expliit and impliit5



1 Introdutionroles, until assuming the shapes of a omplex �online soiety� based onauto-organization priniples. Aording to the wiki paradigm, informa-tion about omplete Wikipedia artiles' revision history is publi, givingplae to one of the largest available datasets about online ollaboration.The study of Wikipedia is important for us as a fundamental �rst steptowards the omprehension of the ollaboration and oordination meh-anisms that drive prodution of knowledge by online ommunities on alarge sale.All ontent in Wikipedia is organized around artiles, whose titlesserve the funtion of identi�ers; the analogy with Semanti Web URIsis straightforward, as Wikipedia artiles represent already an importantlandmark for the Semanti Web ommunity. Wikipedia disambiguationpages are widely used in NLP appliations to assoiate words to theproper orresponding entities, and Wikipedia artiles are among the mostommonly used identi�ers for entities on the Web.Also a hierarhy of onepts is present in Wikipedia to organize on-tent: the ategory struture, whih is ollaboratively managed by theusers, analogously as the artile ontent, merging di�erent perspetivesto produe a olletive outome. This hierarhy has been widely ex-ploited for the onstrution of formal ontologies and knowledge bases; tothis end, researhers have inspeted the large and inoherent graph ofWikipedia ategories looking for proper subsumption relations betweenlasses and sublasses, and disarding the other ones. As an alternativeapproah, here we are no interested in extrating a formal ontology, butin making sense of all the assoiations established by the ommunity,that result in an as impreise as rih ategorization of human knowl-edge. With the aim to assign Wikipedia artiles to general topis, we�rst test the naive approah of assoiating with a ategory all the artilestransitively assigned to it, whih shows to be pretty good for some welldelimited ategories, but impratiable in most ases due to the extremetangledness of the graph and to the onspiuous presene of inonsisten-ies. To deal with the entire graph we then propose and evaluate twomethods, the �rst based on the shortest path between a page and a topiin the ategory graph, and the seond on the probability of reahing eahtopi following a random path from a given artile.To study the patterns of ollaboration in Wikipedia, the �rst hallengewhih we fae is attributing the prodution of single units of ontent totheir �real� authors. This is not always a trivial task; for example, whileblog posts usually ome with a single author, in the ase of wikis pagesare often redated by many users, with very uneven levels of involvement6



1.2 Novel ontributionsand of ontribution aeptane by the ommunity. To address this �rstissue, we present a method to individuate the authors of a wiki pageas the editors who provided most of its aepted ontent, aording toa metri of edit longevity. While previous works failed to study thenetwork of ollaborations in a wiki saling up to the size of Wikipedia ina major language, by seleting the main ontributors of eah artile weare able to �lter out the oasional and minor editors, whih onstitutethe large majority of users involved in the redation of a page. As a�rst onsequent result, we manage to represent a whole wiki as a o-authorship network, saling up to the size of the English Wikipedia,to haraterize the struture and dynamis of its ommunity by meansof soial network analysis tehniques, and to reveal hidden patterns ofollaboration that emerge from the omparison with traditional sienti�ollaboration networks.Beyond ating together on a same produt, modifying and tweakingit onurrently, users in soial Web appliations an be provided withother mehanisms for expliit oordination through ommuniation anddisussion. In wikis, one fundamental tool employed by users for thispurpose is represented by talk pages: besides eah wiki page, there anbe one or more speial pages devoted to the disussion of its ontent.Previous works whih have foused on the study of expliit oordinationmehanisms in wikis have only taken into aount the size of talk pagesor their number of edits in order to generially quantify the amount ofexpliit ommuniation assoiated to an artile. In this work, a muhdeeper investigation is presented on the struture of Wikipedia disus-sions.A �rst neessary ontribution in this diretion is the development ofa tool for the extration of disussion trees from MediaWiki talk pages.The tool has been designed, implemented and massively tested on Wi-kipedia, in order to make it as robust and �exible as possible, withrespet to the extremely various and heterogeneous jungle of di�erentonventions, errors and misspellings with whih users have signed, dated,separated and indented omments during these ten years of Wikipediahistory. The extration of these data allows us on one hand to analyzethe struture of the disussions aording to di�erent riteria; to estimateontentiousness, we ount the number of hains of onseutive replies be-tween a pair of users, while as a ompat and robust indiator of depthwe introdue the h-index of a disussion tree. On the other hand, weare able to study the network of expliit ommuniations that aom-pany the ollaborative redation of ontent in Wikipedia, and to ompare7



1 Introdutionpatterns of disussion about artiles with personal onversations.With these two omplementary approahes of studying the artile on-tent authors and the disussion struture, we are able to haraterizestrutural units of ontent in a wiki along two di�erent dimensions, or-responding to impliit and expliit oordination dynamis. Represent-ing the networks of interations over the whole system, we an studystruture and dynamis of its ommunity; in partiular, we fous on as-sortativity measures to quantify the tendeny of users to interat withsimilar or dissimilar users. For the disussion networks, where relation-ships are oriented, we ompute direted assortativity. By omparing theinteration networks with randomly generated equivalents we assess thesigni�ane of our results, that point out the existene of distinguishingpatterns of the Wikipedia ommunity. In all networks we �nd evideneof the strong interation between users in the ore and in the peripheryof the ommunity, whih we point out as a haraterizing feature of Wi-kipedia ommunity. We rely on di�erent soiometri riteria to identifythe most in�uential users and to analyze their role. Aggregating units ofontent with di�erent levels of granularity aording to semanti rite-ria, we haraterize the sub-ommunities ative around partiular topisand areas of interest, and we �nd evidene of signi�ant di�erenes inollaboration patterns over diverse semanti areas.1.3 Struture of the thesisIn the next hapter we desribe the bakground of our work, fousing ona desription of the two worlds that we want to bring loser to eah other,the Soial Web and the Semanti Web. At the light of this overview, weintrodue the ase studies whih make up the entral hapters of thisthesis, and we frame them aording to two dimensions: the kinds ofativity, whih imply di�erent degrees of partiipation, and the levelsof strutured semantis, roughly orresponding to di�erent layers in theSemanti Web tehnology stak.In Chapter 3 we introdue the �rst ase study: miroblogging systems.We fous on hashtags, and we propose some metris to evaluate themas strong identi�ers for the Semanti Web; the results of this study havebeen published in [106℄.In Chapter 4 we propose the approah published in [104℄ and [105℄to map a soial bookmarking site's tags onto onepts from WordNet,and to enrih the navigation interfae with hierarhies derived from theontology.8



1.3 Struture of the thesisChapter 5, based on the work desribed in [113℄ and [124℄, illustratesNieTag, an ontology that leverages RDF named graphs to representtags with a muh riher expressivity than atual appliations allow.The subsequent hapters of this thesis are foused on the study ofWikipedia. The struture of Wikipedia ategory graph is inspeted inChapter 6, partly based on results published in [46℄, [107℄ and [108℄;several approahes are proposed and examined to assign topis to arti-les, by leveraging the extremely rih and haoti graph of topis andsubtopis reated by the users.In Chapter 7, based on [107℄, the dynamis substanding the ollab-orative redation of the online enylopedia Wikipedia are studied bymeans of soial network analysis tehniques; the ommunity of Wikipe-dia editors is represented as a o-authorship network and analyzed on atemporal dimension. Complementarily, the dynamis of expliit ommu-niation and oordination in Wikipedia are studied in Chapter 8, basedon [108℄, through the analysis of disussion trees and reply networks inWikipedia talk pages.Finally, onlusions are drawn in Chapter 9.

9





2 Bakground
2.1 The Semanti WebThe advent of a Web of new generation, based on strutured informa-tion automatially proessable by mahines, has been announed by TimBerners Lee, onsidered as the founder of the Web, more than �fteenyears ago [19℄. Sine then, a variety of models, languages and tools toimplement this vision have been introdued and disussed, under theguide of the World Wide Web Consortium1 (W3C).Given the vastness of the matter, the goal of this setion is not thatof providing an exhaustive desription of the Semanti Web; instead, itwill o�er a high level overview, with a speial fous on Linked Data andon the hallenges related to the new paradigm of the read-write Web.Semanti Web basi priniples have been well summarized in a W3Cdoument, published in [97℄:1. Everything an be identi�ed by URIs: resoures from the physialworld, suh as people, objets and plaes, or abstrat onepts,an be assoiated to univoal identi�ers, based on namespaes;anyone ontrolling a part of a Web namespae an reate a URIand assoiate it to some entity.2. Resoures and links an have types: while the urrent Web is madeof simple douments and links between them, where no expliitsemantis of the relationships onneting two resoures is given, inthe Semanti Web both resoures and links are typed, making iteasier for mahines to make sense of them with knowledge aboutthe lasses to whih resoures belong, and the meaning of the re-lationships onneting them.3. Partial information is tolerated : similarly to the urrent Web, theSemanti Web is unbounded: anyone an say anything about any-thing, so it is ruial to be able to deal with inomplete information.1http://www.w3.org/ 11



2 Bakground4. There is no need for absolute truth: like in the urrent Web, notall the ontent an be onsidered true, or trustworthy, so eahappliation has to deal with this kind of environment and deidewhih information to rely on.5. Evolution is supported : things on the Web an be de�ned at dif-ferent times by di�erent people, or even by the same people; thereis need for tools to resolve ambiguities and larify inonsistenies.6. Minimalist design: aim of the W3C ativity is to standardize nomore than is neessary, to keep things as simple as possible.These priniples are implemented in the layers of Web tehnologiesand standards ommonly known as the Semanti Web stak, depited inFigure 2.1 and illustrated in next Setion.2.1.1 The Semanti Web arhiteture stakAt the bottom of the stak there are two indispensable mehanisms:URIs and Uniode. URIs, or �Uniform Resoure Identi�ers� are stringsof haraters formatted aording to a speial syntax, whih serve tounivoally identify all kinds of resoures. Uniode is a general standardfor enoding, representation and handling of haraters in most of theworld's alphabets and writing systems.Above these two basi standards, at the seond level there is XML,whih provides a surfae syntax for ontent struture within douments.XML is ompletely agnosti to the semantis of douments, it is only astandard for representing strutured ontent.At the third level there is RDF, the �Resoure Data Framework�, asimple language to express relationships between resoures identi�ed byURIs, as triples <subjet, prediate, objet> [109℄. Information is sorepresented in the form of graph; in fat, a olletion of RDF statementsinherently represents a direted, labeled graph, haraterized by di�erentkinds of relationships onneting resoures. Though the standard wayof representing RDF triples is through XML, other syntaxes exist; inpartiular, Notation3 (N3) is a serialization designed as a more ompatand human readable alternative to XML. RDFa is a standard whihallows to inlude RDF statements in XHTML douments.A �rst layer over RDF is SPARQL, a query language whih allowsto query graph patterns along with their onjuntions and disjuntions.Through SPARQL it is possible to express queries aross diverse data12



2.1 The Semanti Web

Figure 2.1: The Semanti Web arhiteture stak. Imagefrom http://obitko.om/tutorials/ontologies-semanti-web/semanti-web-arhiteture.html. Aessed on Septem-ber 7th, 2011.
13



2 Bakgroundsoures; data an be stored natively as RDF or viewed as RDF via mid-dleware.RDF Shema (RDFS) provides a basi voabulary for RDF, allowingone to de�ne and desribe properties and lasses. In partiular, in RDFSit is possible for example to de�ne the domain and range of a property,or to desribe hierarhies of lasses and of properties.In the above layer, the Web Ontology Language (OWL) is a standardof the W3C to extend RDFS with more advaned onstruts to desribethe semantis of RDF statements [10℄. For example, in OWL it is possibleto speify harateristis of properties suh as symmetry or transitivity,to express ardinality onstraints (e.g. : eah movie has exatly onediretor) or assert that two individuals are the same, by means of theproperty owl:sameAs. An important harateristi of OWL is the �Openworld assumption�: if a statement annot be proven to be true withurrent knowledge, we annot draw the onlusion that the statement isfalse. At the same level of OWL, RIF and SWRL are rule languages, analternative approah for reasoning, bringing a omplementary expressivepower. For the higher layers of the stak there are still not establishedstandards.2.1.2 Linked Oped DataTwo main diretions an be identi�ed in the Semanti Web ommunity,splitting its name in two parts: one more foused on the �Web�, and theseond more foused on �Semantis� [45℄. The �rst diretion takes theurrent Web as a starting point, and aims at developing Web-based appli-ations that use very little semantis but provide a powerful mehanismfor linking data entities together relying on URIs, RDF and SPARQLto desribe and query knowledge. The seond diretion is foused onrepresenting more omplex knowledge in mahine-proessable format,ahieving a higher expressive power thanks to languages like OWL andRIF, and allowing for the inferene of knowledge by means of automatireasoners. The �rst diretion, foused on the Web, and only lightweightsemantis, is the one whih is more relevant for this thesis, and it is thesubjet of this setion.The �rst of the six founding Semanti Web priniples desribed at thebeginning of this setion, �Everything an be identi�ed by URI's�, is thebasis for a new paradigm, also known as the Web of Data: links arenot simple anhors onneting HTML douments, but RDF relationsbetween any kind of objets or onepts. Thanks to RDF, assertionsan be expressed about data from di�erent soures and from di�erent14



2.1TheSemantiWebFigure 2.2: The Linking Open Data loud diagram: irles represent data sets, and arrows the interlinkage betweenthem; olors orrespond to di�erent domains. Image by Rihard Cyganiak and Anja Jentzsh. http://lod-loud.net/. Aessed on September 9th, 2011.15



2 Bakgroundnamespaes, and di�erent voabularies and data sets an be mergedinto one only Web of Linked Data [18℄.The amount information published on the Web aording to thesepriniples is growing onsiderably: by September 2010 it had reahed25 billion RDF triples, interlinked by around 395 million RDF links.Figure 2.2 shows the Linking Open Data loud diagram, whih o�ers anoverview of published data sets and the relationships interlinking them.As it an be seen, the entral node in the loud is DBpedia, a knowledgebase derived from Wikipedia [12℄, whih overs a variety of domains andis interonneted with many di�erent data sets.2.2 The Soial Web2.2.1 From the old Web to Web 2.0As argued by Tim Berners-Lee, the Web is inherently soial [144℄; how-ever, in the last deade the soial dimension has gained importane inthe Web, as we have assisted to a shift from stati Web sites, where usersare mostly just passive onsumers, to more interative Web appliations,where they interat with one another and produe ontent, passing fromonsumers to prosumers [73℄.This paradigm is also ommonly known as �Web 2.0�, as opposed to theold stati �Web 1.0�. The term �Web 2.0� got popular in 2003 with TimO'Reilly's de�nition of the �Web as a platform� [134℄, where softwareappliations are built upon the Web as opposed to upon the desktop,value is reated by harnessing ontent generated by the users, and theore of appliations inludes data and not merely software.A paradigmati ase of a suessful appliation whih has revolutionedthe Web is Google: instead of maintaining expensive and ever agingtaxonomies, redated by some experts attempting to manually atalogthe whole Web, as the major ompetitors were doing, Google bet onharvesting and leveraging the knowledge of Web masters, who establishlinks between Web pages. Pagerank [136℄ is a reursive algorithm basedon mining the hyperlink struture of the Web: the more links a pagereeives from relevant pages, the more relevant it is onsidered. Theore of Google suess stands in fousing on links rather than on nodes,and on harnessing so alled �wisdom of the rowds�.Other relevant hanges inlude the transition from stati personal Websites to blogs, from CMSs to wikis, from entralized servers to peer topeer, from taxonomies to folksonomies, from stikyness aimed at keep-ing users as long as possible on a site to syndiation, to make ontent16



2.2 The Soial Webavailable through di�erent hannels.In the following setions, we o�er an insight into some relevant fami-lies of appliations whih represent the ore of this new paradigm, andonstitute the main subjet of the researh presented in this thesis.2.2.2 BlogsWeblogs, or more simply blogs, are a kind of Web sites usually main-tained by an individual with regular entries. The di�erene with tradi-tional Web sites is that publishing ontent is muh easier and immediateand does not require knowledge of HTML mark up language or any teh-nial skill; thanks to popular blogging platforms suh as WordPress2 orBlogger3, no tehnial issue has to be faed to open a blog and to publishontent. Blog posts are usually open to omments, enabling bidiretionalommuniation, as well as disussion among the readers.Started as a phenomenon in the late nineties, blogging gained momen-tum until reahing a large di�usion also among average internet users,turning many people into ative produers of ontent on the Web. Asof September 2011, there were about 170 million publi blogs in exis-tene 4. Most blogs are of personal harater. Aording to Tenorati's2010 �State of Blogosphere� [172℄, bloggers an be segmented as: hobby-ists (65%), part timers (13%), orporate (1%) and self employed (21%).The di�usion of blogs has been one of the fundamental steps in theswith from one-to-many ommuniation, typial of mainstream media,to many-to-many ommuniation, opening up to the neew paradigm de-�ned by Manuel Castells as mass self-ommuniation: a new mediumwhih makes possible �the unlimited diversity and the largely au-tonomous origin of most of the ommuniation �ows that onstrut, andreonstrut every seond the global and loal prodution of meaning inthe publi mind� [30℄.A key mehanism of blogging is ontent syndiation, through whihnew ontent published on a blog (feeds) an be noti�ed and made im-mediately available to other appliations. Interhange of blog ontentis based on a ommon Web feed format named RSS5. The name means�RDF Site Summary�, as it was originally designed to inorporate RDFtriples, however it is also known as �Rih Site Summary�, or �Really Sim-ple Syndiation�, as it was soon simpli�ed by removing RDF elements.2http://wordpress.om3http://www.blogger.om4For live statistis about blogs, see http://www.blogpulse.om/5See http://www.rssboard.org/ 17



2 BakgroundDue to a fork in the development of the standard, urrently several dif-ferent versions of RSS exist, some of whih o�er support for RDF andsome not. The existene of a standardized format for the representationof blog ontent has been a key fator for the di�usion of blogging, al-lowing for aggregation and �ltering of information from di�erent souresand for data interhange among di�erent appliations.2.2.3 MirobloggingMiroblogging is a broadast medium based on very short messages. Themain di�erenes with respet to traditional blogging are the brevity ofmessages, usually restrited to 140 haraters, like SMSs, and the fouson relationships between users, as in soial networking sites. Statusupdates in soial networking sites like Faebook have generally no lengthlimit, but in pratie they tend to be very short; this senario an in e�etbe onsidered very lose to the one of miroblogging, the main di�erenebeing that ontent is generally aessible only by a seleted audiene(�friends�, �friends of friends�, ...), while in the miroblogging paradigmmessages are broadasted. While in soial networking sites friendshipis usually a symmetri bidiretional relation, in miroblogging eah useran be follower of any other users, to be noti�ed of their messages.The most popular miroblogging servie is Twitter6; reated in 2006,it has known a very rapid growth and has reahed over 200 million usersas of 2011, generating over 200 million tweets and handling over 1.6billion queries per day. Due to this tremendous di�usion, whih madeof it a soial phenomenon [84℄, speaking of miroblogging means beforeall speaking of Twitter, and we will refer espeially to it; however, otherplatforms exists, suh as Jaiku7 or Tumblr8.While searh engines present stati information, updated with a rel-atively slow proess, miroblogging provides an immediate solution forreal time news and real time ommuniations. In partiular, regardingthe searh interfae, in Twitter results are presented in hronologial or-der showing at top the most reent ones, regardless of relevane, whihis the basi riterion in traditional searh engines.A paradigmati senario where real time ommuniation is of ruialimportane is that of emergenies; for example, the key role of Twitterduring earthquakes has been reported in several oasions [119℄, and even6http://twitter.om7http://www.jaiku.om/8http://www.tumblr.om/18



2.2 The Soial Weba method to leverage Twitter users as sensors for deteting earthquakeshave been proposed [153℄.On the other hand the twofold nature of Twitter, news media on oneside and soial network on the other one [101℄, an raise some problems:though its strong potential for the publiation and immediate retrieve ofreal time news, these risk of being overwhelmed by the huge amount ofpersonal and onversational messages, whih are usually not relevant fora general audiene.This issue is on�rmed by studies on the ontent of tweets. One of the�rst e�orts to lassify Twitter messages was performed in [8℄: almost halfof the examined messages were lassi�ed as pointless bubble; many mes-sages were also lassi�ed as onversational or self promotion; the studyonluded that only 40 tweets over 2000, lassi�ed as news, ontainedinteresting information. A omprehensive overview on di�erent lassi�-ations of Twitter ontent in literature an be found in Stephen Dann'ssurvey [39℄.Speial onventions have been adopted by users to deal with thebrevity of tweets: mentions of other users are obtained by adding aspeial harater ��� before the username of a tweeter, while adding ahash (�#�) at the beginning of a word makes it a hashtags. These meh-anisms, born as spontaneous onventions, have been integrated in theTwitter interfae: users are noti�ed of any message mentioning them,and hashtags inside tweets are rendered as links to the Twitter searhpage for that tag, where it is possible to see the last messages taggedwith it. This mehanism allows for aggregation of ontent around events,onversations, groups of interest or topis. Another mehanism typial ofmiroblogging is retweet, to forward a message written by another user.2.2.4 Soial taggingIn soial tagging systems users assoiate freely hosen keywords to theresoures that they want to bookmark or to ategorize, with the doubleadvantage of being able to retrieve them easily in the future, and to sharethem with the others. In fat, eah user an generally explore two spaes,the one of her bookmarks and the one of everyone's bookmarks; tags anbe used to �lter and retrieve items. The ombination of extremely simpleand quik interfaes on one side, and both individual and soial inentiveson the other have made the suess of this kind of systems, whih areable to ollet the very little e�ort performed by eah user, to produeknowledge for the entire ommunity. One of the very �rst appliations19



2 Bakgroundto adopt this paradigm was deliious9, a soial bookmarking platformstarted in 2003. Joshua Shahter, its founder, brilliantly synthetizedthe priniple de�ning deliious as �a way to remember in publi�.The term folksonomy was oined in a disussion on the Information Ar-hiteture Institute Members Mailing List by Thomas Vander Wal [176℄,as the fusion of words �taxonomy� and �folk�. In fat, the aggregation oftags reated by many users gives plae to a sort of taxonomy, or betterrepresents an approah to lassi�ation alternative to taxonomies.Folksonomies an be divided in two ategories aording to the identityof taggers: in narrow folksonomies only the user who published resourean annotate it, and in some ase an eventually grant this right toher friends, while in broad folksonomies every user an annotate anyitem [176℄. An example of narrow folksonomy is Flikr10, a photo sharingsite where only the user publishing a piture has the grant to tag it, whilean example of broad folksonomy is the soial bookmarking deliious,where any Web URL an be annotated and so no ownership mehanismexists.One fundamental di�erene with respet to traditional taxonomi or-ganization of knowledge, for example in a library, is that the resouresannotated are not physial objets, whih have to be olloated in onesingle plae, like a book on a shelf. Library lassi�ation systems arebased on the assumption that for any new book, its logial plae alreadyexists within the system, even before the book was published; instead,aording to the words of Clay Shirky [163℄, in folksonomies �there is noshelf�, and no limit to the voabulary. This di�erene allows for manyoverlapping ategorization riteria to be ombined in folksonomies, whereeah item an be assigned to more ategories, and new ategories an bereated at will.As a result, folksonomies are inlusive and urrent, as new oneptsan always be integrated, and they are demorati, beause all points ofview an �nd plae; at the same time, they allow for desire lines to bedrawn [121℄, as those assoiations whih are established by more userstend to emerge. Semioti dynamis typial of human languages suh asrystallization of naming onventions, ompetition between terms andtakeover by neologisms have been observed in the emergene of folk-sonomies [32℄.On the downside, the absene of an authority and of a unique oherentpoint of view on the domain, ombined with the simple interfaes whih9http://deliious.om/10http://�ikr.om20



2.2 The Soial Web

Figure 2.3: Tag loud of the most used tags on Flikr.http://www.�ikr.om/photos/tags/. Aessed: September13th, 2011.are devoid of any strutured format to express knowledge, bears severallimitations. The ambiguity of labels, whih an be polysemi and arenot assoiated to a spei� meaning, auses low preision performane,while at the same time also reall an be very low due to the absene ofsynonym ontrol. In fat, it is hard to retrieve all the items whih havebeen assoiated to a given onept, as the same onept an be expressedthrough di�erent synonyms, and even di�erent forms of the same tag,suh as singular and plurals, abbreviations, misspellings and other lowlevel variations [100, 65℄. Moreover, the lak of hierarhy makes di�ultthe exploration of the tags' �at spae.While the traditional lassi�ation shemes, based on taxonomies, fa-vor searhing and browsing, folksonomies enourage another paradigmof navigation, based on �nding and serendipity [117℄: as the amount ofinformation is huge, and many meaningful paths exists among relatedtags, users and resoures, it an be in some ases hard to searh ontentaording to traditional IR shemes, but while exploring tags it is verylikely that a user will run into something interesting for her.A ommon way to represent tags is by means of tag louds, wherekeywords are usually ordered alphabetially, and variable font size isused to give prominene to the more frequent ones. As an example,Figure 2.3 shows the tag loud of most used tags in Flikr.Despite their strong limitations, folksonomies have rapidly emerged as21



2 Bakgrounda natural low ost ategorization solution, in the fae of the rapid growthof ontent in the Web. Aording to Clay Shirky, �The mass amateur-ization of publishing means the mass amateurization of ataloging is afored move�11.Folksonomies are nowaday ommon in a variety of ontext, from so-ial bookmarking [67℄ to aademi publiations [79℄, from multime-dia ontent, suh as Flikr and Youtube, to geographi loations, likeFoursquare12.2.2.5 WikisA wiki is basily a Web site that an be edited by any user. The word�wiki� omes from Hawaiian and means �quik�; Ward Cunningham, pur-suing the simplest mehanism to allow users modify information in adatabase, developed the �rst wiki and named it WikiWikiWeb inspiredby the quik �Wiki Wiki Shuttle� bus at Honolulu airport [111℄.The main harateristi of wiki systems is the ease of reating andmodifying pages, diretly from a Web browser, without need for anyadditional software; ontent is usually edited through some speial simplesyntax (wikitext), whih is automatially turned into HTML and allowsusers to easily reate titles of setions and paragraphs, apply di�erentemphasis to text, suh as using bold and itali, reate lists of items, et.Moreover, some wiki platforms o�er WYSIWYG (�What you see is whatyou get�) editing interfaes.Changes introdued by users are usually made immediately e�etive;on the other hand, history of the edits done to a page are reorded, so itis also easy to restore a previous version, and it is possible to keep trakof all interventions.Wikis are generally open to alteration by any visitor, however di�erentpoliies an be adopted for a whole wiki or for single pages; for example,the possibility to aess to or to modify pages an be restrited only toauthentiated users, or to the administrators.Pages in a wiki an be easily interlinked, and users are enouraged toestablish hyperlinks onneting related topis. Also links to still nonex-istent pages an be reated; these links are visualized in a speial way,pushing users to reate missing target pages.Wikis have beome popular in many ontexts, ranging from soft-11http://many.orante.om/arhives/2005/01/22/folksonomies_are_a_fored_move_a_response_to_liz.php12https://foursquare.om/22



2.2 The Soial Webware doumentation13 to knowledge sharing in ompanies and researhgroups14, from map and geographial data15 to enylopedi knowledge.The most popular wiki is for sure Wikipedia, an enylopedia ollabo-ratively redated by users, existing in over 200 languages; thanks to thee�ort of thousands of users voluntarily working on it it daily, and of theimprovements apported by oasional ontributors and simple readerswho orret impreisions, Wikipedia is nowaday one of the most visitedWeb sites, and the most onsulted enylopedia. Its quality on sienti�entries has been shown to be omparable to that of the major ommer-ial enylopedias [54℄, while on the other side the amount of ontentand the vastness of overage o�ered by Wikipedia is beyond ompare.The software on whih Wikipedia is based is MediaWiki [14℄, writ-ten in PHP and used also in other projets of the non-pro�t WikimediaFoundation, suh as the ditionary and thesaurus Wiktionary, Wikinewsfor ollaboratively redated news, Wikiversity for free learning tools andWikiquote for quotations. The ode of MediaWiki is free software, re-leased under the GPL liene, and many other wikis are based on it.In the Wikia projet, wikis about any spei� topi running MediaWikisoftware an be reated in few liks.Beyond MediaWiki, many other software pakages o�ering similar fea-tures exist, suh as DokuWiki16, aimed at the needs of developer teamsand small ompanies, and JSPWiki17, based on Java, servlets and JSP.Impliit oordination is the key mehanism for ollaboration in a wiki,where users interat among themselves by working together on a ommonartifat, but they do not neessarily expliitly ommuniate, or knoweah other. To haraterize this kind of interation, some researhershave used the notion of stigmergy [173℄, borrowed from biology: it hasbeen observed that, to build a nest, termites modify the environmentstimulating the response of other workers, whose transformations of thenest do in turn trigger other ations. Also in wikis users ommuniate bymodifying their loal environment, editing ontent and thus triggeringations of other users interested on the same pages [44℄. The main di�er-ene between stigmergi wiki ollaboration and o-authoring is identi�edby Mark Elliott [44℄ in the lak of disourse required to initiate and par-13See for example the large wiki of the Ubuntu ommunity: https://wiki.ubuntu.om/14For example, the wiki used at Yahoo! Researh Barelona is http://barelona.researh.yahoo.net/dokuwiki/.15http://www.openstreetmap.org/16http://www.dokuwiki.org17http://jspwiki.org/ 23



2 Bakgroundtake in ollaboration: in wikis there is no need to beome aquainted andmaintain relationships with fellow ontributors, as it is in traditional o-authorship.However, other mehanisms involving diret ommuniation are pro-vided by some wiki platforms to support ollaboration. Expliit om-muniation is supported for example in MediaWiki through talk pages,speial pages whih are designed to be used in a forum-like way; thesepages an be used also for polls.Speial administrative rights an be granted to some users, suh asthe possibility of proteting pages to restrit editing, or bloking spei�users to prevent vandalism or other undesired behaviours. In some largewikis, like Wikipedia, administrators are eleted by the ommunity [27℄.Wiki ommunities an have poliies and best praties, de�ned by theommunity itself in a ontinuous proess of auto-organization to faethe new hallenges enountered; however, the �rst rule in Wikipedia is�Ignore all rules�, meaning that everything in a wiki has to be �exible,and rules that inhibit development and improvement of ontent shall beignored [183℄. Polls are used in Wikipedia only as extrema ratio, as themain mehanism for taking deisions is onsensus [50℄. One fundamentalpriniple in Wikipedia is �assume good faith� of the other users, respet-ing di�erent points of view and being tolerant toward mistakes, bothbehavioural and ontent-based [150℄.Beyond general priniples, many spei� poliies exist, to rule for ex-ample the management of opyright issues for multimedia ontent, orthe minimum requirements for a musi band to be onsidered eny-lopedi, and thus justifying the existene of an assoiated entry. Asanother example regarding interation, an important rule prevents non-administrator users from performing more than three reverts to a pagewithin a 24 hour period [182℄; this poliy is aimed at avoiding edit wars,i.e. on�its between users over an entry, resulting in the ontinuouse�ort of eah user to override the modi�ations made aording to adi�erent point of view.The ability of suh a large and omplex online prodution ommunityto auto-organize by means of impliit and expliit norms and soial roles,whih are ostantly reated and re�ned in a transparent and demoratiproess, is one of the keys of Wikipedia's suess, and makes of it amilestone for the study of online ollaboration dynamis on a large sale.24



2.3 Approah2.3 ApproahGiven the omplex and manifold nature of the environment that we areabout to investigate, whih as illustrated in Setion 2.2 is in onstant andrapid evolution with the interplay of di�erent kinds of struturing agents,adopting one single point of observation or relying on one prede�nedapproah would be redutive. Instead, it is important to study thishaoti and hangeable world from di�erent points of view. Aordingto George Devereux, a method is sienti� if it adapts to the objet [40℄.The panorama of online ommunities an appear as depited in Fig-ure 2.4 to the eyes of an explorer willing to get an overview of it: widebarely known territories inhabited by tribes having di�erent languages,habits and ustoms, and delimited by unertain and hangeable bound-aries.

Figure 2.4: Map of online ommunities from the webomi xkd.http://xkd.om/256/. Aessed on September 7th, 2011.To get an overview of this omposite senario from a knowledge orga-nization perspetive, we ombine two dimensions, the �rst based on thekind of ativity, and the seond on di�erent levels of strutured seman-tis. 25



2 BakgroundIn this setion we brie�y desribe these two dimensions at the lightof the onepts introdued in previous setions, then we ombine themin Table 2.1 to frame the di�erent hallenges that online produtionommunities have enountered and the most relevant solutions that theyhave adopted. Passing through all the ells whih represent the possibleombinations of user ativity and strutured semantis levels, we alsoo�er an overview on the di�erent ontributions of this thesis and a keyto ompose them, drawing several threads that an be followed throughthe hapters.2.3.1 Kinds of ativityAs a �rst dimension we onsider di�erent ativities typial of Soial Webappliations, ordered aording to growing degree of partiipation.As a �rst general kind of ativity we onsider ommuniation �nalizedto omment something or to notify other users; here we are not inter-ested in private ommuniations involving only two or few individuals,suh as emails, but in ommuniations involving larger audiene, suhas blogging or publi messages posted in soial networking sites. As aparadigmati ase study for this ativity we hose miroblogging, whihemerged over the last few years as one of the pillars of the Soial Web.The brevity of messages makes somehow miroblogging an extreme ase,where the issues of fragmentation and ambiguity explode; for this reasonit is a partiularly relevant senario for our investigation.The seond kind of ativity whih we onsider is sharing ; this is aform of partiipation in whih usually users do not diretly interat withone another, but every one bears a ontribution through her individualbehaviour, produing ontent for the whole ommunity; individual on-tributions are olleted, aggregated and made aessible through someinterfae. We are partiularly interested in those systems whih allowfor labeling resoures with text strings (soial tagging appliations), suhthat the aggregation of tags an provide a olletive ategorization ofontent (folksonomy), as explained in Setion 2.2.4.As a third kind of ativity, assoiated to a higher degree of involvement,there is ollaboration, i.e. working together on an artifat for a ommonoutome. Aording to theories of group oordination [152, 184℄, thereare two distint mehanisms through whih ommunities an ahieve a�unity of purpose�: impliit oordination, based on unspoken expeta-tions and shared mental models of the task to be aomplished, andexpliit oordination, based on diret ommuniation and verbal plan-ning. We thus split ollaboration into two ativities, whih we refer to26



2.3 Approahas ontributing, orresponding to impliit oordination, and disussing,orresponding to expliit oordination.Wikis are a straightforward example of ollaboration, as users are in-volved in redating Web pages together; as illustrated in Setion 2.2.5,the basi mehanism whih rules ollaboration in wikis is impliit oor-dination through editing the same soure text. However, expliit oordi-nation is also fundamental, as it is witnessed by the amount of ommuni-ation whih aompanies ollaborative writing of ontent in wikis [93℄.In partiular, the main spae deputed to expliit oordination in wikis isrepresented by talk pages, speial pages expressly designed for ommuni-ation among the users.2.3.2 Levels of strutured semantisOn the vertial dimension we dispose di�erent levels of strutured se-mantis from a knowledge organization perspetive.At the lowest level we have individuals; the main hallenge at thislevel is how to univoally identify and referene an individual entity. Asexplained in Setion 2.1, in the Semanti Web this funtion is aom-plished by URIs, whih not oinidentally onstitute the bottom of theSemanti Web tehnology stak depited in Figure 2.1. Identi�ers arethe indispensable alphabet to onstrut a disourse grounding languageto reality; for this reason URIs have been dubbedWeb proper names [66℄.Identi�ers are not only important as a neessary step for the onstrutionof more omplex semantis, but also at a basi level for the aggregationof ontent.At a seond level we onsider lasses, or ategories to whih individualsan belong. This orresponds to RDFs lasses in the Semanti Web. Thislevel shares the hallenges of the lower one, related to the univoal iden-ti�ation of an entity: lasses have also to be identi�ed and referened,faing ambiguity. Grouping items in lasses based on ommon hara-teristis is the basis for ategorization, the �rst step for the organizationof knowledge in semanti strutures.At the third level we onsider hierarhies, whih respond to the need oforganizing information aording to some oherent riterion. Hierarhiesof onepts are ahieved by organizing more spei� lasses under moregeneral ones whih an enompass them. The straightforward way of ex-pressing hierarhial relationships aording to Semanti Web standardsis by means of the RDFs property rdfs:subClassOf.The highest level is that of relations, or properties. It is important toobserve that here we intend general properties, i.e. relations involving27



2 Bakgroundindividuals, so this is di�erent from hierarhies, whih instead desribea partiular kind of relationship between lasses. In the Semanti Web,properties are generally expressed as triples <subjet, prediate, objet>aording to the RDF data model.It is important to notie that, in our shema, until hierarhies higherstrutured semantis levels somehow imply the lower ones; in fat lassesare de�ned to ontain individuals, while hierarhies are spei�ed betweenlasses, and so they are also based on the lower levels. On the ontrary,although we represent them at the top level, properties do not properlyrepresent a higher level with respet to lasses and hierarhies. In fat, asdisussed above, properties do not neessarily depend on lasses, as theyan just be de�ned for individuals; on the other hand, hierarhies an beonsidered as a speial kind of relationships, de�ned between lasses. Sothere is a speial expressive power at the level of hierarhies, and theyan be onsidered orthogonal to properties. In fat, in the Semanti Webstak depited in Figure 2.1, RDF is just the third layer.2.3.3 Combining ativities with strutured semantisIn Table 2.1 we ombine the two dimensions desribed above to o�er aomprehensive overview of the main issues related to knowledge organi-zation, that have to be faed by online ommunities. Eah ell reportsone or more solutions assoiated with managing knowledge at a givenstrutured semantis level (on the vertial dimension), ontextually withthe orresponding ativity (horizontal dimension). In this setion webrie�y omment the ontent of eah ell of the table, passing through allthe kinds of ativities and the orresponding ase studies, and illustrat-ing for eah of them the major hallenges and solutions at eah level ofstrutured semantis.Notify/ommentIn the senario of miroblogging, whih orresponds to the ativityof ommenting and notifying other users, the funtion of identi�ersis mostly performed by hashtags, both at the level of individuals andlasses. Beyond hashtags, at the level of individuals also usernames,whih are usually preeded by a harater ���, and URIs an be onsid-ered as identi�ers. As it will be shown in Chapter 3, hashtags play animportant role to fae the problem of fragmentation, to whih this kindof systems is naturally prone, given the brevity of messages and the po-tentially very wide base of users who an be involved in a onversation.28



2.3Approah

Properties nanoformats NieTag (5) semanti wikis ollab. ontology editorsmahine tags wiki infoboxes semanti wikisHierarhy enrihed folksonomies (4) wiki ategory graph (6) ategory talk pagesemergent semantisClasses #hashtags (3) tags wiki ategoriesIndividuals wiki pages (7) wiki talk pages (8)URIs URIsmiroblogging soial tagging wiki wiki talknotify/omment share ontribute disussTable 2.1: Eah ell of the table ontains one or more solutions to manage strutured semantis at a given level(aording to the �rst olumn) in relation with di�erent kinds of ativity (indiated in the bottom row).In addition, the seond last row indiates the ontexts analyzed, orresponding to eah kind of ativity.Chapter numbers related to eah topi are reported in parentheses.29



2 BakgroundChapter 3 proposes some metris to evaluate hashtags as strong iden-ti�ers, and to detet whih ones ould be mapped to real world namedentities.Given the brevity of tweets, it is apparently hard to think of struturedsemantis at a higher level; however, there are some experiments in thisdiretion, based on syntheti formats variously alled nanoformats18,pioformats19 or myrosyntaxes20: among other works, TwitLogi [162℄and HyperTwitter [74℄ propose speial syntaxes whih allow for the spe-i�ation of strutured relationships in the short spae of a tweet.ShareIn soial tagging systems, we an see a orrespondene of the taggedresoures with individuals, and of tags with lasses; in fat tags areused as ategories to label and organize items, in order to allow users toretrieve and browse them. The orrespondene of tagged resoures withinstanes and of tags with onepts is ommonly aepted in literature,aording to the lassi tripartite model of <tags, resoures, users> [122℄.However, as shown in Table 2.1, tags an also be seen as individuals, asit is the ase in the NieTag model, desribed in Chapter 5.Tagged resoures are usually referened through their URIs, whiletags are just strings of haraters, arbitrary keywords that are not as-soiated by the users to any expliit meaning. Some models, suh asMOAT21 [139℄ and CommonTag22, have been proposed to overome thislak of semantis by allowing users to expliitly ground tags to ontol-ogy onepts. In Chapter 4, tags from soial bookmarking site Deliiousare disambiguated aording to their ontext and mapped onto elementsfrom the WordNet ontology, as explained in the following.At the above level, there is usually no possibility of speifying hier-arhies among tags, whih onstitute just a �at messy spae; the mostommon way of visualizing a set of tags is through tag louds, where tagsare sorted alphabetially without onsidering any semanti riterion. Anexeption to this is represented by isolated ases of appliations whihintrodued the possibility of expliitly organize tags in taxonomi stru-tures, while some systems like Deliious slightly moved in this diretion18http://miroformats.org/wiki/twitter-nanoformats19http://miroformats.org/wiki/pioformats20http://mirosyntax.pbworks.om/21http://moat-projet.org/ontology22http://ommontag.org/30



2.3 Approahby introduing bundles to group tags23; however, no subsumption rela-tionships are allowed between bundles, so hierarhy is limited to one level.Moreover, bundles an only be used in the ontext of a single user's tagspae (personomy), and no mehanism exists to merge ategorizationsreated by di�erent users.Apart for these weak mehanisms provided by urrent appliations,we individuate two main kinds of approahes to deal with the lak ofhierarhies in folksonomies. The �rst approah onsists in the extrationof emergent semantis; mining the tripartite graph of users, resouresand tags, some researhers have proposed tehniques to infer taxonomirelationships between tags [122℄.The seond approah instead onsists in the enrihment of folk-sonomies by means of ontologies; a �rst neessary step for this task, ofourse, is mapping tags to ontology onepts, faing the problem of am-biguity and �nding appropriate univoal identi�ers at the level of names.In Chapter 4 we follow this approah to enrih the navigation interfaeof Deliious by integrating hierarhies from the WordNet ontology; tomention another relevant projet based on a similar approah, FLOR isa framework for the enrihment of folksonomies by means of ontologiesretrieved online [9℄.An interesting experiment, whih goes in the diretion of integratingativities with higher user involvement in soial tagging to build on-sensus on hierarhial relationships among tags, is presented in [112℄: aframework is proposed that allows users to expliitly agree or disagreeon broader-narrower relationships between tags.At the level of general relationships, an interesting �rst step an befound in mahine tags: a onvention spontaneously adopted by Flikrusers to express arbitrary properties of the tagged resoure through aspeial syntax, whih allows to speify both the property and the valuein the spae of a single tag. NieTag, presented in Capter 5, is an on-tology whih o�ers a more general solution with full expressive rihnessby means of Semanti Web tehnologies and standards. Thanks to theuse of named graphs, eah tag an be represented as an RDF relationbetween a tagged resoure and a sign, embedded in a reord identi�ed bya URI. It shall be noted that in NieTag both the tagged resoure andthe tag (more preisely the sign) are treated as individuals, as arbitraryrelationships an be spei�ed to link them; tags are not onsidered aslasses.23http://blog.deliious.om/blog/2005/10/bundle_up.html 31



2 BakgroundContributeWe onsider now ollaboration, fousing on the ontext of wikis. Thebasi unity of ontent are pages, whih are usually identi�ed by their title,unique inside a wiki; page titles an hene be onsidered as identi�ers atthe level of individuals, aggregating the ontent whih they enompass,and assoiated to a URL. Further, the ontent often o�ers a de�nition ora desription of the title; this is partiularly true in enylopedi wikislike Wikipedia, where wiki pages orrespond to enylopedi entries, andso to entities in the real world. Although Wikipedia is the most relevantase, this kind of onvention is followed in many other wikies: just tomention some examples, in Wikitravel24 pages orrespond to plaes; theWikia projet25 o�ers many wikis related to the most various topis andbased on the MediaWiki platform, where pages an be assoiated toreipes and ingredients26, or to omi book series27 or to amera types,models and ompanies28 and so on. Also in the AIRWiki, the wiki of theArti�ial Intelligene an Robotis group at Politenio di Milano, page�Soial prodution of knowledge�29 univoally represents this thesis.So, wikis o�er by design a powerful mehanism to aggregate ontentaround univoal identi�ers, but on the other hand they raise issues on-erning authorship: to whom an a unit of ontent be attributed in awiki? There is usually no individual authorship in wikis as eah page istypially the produt of ontributions by many users; however, it an beuseful in many ontexts to be able to attribute a page to its main on-tributors. Transpareny is a key feature of the wiki paradigm and edithistory of eah page is usually publi, so omplete information about whoontributed to a page, when and how, is available. However, it is hardto manually make sense of the history of edits. To address this issue, inChapter 7 we propose a general approah to automatially identify themain authors of a wiki page, mining its revision history and seletingthe users who provided most of the ontent whih has been aepted bythe ommunity. By applying this methodology to the English Wikipe-dia, we are able to study it as a o-authorship network, omparing it tosienti� ommunities; beyond investigation on ollaboration patternsover the whole wiki, also analysis restrited to spei� semanti areas(topial ategories) is performed; this leads us towards the next level of24http://wikitravel.org/25http://www.wikia.om/26http://reipes.wikia.om/27http://omis.wikia.om/28http://amerapedia.wikia.om/29http://airlab.elet.polimi.it/index.php/Soial_prodution_of_knowledge32



2.3 Approahstrutured semantis.At the level of lasses, MediaWiki o�ers a powerful instrument togroup individuals (i.e. wiki pages): wiki ategories, or labels whih anbe assoiated by users to pages. Like in tagging, the assoiation betweenindividuals (in this ase wiki pages) and lasses (wiki ategories) doesnot follow a rigid semantis, and does often not orrespond to an �is-a�relationship. In fat, many ategories appear as more similar to indi-vidual entities (e.g. there are ategories like �Berlin� or �Beatles�: theyare di�erent from the artiles having the same name, as they are loatedin a di�erent namespae in MediaWiki, whih orresponds to a di�erentfuntion). These ategories are intended as topis whih ontain pagesorresponding to sub-topis; for this reason they are treated as lasses,having the funtion of grouping individual items.In MediaWiki, ategories an be in turn assigned to higher level at-egories, so the ommunity an ollaboratively reate a hierarhy. Whilein most of previous work the resulting ategory graph has been only ex-ploited to extrat taxonomi is-a relationships, in Chapter 6 we presentseveral approahes whih leverage all the relationships established by theommunity to assign eah page to one or more general topis.At the highest level, some wikis o�er mehanisms to express stru-tured relationships by means of a speial syntax; in MediaWiki this isahieved by means of infoboxes, speial templates whih allow to speifythe value (or objet) of properties assoiated with the page, whih isalways the implied subjet of the relationship. This mehanism an beonsidered analogous to mahine tags, with the obvious di�erene that,oherently with the ollaboration paradigm of wikis, there is not a plaefor eah value of a property assigned by a di�erent users, but just onesingle plae where the value of a property an be de�ned and edited bythe ommunity. Strutured knowledge ontained in Wikipedia infoboxesis represented aording to Semanti Web standards in DBpedia [12℄, aknowledge base where Wikipedia artiles are treated as individual in-stanes, and the properties expressed in infoboxes are turned into RDFtriples.A more omplete approah for representing properties is o�ered bysemanti wikis. In Semanti MediaWiki30 (SMW), pages are treated asinstanes in an ontology, and ategories as lasses; eah link leading froma page to another one an be assoiated with a strutured relationshipinvolving the orresponding entities. In this way, a strutured semantilayer is integrated on top of the navigational link struture. Other se-30http://semanti-mediawiki.org 33



2 Bakgroundmanti wikis, like KiWi31 and OntoWiki32 allow for the spei�ation ofRDF relationships between individual entities.In ollaborative knowledge bases like Freebase33 the wiki approah isapplied for the reation of large repositories of strutured data, whererelationships between individual entities an be spei�ed by users.DisussWe now shift to the last kind of ativity, orresponding to the seondfounding mehanism of online ollaboration, i.e. expliit oordinationthrough disussion. In MediaWiki and other wiki platforms, eah page(or ontent page) an have a talk page assoiated to it, as a spae wherethe ommunity an disuss about its ontent. A talk page is a spae forexpliit oordination and disussion, assoiated to the unit of ontentidenti�ed by the orresponding ontent page title. In Chapter 8 wepresent a study of disussion patterns in Wikipedia talk pages.Though we have not foused on disussion at higher levels of struturedsemantis in this thesis, it is worth mentioning here some mehanismsprovided by urrent systems. In MediaWiki there is plae for disussionabout ategories and hierarhial relationships; eah ategory in fat hasa orresponding page, whih an have an assoiated disussion pages.For example, in Wikipedia the inlusion of ategories like �Homeopathy�or �Christal healing� into �Pseudosiene� generated intense disussionon the orresponding ategory talk page34.At the level of strutured relationships, there is no spei� mehanismin MediaWiki to disuss about infobox properties; as they are spei�edby inserting them inside the soure of the page orresponding to thesubjet of the relationship, they an be disussed in the assoiated talkpage. The same holds for Semanti MediaWiki, where in addition eahproperty (but not every instane of a property) has its own page, wherethe meaning and the eventual restritions of the property are de�ned,and there is also plae for disussion. Similarly, in the ollaborative on-tology editor Collaborative Protégé35, annotations an be attahed toeah omponent of an ontology, and disussion threads an be attahedto an ontology [174℄. However, as in Semanti MediaWiki, no anno-tation or disussion thread an be attahed diretly to an instane of31http://www.kiwi-projet.eu/32http://ontowiki.net/33http://www.freebase.om/34http://en.wikipedia.org/wiki/Category_talk:Pseudosiene35http://protegewiki.stanford.edu/wiki/Collaborative_Protege34



2.3 Approaha property, as only the property itself, or individual elements an beannotated. A projet whih allows for engaging disussion and seekingonsensus about individual instane of properties is ISICIL [112℄; rela-tions are embedded in named graphs by means of the NieTag ontologypresented in Chapter 5, and so it is possible to annotate them.
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3 Assessment of Twitterhashtags as strong identi�ersfor the Semanti Web
3.1 IntrodutionTwitter, a servie for publishing short messages that has been grow-ing nearly exponentially in the past years. Twitter handled over 600messages every seond by January, 20101, and has beome a ulturalphenomenon in many parts of the world. This suess an be attributedin a large part to the simpliity of system, and the resulting leanliness ofits web site and its APIs. The ease of publishing also means that Twit-ter inspires timely ontributions and has beome an important soure ofinformation for late-breaking news, and it is already being exploited bymajor searh engines. While appealing to publishers, the simpliity ofTwitter has its downsides for anyone onsuming and proessing Twitterdata, espeially when it omes to aggregating messages. Aggregation isa neessary �rst step for many appliations of Twitter mining, inludingnews and trend detetion, brand management and ustomer servie, andit's also a ruial �rst step in separating personal ommuniations frompubli disussions.Within the urrent system, however, the aggregation funtions arelimited to �ltering tweets by users or restriting by keywords. Even inthe latter ase, tweets are organized by time, and not by relevane as isommon for searh engines. Without formal organization, aggregatingtweets that belong to the same onversation or disuss the same topiis daunting. Table 3.1 shows ten onseutive messages retrieved for thekeyword banana. These messages are not only posted in di�erent lan-guages, but are part of di�erent ongoing onversations and refer to verydi�erent topis (the plant, a hain store, a dane, a lub, and others).Keyword searh is not only impreise in aggregation, but is also missing1http://blog.twitter.om/2010/02/measuring-tweets.html 37



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti Webout on a number of messages that do not ontain the partiular keyword.As Twitter messages are unusually short, keyword searh is likely to failin reall. As an example, during a January, 2010 earthquake in the SanFraniso Bay Area, searh engines have been ritiized in showing onlytweets that expliitly mentioned the word earthquake. A seond, relatedproblem is separating personal ommuniation and news publishing, thetwo main ases of Twitter usage [101℄. This is a ruial funtion foraggregators that are interested only in the onversations that onerntopis of broader interests suh as news or urrent events.As a ommunity solution to these problems, Twitter users haveadopted the onvention of adding a hash at the beginning of a wordto turn it into a hashtag. Hashtags are meant to be identi�ers for dis-ussions that revolve around the same topi. By inluding hashtags in amessage, users indiate to whih onversations their message is relatedto. When used appropriately, searhing on these hashtags would returnmessages that belong to the same onversation (even if they don't on-tain the same keywords), and thereby solving the aggregation problem.Coinidentally, this is the same funtion that strong identi�ers (URIs)play in the Semanti Web. The questions we ask then is whih hashtagsbehave as strong identi�ers (if any), and ould they be mapped to on-ept identi�ers in the Semanti Web? This issue an be olloated inthe bottom-left ell in 2.1: the ativity in maro-blogging systems is asgeneral as the onept of ommuniation, without a strong impliationof partiipation; also on the vertial dimension, representing the level ofstruture from a knowledge organization perspetive, we are at the basilevel, i.e. the de�nition of names of things.In this hapter, strongly based on the work published in [106℄, weaddress this issue by proposing a set of metris to measure the extentto whih hashtags exhibit the desirable properties of strong identi�ers.Our �rst ontribution is thus formalizing the harateristi properties ofstrong identi�ers in terms of usage in soial media systems. We give ageneral desription of hashtag usage aording to these metris (Setion3.2). Using a manually olleted data set, we evaluate how well ourmetris an identify those hashtags that represent named entities andonepts found in Freebase, a large and broad-overage knowledge base(Setion 3.3). Our ontribution is in measuring the quality of hash-tags as identi�ers and seleting the hashtags that are andidate oneptidenti�ers, a neessary �rst step in mapping hashtags to Semanti Webknowledge bases and identifying hashtags that are andidates for extend-ing knowledge bases. We disuss related work in Setion 3.4 and point38



3.2 Metris for hashtag evaluationBoo368 �AvenLantz OMG I WANT A BANANA HAMMOCK XDEndivisual Got my dress..from banana republi..uhh im wearing dis dressone..? Thx..i dont need it to be so expensive -_-"DevvonTerrell World_of_Lala Fuh Sure!!RT �_RosettaStone_: Real talkDevvonTerrell grandmother needs to open up a bakery. HerBanana Pudding is on. HAHA!!makalovesbieber RT �bieberhehos: RT si te gusta la banana de Justin (?JAJAJA no mentira.reidnwrite �EDHMovement Unforgettable goes SUPER hard...heslipped like banana peels for not having you know you knowon the album!jojoserquina Chiken Tinola with bitter melon, hot long horn and bananapepper, ginger and spies http://twitgoo.om/14sosnVol_Sus RT �So_Deliious: Hot Fudge-Dipped Frozen Banana Biteswa reipe for Coonut Peanut Butter Hot Fudge Saue! http://bit.ly/aknbRe YUM!Markaw00 Eating a banana sandwih and wathing Hero.LauraRogers13 Mom asks me if I want a banana and I start doing the bananadane...I've been at heer too muh!MissRiaRia RT �philthyrihFOD: �MissRiCaRiCa *PHILTHY RICH*Coming Home Party And Video Shoot July 4th � BananaJoes 950 10th St Modesto http://twitpi.om/1oh6ji PLZ RT.Table 3.1: A onseutive sequene of Twitter message for the query 'ba-nana'.to future work in Setion 3.5.3.2 Metris for hashtag evaluationThere is no speial support for tagging in Twitter, and new tags aresimply introdued by pre�xing a word with the hash sign. Hashtagsmay be used for personal ategorization, but in the vast majority ofases the intention of those who introdue a new hashtag is to evolveit into a symbol that is used by a ommunity of users interested in anddisussing a partiular topi. The goal of suh a hashtag is to help searhand aggregation of messages related to the same topi, a funtion thatis similar to the role of (shared) URIs in the Semanti Web.There are a number of desirable riteria that a hashtag should ful�ll inthis role, similar to how 'ool URIs' are di�erentiated from poor URIs.39



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti WebIn the following, we formalize some of these harateristis.1. Frequeny. The hashtag is used by a ommunity of users withsome frequeny. We measure frequeny both in number of usersand number of messages sent, and explore the orrelations betweenthe two ways of measuring frequeny.2. Spei�ity. The extent to whih the usage of a hashtag deviatesfrom the usage of the word without a hash.3. Consisteny in usage. The hashtag is used onsistently by dif-ferent users and in di�erent messages to indiate a single topi oronept.4. Stability over time. The hashtag should beome a part of thepersistent voabulary of Twitter users, i.e. it should have sustainedlevels of usage and should have a stable meaning over a period time.In the following, we formalize these notions based on a Vetor SpaeModel (VSM) for hashtags.3.2.1 A vetor spae model for hashtagsThe basi model of Twitter an be represented by a set of tuples S ⊂
M×U×P (H)×T where M is a sequene of not more than 140 haraters,U is the set of registered Twitter users, H is the set of hashtags and Tis a set of disrete timestamps with a total order. The set of hashtagsis the set of possible words that start with a hash. Hashtags form partof the message in the raw data, and we extrat them using a regularexpression "#[a-zA-Z0-9_℄+". The size limitation imposed on messagesputs an upper bound on the potential length of hashtags, the number ofpossible hashtags as well as the number of hashtags that may appear ina single message.In line with previous works on the analysis of folksonomy systems [31℄,we apture the semantis of the hashtags by their usage in the soial me-dia system. In partiular, we will represent the meaning of hashtagsusing a Vetor Spae Model (VSM) [148℄. VSMs are ommonly usedin information retrieval as a representation of douments, where eahdimension orresponds to a term in the olletion and eah value mea-sures the weight of that term for the doument. In our ase, we formvirtual douments for eah hashtag by onsidering all messages where40



3.2 Metris for hashtag evaluationthe hashtag appears. We don't �lter messages by language, but it wouldbe possible to build language spei� representations this way.2Formally, eah hashtag hj an be represented by a vetor hj =
w1,j , w2,j ..wN,j where wi,j ∈ W,N = |W | and W is the set of uniqueterms in all of M . The simplest method for assigning weight is to on-sider term frequenies, i.e. wi,j is the number of messages in whihterm i o-ours with hashtag j. In order to aount for the di�erentlevels of spei�ity of terms with respet to hashtags, and to reduethe importane of the most ommon words, we obtain a more au-rate model by applying tf-idf normalization: wi,j = tfi,j · idfi where
tfi,j =

wi,j
∑N

i=0
wi,j

is the relative frequeny of term i with respet to hash-tag j; idfi = log |H|
|{hj :wij

>0}| is inversely proportional to the logarithmof the relative number of hashtags whih term i appears with. For rea-sons of e�ieny, we set elements wi,j lower than a threshold k to zero.In partiular, this allows e�ient indexing of the vetors using invertedindies.We also introdue a bigram language model for hashtags; to do this,we de�ne as bigram eah pair of onseutive terms in a message, andas bj the vetor of all bigrams oourring with tag j, bi,j being thenumber of messages in whih bigram i and tag j o-our. We applytf-idf normalization in the same way as we ompute it for single wordo-ourrene.Finally, we represent hashtags on a soial dimension by means of theiruser ourrene vetor uj, where ui,j is the number of messages tweetedby user ui and ontaining hashtag hj .3.2.2 Frequeny of usageThe frequeny of a hashtag hi ∈ H in terms of the number of usersand messages an be de�ned as
Fu(hi) = |{u : ∃(m,u,Hj , t) ∈ S ∧ hi ∈ Hj}| (3.1)

Fm(hi) = |{m : ∃(m,u,Hj , t) ∈ S ∧ hi ∈ Hj}| (3.2)3.2.3 Spei�ityWhile in most tagging systems tags are added as external metadata todesribe the ontent, in Twitter tags are just words making part of the2Based on previous experiene, languages an be deteted with good auray de-spite the short length of messages. The Twitter Searh API also allows restritingtweets by language. 41



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti Webmessage, highlighted by means of a hash to assign them a speial fun-tion. A hashtag an often just refer to the meaning of the orrespondingword, but in some ases it an assume a very di�erent usage. Often, thehash is added as a form of emphasis, and the user may not be aware thatthe word as a hashtag has a more spei� or otherwise di�erent meaningthan the word itself.It is thus interesting to observe if a hashtag has a meaning lose tothe one of the orresponding word without hash, that we will all a non-tag. As with URIs on the Semanti Web, we assume that hashtags thatlosely math the meaning of the orresponding non-tag will be usedmore frequently. On the other hand, we also expet that words thatare used mostly as hashtags, or hashtags that are used with a di�erentsemantis than their non-tag, will be used more onsistently, beausethey are re-used intentionally.Similarly to our previous de�nitions, we de�ne nj as the term vetorof the non-tag nj derived from hj by removing the hash. When buildingthe term vetor nj, we only onsider non-tag nj ourring in a messagewhen the orresponding hashtag hj is not used inside the same message.The intuition is that when a non-tag appears in a message where theorresponding hashtag has already been used, the semantis of the twoare ertainly not di�erent. We apply tf-idf normalization to non-tagsanalogously to the one desribed in Setion 3.2.1 for hashtags.We ompute the spei�ity of a hashtag as the similarity betweenthe vetorial representation of the hashtag and the orresponding non-tag. For omputing similarity, we use the well-known osine similarityof the two o-ourrene vetors [154℄.
wsim(hj , nj) =

hj · nj

‖hj‖ ‖nj‖
(3.3)Analogously, we de�ne ūj as the model of the users of the non-tag uj ,where ūi,j is the number of messages in whih user i used non-tag j. Wemeasure soial spei�ity by omparing the model of the users of hashtag

hj to the model of the users of non-tag nj :
usim(hj , nj) =

uj · ūj

‖uj‖ ‖ūj‖
(3.4)To be able to ompare tags and non-tags also aording to frequeny,we de�ne F̄u(ni) and F̄m(ni) the frequeny of a non-tag in terms of usersand messages, respetively.42



3.2 Metris for hashtag evaluation3.2.4 Consisteny of usageAn important requirement for strong identi�ers on the Semanti Web isthat they need to be used onsistently aross douments and users. Asa measure of the variety of usage ontexts of a hashtag, we study theentropy of our vetorial representations of hashtags. Entropy measuresthe amount of unertainty assoiated with the value of a random variable,in other words how uniformly the probabilities are distributed arosspossible values of the variable.We de�ne the entropy of a hashtag j as:
H(j) = −

n
∑

i=1

p(wi,j) log p(wi,j) (3.5)Higher values of entropy point to more even distributions of proba-bilities, orresponding to tags being used in a variety of ontexts, whilelower values of entropy signi�es more restrited usage of a tag.Similarly, we measure entropy of bigrams o-ourring with a tag as
Hb(j) = −

n
∑

i=1

p(bi,j) log p(bi,j) (3.6)Non-tag entropy is measured like tag entropy: H̄(j) =
−
∑n

i=1 p(w̄i,j) log p(w̄i,j)3.2.5 Stability over timeTo study the evolution of hashtags on a temporal dimension, we hoseto analyze them day by day. First of all, to be able to identify new tagsemerging, we de�ne as new on day d a tag not appearing in the previous
k days. We will de�ne longevity of a new tag ld,k(j) as the number ofdays in whih tag j appears at least one, over the k days after its �rstourrene on day d.We then de�ne h

d
j the vetor of words appearing with tag j in somemessage on day d, and we measure similarity of a hashtag j on day dwith respet to the previous day as

wsimd(hj) =
h
d
j · h

d−1
j
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∥

∥
h
d
j
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∥
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3 Assessment of Twitter hashtags as strong identi�ers for the Semanti WebAnalogously, ud
j is the vetor of users who used tag j on day d, and

usimd(hj) is the similarity among users on day d and d− 1.3.3 Evaluation3.3.1 DatasetFor this study we relied on a dataset of 539,432,680 messages, olletedover the whole month of November 2009 (about 18 million per day).Slightly less than 50% of tweets are in English; to �lter out messages innon-latin enoding, that we are not able to parse and study, we disardedall messages ontaining non-ASCII haraters, reduing the size of thedataset of about 28%.Twitter user interfaes allow for forwarding of messages written byother users; the original message is so �retweeted�. As our study is basedon the o-ourrene of words inside the same message, and massiveretweeting that haraterizes several tags might have a strong impatbiasing the results, we deided to �lter out all retweets. Retweets on-stitute 5.4% of messages, so the atual dimension of our dataset, after�ltering, is of about 369 million messages.To ompute words o-ourring with a hashtag, we �ltered out fromthe messages all Web links and Twitter usernames (words starting with���). To redue the size of o-ourrene vetors, disarding items havinga very low tf-idf, we used a threshold k = 0.01.3.3.2 Desriptive statistisFigure 3.1 shows the distribution of the number of hashtags per message;overall, only 31.5 million messages, orresponding to the 8.5%, have atleast one hashtag. The perentage of users using at least a hashtag ishigher, around 20%. Figure 3.2 shows that the number of users pertag follows a heavy tailed distribution, with some outliers tags used byhundreds of thousands of users. Both the distribution of the number ofmessages and of distint tags tweeted by eah user also follow a heavytailed distribution, with a few extremely ative users, tweeting up to 10thousand messages or one thousand distint tags in a month. The totalnumber of distint tags enountered is over 2 millions; however, onlyabout 93 thousands, orresponding to 4.14%, appeared in more than 20messages over the whole month: for our study, we onsidered only thesetags, and disarded all the others.44



3.3 Evaluation

Figure 3.1: Representation of theproportion of mes-sages having a givennumber of hashtags,on a logarithmi sale. Figure 3.2: Distribution of theproportion of usersusing a hashtag, on alog-log sale.3.3.3 Evaluating hashtagsIn this Setion we will illustrate some results obtained by applying themetris desribed in Setion 3.2 to evaluate hashtags ontained in ourdataset.Frequeny of usageA �rst interesting question about hashtags is whether the orrespondingnon-tags also appear; about 73.5% of hashtags have the orrespondingnon-tag appearing at least one in our dataset. Among these, 57.8%are more frequent as hashtags than as non-tags. A �map� representingthe frequeny Fm of eah hashtag in funtion of the frequeny F̄m ofthe orresponding non-tag in shown in Figure 3.3. The graphi exhibitsa glove shape, whih seems to point out the distintion between twokinds of tags: those orresponding to ommon words, that appear onlysometimes preeded by a hash, and those on the �thumb�, Twitter spei�tags whih are more often used with hash, and do usually not orrespondto any ommonly used word. Examples of this seond kind of tags are#tagtuesday, #iraneletion, #sextips and #tot (aronym for �toponservatives on Twitter�). We obtained a very similar shape for user45



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti Web

Figure 3.3: Relationship between the frequeny of eah hashtag and thefrequeny of the orresponding word with no hash.
46



3.3 Evaluation
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Figure 3.4: Similarities wsim (red)and usim (blue), in de-sending order.
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Figure 3.5: Entropies H (red) and
Hb (blue) of tags, inasending order.frequenies Fu and F̄u.Spei�ityFigure 3.4 shows the similarity between tags and the orresponding non-tags, both in terms of o-ourrene vetors and of users. About a halfof tags have null values of usim, meaning no user in ommon with theorresponding non-tag, while wsim is null for about one third of tags;while onsidering this seond result, it must be taken into aount thefat that we have ut all values of tf-idf below a threshold of 0.01.Among tags having the highest values of wsim we �nd for exam-ple #daylight, almost always used in the ontext of �daylight savings�,#lady, mostly referred to the singer Lady Gaga both as a tag and as anon-tag, and #omofaz, whih is Portuguese slang word for �How do Ido?� Among those having null or very low similarity we �nd tags like#tweetphoto, mainly found in messages generated by an appliation,and #li, that orresponds to a ommon word in several languages, likePortuguese, Italian and Chinese, but as a hashtag is mainly used to referto the soial network platform LinkedIn.Figures 3.6 and 3.7 plot the relationship of similarity wsim to tag andnon-tag frequeny, respetively. Apart from a tendeny of very frequenttags to have a lower similarity, no preise relationship an be detetedbetween wsim and Fm. On the other hand, high values of similarity seem47



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti Web

Figure 3.6: Similarity betweeneah tag and the or-responding non-tag,in funtion of tagfrequeny. Figure 3.7: Similarity betweeneah tag and the or-responding non-tag,in funtion of non-tagfrequeny.to be more likely for tags orresponding to words having a frequeny inthe order of a few thousands, with a peak around 8000.Consisteny of usageIn Figure 3.5 we plotted the entropies of tags, in desending order. Mostof the tags have values of H lying in the range between 4 and 6; entropybased on bigram o-ourrene tends to be higher, with values rangingmostly between 5 and 7.Among tags having very high entropy we �nd espeially tags express-ing sentiments, like #whoares, #argh, #_#, beyond some words used ina variety of ontexts, like #freak. Tags with a very low entropy are typi-ally generated by appliations, like #dongdongdong (a tweeting hurh),#tweetphoto or #iphonebabes.3.3.4 Stability over timeWhile until here we have studied tags as stati entities for the wholeperiod of observation, in this Setion we will illustrate some results basedon the observation of tags over di�erent days.As an example, we report some statistis observed for tags appearingon November 10th, 2009; to identify new tags we based on a temporal48
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Figure 3.8: Evolution of tag #ampat by day (November 12th-30th).Left: Frequeny Fm (red) and Fu(blue). Center: Values of
wsimd(red) and usimd(blue). Right: Entropy H.window of k = 9 days. The total number of distint hashtags observedon November 10th is over 160 thousands, about 50% of whih were notappearing in any of the 9 previous days. We looked for these new tagsin the messages from the 9 following days to evaluate their longevity l.Most of the tags have l = 0 and only 36 tags (about 0.045%) appearin all days until November 19th. This is an interesting indiator of theshort memory of Twitter, and of how o�-handedly users do often addhashes to words.In this way, we have seleted for eah day very few new tags, thatare potentially new trending topis; we an now illustrate the resultsobtained by applying the measures de�ned in Setion 3.2.5 to two ofthese tags, to haraterize them.Tag #ampat stands for �Amerian patriot�, and seems to have beenadopted by a well de�ned ommunity. Frequeny of messages and users(Figure 3.8) exhibit a slow dereasing trend, after starting with about 300messages in the �rst day, tweeted by 50 users; entropy tends to dereasein time (Figure 3.3.4) pointing out a onvergene towards some ontext;both the meaning and the ommunity behind the tag seem to be quitestable, though users tend to di�erentiate a bit in the last observed days(Figure 3.3.4).#kmartbls stands for Kmart's blue light speial o�ers; the extremelyhigh similarity between onseutive days in terms of o-ourrenes (Fig-ure 3.3.4), together with the very low entropy (Figure 3.3.4), is a signalof the sare variety of information arried by the messages; these data,ontrasted with the very high frequeny (Figure 3.9), an easily bring tothe onlusion that the tag has been massively promoted by some au-49



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti Web
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Figure 3.9: Evolution of tag #kmartbls by day (November 10th-30th).Left: Frequeny Fm (red) and Fu(blue). Center: Values of
wsimd(red) and usimd(blue). Right: Entropy H.tomati appliation, retweeting almost idential messages from di�erentaounts.3.3.5 Manual assessmentIn order to assess how well our metris are able to indiate whih hashtagsrepresent stable onepts with a unique identity, we have performed amanual evaluation on a random sample of 257 hashtags. For eah tag,we olleted a random sample of 100 messages with that hashtag, andasked our evaluators to answer the following questions:1. whether they ould guess the meaning of the tag just by lookingat it;2. whether the hashtag represented:

• an event, person, organization, produt, or other named en-tity;
• messages generated by an appliation (e.g. spam);
• messages with a ommon sentiment;
• other;
• not lear;3. whether the tag referred to the same meaning in all messages ornot.50



3.3 EvaluationFurthermore, the evaluators were asked to hoose the losest mathingonept from Freebase3, by means of the Freebase Suggest tool4.In roughly 39% of ases, the messages were found to refer to a namedentity; for 20% of the tags the messages were haraterized by a ommonsentiment (e.g. #thankfulfor, #grrr or #youknowyouareuglyif), while12% of times they were reognized as generated automatially by someappliation (e.g. #soundloud, an audio distribution platform that re-lies on Twitter to spread noti�ations about users' ativities, or #shop,massively used by spammers). In 26% of the ases, the hashtag did notrepresent a named entity, a sentiment or an appliation, but was reatedfor some other reason, typially to disuss a general topi (e.g. #tv,#politis, #immigration). The meaning of the tag remained unlearin 6.7% of the ases. Among named entities, organizations were the mostommon (27%), followed by produts, events, persons and other entities(16%, 12%, 6%, 29%).Slightly more than half of the tags (137 out of 257) ould be assoi-ated to a Freebase entry; this is higher than the number of named entitiesbeause Freebase ontains also some general terms, like domains or om-mon words, whih are not named entities. As expeted, most appliationand sentiment tags ould not be mapped to Freebase. Only 33% of ap-pliation and 14% of sentiment tags ould be resolved, and many of thesemappings are rough approximations of the intended meaning (e.g. theprotest tag #freegary mapped to gary_mkinnon). We have also ex-pliitly measured agreement on this task by reevaluating 31 judgments.18 out of the 31 tags in this sample ould be mapped to Freebase. Theinter-annotator agreement on the task of determining if a hashtag anbe mapped to Freebase is very high (Cohen's κ of 0.79). The judgesagreed on the exat target in 12 out of 18 ases, and 4 of the 6 in-stanes of disagreements were simply due to the same topi appearing inmultiple hierarhies within Freebase. One of the other two ases was alose math (tehniian vs tehnology for the tag #teh), the other abroader math (baon vs food for #baon).Using the whole set of judgements, we have also performed a logistiregression on the binary variable indiating whether there was a map-ping to Freebase for a given hashtag. We have normalized the inputvariables by a linear transformation to the [0,1℄ interval, so that we ob-tain oe�ients that are omparable in magnitude. Table 3.2 shows theoe�ients of the resulting model. This model shows that tag frequeny,3http://freebase.om4http://ode.google.om/p/freebase-suggest/ 51



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti WebVariable Coe�ienttag frequeny (#messages) Fm -2.00nontag frequeny (#messages) F̄m -3.45tag frequeny (#users) Fu -6.80nontag frequeny (#users) F̄u 5.45tag entropy (bigrams) Hb 3.56tag entropy (unigrams) H -3.68nontag entropy (unigrams) H̄ 0.11word similarity wsim 0.78user similarity usim 0.34Interept -0.01Table 3.2: Logisti regression oe�ients of the input variables reported,for prediting output variable FBID (i.e., whether a hashtagan be mapped onto a Freebase entry).non-tag frequeny, the number of users are negatively orrelated withthe suess of mapping to Freebase, beause these frequeny measuresare indiators of Twitter-spei� usage. Entropy is also negatively or-related, beause the higher the entropy, the less onsistently the tag isused. The number of non-tag users is positively orrelated, beause itindiates ommon words/sentiments. Similarities are also positively or-related, but to a smaller extent. Altogether our model ahieves a 66%auray, a relative improvement of 25% over the baseline of hoosingthe majority lass.3.4 Related workThis work is strongly related to tagging in soial bookmarking applia-tions, whih has a longer history; tag semantis in this ontext has beenlargely investigated over the last years. Although this ontext will be ex-plored in detail in Chapters 4 and 5, in the next setion we mention somestudies on soial tagging whih are related to the work desribed in thishapter, before onsidering spei� work in the �eld of miroblogging.3.4.1 Tag semantis in soial bookmarking literatureThe main di�erene with respet to miroblogging is that tagging insoial bookmarking is expliit and often serves personal ategorization.Classi�ations of tags based on their usage are proposed in [56℄ and [161℄;52



3.4 Related workan insight into the use of non subjet related tags is o�ered in [89℄. Mo-tivations and inentives behind tagging have been investigated in [116℄and [7℄. In [47℄ some metris are introdued to evaluate tags, basedon user behaviour. Al-Khalifa et al. [4℄ evaluate the potential of folk-sonomies to generate semanti metadata; an assessment of deliious tagvoabulary e�ieny from an information theory perspetive is providedin [33℄.Among the studies aiming at extrating emergent semantis from folk-sonomy, the work desribed in [185℄ relies on a metri of tag entropy toevaluate the ambiguity of tags. In [31℄ some measures to ompute tagrelatedness are presented, and deliious tags are grounded to WordNetsynsets in order to ontrast semanti relations with the results of thedi�erent metris proposed; the best semanti preision is ahieved withmetris based on the osine between eah tag's ontext, represented asa vetor of o-ourring tags. Also the study desribed in [17℄ resonateswith our work for the use of information retrieval tehniques to omparetags with eah other: the authors build a tag-tag spae based on theosine between the o-ourrene vetors of tags, and �nd out signi�-ant di�erenes in the usage of the same keywords in di�erent taggingsystems.In [103℄ Körner et al. introdue the distintion between two lasses ofusers aording to their tagging behaviour and motivations: ategorizersand desribers. While the latter are interested in sharing, and tend toaurately hoose tags in order to help other users �nd the resoures theytag, the former are espeially interested in ategorizing their own stu�and so produe tags whih are often hardly useful for other users. In [102℄it is shown how awareness of this distintion an improve the e�etivenessof algorithms for emergent semantis extration from folksonomies.The idea of integrating tags into the semanti Web is not new; amongother works, FLOR is a framework for the enrihment of folksonomieswith semanti information from existing ontologies [9℄, while TagOntoo�ers a set of tehniques and heuristis to map soial appliation tags toontology onepts [20℄. The approah of integrating tags with existingontologies from the Semanti Web is also the basis of next hapter, wheretags from a soial bookmarking appliation are mapped onto WordNet.Models have also been proposed to allow users to anhor tags to se-manti Web URIs, suh as MOAT [139℄ and CommonTag5; NieTagontology, desribed in Chapter 5, enrihes this approah allowing for therepresentation of di�erent kinds of tagging ations, by means of named5http://ommontag.org 53



3 Assessment of Twitter hashtags as strong identi�ers for the Semanti Webgraphs.3.4.2 Tags in mirobloggingLetiere et al. [110℄ investigate the use of Twitter during onferenes,identifying lasses of hashtags and �nding out a prevalene of tehnialterms, and a general tendeny to address espeially people belonging tothe same ommunity. In [81℄ tagging behaviour in Twitter is omparedwith the one in deliious, and it is desribed as onversational ; the au-thors in partiular study the phenomenon of memes emerging aroundhashtags that are often abandoned after a short time, and introdue sta-tistial metris to detet them. A tripartite model of users, hashtags andmessages is introdued in [179℄ to turn Twitter into a folksonomy, andto extrat emergent semantis.An alternative distributed platform for miroblogging, based on se-manti Web priniples, is desribed in [138℄. Speial syntaxes have beenproposed to allow users express strutured information inside a tweet;among these we mention twitlogi [162℄ and HyperTwitter [74℄, whihallows users to speify relationships among hashtags (equivalent, subtag)and express arbitrary properties between them. Aording to table 2.1,while we have foused on the basi level of names (bottom left ell), theseworks aim at introduing higher levels of semantis in miroblogging sys-tems, and orrespond to upper ells.3.5 Conlusions and future workSine their introdution, hashtags have shown to be a suessful featureof miroblogging platforms, and a preious onrete solution to the prob-lem of aggregating ontent in the disorganized and fragmented impetuousstream of information that haraterizes these systems. However, not allhashtags are used in the same way, not all of them aggregate messagesaround a ommunity or a topi, not all of them endure in time, and notall of them have an atual meaning. In this work we have addressed theissue of evaluating Twitter hashtags as strong identi�ers, as a �rst stepin order to bridge the gap between Twitter and the Semanti Web.The �rst ontribution of the work presented in this hapter stands inthe formalization of the problem, and in the elaboration of a numberof desired properties for a good hashtag to serve as a URI. We haveproposed a Vetor Spae Model for hashtags, representing them as virtualdouments; in parallel we have introdued the notion of non-tag, to beable to ompare eah tag with the orresponding word without hash.54



3.5 Conlusions and future workWe have de�ned several metris, based both on the messages ontaininga hashtag and on the ommunity adopting it, to haraterize hashtagusage on a variety of dimensions: frequeny, spei�ity, onsisteny, andstability over time. We have applied these metris to a dataset of morethan half a billion messages, olleted over the whole month of November2009. Beyond qualitatively illustrating the results, showing how themetris proposed tend to orrespond to atual properties of the data, wehave performed manual lassi�ation of a sample of tags. Based on thesedata, we have tested the results obtained with the algorithms desribed,showing how a ombination of the proposed measures an help in the taskof assessing whih tags are more likely to represent valuable identi�ers.These results are promising, with respet to the perspetive of anhoringTwitter hashtags to Semanti Web URIs, and to detet onepts andentities valuable to be treated as new identi�ers. Also spam detetiontasks an bene�t from the metris we have illustrated.As a further step, this approah ould be easily used to study similaritybetween hashtags, based both on word and user o-ourrene vetors, inorder to �nd lusters and study emergent semantis. Also the possibilityof omparing good hashtags with text douments is straightforward; inpartiular, the vetorial representations of hashtags whih we have in-trodued in this hapter ould be ompared with the words appearing ineah Wikipedia artile. In this way it ould be possible to automatiallymap hashtags to Wikipedia entries and so to DBPedia entities, assigningthem a URI.
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4 Integration of ontologyhierarhies into folksonomies
4.1 IntrodutionAs the amount of information available on the Web grows every dayfaster, the task of lassi�ation is getting harder, the traditional top downapproah is getting inadequate [163℄ and the new bottom up approahof folksonomies is emerging [146℄.The work of ategorization in folksonomies is performed by users so, asexplained in Setion 2.2.4, they are salable, urrent, inlusive and demo-rati, and they have a very low ost. On the other hand, folksonomies asresulting from urrent tagging interfaes are haraterized by many lim-itations, suh as low performanes in terms of both preision and reall,the lak of expliit semantis and the possibility of gaming [100, 65℄.In this hapter we fous on the lak of expliit semantis in taggingappliations, and in partiular on the absene of hierarhy, whih makesit di�ult to browse a folksonomy or of a part of it, and to retrieveresoures related to a topi without having to inspet several satteredlabels.As tags are just text strings, with no expliit semantis assoiated, itis not trivial to organize them for presentation to the user. The mostommon way to show a set of tags are tag louds, visual representationswhere eah tag is displayed with font size depending on its popularity,as shown in Figure 2.3. This kind of representation is good for get-ting a quik summary of the ontent of a folksonomy, and as a startingpoint for exploration, however it has been shown to be insu�ient forinformation-seeking tasks [164℄. To allow a better navigation for disov-ering of interesting and related items, many appliations have introduedlinks to related tags, where relatedness is generally measured with somemetris based on o-ourrene data. For example in Del.iio.us, whenvisiting the page of bookmarks tagged with a ertain tag, a list of relatedtags is presented in a sidebar. 57



4 Integration of ontology hierarhies into folksonomiesThese features are useful but present several limitations. First, theyleave the problem of the lak of hierarhy unsolved: they build �at spaesof tags, and they provide no riterion to organize them, so only a smallset of items an be displayed. There is no expliit onnetion with themeaning of keywords or semanti relationships among them; in tag loudstags are usually disposed in alphabetial order, while in related tagspanes they are ordered aording to relevane. In both ases there isno oherent riterion related to the meaning of tags, whih an help theusers to browse a set of keywords.Our purpose is to enrih the possibilities of navigation in a folkson-omy by adding expliit semantis, provided by an external hierarhy ofonepts, to help users orient themselves among keywords. We hose tostart from Del.iio.us, a popular folksonomy for soial bookmarking, andto develop an alternative tool for the suggestion of related tags, based onthe WordNet hierarhy of onepts. To this end, the �rst neessary stepis to disambiguate the meaning of tags and to map them into elementsfrom the ontology; then a hybrid hierarhy borrowed from WordNet andontaining the tags of interest an be elaborated and integrated into thenavigation interfae.This hapter, based on the work published in [104℄ and [105℄, is or-ganized as follows. In the next setion we desribe both the design andthe implementation of the projet, then in Setion 4.3 we show someresults of our tests and an evaluation of the appliation. In Setion 4.4we disuss related work, and in Setion 4.5 we onlude with a summaryand a disussion of future work.4.2 Turning a tag-spae into a hierarhy ofoneptsThe goal of this work is to investigate the possibility of integrating an on-tology in the navigation interfae of a folksonomy, �ltering tags througha prede�ned semanti hierarhy to improve the possibilities of searhingand browsing. In partiular we hose to improve the related tags panelin Del.iio.us; �ltering a set of related tags through WordNet noun hier-arhy it is possible to display a muh higher number of them, organizedaording to a semanti riterion. As WordNet is a semanti lexion ofEnglish, developed to re�et the semantis of natural language and theway in whih humans lassify objets, the relations and ategories thatit ontains are likely to be immediately understood by most people [48℄.58



4.2 Turning a tag-spae into a hierarhy of onepts

Figure 4.1: System arhiteture4.2.1 System arhitetureThe appliation we have developed is based on a lient-server paradigm,where all the tasks relative to the proessing and storing of informationare left to the server and the lient has only to manage the visualizationof results. The arhiteture of the system is shown in Figure 4.1.The server is omposed of a sraper, that extrats the data fromDel.iio.us HTML pages and stores them on a database, a module fortag disambiguation and a ore module that builds the semanti tree oftags related to a given one, based on the hierarhy of onepts of Word-Net. On the lient side, aording to the priniple of ative navigation, aJavaSript sript exeuted inside the browser dynamially modi�es thepages visualized by the user, integrating the additional information pro-vided by the server.4.2.2 Mapping Deliious tags onto WordNetThe �rst issue when trying to map tags to WordNet is the one of tags thatare not reognizable as words in the lexion, even after a stemming pro-ess, and therefore annot be mapped. To evaluate the relevane of theexluded data we have olleted a large dataset, relative to about 30,000Del.iio.us users and ontaining about 480,000 di�erent tags. Studyingthese data we found that only about 8% of the di�erent tags used areontained in the lexion, but we also observed that the most populartags are muh more likely to belong to WordNet. This distribution in59



4 Integration of ontology hierarhies into folksonomies

Figure 4.2: Along the X axis are represented tags from our dataset,grouped by 1000 and ordered by dereasing popularity; the Yaxis shows the number of tags belonging to WordNet for eahgroup of tags. The most popular tags are muh more likelyto belong to WordNet, following a power law distribution.partiular follows a power-law urve, very ommon in the �eld of ollab-orative systems, as showed in Figure 4.2. Of the 20 million total taggingrelations present in our dataset, about 68.1% involve words ontained inWordNet. We think this data might be muh inreased by using loalwordnets in other languages and domain ontologies to over more spei�terms.There is then the issue of words that are reognized as belonging tothe lexion, but not as nouns: these tags too annot be mapped, as thehierarhy of WordNet is only de�ned on nouns. Aording to the dis-tintion formulated in [56℄ among fatual, subjetive and personal tags,we an argue that fatual tags tend to orrespond to nouns, as nouns �tbetter to desribe fatual knowledge, while adjetives tend to orrespondto subjetive tags. Further studies about this issue an be found in [5℄.From a quantitative point of view, our dataset on�rms the intuitionthat most of the tags, and espeially most of the most popular tags,are nouns. Indeed, the 85% of the di�erent tags reognized by Word-Net are nouns, while out of the over 20 million total tagging relations,about 64.9% involve WordNet nouns, and just about 3% involve wordsbelonging to the lexion without being nouns; in other words these datatell that, in our dataset, about 95% of the times that a tag belonging toWordNet is used it has at least one meaning as a noun: the power law60



4.2 Turning a tag-spae into a hierarhy of oneptsdistribution is aentuated for nouns.4.2.3 Tag disambiguationOne problem when trying to map tags on an ontology is polysemy: asno expliit semantis is assoiated to tags by the users, the same tagan have di�erent meanings aording to di�erent aeptation of theword, and onsequently di�erent positions in the ontology. For exam-ple the word �turkey� may refer to the ountry or to the animal, andin the seond ase one ould want to distinguish between biologial andgastronomi meaning, aording to the ontext. In WordNet semantirelationships are not de�ned among words, but among synsets, groups ofsynonyms that represent units of meaning; eah word an belong to dif-ferent synsets aording to its di�erent aeptations. The word �turkey�,for example, belongs to �ve synsets, the �rst one being �turkey, Meleagrisgallopavo� and the seond �Turkey, Republi of Turkey� .To properly map a tag to the orresponding position in the ontologyyou need �rst to disambiguate it, in relation with the ontext in whihit has been used. A fair solution naturally o�ered by a folksonomy is touse the other tags assoiated by some users to the same resoure as theontext for disambiguation.Our algorithm for tag disambiguation ats for eah tagged resoure inthe following way: the C most used tags for the resoure are omparedamong them, and for eah of them the meaning that is more stritlyrelated to the other tags is seleted; semanti relatedness among tagsis alulated aording to a hoie of metris based on WordNet [142℄(adapted lesk, Hirst and St. Onge) and disambiguation is performedusing the Perl library SenseRelate [141℄. In the same way the remainingtags are disambiguated using the �rst C as a ontext. This solution ise�etive, as it redues the sensitivity to less used tags, and e�ient, asit avoids the exponential growth of the algorithm omplexity with thenumber of di�erent tags assoiated with a resoure.4.2.4 Building the tag semanti treeThe ore module, for the onstrution of the tree of related tags, ats infour steps: tree building, ompression, branh sorting and result output.All the algorithms developed have linear omplexity with the number ofinput tags.The set of tags to be onsidered is seleted by olleting, for eah ofthe latest N sites assoiated with the given tag, the M most frequent61



4 Integration of ontology hierarhies into folksonomiestags for that site; M and N are parameters that an be spei�ed inthe HTTP request. The onstrution of the tree is performed by aniterative algorithm; for eah di�erent tag present in the set of interest ina partiular aeptation, the hain of the hypernyms is reated as a pathtill the unique root of the noun hierarhy of WordNet and then mergedwith the existing tree. At the end of this proess the tree is a subpartof WordNet noun hierarhy, hosen to ontain all the tags of the set ofinterest.As WordNet is very �ne-grained, it an take more than 10 steps todesend from the root to a word; the tree has to be ompressed to beuseful for navigation, eliminating the useless nodes. The ompressionalgorithm performs a breadth-�rst visit of the tree, in whih all nodesonsidered unneessary are deleted and replaed by their hildren. Onone hand, all the nodes orresponding to high level ategories in Word-Net, ontained in a blak list, are deleted; the information ontent ofthese nodes is generally too low to be useful for navigation. On theother hand all the nodes that do not orrespond to any tag and have abranhing fator lower than K or have no siblings are replaed by theirhildren. The default value for K is 2; in this way the struture of thehierarhy is preserved and at the same time the most spei� terms anasend in the tree.The branhes are ordered by weight, where the weight of a node isalulated as the number of resoures in the set of interest that have beentagged with the orresponding word in that aeptation. This guaranteesthat the branhes of the hierarhy that are most stritly related to thegiven tag are shown �rst to the user. As a last step, the tree is outputby the server in HTML or XML format.4.2.5 User interfaeThe system rests on Firefox Browser and Greasemonkey extension toexeute some JavaSript ode inside the browser. When the user isvisiting the Deliious page for a ertain tag, the sript onnets to ourserver to get the semanti tree of related keywords for that tag; as soonas the information is ready, a new sidebar is dynamially integrated intothe page, showing an expandable tree. For eah node of the hierarhythere are two links, direted one to the Del.iio.us page for that tag andone to the page of the resoures tagged both with that tag and with thegiven one; the size of eah tag's intersetion with the urrent keyword isshown in parenthesis and represents an indiative measure of relatednessfor the users. Tooltips guide users showing WordNet de�nitions of the62



4.3 Tests and evaluationonepts orresponding to eah node and indiating the destinations oflinks.

Figure 4.3: A sreenshot from the Del.iio.us page for tag �pasta�, wherethe inner sidebar shows an expandable hierarhy of relatedtags, provided by our appliation.Figure 4.3 shows the result obtained for tag �pasta�, where all the tagsassoiated to the latest 300 sites tagged with �pasta� are displayed; inthe piture you an see the �rst branhes (i.e. the most related ones, inthis ase those about �food�), that have been expanded.4.3 Tests and evaluationWe tested the system with di�erent kinds of tags, aording to di�erentdimensions. The �rst dimension is the spei�ity of the tag from whihthe exploration starts; it's very di�erent to display the spae of a keywordsituated in a spei� domain or in a generi one. In the �rst ase theresulting tree tends to be ompat and to allow easier navigation, whilein the seond ase it tends to have a high branhing fator and a high63



4 Integration of ontology hierarhies into folksonomiesnumber of �rst level nodes; anyway, as the branhes are always orderedby weight, the most interesting onepts in relation to the given oneare reahable exploring the �rst branhes, also in ase of very generalkeywords. The seond dimension is given by the popularity of a tag,while the third one is given by the semanti �eld; eah semanti �eld hasits spei�ity and some of them rest on more onventional and orderedsets of words, suh as the �food� ontext, visible in Figure 4.3, whilesome others are more prone to slang and neologisms, suh as the one of�software�.Figure 4.4 shows the result obtained for tag �blog�; as �blog� oftenrefers to a kind of site more than to the ontent, it an be onsidered apartiular ase, and a very general tag as there are blogs almost abouteverything. �Blog� is also one of the most popular tags in Del.iio.us,so it is an extreme ase also aording to the seond dimension. Weobtained this result onsidering the latest 2000 Del.iio.us bookmarkstagged �blog�, and only the 15 more used tags for eah of them, to utthe long tail of less used tags. In the piture you an see expanded thehierarhy of sienti� disiplines.From this and other examples the main problem that emerges for sal-ability seams to be the high number of nodes in the �rst level of the tree;some improvements ould be obtained by making the tree ompressionalgorithm more dynami.Confronting the related tags suggested by Del.iio.us with the resultswe obtained, we observed that they are always somewhere in the �rstbranhes in the new sidebar. An exeption must obviously be done for thewords that do not belong to WordNet, that are absent in the new sidebar.Experimenting for example with tag �Greasemonkey� (the experiment ispossible though the word itself is not ontained in the lexion) we foundthat many important related tags, like �JavaSript�, are not reognized,while other important words, suh as �extension�, are interpreted in awrong way as WordNet does not ontain the aeptation related to soft-ware; all the tags for whih there is in WordNet an aeptation relatedto software have instead been orretly interpreted by the system. Theselimitations ould be addressed by resting on some domain ontologies tointegrate WordNet and on Wikipedia for reonduting slang forms tomore onventional ones (for example, Wikipedia reognizes �ny� as analternative form for �New York City�, while WordNet does not).In many ases synonyms or just di�erent ways of spelling a word hap-pen to be lose to eah other and easily reognizable in the tree providedby the new sidebar: the semanti hierarhy helps to fae the problem of64



4.3 Tests and evaluation

Figure 4.4: A sreenshot from the Del.iio.us page for tag �blog�, wherethe inner sidebar shows an expandable hierarhy of relatedtags, provided by our appliation.
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4 Integration of ontology hierarhies into folksonomiessynonym ontrol to whih a folksonomy is naturally prone.As a last onsideration we want to mention the problem of gaming.It's not unusual in Del.iio.us to see the related tags sidebar entirelymuked up by spam, as we found in some of our examples. Gamersan trik Del.iio.us to gain a good position for the tags they want toadvertise and, as there are just a dozen tags suggested, the whole sidebaran easily be ompromised. In the new sidebar the problem is embankedas a muh higher number of tags is shown and so the presene of somespam tags does not make the whole suggestion system useless, thoughthe order of branhes an be gamed.4.4 Related workOther researhers have proposed to rely on ontologies, lexial resouresand other soures of strutured knowledge to address some limitations oftagging systems. TagOnto is a folksonomy aggregator, whih ombinesinformation from di�erent folksonomies mapping tags onto ontology [20℄.Angeletou et al. [9℄ propose FLOR, a framework to semantially enrihfolksonomies, based on dynamially retrieving, seleting and ombin-ing relevant knowledge from ontologies. Van Damme et al. [38℄ presentFolksontology, another approah based on leveraging knowledge from on-tologies and lexial resoures to enrih folksonomies; in partiular, theyrely on Wikipedia entries and disambiguation pages to identify entities.They also propose mehanisms to involve the ommunity in the proessof generating hierarhies, through visualization and voting on oneptualhoies.FaeTag, proposed by Quintarelli et al. [147℄, is a framework aimedto integrate a top down lassi�ation paradigm with folksonomies; thesystem relies on both impliit and expliit semantis to organize tags ina taxonomy: impliit semantis is obtained by mining tag o-ourrene,while expliit semantis is provided by the users who an speify severalkinds of relations between tags. The approah is similar to ours in theproposal of an enrihment of the browsing interfae, but omplementaryas no knowledge from external soures is used. Another more reentwork aimed at improving browsing in folksonomies by adding hierarhialrelationships between tags is presented in [120℄, where several tehniquesto automatially infer the semantis of tags are proposed and evaluated.An alternative approah to ahieve better visualization and browsinginterfaes is based on lustering of tags aording to their usage [16℄;in Flikr, this feature has been integrated also for the presentation of66



4.5 Conlusionssets of related tags1. Hassan et al. [69℄ proposed to improve tag louds,presenting tags organized in lusters.Many researhers have faed the hallenge to automatially derive on-tologies by automatially mining the tripartite graph of tags, resouresand users [122, 75, 157, 25, 185℄. Cattuto et al. [31℄ map tags ontoWordNet synsets to ontrast semanti similarity with several measuresof tag relatedness. The semanti grounding of tags is leveraged in [115℄to evaluation di�erent metris; the best semanti preision is ahievedwith metris based on the osine between eah tag's ontext, representedas a vetor of o-ourring tags. This seems to on�rm the validity ofour hoie to leverage o-ourring tags as the ontext for tag disam-biguation.4.5 ConlusionsIn this hapter we have faed the problems related to the lak of expliitsemantis, and in partiular of hierarhy, in tagging interfaes. We haveproposed a new approah to enrih the navigation interfae of a folkson-omy adding strutured knowledge provided by an ontology, and we havedeveloped a tool that uses WordNet to build a semanti hierarhy of tagswhih helps users navigate and �nd related resoures in Del.iio.us.We have shown that in this way it is possible to ombine some of theadvantages of the traditional top down approah to lassi�ation with theones of the bottom up paradigm that is emerging on the Web, providingriher possibilities of searhing and browsing, and dealing with some ofthe limitations to whih folksonomies are prone, suh as lak of reall,synonym ontrol and gaming.As future work, it would be interesting to use the results of tag disam-biguation, performed by our appliation, to �lter resoures and not onlytags; in this way it might be possible for example to visualize, amongthe Del.iio.us bookmarks assoiated to the tag �turkey�, only the onesthat have been individuated as related to the geographial aeptation.One strength of the solution proposed in this hapter is that it does notrequire any additional e�ort for the users, nor any hange in the tagginginterfae: it an already be integrated on top of an existing folksonomy toimprove its navigational interfae; on the downside, relying on externalknowledge is also the main potential limitation of this kind of approah,as the �xed and stati hierarhy of onepts provided by WordNet anin many ases not re�et the most suitable ategorization riteria for1See http://blog.flikr.net/en/2005/08/01/the-new-new-things/ 67



4 Integration of ontology hierarhies into folksonomiesthe mind of the users. An alternative approah, whih an foster par-tiipation of the users for the spei�ation of knowledge in struturedformat, is provided in the next hapter, while the possibilities and thehallenges o�ered by ollaboratively reated hierarhies are investigatedin Chapter 6.
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5 Modeling tags as namedgraphs: NieTag ontology
5.1 IntrodutionTags are one of the pillars of the Soial Web. Users assoiate labelsto resoures, often for their own bene�t, and this little individual e�ortis onverted into a value for the whole ommunity. The aggregation oftags produed by di�erent users gives plae to folksonomies, olletivelassi�ations of ontent. This paradigm has emerged in many di�erentontexts, and people use tags for a variety of purposes and in manydi�erent ways.The simpliity of urrent interfaes, where users have only to typea string of haraters to assign a tag, has been a key feature for thesuess of soial tagging appliations. However, as shown in previoushapters, this simpliity and the onsequent lak of expliit semantishave drawbaks for the quality of the results.In Chapter 3 we have investigated the quality of user generated la-bels as identi�ers and the possibility of assoiating them with realworld entities, fousing on the senario of hashtags in miroblogging,while in Chapter 4 we have mapped tags from a soial bookmarkingsite to the WordNet ontology and we have proposed the use of hier-arhies from WordNet to organize tags and present them to the usersaording to a oherent semanti riterion. In this hapter we pro-pose a general model to represent tags in a �ne-grained and �exibleway, thanks to the use of named graphs whih allow to speify the re-lation interurring between the tagged resoure and the sign used totag. The model has been drafted at the VoCamp in Nie 20091, andpresented in [113℄, [125℄ and [124℄. It is available online at the addresshttp://ns.inria.fr/nietag/2010/09/09/vo.html.Current models of tagging allow one to link a tag to a well de�nedmeaning; this relationship helps to fae the problem of the di�erent a-1http://voamp.org/wiki/VoCampNieSeptember2009 69



5 Modeling tags as named graphs: NieTag ontologyeptations a term an have in di�erent ontexts and for di�erent om-munities [140℄. Still, polysemy is not the only ambiguity of tags: somemeaning resides in the (so far impliit) kind of relationship between theresoure and the sign used to tag. For example, the use of tag �blog�,one of the most popular in Deliious, an assume at least two di�erentmeanings with respet to the same de�nition of the word �blog�: it anmean that a resoure is about blogs, or that it is a blog. As anotherexample, if I use tag �thesis�, it ould mean that a resoure is a thesis,or that it is relevant for my thesis. Moreover, some tags are intendedfor personal use and to only make sense for the applier, while other areused for reommending something to other spei� users, and so on. Inontrast, urrent interfaes do not o�er the possibility to speify di�erentusages of tags, and existing ontologies for tagging re�et this simpliityproviding one single property to link a sign to the resoure being tagged:taggedResoure in Newman's Ontology [133℄ and SCOT [87℄, tagged inCommon Tag2, hasTag in NAO [156℄.The demand for riher expressivity in tagging appliations is witnessedby the experiene of mahine tags, born from spontaneous onventionsamong users and then integrated in the interfae of some systems suh asFlikr3. In Flikr, like in most urrent soial annotation platforms, one isonly allowed to desribe a resoure by assoiating to it one or more freeharater sequenes, in unstrutured format. In order to express wellde�ned properties of the annotated pitures, users adopted a onventionto assign a speial syntax to the blank spae of tags. For example, thegeo-loation of a piture taken in Taipei an be spei�ed using tags like�geo:lat=25.033333� and �geo:long=121.633333�, while the prie of a de-pited biyle for sale an be expressed as �sell:prie=100$�. The syntaxof Flikr mahine tags resonates with RDF, as it is based on properties(e.g., �geo:lat�, �sell:prie�) belonging to some kind of namespae(�geo:�, �sell:�). This onvention allows for automati elaboration ofspei� properties of annotated resoures and onstitutes an interestingommunity solution, but it is subjet to the limitations of not relying onSemanti Web standards: there is no formal de�nition of the meaning ofgeo:lat, it is just shared knowledge within a group of Flikr users; nointeroperability is guaranteed and apposite tools have to be developedto proess information.The model we present in this hapter is aimed at o�ering a more gen-eral and omplete solution, leveraging Semanti Web standards and teh-2http://ommontag.org3http://www.�ikr.om/groups/api/disuss/72157594497877875/70



5.2 Related worknologies to enrih urrent tagging interfaes. In NieTag, we represent atag as an RDF relation between a resoure and a sign; we propose severalproperties to model di�erent usages of tags aording to literature. Tomodel the tagged resoure we rely on the IRW resoure ontology [64℄,whih allows for a �ne-grained spei�ation of the di�erent strata of re-soures enountered on the Web, while signs an be modeled aordingto existing voabularies for tagging.The link between a tagged resoure and a sign, whih onstitutes theessene of a tagging ation, is embedded in a named graph; as the de-laration of named graphs is not natively supported in RDF, we haveintegrated the model from Carroll et al. [29℄ and the RDF/XML Souredelaration syntax from [53℄.Thanks to the use of named graphs a tag ation, identi�ed by a URI,an also be typed itself, and this allows to distinguish di�erent kindsof tagging and di�erent orresponding soial ats; it is also possible toexpress properties of the tag ation, and in partiular metadata suh asauthor, date and Web ontainer.The hapter is organized as follows. Setion 5.2 o�ers an overview onrelated work. In Setion 5.3 we introdue the ore of NieTag model, i.e.the use of named graphs to represent tags and we disuss the modeling oftagged resoures, signs and tag ations, while in Setion 5.4 we fous ontags as soial ats and we illustrate the properties that we have foreseento express di�erent kinds of relations between the tagged resoure andthe sign. In Setion 5.5 we desribe some use ases and in Setion 5.6we draw onlusions.5.2 Related workBefore the emergene of soial tagging and folksonomies, several toolshad been proposed to allow for the annotation of Web resoures in stru-tured formats; though none of them has saled up to a broad di�usion,it is worth giving an overview on these anestors of semanti taggingframeworks, before exploring more reent works on modeling of tags inthe ontext of folksonomies.5.2.1 Semanti annotationOne of the �rst systems to semantially annotate Web pages wasSHOE [72℄, a platform that allowed to mark-up HTML douments onthe basis of existing ontologies; another framework supporting ontology-based annotation of Web pages is CREAM [68℄. Mangrove [118℄ was71



5 Modeling tags as named graphs: NieTag ontologydeveloped as a tool aimed to �entie ordinary people onto the semantiWeb�, by providing them an easy graphial interfae to annotate HTMLdouments with semanti metadata, and on the other hand by makingthese metadata immediately available to a series of semanti servies,suh as semanti searh and alendar, while Saha is an annotation editorsupporting the usage of di�erent metadata shemes and domain ontolo-gies [175℄. Kettler et al. [86℄ introdued a Semanti Markup Tool, basedon templates to hide ontologial omplexity from end users and allowthem to easily speify new instanes in the knowledge base. The saredi�usion of these systems an be imputed on one side to the lak or in-adequay of available ontologies, and on the other to the exessive e�ortrequired to the users.A milestone is for sure the W3C projet Annotea, aimed at pro-viding a semanti annotation framework, to enhane ollaboration viashared metadata based Web annotations, bookmarks, and their ombi-nations [85℄. It uses an RDF based annotation shema for desribingannotations as metadata and XPointer4 for loating the annotations inthe annotated doument. Whereas the (extensible) voabulary allows aertain rihness of expressivity for desribing annotation metadata andalso the type of annotation (e.g. Comment, Example and Change), theontent of annotations is just limited to unstrutured data. The possibleuse of Annotea for (semanti) soial bookmarking is illustrated in [98℄.Another tool to share annotations about any Web page (or part of apage) is CritLink [186℄; of partiular interest is the idea of a mediator inthe user navigation experiene, providing additional information relatedto the page they are visiting, and in partiular showing extrinsi links,de�ned ollaboratively, in addition to the intrinsi ones (i.e., the linkembedded by the author in the soure web page).A formal model of annotations in the ontext of information retrievalis presented in [3℄, while in [28℄ an approah based on soial validation ofannotations for information retrieval improvement is proposed: the keyidea is to study the disussion thread assoiated with an annotation toevaluate the onsensus level it has ahieved.5.2.2 Models for soial taggingThe sare suess that semanti annotation systems have enountered sofar is ounterbalaned in reent years by the rapid di�usion and growth offolksonomies, or ollaborative tagging systems. A tag an be onsidered4http://www.w3.org/XML/Linking72



5.2 Related workas a very simple kind of annotation, where users just assign a keywordto a resoure; the semantis provided by eah user is shallow, but thestrength of appliations like Flikr5 or Deliious6 resides in the highnumber of ative users, ahieved also thanks to the extremely low e�ortrequired.There have been several proposals of voabularies for tagging sys-tems; a broadly aepted starting point for a formalization of tag-ging is a tripartite model, where a tagging ation is seen as a triple<User, Resoure, Tag> aording to Gruber's oneptualization [61℄.Newman proposed to implement this model through rei�ation [133℄,by means of a lass tags:Tagging, onneted to the tags (propertytags:assoiatedTag), the user (property tags:taggedBy) and the re-soure (property tags:taggedResoure), as well as additional metadatasuh as the date (property tags:taggedOn). This shema was adoptedalso by Knerr [96℄ and Ehart et al. [43℄, who extended onepts suh asdomain and visibility, and represented it in OWL. The MOAT projetextends Newman's model allowing for the assoiation of a meaning, inthe form of an external URI on the Web of Data, to eah ourreneof a tag [139℄; this priniple has also been adopted in the Common Tagontology7, a simpli�ed model based on the RDFa standard, whih al-lows to embed RDF triples in HTML Web pages. In Common Tagthe lass tag:Tag, having as label the text of the tag, is onnetedto the tagged resoure (property tag:tagged), to the date (propertytag:taggingDate) and to a meaning (property tag:means). Comple-mentarily, the SCOT model [87℄ o�ers primitives to model folksonomiesas aggregations of tags, by means of lass sot:Tagloud, and proper-ties suh as sot:totalTags for the number of tags in a tag loud, andsot:ownAFrequeny for the number of ourrenes of a tag in a tagloud. Another quite rih ontology for tags and annotations is NAO [156℄,de�ned under the NEPOMUK Soial Semanti Desktop projet [60℄; likeNieTag, NAO makes use of named graphs, but the relationship betweenthe resoure and the sign is �xed (nao:hasTag), as in the other urrentmodels. A omprehensive revision and omparison of tagging ontologiesis provided in [88℄.Revyu8 is a reviewing and rating Web site, built with great attentiontowards Linked Data priniples and best praties [71℄. Everything inRevyu has a URI and an be reviewed and tagged; tags are just free5http://www.flikr.om/6http://del.iio.us/7http://ommontag.org8http://revyu.om/ 73



5 Modeling tags as named graphs: NieTag ontologysequenes of haraters, and are expressed by means of Newman's TagOntology. One of the most interesting features of the system is thattype information is in some ases derived from tags: when a resoure istagged �book�, if an ISBN number is found in the orresponding Webpage, an rdf:type statement is added to assert that the resoure is abook. Analogously, resoures tagged �movie� or ��lm� and having thesame name of a DBPedia item of type Film are onsidered movies.5.3 The NieTag modelIn this setion we introdue the ore of NieTag model, i.e. the use ofnamed graphs to represent tags, and we detail modeling of tag ations,tagged resoures and signs used to tag.5.3.1 Tag ations as named graphsCarroll et al. [29℄ noted that RDF does not provide mehanisms (apartfrom statement rei�ation) for talking about graphs and relations be-tween graphs. They introdued Named Graphs in RDF to allow pub-lishers to ommuniate assertional intent and to sign their assertions.The fat that it is often useful to embody soial ats with some reordlearly resonates with the senarios of soial tagging. Several authors be-fore them proposed to transform RDF triples into quads [15, 42, 83, 114℄appending to them an additional URIref or blank node or ID. The de�ni-tion of [29℄ is deliberately simpler than [62℄ and [165℄ : �A Named Graphis an RDF graph whih is assigned a name in the form of a URIref. Thename of a graph may our either in the graph itself, in other graphs, ornot at all. Graphs may share URIrefs but not blank nodes.� [29℄.Extending the lass rdfg:Graph de�ned in Carroll et al. [29℄, we de-�ne a sub-lass of named graphs alled TagAtion lass and embodyingthe ats of tagging. The triples ontained in the named graph repre-sent the link, modeled with the property :isRelatedTo, between aninstane of the lass irw:Resoure and a sign modeled as an instane ofrdfs:Resoure, as desribed in Figure 5.1.This paradigm provides four degrees of freedom to model tags:1. the tag ation as a named graph an be typed to represent di�erentkinds of tagging, and metadata suh as reator and date an beassoiated to it;2. the model of the tagged resoure an be extended to represent74



5.3 The NieTag model
Figure 5.1: The minimal representation of a TagAtion as a namedgraph. �nt� stands for nietag namespae.di�erent kinds of resoures enounterable on the Web, and to dis-tinguish information resoures from non-information resoures;3. the modeling hoie of the sign used to tag is let free, and othervoabularies an be integrated on this side;4. the relation between the tagged resoure and the sign allows for a�ne-grained aount of the semiotis of tagging.In the following, we address the �rst three aspets, showing how thetagged resoure, the sign and the tag ation an be modeled aording toour ontology, while in the next setion we fous on relationships and weillustrate how we represent tag ations as soial ats on the Web takinginspiration from speeh ats theory.5.3.2 Modeling the tagged resoureRegarding the tagged resoure, in urrent tagging appliations this isusually identi�ed by a URI, whih by de�nition univoally identi�es aresoure. However, the manifold nature of URIs raises some issues andit is often not obvious to understand what exatly has been tagged. Thisproblem is also known as the identity risis of the Semanti Web [70℄.Suppose one tags a photograph of the Sagrada Familia, and uses tags�800px� and �nie�: the �rst applies probably to the photograph itself,while it ould be unlear if the intended subjet of the seond is thepiture (an information resoure) or the monument (a non-informationresoure). As another example, let's take a tag annotating the Wikipediaentry for �Don Quixote�: in this ase, both the artile and the bookwhih it desribes are information resoures, and they an share manyproperties, suh as the language and quality of writing, the author et.,so there is even higher ambiguity.Hayes and Halpin pointed out the existene of two distint relation-ships between names and things, whih should be onsidered on the Web:75



5 Modeling tags as named graphs: NieTag ontologyreferene and aess [70℄. Aess an be made unambiguous, as it de-pends on the Web arhiteture, but referene is inherently ambiguousas it has to do with language. While the publisher of a URI somehowowns it, and an determine what will be aessed through it, nothing anprevent someone to use that URI to refer to another arbitrary objet. Inthe ase of tagging, people who tag a URI are not onstrained to referto a spei�ed objet, but they an refer to anything.The solution that we adopt to fae this problem is the use of the IRWontology9, proposed by Halpin and Presutti [64℄, whih introdues thedistintion among information resoures and non-information resoures,and o�ers a omprehensive hierarhy of lasses to model the di�erentkinds of resoures in the ontext of the Web.We de�ne a new lass :TaggedResoure and we delare it equivalentto the general lass irw:Resoure from the IRW ontology, while wede�ne :AnnotatedResoure as an equivalent of the more spei� lassirw:WebRepresentation. This is beause while the tagged resoure anbe any resoure, bound to the tag by just a referene relationship, theannotated resoure is the resoure aessible through the annotated URI,and therefore it has to be a Web-aessible representation of a resoure.Sublasses of irw:Resoure an be employed to desribe the resourewhih is being tagged in eah tag ation.5.3.3 Modeling the signModeling of the sign in NieTag is let free: as shown in Figure 5.1, weuse for this purpose the lass rdfs:Resoure, whih an subsume anyother oneptualization.As a �rst onsequene, all urrently available models of tags an beused. In partiular, lass moat:Tag from MOAT10 and lass tag:Tagfrom CommonTag11 an be used to anhor a sign to a spei� meaningfrom an ontology, while the usage of sot:Tag12 o�ers a rih set of prim-itives to express relationships among di�erent labels, suh as synonymsand misspellings, and to aggregate them and ount their frequeny ando-ourrene in some ontext.As a further possibility, signs an also be treated as just literals, simpletextual �elds, re�eting the simpliity of urrent interfaes and resultingin a more syntheti representation.9http://ontologydesignpatterns.org/ont/web/irw.owl10http://moat-projet.org/11http://ommontag.org/12http://sot-projet.net/76



5.3 The NieTag model5.3.4 Modeling the tag ationThe relation between the tagged resoure and the sign used to tag isenlosed in a named graph, i.e. the orresponding tag ation has aproper name, a URI whih allows to make statements about it. Thenamed graph itself an thus be typed to distinguish di�erent kinds oftag ations; for this purpose we de�ned sublasses of the TagAtionlass.Two sublasses, :ManualTagAtion and :AutoTagAtion, allow to dis-tinguish tags reated by humans from automatially generated tags.Other lasses help in aounting for the way in whih tags are ex-pressed. :WebConeptTagAtion is to be used when signs are om-puter proessable by design, like URIs in MOAT and CommonTag.Sublass :SyntatiTagAtion suits tagging involving omplex signslike mahine tags, tags deomposed in a plurality of elements (ma-hine tags an thus be seen as a kind of triple tags), that sometimeshave the partiularity of following a spei� syntax in order to beproessable by APIs. Flikr mahine tags, whose syntax follows theonvention �namespae:prediate=value�, are probably the most rele-vant example for this kind of tagging; we de�ned the orresponding:FlikrMahineTag-Ation as a sublass of :MahineTagAtion. Fora general ase of n-tuple tags whih do not follow the syntax of anyMahine Tag spei�ation, we introdued the lass :N-TupleTagAtion.Finally, the TagAtion lass is delared as a sublass of lass Itemfrom the SIOC ontology [24℄ in order to aount for the shareable natureof tags, whih an be seen as some sort of post in an online ommu-nity platform. This, in turn, allows us to desribe the plae where tagations are stored with the SIOC lass sio:has_ontainer, and alsothe aount (sio:UserAount) of the user (foaf:Person) of the tagwith sio:has_reator. We imagine a senario in whih these metadatado not have to be manually spei�ed, but an be added automatially.Figure 5.2 shows how a tag ation instane, delared as a named graph(sublass of rdfg:Graph), is also a sio:item, and an therefore inheritthe typial properties of a user generated post in the soial Web.Tag ations an also be distinguished aording to the soial at theyembody. Beyond the sublasses of TagAtion desribed in this setion,we have introdued other sublasses to serve this purpose, as detailed inthe next setion. 77



5 Modeling tags as named graphs: NieTag ontology

Figure 5.2: TagAtion instanes are delared as named graphs and asSIOC items.5.4 Modeling nature and usages of tagsIn this setion we detail how the NieTag ontology an be used to modeldi�erent usages of tags, orresponding to di�erent soial ats and in-volving di�erent kinds of relations between the tagged resoure and thesign.5.4.1 Tag ations as soial atsTags an be seen as ommuniation ats ourring on the Web. In par-tiular, we refer to soial ations as desribed by Reinah [151℄, who laidthe foundations of speeh at theory. The ategories de�ned in speehat theory are suitable for many tag ations, suh as those orrespond-ing to asserting (:Assert) and expressing emotions (:ExpressEmotion),but in some ase new ategories have to be reated, or existing ones haveto be modi�ed, in order to deal with the Web environment.An example of a soial at whih has to be modi�ed is sharing. Whilesharing normally involves at least two people, who know what is beingshared, the :Share Tag Ation in our model orresponds to sending a re-soure to someone, thus violating two ondition of the traditional de�ni-tion: in fat, no previous agreement and no knowledge by the reeiver areimplied. This hoie re�ets a ommon habit on the soial Web, for whihonline ommunities have already found some onventions: in Deliiousthis is ahieved through tags following a speial syntax: �for:username�,while in Twitter a symbol ��� is added at the beginning of the username.Among ategories whih have to be reated to desribe soial atson the Web, the �rst one is pointing at a spei� part of a resoure(:PointsAt). While apposite mehanisms to support this funtion, suh78



5.4 Modeling nature and usages of tagsas XPointer, would be extremely useful in the senario of tagging, un-fortunately there is urrently no o�ial standard for a onrete solutionto this problem, and simple tags are often used to ful�l this need.Another tag ation whih orresponds to a new soial at is:Aggregate, for tags intended to aggregate ontent around some on-versation, ommunity or event. As explained in Chapter 3, this is afrequent ase in miroblogging, where the use of hashtags is often �nal-ized to the inlusion of the message in some thread of onversation; theuse of a hash harater (�#�) at the beginning of a tag, borrowed frommiroblogging, has been widely adopted as a onvention also in otherontexts to aggregate ontent related to a spei� ommunity. For ex-ample, tag �#iwsm� in Flikr ollets pitures related to the ICWSMonferene.A last example of new soial at that we introdued to deal with theWeb environment is :GrantAessRights, by whih the publisher of aresoure an determine whom it has to be aessible and not aessibleto.5.4.2 Modeling the linkOne of the main innovations of NieTag lies in the possibility of spe-ifying the relation between the tagged resoure and the sign. Inspiredby previous studies, and in partiular by the seminal work of Golder& Huberman [56℄, we modeled the di�erent possible uses of tags withsub-properties of the most general property :isRelatedTo, as shownin Figure 5.3. The properties an also be grouped into three broaderlasses aording to the ategorization proposed by Sen et al. [161℄ whodistinguish fatual, subjetive and personal tags.We �rst onsider fatual tags, whih are generally assoiated to:Assert TagAtion. The most important property is isAbout, whihrepresents the most ommon use of a tag, i.e. to identify the topi ofan item. However, although many models of tagging just assume thatthis is the relationship by default, other relations exist, also remainingamong fatual tags.The property hasForMedium, in rough words, is used to de�ne what theannotated resoure is, suh as �forum�, �blog�, �photo� or �video�. Morepreisely, it is used to indiate the medium whih an HTTP-aessibleWeb representation belongs to.Another property whih allows to express an assertion and is di�er-ent from :isAbout is :isRelevant; two speializations of these prop-erty allow to speify if the tagged resoure is relevant to a person79
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Figure 5.3: Subproperties of the property :isRelatedTo used to modelthe relation between the resoure being tagged and the signused to tag.(:isRelevantToSo) or to a thing (:isRelevantToSt). As an example ofthe �rst ase, tag �unle� an be used to assert that something is relevantto my unle, while for the seond ase I ould use tag �thesis� to annotatea resoure whih is potentially useful for my thesis. It is lear that thetagged resoures do not have to be about my unle or my thesis: it is adi�erent kind of relationship. Although this property an be assoiatedto the :Assert tag ation, in many ases, suh as the examples men-tioned above, it an be seen as personal more than fatual aording tothe ategorization by Sen et al. [161℄.For subjetive tags we have two subproperties. The �rst one is:isWorth, assoiated to the Tag Ation :Evaluate, to assoiate a re-soure with an adjetive or with any kind of sign expressing an evalua-tion, ranking or quality (e.g.: �nie�, �bullshit�, �****�).The seond property orresponding to subjetive tags is:makesMeFeel, assoiated to the Tag Ation :ExpresssEmotion,for tags expressing an emotion stirred up by a resoure; typial examplesare exlamations and smileys (e.g.: �wow!�, �<:o)�).Then we have all uses of tags intended to just make sense for theapplier (personal tags). These inlude Golder & Huberman's lasses taskorganizing (like �toread�, �todo�, �sendBob�), whih we rendered with theproperty :eliitsAtion (Tag Ation SetTask) and self referene (like�mystu��), modeled with property hasPersonalSign.Similarly, we introdued the property hasCommunitySign to modeltags whih have an intended audiene of a ommunity. This propertyorresponds to the Tag Ation :Aggregate, for olletively approvedsigns that are used to aggregate resoures around a give event, ommu-nity or shared interest. For example, we used the tag �#voampnie2009�80



5.5 Using the NieTag ontology to represent and retrieve tagsto share resoures about the VoCamp where NieTag has been oneivedaross multiple soial Web appliations.To model networking tasks, assoiated to Tag Ation :Share, we addedthe two properties :sentTo and sentBy, while we introdued relations:anBeReadBy and annotBeReadBy for tags used to grant aess rightsto someone. As a last property we have :hasPart, assoiated to TagAtion PointAt, another soial at that we have introdued spei�allyfor the Web ontext, as disussed in previous setion.Although our e�ort to aount for all usages of tags reported in lit-erature, to whih we have added a few more ases, there is no limit tothe users' reativity and ability to leverage existing tools to solve newproblems, so we expet the model to be extended with other possiblerelationships interurring between the resoure and the sign. Moreover,arbitrary voabularies an be adopted by di�erent ommunities to dealwith spei� ontexts.5.5 Using the NieTag ontology to represent andretrieve tagsIn this setion we have a look at how the desribed model an be usedin pratie to represent tags in strutured format and how it an help toretrieve them. We �rst detail the implementation of named graphs withthe RDF/XML Soure delaration, showing a pratial example wherea tag is delared as a named graph aording to NieTag model and aSPARQL query to retrieve tags in NieTag; then we disuss di�erent useases.5.5.1 Using RDF/XML Soure delaration to implementand use named graphsIn SPARQL, when querying a olletion of graphs, the GRAPH keywordis used to math patterns against named graphs. However the RDFdata model fouses on expressing triples with a subjet, prediate andobjet and neither it nor its RDF/XML syntax provide a mehanism tospeify the soure of eah triple. To serialize named graphs, Carroll et al.used TriX and TriG [29℄ but noted that RDF/XML is the deployed base.Therefore, Gandon et al. proposed in the W3C Member Submission�RDF/XML Soure Delaration� [53℄ an XML syntax to assoiate to thetriples enoded in RDF/XML an IRI speifying their origin; it uses asingle attribute to speify for these triples represented in RDF/XML the81



5 Modeling tags as named graphs: NieTag ontologyListing 5.1: Delaration of a tag as a named graph using RDF/XML1 <rdf :RDF xmlns:d='http :// purl.org/d/ elements /1.1/ '2 xmlns :rdf='http :// www.w3.org /1999/02/22 - rdf -syntax -ns#'3 xmlns :os='http :// www.inria.fr/aaia /orese #'>4 <rdf:Resoure rdf :about ='http :// www.yesand .om/'5 os :graph ='http :// mysoialsi .te/tag7182904 '>6 <nietag :isAbout >improvisation </ nietag :isAbout >7 </rdf :Resoure >8 <nietag :ManualTagAtion rdf:about='http :// mysoialsi .te/tag7182904 '>9 <d:reator >Fabien Gandon </d:reator >10 <d:date >2009 -10 -07 T19 :20:30.45+01:00 </ d:date >11 </nietag :ManualTagAtion >12 </rdf:RDF >soure they should be attahed to. The IRI of the soure of a triple is:1. the soure IRI spei�ed by a os:graph attribute on the XML ele-ment enoding this triple, if one exists, otherwise2. the soure IRI of the element's parent element (obtained followingreursively the same rules), otherwise3. the base IRI of the doument.The sope of a soure delaration extends from the beginning of thestart-element in whih it appears to the end of the orresponding end-element, exluding the sope of any inner soure delarations. Suh asoure delaration applies to all elements and attributes within its sope.If no soure is spei�ed, the URL of the RDF/XML doument is usedas a default soure. Only one soure an be delared as attribute of asingle element.The example in listing 5.1 shows how this applies to delare a tagas a named graph. Lines 4-7 delare the tag as a graph named http://mysoialsi.te/tag7182904 . Lines 8-11 reuses the name of the graphto qualify the tag as a tag reated manually by �Fabien Gandon� the 7thof Otober 2009.Loading this RDF in a ompliant triple store one an then runSPARQL queries like the one in listing 5.2. Line 2 searhes for namedgraphs and the triples they ontain. Line 3 enfores these graphs to bemanually generated tags.5.5.2 Use asesThe �rst and easiest senario onsists in the use of NieTag to representtags from existing appliations; in the simplest ase, where no informa-82



5.5 Using the NieTag ontology to represent and retrieve tagsListing 5.2: SPARQL query to retrieve tags delared as named graphs1 SELECT ?t ?a ?g WHERE {2 GRAPH ?tag { ?t ?a ?g }3 ?tag rdf:type nt:ManualTagAtion }tion is available about the relationship between the tagged resoure andthe sign, the general isRelatedTo property an be used. In this wayNieTag an provide a uni�ed model for tagging, as data from di�erentsystems an be expressed in this general format; however, the expressivepotential of the model in this senario would not be leveraged, and otherexisting voabularies ould be equally useful.A �rst step, whih does not imply any hange in tagging interfaes orany additional e�ort on the side of the user, but an bring an added value,is the automati enrihment of tags, based on heuristis and knowledgefrom existing ontologies and eventually on mahine learning. Just look-ing at the label of a tag, and at the ontext made up by other o-ourringtags, it is often possible to determine whether it is related to an informa-tion resoure or not, whether it expresses an emotion or an evaluation,and so on. As in Chapter 4 we have shown tehniques to disambiguatetags intended as simple labels, the same ould be done to larify otheraspets of a tag ation, suh as the nature of the tagged resoure or ofits relation with the sign, or the goal of the tagger. This �ner-grainedrepresentation of tags ould improve performanes and possibilities ofsearh in the tag spae; for example, one ould hoose to searh for tagsassoiated to the Sagrada Familia itself, or to pitures depiting it, andould as well restrit the searh to only tags expressing an evaluation.A potentially interesting senario is the use of NieTag for miroblog-ging posts. Tweets an be seen as tag ations and represented as namedgraphs; the presene of URIs together with hashtags is frequent, andthis ombination an be modeled with property :isRelatedTo (or oneof its subproperties) linking the two. Speial onventions suh as �RT:�username� for retweets, �username� for mentions or �via �username�an be also represented, while the use of nanoformats [162, 74℄ in on-juntion with NieTag an help to extend the expressivity of Twitter andto represent assertions and other soial ats in a strutured format.As another interesting possibility whih relies on urrent tagging in-terfaes, mahine tags from existing appliations ould be onverted intoRDF thanks to the NieTag ontology; onventions used in mahine tagsby di�erent ommunities an be mapped to apposite RDF propertiesdelared as sub-properties of NieTag's :isRelatedTo property. In this83



5 Modeling tags as named graphs: NieTag ontologyase, a set of ad ho rules for a given ontext ould help to ahieve goodresults; imposing restritions on the range and domain of spei� prop-erties it is possible to infer knowledge about tagged resoures. Thanksto its robust theoretial foundations, NieTag allows to manage also po-tentially ompliated ases, suh as the ombined use of tags annotatingthe same URI, but referred to di�erent resoures.The NieTag model an also be used in ombination with new in-terfaes, leveraging the rihness of the model to provide users with fullexpressivity when tagging. While this an seem to ontradit one of thefounding priniples of tagging, i.e. the extreme simpliity, we think thatadding one or few liks, for example with hekboxes, to the ation oftagging, would be reasonable if it turns into remarkable advantages forthe users. The immediate inentive is represented by the better possi-bilities of searhing and browsing in the tag spae; moreover, we expetthat one users have got familiar with riher interfaes, they would dis-over new possibilities to use tags for more elaborated tasks and moreambitious purposes.NieTag is already being used in the ISICIL projet13, where soialtagging is used inside organizations for tehnologial wath and busi-ness intelligene, and reoniled with thesauri, information systems andbusiness proesses [112℄.5.6 ConlusionsThough the suess of tagging systems is due to their extreme simpli-ity and immediay of use, the limitation of dealing with unstruturedontent appears straightforward, and users have been shown to long formore e�ient and reative way of using tags to perform a wild varietyof ations.In this hapter we have proposed a general and �exible model to rep-resent tags in all their possible �avours by means of named graphs. Theessene of a tag in NieTag is to embody in a reord one or more RDFtriples assoiating a resoure with a sign and this ore information anbe enrihed in several diretions. To allow for the spei�ation of thepartiular funtion of a tag, we have reated several subproperties thatan over the di�erent possible kinds of relationships between the signand the resoure being tagged. This relationship as a named graph isitself an instane of the lass TagAtion, and an thus have propertiesassoiated with it, like the user who performed the ation of tagging, the13http://isiil.inria.fr84



5.6 Conlusionsdate and the ontainer. Moreover, it is possible to de�ne the kind of aTagAtion by hoosing one of the sublasses we have de�ned. All theseprimitives (sign lasses, funtion properties, tag ation lasses) are alsodesigned to be extended at will.In this way, thanks to the use of the RDF/XML Soure Delarationsyntax to assign a URI to a tag ation, we obtain full expressive rih-ness to represent tags from a multipliity of faets, avoiding the bur-den of RDF rei�ation. Both the Named Graphs model and the RD-F/XML syntax extension provide a high-value for a small, inrementaland bakward-ompatible hange to the Semanti Web Reommenda-tions. Combined with the tagging voabularies this model provides uswith a very �exible and extensible framework for soial tagging interop-erability.On one hand, the ontology an be used as a unifying model to rep-resent tags from urrent tagging appliations, eventually enrihed auto-matially thanks to rules and soures of strutured knowledge about thedomain; in partiular, also mahine tags an be turned into RDF triplesand naturally represented in NieTag. On the other hand, the modelenourages the development of new interfaes, to foster a riher usage oftags.
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6 Collaborative hierarhies:mining Wikipedia ategorystruture to assign artiles tomaro-ategories
6.1 IntrodutionTo organize the inreasing amount of artiles, in 2004 a system of ate-gories was introdued in Wikipedia. Any user an hange the ategoriesto whih a page is assigned by adding a speial line in its soure text;in the same way any ategory an be itself assigned to one or moreategories, editing the orresponding page. This simple design hoieallows for the reation of a ollaborative hierarhy whih is built andmaintained by the ommunity. While in soial tagging systems everyuser an assign keywords at taste, and shallow semantis an impliitlyemerge after harvesting metadata produed by many individual ations,here we �nd expliit ollaboration and oordination mehanisms at thelevel of hierarhial relationships among items and ategories. There arenot many personomies merged into one folksonomies; instead the wholeommunity is involved in reating one ategorization struture for all theontent.The Wikipedia ommunity has de�ned guidelines for the use of ate-gories1; Yu et al. [187℄ summarized them in four main points:
• allow interseting ategory struture;
• group similar artiles;
• use the �right� number of sub-ategories for eah ategory;
• avoid yles.1See http://en.wikipedia.org/wiki/Wikipedia:Category 87



6 Collaborative hierarhies: mining Wikipedia ategory strutureAs a result, an artile is usually not assigned diretly to a general topi,but to loser low level ategories, that an be in turn assigned to higherlevel ategories. For example, �Clustering oe�ient� is not assignedto �Mathematis�, but to some lower level ategories suh as �Graphinvariants� and �Graph Theory�. The latter is assigned to �Mathematialrelations� whih is in turn assigned to �Mathematis�.Many ategory assignments are taxonomi and represent an �is a�relationship, like �Conifers� assigned to �Tree�, but they may also repre-sent other relationship types as shown in [127℄; for example, �Brain� isa subategory of �Cognitive siene� as well as �Psyhology�. The stru-ture an be naturally represented as a graph where nodes orrespond topages and ategories, and edges to the oriented relationship �is assignedto�. Whereas in priniple the graph represents a hierarhy of topis andsubtopis, with broader ategories assigned to narrower ones, nothingprevents users from assigning ategories following any riterion, some-times just a �related to� relationship, so also loops are possible. Thereare also ategories reated for purposes related to the projet, like list-ing stubs, artiles laking soures and so on, whih do not group itemsaording to their ontent.Nowadays, more than 500 000 ategories exist in the English Wikipe-dia, and almost all artiles are assigned to at least one ategory. Theresulting graph is a wealth of semanti relationships, one of the mostomplete e�orts to ategorize human knowledge. While most ategoryassignments re�et oherent hoies and best praties de�ned by theommunity, there are still many whih slip from a oherent design, sothe overall graph ontains numerous inonsistenies and even yles.Most of the attention of previous literature has been foused on the ex-tration of ontologies from this pseudo-hierarhial struture, restritingthe analysis on only onsistent taxonomi relationships [167, 155, 143℄.This approah is straightforward to derive formal ontologies or to enrihexisting ones; on the other hand, it does not aount for many rela-tionships whih do not follow a rigorous �is a� semantis but are oftenimportant. This is also one of the main limitations of the approah pro-posed in Chapter 4 when dealing with the WordNet noun hierarhy toenrih a folksonomy.For example, the onepts of �Professor� and �University� would behardly lose to eah other in a formal taxonomy, the �rst being sublassof �Person�, and the seond of �Institution� or �Building�, loated indi�erent mutually exlusive branhes; as a result, lass �University� ouldbe typially loser to �Shopping mall� than to �Professor�, as both are88



6.1 Introdutionbuildings. While this an be useful in senarios like automati reasoning,where onsisteny has to be guaranteed, it is probably a too restritiveapproah to manage a topi hierarhy. On the ontrary, it is very likelythat related onepts will be lose to eah other in a lightweight semantishierarhy like Wikipedia ategory graph, having strongly overlappingbranhes, multiple parent nodes and high density of relations. This kindof hierarhy has been shown to be more e�etive to help users in browsingtasks [187℄.In this hapter we want to leverage the rihness of the whole ategorygraph as a themati hierarhy, onsidering all the links established bythe ommunity between ategories in order to automatially assign Wi-kipedia artiles to general topis. More preisely, given a set of top levelategories, hosen as main topis, our goal is to assign eah artile toone or more of these maro-ategories. To this end we present severalapproahes and we evaluate and ompare them.The �rst simple method whih we experiment is based on the explo-ration of the subgraph lying under a given ategory; the results obtainedfor some ategories have been used in Chapter 7 to study ollabora-tion networks at the level of spei� ategories; however, this method isnot viable for the semanti areas whih are more prone to the preseneof multiple orthogonal or on�iting points of view. To deal with thefuzziness of these areas and to be able to study the whole graph, wepropose two more sophistiated tehniques, based on a set of topis (i.e.top level Wikipedia ategories, or maro-ategories), to whih artilesare assigned. One method, presented in [46℄, and used in Chapter 8 toaggregate disussions by topi, is based on the approah proposed byKittur et al. [91℄ and onsisting in searhing the losest maro-ategoriesto eah artile in the graph, while the other is based on the probabilityof reahing eah maro-ategory starting from an artile and following arandom path in the graph.The hapter is strutured as follows. In the next setion we illustratean experiment to isolate a ategory and, reursively, its subategories.In Setion 6.3 we desribe more sophistiated methodologies to assoiateWikipedia artiles with maro-ategories and in Setion 6.4 we evaluatethem. Then in Setion 6.5 we present related work and in Setion 6.6we draw onlusions. 89



6 Collaborative hierarhies: mining Wikipedia ategory struture6.2 Isolating the subgraph belonging to aategoryThe �rst and simplest approah to identify a set of pages belonging toa given topi is that of starting from the orresponding ategory, andonsidering all its subtree. In other words, given a ategory, we anselet all the artiles assigned to it or to a ategory whih is diretly ortransitively assigned to it.This approah would be straightforward if the ategory graph were ahierarhial tree: in that ase in fat, starting from eah of the ategoriesat a given level in the tree, we ould easily partition all the artilesaording to the branh in whih they lie. As in our ase eah nodean have more than one parent, i.e. our graph is not a tree, the subsetsof artiles found under eah ategory would be overlapping. This fatprevents us from ahieving a partition of the artiles, but in priniple itis still possible to assign a ategory to all the artile of whih it is ananestor.However, another problem makes this approah hardly appliable tothe whole Wikipedia: the presene of many links established by usersto onnet ategories whih apparently have something in ommon, butannot be subsumed by one another.As mentioned in the introdution, this fator makes even possible theexistene of loops in the ategory graph. More tehnially, we speak interms of onneted omponents, i.e. a subparts of a graph in whih apath an be found between eah pair of nodes, in both diretions [171℄.In the dump from marh 2010 we found 90 direted omponents overthe whole graph; most of them are omposed of just two items beingsub-ategories of eah other, but there are also more omplex strutureslike the one depited in Figure 6.1, in whih the presene of several loopsan be observed.Looking at the �gure, it appears straightforward that no lear relationof inlusion an be assoiated to many of the onnetions established bythe users between these ategories. These ould hene be onsidered asisolated errors and orreted. However, this is not an isolated exeption,and this kind of behaviour is quite usual, espeially around some seman-ti areas. This problem seems to a�et espeially some wide topis ofgeneral interest, suh as Soiety, Law, Language, History, Religion andPolitis. In these �elds no rigid ategorization is possible, and many on-netions an be established between the ategories aording to the mindof di�erent users. As a result, these high level ategories would ontain90



6.3 Assigning topis to Wikipedia artiles

Figure 6.1: A strongly onneted omponent in the Wikipedia ategorygraph.almost the whole Wikipedia, as many possible paths lead to them in thegraph.Instead, the algorithm shows to perform well for easily delimitabletopis. Starting from a ategory like �Botany� or �Comis�, in fat, andfollowing desending links in the hierarhy, after manually exluding justfew branhes we obtain a set where all artiles are learly orrelatedwith the topi. As an example, from �Botany� we had to remove someategories like �Cannabis ativism� and �Cannabis ulture� whih wouldhave lead to inlude politial parties and Reggae musi albums.While suitable for some ategories, in many ontexts this approahis hardly viable due to the number of inonsistenies whih should befaed to obtain a lean hierarhy. Alternative approahes to deal withthis disordered environment are illustrated in the next setion.6.3 Assigning topis to Wikipedia artilesIn this setion we present two more �exible approahes to assoiate Wi-kipedia artiles to general topis, leveraging the ategory graph. Bothapproahes are based on the pre-seletion of a set of top level ategories,or maro-ategories, representing topis to whih eah artile an be as-soiated with di�erent proportions. 91



6 Collaborative hierarhies: mining Wikipedia ategory struture6.3.1 Shortest path to a maro-ategoryIn this setion we desribe the tehnique proposed by Kittur et al. [91℄,and we introdue some variations. The idea on whih the tehnique isbased is simple: if two ategories are onneted by an edge, they areprobably semantially related. The loser two ategories in the ategorygraph, the loser their semantis. So it is possible to estimate, given aategory, the maro-ategory in whih it �ts better, as the losest one inthe graph. In the ase of equally short paths from a ategory to multiplemaro-ategories, these are all onsidered suitable for the ategory beingevaluated.An artile is assigned to maro-ategories by evaluating the ategoriesto whih it is diretly assigned (labels). More preisely, the degree towhih an artile belongs to a given maro-ategory is omputed as theproportion of its labels whih belong to that maro-ategory. In ase of alabel belonging to more than one maro-ategory, its ontribution is splitin equal parts among the maro-ategories. So, suppose for example thatthe artile �Barak Obama� is labeled with 4 ategories, two of whih areassigned to �Politis� and the third one to �Arts�, and the remaining oneis equally lose to �Law� and �People�: then the artile will be onsideredrelated to �Politis� with a sore of 0.5, to �Arts� with a sore of 0.25and to �Law� and �People� with a sore of 0.125 eah.Though the ategory graph is based on direted relationships link-ing ategories to super-ategories, Kittur et al. [91℄ onsidered it as anundireted graph to ompute the shortest paths between eah ategoryand the maro-ategories, thus loosing the information arried by theassignments' diretion. The simplest way to orret the algorithm wouldbe to ompute distanes in the direted graph, onsidering only rela-tionships followed aording to the hierarhy diretion, i.e. from themost spei�, low level ategories, up to the maro-ategories. How-ever, in this way many ategories would remain disonneted from allthe maro-ategories, and many artiles ould not be assigned to anytopi. Instead, we propose another way to improve the e�etiveness ofthe algorithm by aounting for edge diretion: while omputing theshortest path between a ategory and a maro-ategory, we penalize bya fator w the edges followed in the wrong diretion.6.3.2 Probabilisti approahThe approah desribed in the previous setion, based on the shortestpath between an artile and a topi, does not aount for multiple paths92



6.4 Results and evaluationonduting to the same maro-ategory. In this setion we present anapproah based on the intuition that the more paths onnet an artileto a topi, the better the artile will �t in the orresponding maro-ategory.To develop this idea, we start from eah artile and we ompute theprobability of reahing eah maro-ategory following a random path,no matter the number of steps required. So if an artile is assigned toategories A, B and C, a probability sore of 0.33 will be assigned toeah of them; if both A and B have ategory D as their only parentnode, then their ontributions will be summed and a sore of 0.67 willbe assigned to this ategory. If D has 6 parent nodes, this sore willbe equally reparteed and eah of them will result with a sore of 0.11.By iterating this proess until reahing the maro-ategories seleted ashighest level nodes, it is possible to assign a probability sore to eah ofthem.6.4 Results and evaluationFor this study we relied on a dump of the English Wikipedia dated Marh12th, 2010, ontaining about 3.2 million artiles and over 500 thousandategories. We removed all the ategories whih we identi�ed as non-semanti, but projet-based (e.g.: �Stubs�). While Kittur et al. [91℄ used11 maro-ategories, we hose to use 21 (showed in Figure 6.2), orre-sponding, with minor arrangements, to the urrent o�ial Wikipedia toplevel ategories2.We ran both the original algorithm as desribed in [91℄ and our mod-i�ed version with w = 3, i.e. penalizing edges followed in the wrongdiretion in the hierarhy by a fator 3. All artiles ould be assigned tosome maro-ategory, exept for less than 100 pages, mostly orrespond-ing to pages reated by mistake or not yet ompleted when the dump wasreated; this result is an indiator of the attention that the ommunityis dediating toward artile ategorization, leaving almost no artile un-ategorized or isolated from the main omponent of the ategory graph.The topi overage emerging from the results of the modi�ed algo-rithm are shown in Figure 6.2, where the perentages assigned to eahmaro-ategory over the whole wiki have been aggregated in order toestimate the importane of the di�erent topis in terms of number of ar-tiles. The two largest maro-ategories are �Geography and plaes� and�History and events�. �Agriulture� is larger than it ould be expeted;2See: http://en.wikipedia.org/wiki/Category:Main_topi_lassi�ations 93



6 Collaborative hierarhies: mining Wikipedia ategory struturethis is due to the high density of links between its subategories, whihmakes it easily reahable in a few steps. Moreover, Wikipedia has a hugeamount of pages about plant speies. The smallest ategories are �Arts�and �Computing�; this is partly due to the fat that some related lowlevel ategories are assigned to other �ompetitor� maro-ategories, like�Culture� in the �rst ase, and �Tehnology and applied sienes� in theseond.

Figure 6.2: Size of the maro-ategories, omputed by aggregating therelatedness sores over all artiles.After exeuting the two algorithms, we evaluated them omparing theresults with manually generated assignments. Assessment has been per-formed on 200 randomly seleted artiles, manually labeled by threehuman evaluators aording to the 21 maro-ategories. The osine sim-ilarity between the assignments performed by human evaluators and theones produed by the original algorithm is of 0.34; by aounting foredge diretion we get a similarity of 0.37.We also tested the probabilisti approah, whih ahieved a osinesimilarity of 0.36 with the manually labeled sample.94



6.5 Related work6.5 Related work6.5.1 Extration of taxonomi knowledge from WikipediaThe most notable projet related to the extration of strutured knowl-edge from Wikipedia is probably DBpedia [12℄, a knowledge base whihontains data extrated from Wikipedia and expressed in the form ofRDF triples. The ore of DBpedia is represented by properties of theentities orresponding to Wikipedia artiles, extrated from infoboxes;Wikipedia ategories are also inluded in the knowledge base: eah at-egory is represented as a �Conept� from the SKOS ontology (i.e., eahategory is treated as an instane of skos:Conept), and the prop-erty dterms:subjet is used to link eah artile to the ategories itis labeled with. Relationships between Wikipedia ategories are ex-pressed through the SKOS property skos:broader, whih allows to ex-press generi brader-narrower relations, on whih the Wikipedia pseudo-hierarhy is based, avoiding taxonomi �is a� properties. Taxonomirelationships are also present in DBpedia, however they are not diretlyextrated from Wikipedia, but from the YAGO ontology, whih we de-sribe in the following.YAGO has been reated with the goal of unifying WordNet and Wi-kipedia [167℄, Thanks to several rule-based and heuristi methods, suhas identifying oneptual ategories (i.e. taxonomi, opposed to themationes) by their label and heking the type of eah entity, Wikipedia isleveraged to extrat strutured semantis, and espeially taxonomi rela-tionships, whih are integrated into WordNet's struture. An analogousprojet is presented in [155℄, where Wikipedia ategory graph is usedto enrih the formal ontology Cy. Ponzetto and Strube [143℄ presentanother approah based on the extration of �is a� relationships fromWikipedia to derive a domain-independent taxonomy; the result is eval-uated through omparison with the Cy ontology. A ommon feature ofthese works, whih marks a substantial di�erene with respet to our ap-proah, is that all the themati part of ategorization is disarded, andonly taxonomi ategories are onsidered in order to derive onsistentsubsuntion relations.6.5.2 Studies of Wikipedia ategory struture as a thematihierarhyFew works take into aount also themati ategories. Kittur et al. [91℄proposed a tehnique to automatially assign a semanti loseness sore95



6 Collaborative hierarhies: mining Wikipedia ategory struturebetween eah artile and a set of topis, orresponding to top level at-egories. The algorithm proposed is based on the shortest path betweeneah topi and the ategories whih are diretly assigned to an artile;results are used not only to study the quantity of artiles under eahtopi, but also to investigate the amount of on�it in artiles from dif-ferent topis. While in [91℄ the ategory struture is treated like anundireted graph, thus loosing relevant information about the hierarhy,we have modi�ed this approah to aount for the diretion of ategoryassignments.Holloway et al. [77℄ propose an approah to ompute similarity betweenategories aording to their o-ourrene within individual artiles; amap of topi overage in Wikipedia is drawn and 8 top level ategoriesare highlighted. Also Pang and Biuk-Aghai [137℄ rely on o-ourrenebetween ategories to evaluate their similarity. An approah based on thehyperlinks between pages as one of the riteria to alulate relatednessin Wikipedia is presented in [34℄,6.6 ConlusionsIn this work we faed the problem of automatially assigning eah Wiki-pedia artile to one or more topis, leveraging the struture of ategoriesand subategories reated by the ommunity. We �rst tested an ap-proah based on isolating the subgraph lying under a given ategory; wefound out that, while this simple method is suitable and gives aurateresults for topis where the ategorization seems to follow a shared o-herent riterion, it is unviable in many ontexts in whih the graph istoo tangled.So, to propose a general solution allowing to deal with the fuzziness ofthe whole graph, we proposed two alternative approahes. We modi�edthe algorithm proposed by Kittur et al. [91℄, based on the shortest pathbetween a ategory and a maro-ategory; by penalizing edges followedin the wrong diretion with respet to the hierarhy, we are able toaount for the orientation of the ategories assignments, without loosingthe information brought by these onnetions. The algorithm proposedshows to outperform the original one improving the auray, measuredas the similarity with manually generated assignments, from 0.34 to 0.37.Also with the other algorithm proposed, based on the probability ofreahing eah maro-ategory starting from an artile and following arandom path in the ategory graph, we ahieve a higher similarity sore,of 0.36. These results are enouraging, though a more rigorous evaluation96



6.6 Conlusionsproess would be needed in order better assess the statistial signi�aneof the improvements obtained.The topi overage omputed here gives the same importane to pagesof di�erent sizes, and thus risks of overestimating ategories ontainingmany short pages, and in partiular those automatially generated bybots. The ount may be improved by onsidering, instead of the numberof pages assigned to a maro-ategory, the number of edits or words inthese pages, to obtain a more representative map of the wiki. Otherartile-level metris, suh as the number of polls, or of edits done byspei� lasses of users, an be aggregated by topi, to study how ativityvaries over di�erent semanti areas.The results desribed in this hapter have been used to analyze thedi�erene among disussions in artile talk pages from di�erent maro-ategories, in Chapter 8, while some of the results obtained through thesimple tehnique of isolating a ategory proposed in Setion 6.2 havebeen used in Chapter 7 to study the networks of authors ative aroundspei� domains.
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7 Co-authorship 2.0: Patterns ofollaboration in Wikipedia
7.1 IntrodutionThe idea of olleting a ompendium of human knowledge in one singlework an be dated bak of at least 2000 years with Pliny the Elder'sNaturalis Historia [159℄, and is reurrent in history, until the foundationof modern enylopedias by Diderot and D'alambert [41℄. However, thise�ort has always been faed by limited groups of experts, until the In-ternet and the growth of the read/write Web opened up the doors tothe reation of ollaborative enylopedias, of whih the most relevantexample is Wikipedia. Wikipedia, now existing in more than 200 lan-guages, is an enylopedia that anyone armed with Internet onnetionand a Web browser an edit. As explained in Setion 2.2, it an be seenas the model of the bazaar [149℄ applied to the redation of enylopediontent. This ommunity e�ort has resulted in one of the largest ollabo-rative projets in human history, and as suh has attrated the attentionof many researhers, who have analyzed its soial dynamis from di�er-ent perspetives to shed light on the proess of ontent reation by aommunity.Indeed, the analogy with a sienti� ollaboration ommunity has beenproposed in the literature and is straightforward, as editing of a wiki en-ylopedia entry somehow resembles the ollaborative writing of a sien-ti� paper [63℄. Studying Wikipedia as a o-authorship network an allowfor a omparison with sienti� ommunities widely studied in literature,and unveil patterns of ollaboration that are hidden in the revision his-tory. Nevertheless, to the best of our knowledge there is still no extensivestudy on the ommunity of Wikipedia ontributors as a o-authorshipnetwork. Current methods are mostly based on the assumption thatjust the fat that two users edited the same page is enough to estab-lish a relationship, and fail to sale to the size of Wikipedia in a majorlanguage. 99



7 Co-authorship 2.0: Patterns of ollaboration in WikipediaThe �rst ontribution of this work, published in [107℄, is the devel-opment of a general and salable methodology to extrat a o-authornetwork from a wiki's revision history. One fundamental di�erene be-tween a paradigmati ase of sienti� ollaboration ommunity and awiki is that ollaboration on a wiki artile has lower barriers than theproess of publishing a sienti� paper together, and does not implyprevious agreement. Moreover, size of ontributions an be strongly un-even, and not all edits are aepted by the ommunity. Considering aso-authors all users who just edited the same artile may bring to estab-lish too many onnetions between people that were not really involvedin writing something together; this would result in an extremely largeand dense network. To selet those who an be onsidered the �real�authors of a wiki artile, and to aount for the proess of onvergenetoward a shared outome, we rely on a metri whih evaluates ontri-bution aording to the longevity of the modi�ations introdued [2℄.Aording to this measure, we de�ne a method to selet the main on-tributors of eah page as the ones who provided the most of its aeptedontent, and to obtain a ollaboration network.Our seond ontribution onsists in the analysis of the o-authorshipnetwork obtained from a omplete dump of the English Wikipedia, toharaterize its ommunity on a temporal dimension. The study of thenetwork's marosopi features and the omparison with sienti� ollab-oration networks help understand the way the ommunity is struturedand the role of administrators and most involved users, pointing out theexistene of spei� patterns of ollaboration.In the next Setion we o�er a brief overview on the ommunity of Wi-kipedia ontributors, based on previous studies. Then in Setion 7.3 wedesribe our algorithm to extrat a o-authorship network from a wiki'srevision history, while in Setion 7.4 we show the results we obtained forthe English Wikipedia, analyzing the evolution of di�erent marosopiproperties of the network and investigating the role of the most in�uen-tial users. Finally in Setion 7.5 we disuss onlusions and diretionsfor future work.7.2 Related studiesAn in-depth qualitative desription of soial dynamis and establishedrules and onventions in Wikipedia is o�ered in [26℄, where the ommu-nity of pratie of Wikipedia users is studied from an ativity theoryperspetive; the authors investigate how new users an move from le-100



7.2 Related studiesgitimate peripheral partiipation to full ommunity involvement and howtheir ativity an hange substantially over time, moving from loal fouson individual artiles to a onern for the quality of Wikipedia ontentas a whole and for the health of the ommunity.One of the �rst extensive quantitative studies on the Wikipedia om-munity was presented in [178℄, where its growth is shown to follow anexponential trend, after a �rst linear phase; both the number of authorsper artiles and vie versa the number of artiles per author exhibit apower law distribution. Almeida et al. [6℄ haraterized the evolution ofWikipedia as a self-similar proess growing exponentially, due espeiallyto the ontinuous inrease of the number of ontributors. They also ob-served that the distribution of the number of updates per user followstwo Zipf's laws with di�erent parameters, whih split the ommunityin two groups: a small nuleus of around 5000 very ative users, whoontribute more than 1000 artiles, and the vast majority of ommonontributors.Kittur et al. [90℄ divide Wikipedia ontributors into di�erent ategoriesaording to their degree of partiipation in terms of number of edits.They observe at �rst the rise of an elite of very ative users, who performthe most of edits, and then the deline of this �elite� in virtue of whatthey all the �bourgeoisie�, the large majority of ommon users. Ortegaet al. [135℄ found out that the 10% of ontributors were responsible formore than the 90% of edits; they also notied that this strong inequalitytends to stabilize over time. The e�et of ontribution inequality on thequality of Wikipedia artiles has been investigated in [11℄: a positivee�et of global inequality, measured aording to the Gini oe�ient ofedit ount distribution, is found. Kittur et al. [92℄ study the role ofoordination, observing improvements in artile quality as e�et of bothexpliit oordination through ommuniation, and impliit oordinationthrough onentrating the majority of the work in the hands of a subsetof users.In [63℄ Wikipedia is studied as a peer review system; no evidene isfound that experiene helps editors avoid rejetion, while the authorsobserve a strong tendeny of users to defend their own ontributions.The �rst relevant attempt to study the soial network of Wikipediaeditors, to the best of our knowledge, was done in [99℄: a direted graphis drawn to represent the network of onsequent edits to a page andto evaluate the authority of authors over an artile or a domain, andthe degree of entralization of an artile. Brandes et al. [23℄ representthe ontributors of a page as nodes, and the di�erent kinds of ations101



7 Co-authorship 2.0: Patterns of ollaboration in Wikipedialinking them as edges, with attributes expressing the numbers of deleted,undeleted and restored words. By means of this kind of network, theauthors study the di�erent roles of users and the ollaborative strutureof pages, and they try to identify poles of opinion. Iba et al. [82℄ fous onthe network based on onseutive edits done to a page, in order to identifyediting patterns using dynami soial network analysis. The modelsproposed in these studies are useful to represent interations over one orfew pages, while our onern is to haraterize the whole ommunity.Closer to our work are studies whih take into aount the ollab-oration network in a wiki as an a�liation network. Biuk-Aghai [21℄proposes a visualization method whih exploits o-authorship networksto ompute the similarity between Wikipedia pages. In [170℄ a methodis desribed to measure o-authorship relationships in MediaWiki; themodel allows for the representation of weighted relationships, where therelevane of eah ollaboration is omputed aording to the temporaloverlap in the ativity of two authors on a same page, and to the pro-portion of their edits with respet to the total revisions of that page.Müller-Birn et al. [126℄ ombine di�erent measures in order to evaluateauthor ativity in wikis: besides edit ount, they ompute for eah au-thor also a measure of ontent signi�ane based on tf-idf model, andmetris of entrality in the soial network. The �rst results, on a smallolletion of artiles, show that the three riteria bring to quite di�erentrankings. A model based on a tripartite network is presented in [128℄,the three dimensions being users, pages and ategories, where ategoriesplay the same role as tags in folksonomies. Klamma et al. [95℄ propose amodel to study wikis as soial networks, taking into aount artiles, re-visions, users and URLs, and apply dynami network analysis to severalwikis; as they onsider all edits for the onstrution of the networks, themodel annot sale to the size of Wikipedia in a major language. All ofthese studies di�er from ours in that they are only based on the editsdone to a page, without aounting for di�erenes in the ontributionarried by di�erent edits.The network of replies between users in Wikipedia disussion pages isanalyzed in [108℄, while the interplay between soial ties and similarity isstudied in [36℄, where feedbak e�ets are found between personal om-muniations and editing of the same artiles. The network of personalommuniations is also studied in [55℄ to haraterize di�erent pro�lesof users.102



7.3 From revision history to a o-authorship network7.3 From revision history to a o-authorshipnetworkIn the last deade, the availability of omprehensive online bibliographieshas made possible the extensive study of o-authorship networks for en-tire �elds; in partiular, large-sale networks have been onstruted torepresent o-authorship ollaborations in physis [13℄, mathematis, neu-rosiene, biology and omputer siene [131, 129℄. The study of thesenetworks has shown to be a useful soure of information on the aademiommunities, both for loal and global analysis.As disussed in the previous Setion, the analogy between Wikipediaand a sienti� ollaboration ommunity is not new in literature as apotential useful means to study its soial struture and dynamis froma soiometri perspetive, and some methods have been proposed toextrat a ollaboration network from a wiki [99, 170, 126, 95℄. However,urrent methods are mostly based on the assumption that just the fatthat two users edited the same page is enough to establish a relationship,and fail to sale to the size of Wikipedia in a major language. In ouropinion the approah of inluding any user who edited a page as anauthor is an oversimpli�ation; in e�et, we would like to extrat themain ontributors of a page, both in terms of quantity and quality oftheir interventions. In partiular, while to publish a sienti� papertogether two researhers need to know eah other in advane, and thento agree on the �nal version of the paper, in a wiki it is just a matter ofediting the same page; by taking into aount the degree of aeptanethat a ontribution has reeived by the ommunity, we try to make upfor the lak of expliit agreement between users in previous models.We propose an algorithm that ats in three main steps: at �rst, foreah page a sore is omputed to evaluate the ontribution of its editors,then the main ontributors are seleted as authors of the artile, and�nally the o-authorship network is onstruted. In the following we willillustrate these three steps.7.3.1 Measuring ontributionThe �rst step of our method requires the omputation of author ontri-bution in the sope of eah wiki page. We need a funtion:
c : U × P → [0,+∞) (7.1)whih, given a user in the set of registered users U and a page in the setof pages P , has two main requirements. First it has to return a positive103



7 Co-authorship 2.0: Patterns of ollaboration in Wikipedianumerial value. This is beause with suh a funtion we an alulatethe total ontribution for a page, and estimate the relative in�uene ofeah user on it. Then, in order to perform temporal studies, it is requiredto the funtion to be omputable within spei�ed intervals of time. Thisde�nition is quite general, and any measure quantifying the ontributionof a user to a page an be used.Most of the quantitative studies on the Wikipedia ommunity justtake into aount the number of edits performed by a user as a measureof her ativity; this naive measure is often used also inside the sameommunity of Wikipedia (e.g., to be eleted as an administrator of theItalian Wikipedia, a user needs to have performed at least 500 edits).Though it is largely used, due to its simpliity, the limitations of thisapproah are evident, as no importane is given either to the size or tothe quality of interventions. More sophistiated approahes to omputeauthor ontribution are based on the observation of the lifespan of thehanges introdued. The metri proposed in [145℄ takes into aount thenumber of times a word added is viewed without being hanged in thenext revisions, while in [63℄ the lifespan of a word is measured aordingto the number of editors modifying the page without removing it. Aset of metris and e�ient algorithms to ompute author ontribution toa wiki is illustrated in [2℄, in the framework of the WikiTrust projet1.Among these metris, edit longevity is based on the number of wordsedited by an author, omputed with suitable heuristis, and weightedaording to their longevity in the following interventions.For this work we hose to rely on the aforementioned metri of editlongevity as desribed in [2℄, both for its auray and for the e�ienyof the algorithm proposed, allowing for its omputation over the wholeEnglish Wikipedia as: el : E → [−∞,+∞), E being the set of all editsin the wiki. While in Wikitrust edit longevity is umulated for eahauthor over the whole wiki, our approah is to umulate this measure inthe sope of eah single page, �nding as a result a sore assoiated toeah ontributor, telling how muh aepted ontent they have introduedin a ertain artile. As we are interested in umulating a measure ofthe relevant ontribution arried by eah author to a page, we do nottake into aount interventions bringing a negative sore (whih meansinterventions mostly not aepted in the following revisions). We de�ne
Eu,p as the set of edits performed by user u on page p, and we ompute1http://wikitrust.soe.us.edu/104



7.3 From revision history to a o-authorship networkthe ontribution of user u to page p as:
c(u, p) =

∑

e∈Eu,p|el(e)>0

el(e). (7.2)7.3.2 Author seletionAs pages vary substantially both in length and number of editors, itwould be di�ult to establish a �xed number of authors to be seletedfrom all artiles. Instead, we adopt a general and �exible strategy, whihonsists in seleting the �rst users who authored a ertain perentage ofthe whole aepted ontribution. Anonymous ontributors are identi�edin Wikipedia revision history by their IP number, so a possible strategywould be to inlude them in the ommunity as single individuals, bytreating IP numbers as normal user niknames. We are not following thisapproah for the fundamental reason that IP numbers are not reliableidenti�ers. Moreover, it makes sense to identify only users that expliitlyhose to have a nikname in the ommunity. So we disard all anonymousontribution. For eah page p we de�ne the set Up of all registered userswho edited it. We selet the set of authors of page p as the smallestsubset Ap ⊆ UP ontaining the �rst users of Up, ordered by desendingontribution, suh that:
∑

a∈Ap
c(a, p)

ctot(p)
> θ (7.3)where θ ∈ [0, 1] is a relative threshold and ctot(p) is the total ontributionto the page by registered users:

ctot(p) =
∑

u∈Up

c(u, p)Then we remove all the users whose ontribution to that page, in absoluteterms, did not reah a minimum threshold M , by imposing a furtherondition for eah author a of page p:
c(a, p) > M (7.4)7.3.3 Network onstrutionAs disussed in the previous Setion, we selet for eah artile a variablenumber of authors who have provided a signi�ant ontribution, both in105



7 Co-authorship 2.0: Patterns of ollaboration in Wikipediaabsolute and relative terms, and we obtain a bipartite network, or a�lia-tion network, where eah user is assoiated to all the artiles of whih sheis a main ontributor. To obtain a ollaboration network, G = 〈V,E〉,we projet this bipartite network on the users' dimension, establishing aonnetion between eah pair of users who have ollaborated on at leastone artile. So the set of verties is: V =
⋃

p∈P Ap and the set of edgesis: E = {(a1, a2) | ∃p ∈ P : a1, a2 ∈ Ap}.To aount for temporal dynamis, we onsider slots of a �xed amountof time T , and we snapshot the wiki's revision history at di�erent in-stants. For eah period we build a network based only on the edits per-formed in that time slie ([0, T ), [T, 2T ), · · · ), and a umulative one on-sidering also all previous edits ([0, T ], [0, 2T ], · · · ). With the �rst methodwe an represent the network of atual interations between users in alimited period of time; with the seond approah we onsider oopera-tion over the whole history of eah artile, oherently with the idea that,when editing a page, a user is working on all past ontribution.7.4 Network analysis of Wikipedia authorommunityWe applied the algorithm desribed in the previous Setion to the EnglishWikipedia, to extrat its o-author network. We based our analysis on alog from the WikiTrust projet, where edit longevity has been omputedfor all edits until February 11th, 2007.For sienti� o-author networks the usual period of time examinedis one year; this is probably due to the availability of the publiationyear, and to the sare relevane of a �ner-grained division of time, asthe proess of publishing an take months. As in Wikipedia everythinghappens faster, and the revision history provides detailed temporal data,we hose to adopt shorter periods of T = 3months. We have onstrutedfor eah period both the umulative and the non-umulative network,using thresholds θ = 0.7 and M = 10, the �rst telling we selet asauthors of an artile the minimum set of top ontributors responsiblefor at least 70% of the total ontribution to it, the seond establishingthe minimum ontribution needed to be onsidered an author (roughlyorresponding to 10 words added and never modi�ed in the following 10revisions)2.Figure 7.1 shows the number of editors per page and the number ofauthors seleted by our algorithm, for a period of three months. As it2Varying the parameters we did not observe remarkable di�erenes in the results.106



7.4 Network analysis of Wikipedia author ommunity
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Figure 7.1: Distribution of the number of users per page observed in athree month period (November 2006 - February 2007), plot-ted on a log-log sale.an be noted, though there are artiles edited by up to 500 users, ouralgorithm does never selet more than 20 editors as authors of a page.Anonymous ontribution, that we disarded, adds up to 25% of editsdone, but only to 10% in terms of edit longevity. These data point outthe lower weight of anonymous edits in terms of size and aeptane bythe ommunity.Figure 7.2 shows the growth of Wikipedia in terms of number of arti-les; together with the total number of artiles, we have plotted also thenumber of those for whih at least one and two ontributors have beenseleted; the perentages over the whole history until February 2007 areabout 97% and 39%, respetively. The graphis points out that most ofWikipedia artiles have been redated by one main editor. Analogously,besides the evolution of the total number of Wikipedia users, in Fig-ure 7.3 we plot the number of users seleted as authors of at least oneartile, and the number of authors who have ollaborated with at leastanother author; the perentages are about 29% and 24% and show thatthe vast majority of authors have ollaborated with some other authors.In the following we analyze the networks aording to several metristo haraterize the Wikipedia ommunity and detet patterns of ollab-oration. For the analysis we relied on the software pakage Igraph forR [37℄. 107
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Figure 7.2: Evolution of the number of artiles.
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Figure 7.3: Evolution of the number of users.7.4.1 Marosopi network analysisTables 7.1 and 7.2 report the evolution of some marosopi features ofthe non-umulative and umulative networks, respetively. The size of108



7.4 Network analysis of Wikipedia author ommunitythe giant omponent G, the largest onneted omponent, is always over97% in the umulative network, showing a very sare fragmentation;high values are observed also in the non-umulative network. The sizeof the other omponents does never exeed 6 or 7 nodes.In soial network analysis the number of edges k inident to a node isgenerally alled degree. Looking at the evolution of mean degree 〈k〉 overall nodes, or network onnetivity, in the umulative network, we observea rapid growth, that tends to onverge around a value of 22. In thenon-umulative network, after a growth in the �rst periods, onnetivitystarts following a slowly dereasing trend; this is an interesting signalthat the mean number of atual ollaborations during a limited periodof time remains bound, and tends to derease as a larger base of usersgets involved in the ommunity.The networks exhibit the small world property [180℄: the maximumdistane, or diameter D, tends to slowly inrease over time, but no morethan 10 or 12 steps are required to onnet any pair of nodes. Thisvalue is onsiderably low, espeially if ompared with those of sienti�ollaboration networks, where the diameter an typially reah the valueof 20 [129℄. Analogously, also mean distane d exhibits a slow linear in-rease with time, remaining between values of 3 and 4; this result is alsoquite low with respet to sienti� ollaboration networks observed inliterature, where the average values are usually over the double. Theseshort distanes an be explained in virtue of the lower barriers to theollaboration between any pair of users in a wiki; they an also be in-terpreted as an e�et of the entralization of the network around somevery ative users, the so alled soiometri stars.Clustering oe�ientSimilar onlusions an be inferred from the observation of the globallustering oe�ient of the graph, that is omputed as:
C =

3 · number of triangles

number of connected triples of verticesand represents the perentage of losed triples in the network: at theextremes, a ompletely onneted graph has C = 1, whereas a hier-arhial tree has C = 0, as no loops are possible [180℄. Though ournetworks exhibit lustering oe�ients higher than the ones of an equiv-alent randomized graph, this value is very low with respet to sienti�ollaboration networks observed in literature, where it also shows to be109



7 Co-authorship 2.0: Patterns of ollaboration in WikipediaTable 7.1: Marosopi features of the non-umulative network: eahrow desribes the network of ollaborations based on the editsperformed in the three month period ending on the pointedmonth.Period N 〈k〉 G% C d D rFeb02 124 5.8 100 0.17 2.83 6 -0.14May02 178 6.5 98.9 0.19 2.85 6 -0.16Aug02 214 7.0 97.7 0.22 2.88 6 -0.11Nov02 415 9.6 99.0 0.23 2.87 6 -0.17Feb03 585 8.3 99.9 0.17 3.07 7 -0.14May03 723 8.9 98.1 0.18 3.07 6 -0.10Aug03 1199 8.5 96.2 0.14 3.26 7 -0.07Nov03 1511 8.9 92.8 0.14 3.26 7 -0.07Feb04 2023 10.0 97.0 0.13 3.31 9 -0.06May04 3817 10.1 95.9 0.10 3.43 8 -0.05Aug04 5101 9.9 97.6 0.08 3.53 9 -0.05Nov04 6781 9.5 95.9 0.06 3.46 8 -0.08Feb05 8643 8.6 95.9 0.07 3.75 9 -0.04May05 11678 8.3 95.3 0.07 3.83 12 -0.02Aug05 16622 8.3 95.3 0.07 3.91 10 -0.02Nov05 20117 8.3 94.5 0.09 3.95 11 0Feb06 31424 9.0 94.3 0.09 3.95 11 -0.01May06 45069 7.5 93.1 0.04 3.96 11 -0.05Aug06 55948 7.3 92.5 0.03 4.06 12 -0.04Nov06 62126 6.6 91.0 0.03 4.06 12 -0.04Feb07 64318 6.9 90.2 0.03 4.08 12 -0.03usually more stable over time [129, 35℄. Among the o-authorship net-works studied in [131℄, the only one having a similar value of C is Med-line, a very large ommunity haraterized by a strongly hierarhialsoial struture, based on laboratories where a high number of ollabo-rators gravitate around a �prinipal investigator�. Comparable values oflustering oe�ient have been observed in online ommunities [80℄ andmessage board networks [57℄; a �rst simple onsideration an be that it iseasier to establish new and heterogeneous onnetions with other peoplein an online ommunity than in the o�ine world.The low and dereasing values of C in our network, shown in Fig-ure 7.5, an be also seen as a symptom of the growing entralization ofthe network, that is aentuated as new users attah to the stars, entral110



7.4 Network analysis of Wikipedia author ommunityTable 7.2: Marosopi features of the umulative network: eah row or-responds to the network based on the whole history of pagesuntil the pointed month. N stands for network size.Until N 〈k〉 G% C d D rFeb02 137 6.2 100 0.17 2.87 6 -0.11May02 256 9.0 100 0.21 2.75 6 -0.16Aug02 388 11.6 100 0.24 2.70 5 -0.19Nov02 706 14.0 99.7 0.26 2.76 5 -0.23Feb03 1116 14.7 99.5 0.24 2.83 7 -0.23May03 1508 16.7 99.5 0.23 2.85 6 -0.21Aug03 2315 17.1 98.6 0.22 2.92 7 -0.20Nov03 3286 18.0 97.1 0.20 2.96 8 -0.19Feb04 4542 19.5 97.4 0.19 2.99 8 -0.18May04 7000 20.7 96.7 0.17 3.04 8 -0.17Aug04 10033 22.0 97.8 0.16 3.08 9 -0.16Nov04 14072 23.1 97.7 0.14 3.10 8 -0.16Feb05 19004 23.5 97.8 0.13 3.14 8 -0.15May05 25759 23.4 98.1 0.12 3.19 8 -0.14Aug05 35408 23.6 98.1 0.11 3.24 8 -0.13Nov05 46181 24.2 97.9 0.11 3.29 8 -0.12Feb06 64268 24.3 97.8 0.10 3.33 9 -0.11May06 90523 23.1 97.4 0.09 3.38 8 -0.10Aug06 121461 22.6 97.2 0.08 3.40 10 -0.08Nov06 154091 22.0 96.8 0.06 3.41 9 -0.08Feb07 183710 22.4 96.7 0.06 3.41 10 -0.07
nodes with a very high degree. This proess an be attributed to therole of some �superusers�, who seem to be omnipresent: administrators,bots, and a ore of very ative ontributors, who seem to intentionallyspread themselves over the whole Wikipedia, overing all its areas. Someresearhers laim that the dereasing perentage of edits performed byadministrators and by the most ative users suggests that the Wikipediaelite is delining and a bourgeoisie is rising [90℄. Though, in our anal-ysis we �nd evidene of the fundamental role that these users ontinueplaying, by leveraging their entrality in the growing network. 111
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Figure 7.6: Degree distributionin the non-umulativenetwork (Nov2006 -Feb2007).
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Figure 7.7: Degree distributionin the umulativenetwork.hibit assortative mixing patterns [132℄; instead, neutral or disassortativenetworks have been observed in other online ommunities suh as Inter-net dating [78℄ and message boards [57℄. This tendeny has been veri�edfor many online soial networks in [80℄; this reent work also highlightsa transition from degree assortativity to disassortativity in the popularChinese soial network platform Wealink.The evolution of the orrelation degree oe�ient we observe for Wiki-pedia, plotted in Figures 7.8 and 7.9, exhibits a di�erent trend, reahinghighly negative values that tend to derease over time in absolute value.One partiular reason for the disassortative mixing of Wikipedia ommu-nity an be found in the tendeny of more involved authors to interatwith new inexpert users, orreting and improving their ontributions,rather than to ollaborate with eah other on the same artiles. Globalinequality of ontribution between users ollaborating on a same artilehas been shown to be positively orrelated with artile quality [11℄; thissoial dynamis an probably be onsidered one fundamental feature ofthe Wikipedia ommunity, that has haraterized it sine the beginning,with a strong onern of the most involved users for the ontent of thewhole enylopedia. The trend of disassortative mixing in the umu-lative network mirrors the one of the lustering oe�ient, whih alsodereases in absolute value as the network grows in size and density, es-tablishing onnetions also between people who authored the same pages113



7 Co-authorship 2.0: Patterns of ollaboration in Wikipediain di�erent periods.
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Feb02 Feb03 Feb04 Feb05 Feb06 Feb07Figure 7.9: Trend of assortativemixing by degree rin the umulative net-work.7.4.2 Centrality measuresIn literature, several metris of entrality have been proposed to studythe position and the in�uene of individuals in a network. Beside the�rst and simplest entrality metri of Degree, whih just expresses thetotal number of ollaborators of a user, i.e. the ommuniation ativity,others have been de�ned to investigate partiular properties of nodes.Betweenness is a measure based on the number of times a node oursin the shortest path between other pairs of nodes. It is omputed fornode n as:
betweenness(n) =

∑

i,j

|pinj |

|pij|where, for eah pair of nodes (i, j) in the network, pij are all the shortestpaths between them, and pinj are the ones passing from node n. Theidea is that the more betweenness a node sores the more in�uene itwill have on information �ow in the whole network, a sort of ontrol ofommuniation [52℄. Nodes with high values of betweenness make thespreading of utting-edge knowledge easier; in the ase of Wikipedia itould be poliies and best praties. Removing suh nodes typially leadsto the inrease of the shortest path length between nodes [180℄.Closeness of a node (n) is the inverse of the average length of theshortest paths to other nodes (m) in the network (pnm) [22℄; given N114



7.4 Network analysis of Wikipedia author ommunityTable 7.3: Number of Administrators, Bots and Registered users in thetop 100 nodes aording to di�erent metris for the umulativenetwork Admins Bots Registerededit ount 50 27 23edit longevity 72 6 22degree 70 10 20betweenness 65 12 23loseness 73 10 17eigenvetor 30 6 64the number of nodes:
closeness(n) =

N − 1
∑

m pnmThis metri expresses the apability of a node to get in touh with newideas over the network, i.e. independene of information [52℄.Eigenvetor is a metri based on degree. It orresponds to the valuesof the �rst eigenvetor of the network adjaeny matrix [22℄. Centralityof eah node is so evaluated proportionally to the sum of the entralityof nodes it is onneted to.We omputed the entrality of eah user, aording to the di�erentmetris mentioned. Eigenvetor entrality is the only metri whih wasomputed on the weighted network, where eah edge onneting twoauthors is weighted aording to the number of artiles they o-authored.To sketh the omposition of the group of the most in�uential authors,we ounted the number of administrators, bots and registered users ap-pearing in the top 100 positions in the rankings aording to the di�erententrality metris and to the measures of edit ount, or number of editsdone, and to edit longevity, desribed in Setion 7.3.1.As it an be noted in table 7.3, all entrality metris tend to produeresults omparable to the edit longevity, on whih the networks are based;an interesting exeption is represented by the eigenvetor, whih tendsto strongly penalize administrators; this result an be interpreted as aonsequene of the tendeny of administrators to interat preferentiallywith the most inexperiened users. A high number of bots emerges inthe edit ount ranking, but this presene is strongly redued with editlongevity and network entrality metris; this is probably a symptom ofthe high number of small edits performed, and of the sare interations115



7 Co-authorship 2.0: Patterns of ollaboration in Wikipediawith other users, whih haraterize many bots.7.4.3 Removing admins, bots and stars.Given the struture of the network and its disassortative mixing, of par-tiular interest an be the experiment of removing some lasses of veryentral users and studying the resulting network. Table 7.4 reports themarosopi features of the umulative networks obtained removing var-ious lasses of users, ompared with the original network.As a �rst experiment we have removed administrators and bots; morepreisely, we have removed all the nearly 1300 users who have beeneleted administrators before February 2007, and the 76 users that wehave identi�ed as bots. The peuliar role that these lasses of users playinside Wikipedia is witnessed by the remarkable hange in the networkthat is aused by their removal. As it an be noted, the size of thenetwork dereases signi�antly: in fat, as we are not onsidering iso-lated individuals, almost 20 000 nodes get disonneted from the rest ofthe network after these speial users are removed; also the giant om-ponent size perentage dereases. Mean distane and diameter inrease,remarking the role of hubs that administrators and bots were playing,whereas lustering oe�ient grows as the hierarhial struture of thenetwork is partly broken with the removal of these stars. Finally, theassortative mixing oe�ient inreases, though the network keeps beingdisassortative.The same phenomenons are observed after removing other very en-tral authors; we removed the 1000 and 5000 nodes with the highestbetweenness, obtaining the results shown in Table 7.4. Individuals hav-ing highest betweenness are the ones that are more often on the shortestpath between pairs of users in the network, and orrespond to Wikipedi-ans diretly onneted with many heterogeneous authors; removing thesehubs it is easier to understand the sub standing struture of the network.The assortative mixing oe�ient gets positive after removing the 1000most entral users; the size of the network and of the giant omponentget smaller as many users get disonneted, but no other onneted om-ponent exeeds the size of 10 nodes. After removing 5000 authors, thesize of the giant omponent is redued from about 180 thousand to 115thousand nodes, meaning that more than one third of the users wereonneted to the rest of the network only through these stars.116



7.4 Network analysis of Wikipedia author ommunityTable 7.4: Marosopi features of the umulative network onstrutedremoving some lasses of users: Admins and Bots (AB), top1000 and 5000 users having highest betweenness. Also valuesfor the original network are reported (none).N 〈k〉 G% C d D rnone 183710 22.4 96.7 0.06 3.41 10 -0.07AB 168716 13.3 94.8 0.04 3.80 11 -0.041000 158956 10.0 93.0 0.05 4.24 12 0.045000 134802 5.2 85.9 0.10 5.44 17 0.09Table 7.5: Marosopi features of the umulative networks for ategoriesPharmaology, Botany and Comis.Pharm. Botany Comis# of nodes N 5814 6500 11559mean degree 〈k〉 11.22 9.79 11.35giant omp G% 89.8 89 92.8lustering oe�. C 0.25 0.19 0.11mean distane d 3.59 3.5 3.57diameter D 11 10 10assortativity r -0.05 -0.1 -0.067.4.4 Study of subommunitiesA further analysis an be performed onentrating on partiular semantiareas of Wikipedia: by onsidering only a subset of artiles it is possibleto study the ommunity of users that are ative on a spei� domain.Isolating a semanti area inside Wikipedia is not a trivial task. Sev-eral approahes, illustrated in Chapter 6, have been proposed to assignan artile to a Wikipedia artile with a ertain proportion; as here wejust want to identify sets of semantially related pages in order identifysubommunities ative on spei� topis, we rely on the approah of iso-lating a few well delimited lower level ategories, and manually leaningtheir subtrees, exluding unrelated branhes. A more detailed desrip-tion of this proess is desribed in Setion 6.2. We hose three ategoriesof omparable size, from di�erent domains: Botany, Pharmaology andComis.As shown in Table 7.5, the networks seem to share some marosopi117



7 Co-authorship 2.0: Patterns of ollaboration in WikipediaTable 7.6: The 15 users with highest betweenness in the umulative net-work for ategory Botany. Also the position in the global net-work betweenness ranking is reported for eah user, togetherwith the role.rank betw. username role globalrank1 4392847 MPF Admin 1292 3050933 AntiVandalBot Bot 13 2035231 Tawkerbot2 Bot 24 1496233 Gdrbot Bot 415 603624 Wetman Registered 236 395980 Ahoerstemeier Admin 117 389615 JoJan Admin 11458 386907 Grstain Registered 1379 386820 DanielCD Admin 17310 379741 PDH Registered 14111 360715 Pekinensis Registered 192112 344995 VivaEmilyDavies Registered 191513 311965 Badagnani Registered 9914 291674 Tawkerbot4 Bot 715 291491 Pollinator Admin 803features of the global one: one very large onneted omponent, shortdiameter and short average distanes. Clustering oe�ient C reahesvalues remarkably higher than the ones observed over the global net-work. This is espeially true for ategories Botany and Pharmaology;the lower value observed for the ategory Comis seems to re�et themore oasional and sparse nature of ontributions, with respet to si-enti� disiplines where more spei� expertise on partiular topis isrequired.Regarding soiometri stars, we observe the prevalene of some of thesame �superusers� that also emerged in the global network, but also ofother users that seem to have reahed a very high entrality only insidea partiular area. As an example, Table 7.6 shows the �rst 15 users forbetweenness in the Botany umulative network. For eah user also therole and the position in the betweenness ranking for the global networkare reported: this information points out a ertain heterogeneity in theomposition of the ore of the most entral users in ategory Botany,118



7.5 Conlusions and future workand o�ers an interesting measure of the di�erent areas of in�uene ofusers. By disarding global stars it is possible to have an idea of themost in�uential ontributors who foused on a given area.7.5 Conlusions and future workIn this work we have proposed a salable method to extrat a o-authornetwork from a wiki's revision history, based on the idea of seleting onlythe main ontributors of a page as its authors, and we have applied itto analyze the soial struture and dynamis of the English Wikipediaauthor ommunity.The results mark a onsiderable di�erene with respet to most of thesienti� ollaboration networks: very low values of mean distane anddiameter, a quite low and dereasing lustering oe�ient, and disas-sortative mixing by degree. We �nd evidene of a strong entralizationof the network around some stars, a onsiderable nuleus of very ativeusers, who seem to be omnipresent. The high entrality of soiometristars points out the key role that the �elite� ontinue playing in the om-munity of Wikipedia, despite the rapid growth of the number of ommonusers. The disassortativity of the networks is a signal that the most ativeontributors tend to interat with the less experiened users, spreadingover the whole wiki, rather than to ollaborate with eah other. In thisontinuous relationship between the ore and the periphery of the om-munity an perhaps be found one of the onstituting harateristis ofthe Wikipedia ommunity.We have also shown how the ommunity working on a partiular se-manti area of the wiki an be studied; the networks onstruted forsome ategories tend to share the main features of the global ones, withsome variations; in sienti� disiplines we observe higher lustering, andlower values of disassortativity. An extensive study inluding a highernumber of ategories ould reveal interesting patterns. By �ltering outthe �superusers� whih have a very high entrality over the global net-work, it is possible to identify the most in�uential authors in a spei�area.The study presented in this hapter o�ers many diretions for fur-ther investigation. Reent studies have pointed out a plateau e�et inthe growth of Wikipedia, whih after 2007 seems to have signi�antlyslowed down [168℄; it would be interesting to inspet how the dynamisand the struture of the network have evolved. Di�erent metris ouldbe used to ompute author ontribution; for example, a measure based119



7 Co-authorship 2.0: Patterns of ollaboration in Wikipediaonly on new words added ould help giving prominene to the authorswho provide new ontent. For a more omplete omprehension of ol-laboration patterns, the oauthor networks ould be ompared with theexpliit interations between users in disussion pages. Finally, the bi-partite network of authors and artiles is a kind of folksonomy ; it anbe studied as a preious soure of emergent semantis, and ontrastedwith the ategory graph. The fat that eah wiki page orresponds to anenylopedi entry, and to an entity in the Semanti Web as disussedin Setion 2.1.2, makes this perspetive partiularly promising.
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8 Network and tree struture ofWikipedia disussion pages8.1 IntrodutionBehind the most visible part of Wikipedia, i.e. the artiles, there arenon-enylopedi pages whih are used for oordination, disussion andpersonal ommuniation among the Wikipedians. While the growth ofthe enylopedia in terms of numbers of artiles, edits and ative usershas slowed down in the last years, ativity on these pages has kept in-reasing at a higher rate [168, 177, 166, 158℄. In this hapter, whih isbased on the work published in [108℄, we fous on this less visible sideof Wikipedia, in order to shed light on ommuniation patterns thataompany ollaboration on the projet.Unlike other online disussions whih often only satisfy the purposeof entertainment or of defending one's point of view, the disussion onWikipedia artile talk pages has a lear objetive, i.e. to reah onsensusand improve the ontent of the orresponding artile. In many asesthese pages an onsiderably outgrow the orresponding artile in size.For example, the talk page assoiated to the artile `Barak Obama'ontains more than 22 000 omments, whih is more than the 17 500edits done to the artile itself. In Wikipedia there are also talk pagesassoiated to registered users; these pages are somehow omplementaryto the artile disussion pages, and are used for personal ommuniationbetween the Wikipedians, as a sort of publi in-box.Communiations in Wikipedia are part of a omplex soial system,where users are involved in the projet to di�erent extents and with dif-ferent roles, either expliit or impliit. Several studies have foused onthe analysis of the ontent of talk pages [177, 166, 158℄, while some re-searhers have studied the orrelation between the presene of disussionand artile quality [94, 92℄. Kittur et al. [94℄ also identify the number ofedits done to a disussion page as the best indiator of on�it on theorresponding artile. Though, little attention has so far been devotedto the study of interation patterns emerging from disussions on these121



8 Network and tree struture of Wikipedia disussion pagespages. We laim that the study of these interations on a large salean reveal essential features of the Wikipedia ommunity and its soialstruture.In this hapter we o�er an extensive analysis of talk pages assoiatedto artiles and to users. We analyse the strutural properties of thenetworks derived from interations on these pages; in partiular, thestudy of direted degree assortativity allows us to reveal spei� patternsin the ommuniations between the Wikipedians, whih di�er from theresults obtained for the disussion board Slashdot.To haraterize the disussions on artile talk pages, we analyse theirstruture aording to di�erent measures, suh as depth and size of thedisussion threads. We show how hains of diret replies between pairsof users an be an interesting indiator of partiularly ontentious topis,and we report a listing of the most disussed artiles, aording to di�er-ent riteria. Finally, we investigate the relationship between struturalproperties of the disussions and the orresponding semanti areas.8.2 Experimental Setup8.2.1 Dataset desriptionWikipedians have well de�ned poliies and onventions for using disus-sion pages [181℄. Artile talk pages are seen as plaes for oordinationwhere editors an disuss on improving artiles rather than express theirpersonal views on a subjet. On the other hand, user talk pages are usedfor ommuniation between users, as a sort of publi inbox. They anbe used to give suggestions or ask questions to users, whih are imme-diately noti�ed by the system if new messages arrive on their own usertalk page.From a tehnial point of view talk pages have always remained simplewiki pages; however, their usage over the years has evolved aording tothe ommunity requirements. With the growth of their ontent due toboth their massive use in ontroversial pages and the need to store olddisussions, many of them are now divided into many subpages ontain-ing not only arhives but often also spei� themati disussions.Another ommunity need was to have more strutured disussions,and to this end the wiki markup has been exploited to organize disus-sions as in a forum, with paragraph and subparagraph titles ontainingomments, whih are normal paragraphs of text that an be indentedwith a speial syntax, indiating the reply relationships. Comments aresigned by their authors and dated at the instant of insertion; the wiki122



8.2 Experimental Setuptext parser on Wikipedia provides a shortut to sign a omment with theorret signature, inluding a link to the orresponding user talk page,and the date deteted at the instant of insertion. In ase of anonymoususers (not registered), the signature reports the IP number instead ofthe user name.The depited system looks funtionally similar to a typial disussionforum, but at the same time it leaves a speial degree of freedom that isa guarantee to best �t the ommunity needs whih ontinuously evolveover time.For this study we rely on a omplete dump of the English Wikipediafrom Marh 12th, 2010. As old omments are always arhived and neverremoved, for the analysis of disussions we an just take into aountthe last version of the dump. However, to be able to ontrast disussionswith artile edit ativity, we needed to parse the whole dump inludingomplete edit history of eah page.8.2.2 Data preparation and leaningThe freedom whih is left to editors in the usage of disussion pagesis a drawbak for our analysis. Eah entire disussion page is storedin the Wikipedia dump as one only blok of wiki text. There is nostruture surrounding a single omment nor an always valid shema todetet its start and end. Moreover, signing and dating omments is leftto users so, though there are bots in harge of automatially addingmissing signatures and dates, many omments are unsigned. To extratthe thread struture with omment indentation, signatures and dates,we had to deal with many di�erent expliit and impliit onventions,hanging over years and not always attended by users.We grouped all subpages assoiated to disussion on the same artileor user into a single unit of ontent, to analyze disussions aggregatedby their topi. Comment identi�ation is not straightforward; we hoseto reognize a omment as a fragment of text followed by the pattern ofa signature. This pattern is expressed by a �exible regular expressiondesigned to detet a user name and eventually a date at the end of aline, following one of many di�erent possible onventions. The end of anunsigned omment an be reognized with formerly used separators, orwith the start of a new thread or of a new omment nested on a di�erentlevel. We disarded all the talk pages with no signed omments.In Table 8.1 we report some basi quantities of the data extrated fromthe Wikipedia dump. The perentages of unsigned omments enoun-tered in artile and user talk pages are very similar, 16.1% and 14.7%,123



8 Network and tree struture of Wikipedia disussion pages#artiles 3 210 039#edits of artile pages 402 851 686#artiles with talk page (ATP) 871 485 (27.1%)#total omments in ATP 11 041 246#signed omments in ATP 9 421 976 (85.3%)#anonymous (ip signed) omments in ATP 1 000 824 (9.1%)#users who omment artiles 350 958 (2.8%)#registered users 12 651 636#user talk pages (UTP) 1 662 818 (13.1%)#omments in UTP 13 670 980#signed omments in UTP 13 493 254 (98.7%)#anonymous (ip signed) omments in UTP 2 009 658 (14.7%)Table 8.1: Basi quantities of the data analysed.while the perentages of anonymous omments are 10.0% and 1.3%, re-spetively.8.3 Wikipedia disussion networksThere are no expliit networks between users in Wikipedia. In order tostudy the patterns of ommuniation and disussion, we extrated threeimpliit direted networks aording to di�erent types of interationsbetween users:Artile reply network (reply-NW) diret replies between users in artile dis-ussion pages.User talk network (talk-NW) diret replies in user talk pages.Wall network (wall-NW) personal messages posted on the talk page of an-other user.In all networks we disard anonymous users, as IP numbers are notreliable identi�ers. In Figure 8.1 we shematially explain the idea ofhow these networks are onstruted. In the artile reply network (Fig-ure 8.1(a)) we establish a direted edge from a user B to a user A if Bhas written at least one omment indented under an entry by user Ain any artile disussion page. The user talk network (Figure 8.1(b))is analogously de�ned, but based on the omments in user talk pages,while the wall network establishes a link from user B to user A if user Bhas written something on the talk page of user A.124



8.3 Wikipedia disussion networks8.3.1 Basi network parametersIn Table 8.2 we report some marosopi features of the networks. Be-sides the dimension in terms of number of nodes, we report for eahnetwork the number of nodes having at least one outgoing or one in-going link, respetively. Interestingly, these quantities vary signi�antlyfrom network to network. In the artile disussions around 90% of usershave replied to at least one user, while nearly 60% have reeived replies.On the ontrary, in the other two networks almost all (wall: 98.4%, talk:
90.3%) users have at least one inoming link, while many do not haveany outgoing link. In partiular, only less than one over ten users in thewall network have written on another user's talk page. This result is dueto the presene of welomers, users and bots who write a welome mes-sage on the wall of newly registered users; this also explains the largersize of the wall network, whih ontains many users who are not ative.For this reason also reiproity is lower in the wall network.8.3.2 Network omparisonFor the network omparison we modify the metri proposed in [169℄,based on Jaard oe�ient of the link overlap, suh that it takes valueswithin [0, 1] and it is independent of the network densities. It measuresthe o-ourrene of links between users in di�erent soial networks.More formally, let G1 = (V,E1) and G2 = (V,E2) be two networkswith the same set of nodes V , and with the sets of edges E1 and E2,
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8 Network and tree struture of Wikipedia disussion pagesvariable reply-NW talk-NW wall-NW#nodes with edges 204 017 114 258 1 861 702w. in-degree ≥1 121 682 103 147 1 832 168w. out-degree≥1 182 881 63 334 177 331#edges M 1 489 734 852 065 4 412 212size of giant omp. 88.5% 89.2% 96.3%mean distane 4.10 (0.75) 3.86 (0.69) 4.06 (0.68)maximal distane 15 11 12Clustering oe�. 0.083 (0.19) 0.053 (0.16) 0.035 (0.14)mean in-degree 7.30 (29.6) 7.46 (32.8) 2.37 (15.75)mean out-degree 7.30 (35.2) 7.46 (41.5) 2.37 (103.79)network density 3.58 · 10−5 6.53 · 10−5 1.27 · 10−6reiproity 0.44 0.45 0.15Table 8.2: Global measures of the Wikipedia disussion and talk network.Values within parenthesis indiate stdv.respetively. Then,
Cjaccard =

|E1 ∩E2|

|E1 ∪E2|
·
max(|E1|, |E2|)

min(|E1|, |E2|)
,where we denote as | · | the number of elements in the set.reply-NW talk-NW wall-NWreply-NW 1 0.11 0.09talk-NW 0.11 1 0.35wall-NW 0.09 0.35 1Table 8.3: Jaard oe�ient between the networks.We ompare the three networks and present the results in Table 8.3. Inthe wall network, we disarded all users who are not present in any of thetwo reply networks, to keep only ative users. As it ould be expeted,the highest overlap is between the two networks extrated from user talkpages. Though, it is important to point out that these two networksapture di�erent kinds of interation, and none of the two is subsumedby the other. The overlap between edges in these networks of personalommuniations and the one extrated from artiles is of about 10%,indiating substantially di�erent networks.8.3.3 Direted assortativity by degreeAs explained in Setion 7.4.1, assortativity by degree is a basi measureof diversity in networks, quantifying the tendeny of nodes to link with126



8.3 Wikipedia disussion networksother having similar number of edges [132℄.To ompute degree assortativity aounting for the diretion of edges,we rely on the Assortativity Signi�ane Pro�le (ASP), a novel approahproposed in [51℄.To aount for the diretion of edges we �rst need to introdue anotation in whih α, β ∈ {in, out} are used to index the degree type.For eah edge e, iαe and jβe are the α- and β-degree of the soure nodeand the target node. A set of four assortativity measures an now de�nedusing the Pearson orrelation:
r(α, β) =

E−1
∑

e[(i
α
e − īα) ∗ (jβe − j̄β)]

σασβ
(8.1)where E is the number of edges in the network, īα = E−1

∑

e i
α
e , and

σα =
√

E−1
∑

(iαe − īα)2; j̄β and σβ are analogously de�ned.The absolute values of the orrelation oe�ients are dependent on thenetwork degree distribution; to ompute statistial signi�ane, degree-degree orrelations are ompared with an ensemble of 100 randomisednetworks with the same in- and out-degree sequene as the original net-work. The statistial signi�ane of eah orrelation r(α, β) is omputedas the di�erene between the value observed in the original network andits average in the randomised ensemble rrand(α, β) in units of the stan-dard deviation σrand(α, β):
Z(α, β) =

r(α, β) − rrand(α, β)

σrand(α, β)
(8.2)Values of |Z| > 2 an be onsidered statistially signi�ant. As a laststep, as Z sores are dependent on the network size, they are normalisedby de�ning an Assortative Signi�ane Pro�le (ASP) for eah network:

ASP (α, β) = Z(α, β)/[
∑

α,β Z(α, β)2]1/2.Results are reported in Table 8.4, together with the results for thereply network extrated from the Slashdot disussion board. We addedthese results to be able to ompare disussions in Wikipedia with disus-sions from another large online ommunity. The Slashdot reply networkontains about 80 000 users and 1 million onnetions; for a detaileddesription of this dataset, see [57℄. The resulting ASPs of networks areplotted in Figure 8.2.None of the assortativity values omputed for the talk network isstatistially signi�ant (|Z > 2|). The wall network exhibits dissorta-tivity aording to all four measures, whih points a general tendeny127



8 Network and tree struture of Wikipedia disussion pagestype r 〈rrand〉 σrand Z ASPSlashdot (out, in) -0.035 -0.046 0.00059 17.677 0.329
(in, out) -0.016 -0.033 0.00063 26.613 0.495
(out, out) -0.015 -0.038 0.00063 35.843 0.667
(in, in) -0.027 -0.040 0.00057 24.143 0.449Reply (out, in) -0.025 -0.019 0.00063 -8.629 -0.485
(in, out) -0.018 -0.018 0.00061 0.062 0.003
(out, out) -0.027 -0.018 0.00062 -14.179 -0.797
(in, in) -0.015 -0.019 0.00063 6.385 0.359Talk (out, in) -0.045 -0.030 0.00998 -1.526 -0.655
(in, out) -0.025 -0.026 0.00753 0.109 0.047
(out, out) -0.042 -0.028 0.00848 -1.753 -0.753
(in, in) -0.028 -0.029 0.00894 0.076 0.033Wall (out, in) -0.126 -0.087 5.1e-5 -769.81 -0.936
(in, out) -0.039 -0.020 0.00020 -93.51 -0.114
(out, out) -0.063 -0.043 7.5e-5 -26.04 -0.317
(in, in) -0.061 -0.039 0.00026 -84.21 -0.102Table 8.4: Direted assortativity results for the three networks ofWikipedians and for the Slashdot reply network. Values inbold are signi�ant (|Z > 2|).of soially ative users to interat preferentially with users having fewonnetions. In partiular, the remarkably high value observed for the

(out, in)-assortativity shall be imputed to the ativity of users and botswho massively welome new registered users writing on their personaltalk page.The reply network extrated from Wikipedia artiles shows to be
(out, out)- and (out, in)- dissortative, with signi�ant Z-sores, pointingout a marked tendeny of users having many outgoing links to interatpreferentially with users having few onnetions, and vie versa. On theontrary, (in, in) assortativity is positive, revealing a tendeny of users toreply more often to others having a similar in-degree. We do not observethis pattern in the Slashdot reply network, whih is assortative aordingto all four measures1. The di�erene ould be due to the peuliar natureof Wikipedia artile talk pages, where disussions are usually aimed attaking deisions about ontent prodution aording to the ommunitypoliies. While a high out-degree is the result of an ative behaviour,replying to many users, a high in-degree is ahieved getting many repliesfrom di�erent users. These two measures seem to apture two distint1Note that this is di�erent from what has been reported previously in [57℄, whereno omparison with randomised networks was taken into aount.128



8.3 Wikipedia disussion networks
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Figure 8.2: Comparison of the ASP sore for the omment networks ofSlashdot and Wikipedia. In ases where |Z| < 2 and the ASPsore is not signi�ant the orresponding ASP is marked withthe orresponding symbol at the �gure bottom.harateristis of Wikipedia in�uential users, resonating with a distin-tion between hubs and authorities. The Wikipedians who reply to manyother users in artile talk pages tend to interat mostly with users hav-ing few onnetions, i.e. newbies and inexperiened users, while theWikipedians who reeive replies from many users tend to interat pref-erentially with eah other.8.3.4 Mixing by k-orenessAs a further step to investigate the soial struture of Wikipedia ommu-niation networks, we rely on the notion of k-ore deomposition [160℄ todetet the ore of individuals all highly interonneted with eah other.In simple words, the k-ore of a graph is the maximal subgraph in whiheah vertex is adjaent to at least k other nodes of the subgraph. For-mally, for a given graph G = (V,E) we de�ne a subgraph H = (C,E|C)indued by the set C ⊆ V. We all H as k-ore of G if and only if forevery vertex v ∈ C : degH(v) ≥ k, and H is the maximum subgraphwith suh property. Here degH (v) is the degree of the vertex v in the129



8 Network and tree struture of Wikipedia disussion pagesTable 8.5: Results of the k-shell deomposition and of k-oreness assor-tativity for Slashdot and for the three networks of Wikipediausers, ompared with 100 randomized equivalents.net measure value avgrand σrand ZSlashdot kmax 99 93.9 0.51 9.85(dense) kmax-shell 771 771.5 72.4 -0.01rk 0.027 -0.0179 0.0010 46.13Artile kmax 66 65.0 0.17 5.84(dense) kmax-shell 930 1369.7 126.4 -3.48rk 0.016 0.0142 0.0291 0.07Usertalk kmax 97 94.0 0.6 5.00(dense) kmax-shell 649 568.9 59.7 1.34rk 0.010 -0.0221 0.0013 24.59Wall kmax 129 255.9 0.72 -175.16(dense) kmax-shell 898 706.7 67.6 2.83rk -0.394 -0.1628 0.0005 -488.51Wall kmax 44 41.5 0.52 4.76(sparse) kmax-shell 361 568.6 79.3 -2.62rk 0.006 0.0051 0.0016 0.81subgraph H in the ase of undireted graph A vertex v has shell indexk if it belongs to k-ore but not to (k + 1)-ore. The set of all vertieswith shell indexes equal k is alled k-shell.To study k-ores we �rst turn the direted networks into undiretedones. From eah direted network we derive an undireted dense net-work, ontaining a link between eah pair of users onneted in at leastone diretion. Given the partiular struture of the wall network, withmany asymmetri links direted from few �welomers� to many inativeregistered users (as disussed in Setion 8.3.1), it is useful to also onsiderthe undireted sparse network, derived from the original one keeping onlyreiproal edges. To measure the tendeny of nodes in the ore of thenetwork to mix with peripheral ones, we introdue a measure of assorta-tivity by k-oreness rk, de�ned as the orrelation between the k-index ofeah pair of nodes onneted by a diret edge. This measure is de�nedanalogously to degree orrelation in (8.1), replaing degree with the k-index of eah node. It must be noted that in this ase we are dealingwith undireted networks, so eah edge has to be ounted twie, for bothdiretions. To assess the statistial signi�ane of the results we on-trast eah undireted network with an ensemble of 100 random networks130



8.4 The disussion treeshaving the same degree sequene.Table 8.5 shows for eah network the maximum k-index, the size of theorresponding k-shell, and the assortative mixing by k-oreness. Besidesthe values observed in eah real network, Table 8.5 reports also the av-erage value and the standard deviation over the randomized equivalents,and the Z-sore of the original network's value.The signi�antly high values of kmax in the real networks tell of thehigher level of organization observed. Values of kr vary substantiallyover networks, revealing di�erent interation patterns. In the user talknetwork, whih aptures personal onversations, users in the ore tendto interat with eah other. This result is similar to the one observedfor replies in Slashdot. In ontrast, the artile reply network exhibitsneutral k-oreness assortativity, as the small value of the Z-sore tellsthere is no signi�ant di�erene with respet to the randomly generatednetworks. This resonates with the results observed for degree assortativ-ity in Setion 8.3.3 in that diversity in interations seems to be higherin onversations about artiles than in personal ones. A further study ofdireted k-oreness assortativity ould allow for a more omplete om-parison with the ASPs obtained for degree-degree orrelations.In the wall undireted dense network we �nd a marked tendeny todissortativity; however, the sparse network exhibits neutral assortativ-ity. While in the other ases the values observed for sparse and densenetworks are in line with eah other (though the latter are here omitted,for reasons of spae), in the wall network the di�erene is substantial,due to the huge presene of asymmetri relationships. Given the natureof many of these asymmetri onnetions, whih do not represent realinterations, we onsider the sparse network a more reliable model.8.4 The disussion treesIn this setion we fous on the shape and size of interations in thedisussion pages on Wikipedia. These interations an be modelled in theform of disussion trees, where the root node orresponds to the artilepage on Wikipedia, and hild nodes to omments or strutural elementsof the disussion pages. Unlike other online disussions, for exampleobserved in blogs [123℄ or at Slashdot [57℄, the Wikipedia disussion pagesdo not only onsist of omments, whih represent the atual interationsbetween the users, but may also ontain many strutural elements suh asa separation of the total number of the omments into several sub-pages,or titles and subtitles to organize the ontent of the disussion. We model131



8 Network and tree struture of Wikipedia disussion pageseah of these di�erent elements as a separate node in the disussion tree.The struture of the tree re�ets the hierarhy of the pages. A replyto a omment is a hild node of this omment and omments whih areplaed below a title or a new page are hild nodes of the orrespondingstrutural node unless they reply to another omment. Note that therean be several nested levels of strutural nodes as there an be severallevels of titles and subtitles.To help in the omprehension of the following analysis we show inFigure 8.3 one of these trees. It orresponds to the Wikipedia artile�Presideny of Barak Obama� (represented by the red node in the entreof the radial tree) and ontains 989 nodes of whih 254 are struturalnodes (in blue in Figure 8.3) and the rest omments. Note that thisartile is di�erent from one just on �Barak Obama� ited earlier.8.4.1 Size of the disussionsOut of the approx. 3.2 million artiles in our dataset nearly 870 000have an assoiated disussion page (about 27%), whih ontain morethan 9.4 million signed omments, reated by more than 350 000 users(See Table 8.1 for details). As one would expet the distribution of thenumber of omments and users among the di�erent artiles follows heavytailed distributions as shown in Figure 8.4 (left).Although more than 85% of all artiles have disussions with only 10or less omments, there is still a onsiderable number of artiles (approx.15 000) with more than 100 omments and 826 disussions even ontainmore than 1000 omments. The largest disussions reah more than 30000 omments involving several thousand users.What are the shapes of these disussions? The example of Figure 8.3suggest that we an basially identify two patterns: omments that areplaed diretly after a strutural node (a headline et.) and do not reeiveany replies; and large hain-like subthreads of omments, ontaining asequene of replies between several users. Only oasionally a ommentreeives more than just one reply in these subthreads, whih ontainabout 65.4% of all omments. The remaining 36.6% of the ommentsorrespond to isolated unanswered omments who themselves are alsonot replying to another omment.To investigate those subthreads further we fous on the number ofsuh hain-like subthreads that an be found per disussions and on theirlengths. To formalise the onept of hains we onsider only subthreadswhere exatly two users interat subsequently. We de�ne as n-hains(or simply hains, if not stated otherwise) all sequenes whih inlude132



8.4 The disussion trees
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Figure 8.3: The struture of the disussion page of �Presideny of BarakObama� (generated with Graphviz). Blue nodes are stru-tural, green nodes are unsigned omments.at least three omments. So the shortest n-hains are of the form A ←
B ← A where A and B are two di�erent users and the arrows indiatea reply of B to A and a bak-reply from A to B. These hains an growonsiderably. The longest hain in our dataset is of length 31 in thedisussion page of �Central Bosnia Canton�2. Figure 8.4 (right) showsthe number of hains of di�erent lengths. Given a hain of length k,2See http://en.wikipedia.org/wiki/Talk:Central_Bosnia_Canton 133
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8 Network and tree struture of Wikipedia disussion pagestiles of the �Mathematis� ategory have the opposite behaviour. Theyare deeper but involve less users than expeted.To summarise, we observe quite di�erent relations between the disus-sion strutures and the number of edits among the di�erent ategories.We have also found that the size and shape of the disussion varies signi�-antly among the di�erent ategories. A more detailed analysis involvingthe study of individual user ativities in the di�erent ategories mightshed further light on whether these di�erenes are ommunity or ontentbased.8.5 Related StudiesKittur et al. [94℄ desribe the growth of the hidden side of Wikipedia,omprehending talk pages and all Wikipedia-spei� pages deputed toon�it and oordination. A longitudinal study to investigate the roleof oordination in the improvement of Wikipedia artiles' quality is de-sribed in [92℄; positive improvements are observed as e�et of disussiononly on small and �young� pages. Presene of disussion is just measuredin terms of size of the artile talk pages, and patterns of ommuniationsare not onsidered.Few researhers foused on Wikipedia talk pages to study soial re-lationships between users. Crandall et al. [36℄ investigate the interplaybetween soial ties, modelled as interations in disussion pages, andsimilarity, modelled as editing ativity on the same artiles. They �ndevidene of a feedbak e�et between the two phenomenons. Only a15% overlap is found between the graph of soial interations and theone of similarity; interestingly, properties of the soial network reveal tobe better preditors of future behaviour than properties of the similaritynetwork. A qualitative desription of di�erent patterns orresponding todi�erent soial roles in Wikipedia is o�ered in [55℄, based on the loalnetwork of personal ommuniations around single users.As reported in Setion 7.2, several studies have foused on extratingnetworks of interations from the edit history of a wiki, and Chapter 7is dediated to the study of Wikipedia o-author network. Both theapproahes of extrating o-authorship networks and edit networks areomplementary to the one desribed in this hapter, and ould be in-tegrated to ontrast diret replies in disussion pages with relationshipsemerging from editing ativity.To the best of our knowledge, in this work we propose the �rst exten-sive study of Wikipedia as a disussion spae. Similar analysis have been140



8.6 Conlusionsperformed for blogs [123℄ and online disussion boards [57℄. A generativemodel for the struture of the disussion threads analysed here has beenpresented in [58℄. The model parameters show important strutural dif-ferenes between the disussions in Wikipedia and those of other soialmedia platforms.8.6 ConlusionsIn this hapter we have foused on Wikipedia talk pages to detetstrutural patterns of interation whih aompany ollaboration on theprojet. The study of direted assortativity reveals the existene of aharaterizing pattern in the reply network extrated from artile dis-ussion pages. Users who reply to many other users tend to reply prefer-entially to inexperiened users, while the Wikipedians who reeive om-ments by many users are more likely to interat with eah other. Thispattern is not observed in the Slashdot reply network neither in per-sonal onversations in Wikipedia. We suggest that it derives from thenature of disussion on artile talk pages, foused on solving issues andontroversies aording to odi�ed ommunity poliies, and re�ets theexistene of di�erent soial roles among the more in�uential users.The study of shape and size of the disussions at the artile levelreveals interesting patterns and suggests some metris to haraterizedi�erent talk pages. The number of hains of diret replies betweenpairs of users seems to be a good indiator of ontentious disussiontopis, while h-index of the tree is a ompat measure to apture theatual depth of a disussion. We found evidene of signi�ant di�erenesin disussions from di�erent semanti areas. For example, disussionsabout Mathematis tend to reah a muh higher depth than the numberof users involved and of edits in the orresponding artiles would suggest.This work proposes a �rst insight into Wikipedia as a spae of dis-ussion and o�ers many diretions for improvement and for future inves-tigation. The omparison of users' behaviour in the di�erent networks(and maybe also in networks derived from interations in artile editing)ould help in the identi�ation of soial roles. A more �ne grained anal-ysis involving the time-stamps of the omments may allow for a betterunderstanding of soial dynamis on a temporal dimension, and to detetontentious topis during a ertain interval of time.
141





9 ConlusionsAlong the hapters of this thesis we have studied di�erent online ommu-nities, fousing on the mehanisms, onventions and interation patternswhih are at the basis of the prodution of knowledge in the Soial Web.While the Semanti Web ommunity has proposed standards and toolsfor the representation of knowledge in strutured format, most onlineommunities appear as still far and sometimes relutant to adopt thesesolutions.In order to elaborate solutions to bridge these two worlds, the startingpoint of this work has been a areful observation of spontaneous dy-namis and emergent trends, with a speial attention toward those novelonventions and solutions adopted by ommunities to fae issues relatedto the prodution and the representation of knowledge on the Web, likehashtags in miroblogging, mahine tags in soial bookmarking, poliiesfor ategorizing artiles or managing on�it in Wikipedia.Starting from this point, we have drawn a map of issues onerning dif-ferent levels of strutured semantis, in ombination with di�erent kindsof ativities, investigating emergent trends and dynamis, and propos-ing solutions to improve urrent systems, pursuing a synthesis betweenhabits and needs of the users, and e�etive tools and standards for knowl-edge representation.The �rst bunh of ontributions of this work onern the use of iden-ti�ers in the Soial Web. In Chapter 3 we have investigated the natureand usage of hashtags in miroblogging, as a ommunity solution to theproblem of fragmentation. We have proposed an approah based on in-formation retrieval tehniques to represent tags as virtual douments,and we have introdued several metris to evaluate them as strong iden-ti�ers, aording to some desired properties. We have studied spei�ityas the di�erene between the usages of a hashtag and of the orrespond-ing word with no hash (nontag), onsisteny by means of the entropy ofthe vetorial representation of tags, and stability over time observing theevolution of the usage of a tag, both in terms of the o-ourring wordsand of the ommunity adopting it. We have illustrated how these mea-sures an help to automatially distinguish di�erent kinds of tags, and143



9 Conlusionswe have shown through manual evaluation that ombining these metrisit is possible to ahieve improvements in the identi�ation of labels thatan be mapped to real world entities.While the main appliation of this approah is harvesting informationprodued by users to identify new valuable ategories and labels in orderto extend knowledge bases and improve searh engines, in Chapter 4 wehave somehow followed the same road in the inverse diretion, borrowingstrutured knowledge from existing ontologies to enrih navigation in afolksonomy.To this end we have mapped Deliious tags onto the WordNet lexion;while only 8% of the tags in our dataset ould be mapped to oneptsfrom WordNet, this perentage is largely over 50% for the most ommontags. To orretly map eah ourrene of a tag, we have performeddisambiguation onsidering as ontext the other keywords employed bythe ommunity to tag the same resoure. This allowed us to perform aombination of bottom up and top down approahes to ategorization,through the reation of hybrid hierarhies, made of related tags seletedon the basis of usage but organized in the struture provided by Word-Net noun hierarhy. We have illustrated through an expressly designedbrowser extension how the folksonomy navigation interfae an be ex-tended by integrating this kind of hierarhies to improve the possibilitiesof browsing in the tag spae.A strong advantage of this approah is that it does not imply any over-head for the users, as the enrihment is performed in an entirely auto-mated way; the interfae for tagging items remains unhanged in its sim-pliity and immediay of use, while the navigation interfae is improvedthanks to knowledge from an external soure. In this aspet residesalso the main limitation whih inherently haraterizes this approah:though the rihness and generality of the ontology adopted (WordNet),this o�ers by de�nition one single rigid ategorization sheme, whih mayin some ases be inadequate, when other ategorization riteria wouldbetter suite the mind of the users of a given ommunity.To address this limitation, a largely pursued solution whih we havenot experimented in this thesis onsists in deriving ontologies from folk-sonomies [122℄. As a relevant ase of alternative approah, where ollab-oration reahes the level of hierarhies, and the ommunity is involvedin de�ning a shared oneptual struture, in Chapter 6 we have studiedthe Wikipedia ategory struture.Beyond semantis at the levels of individual entities, ategories andhierarhies, we have also foused on how to add expressive power to ex-144



isting tools at the level of relations. Starting from the observation ofthe many di�erent and reative usages of tags in urrent systems, wedeveloped a general model based on named graphs to allow users speifythe relationship interurring between the tagged resoure and the signused to tag (Chapter 5). Thanks to its �exibility, we have shown howthe NieTag ontology an be leveraged to represent tag ations fromdi�erent existing systems in one uni�ed model, bridging folksonomiesto the Semanti Web; without adding overhead for the users, annota-tions in NieTag an be enrihed through automati proessing based onbakground knowledge, allowing for searhing and browsing of tags at amore �ne-grained granularity. On the other hand, NieTag provides arobust and �exible framework for the development of riher interfaes,to apture and aggregate more spei� knowledge from users.In tagging systems the ontributions of many users are aggregatedto reate folksonomies, as olletive lassi�ations of ontent; still, theontribution of eah user is well distinguishable, and for this reason webet on named graphs as a key promizing approah to easily determinethe provenane of an annotation in the Soial Semanti Web, withoutlimiting expressive power, and avoiding the burden of RDF rei�ation.Taking a step forward, in the seond part of thesis we have shiftedfrom olletive to ollaborative systems, where users work on a ommonartifat, and the fous is not on many single users, but on one ommunity.To shed light on the soial dynamis whih rule ollaboration in theSoial Web, we have foused on the emerging paradigm of wikis, and onthe English Wikipedia as a ase study.The wiki approah to the reation of onept hierarhies gives plaein Wikipedia to a very rih and tangled graph, where many di�erentriteria and points of view are represented in one only ategory stru-ture. The main limitation of this kind of ategorization is that it laksof oherene and onsisteny, so for example transitivity of hierarhialrelations is not guaranteed. This makes di�ult some tasks that wouldbe straightforward in a taxonomi hierarhy, suh as identifying the sub-graph orresponding to a given semanti area.In fat, the simple and natural approah of isolating a ategory andinluding iteratively its subategories, whih we tested in Setion 6.2, hasshown to be viable only in the ontext of some well-delimitable ategories,like Botany or Comis, whih seem to be haraterized by the presene ofa oherent shared ategorization riterion. In these ases this method angive highly aurate outome with just a little e�ort to manually removefew branhes. On the ontrary, in most ases the graph is too dense and145



9 Conlusionstangled to be able to isolate a spei� semanti area. Categories in areaslike �Soiety�, �Culture�, �Politis� and �Religion� are too interonnetedwith one another and have too many links whih respond to di�erentand sometimes ontraditing riteria, to be able to make sense of theategory struture as a oherent hierarhy.To deal with the tangledness and fuzziness of the whole graph we haveproposed two alternative approahes, based on di�erent heuristis to as-sign eah artile to one or more predetermined maro-ategories. The�rst one onsists in an improvement of the algorithm proposed by Kit-tur et al. [91℄, based on the identi�ation of the losest maro-ategoriesto the ategories assigned to eah artile; we have modi�ed the algo-rithm to aount for the orientation of ategory assignments, obtaininga slight improvement. Also the seond tehnique proposed, based on theprobability of reahing eah maro-ategory starting from an artile andfollowing a random path in the graph, ahieved promising results. Theresults obtained mining the ategory graph have been instrumental tostudy the ommunity of Wikipedia along a semanti dimension, i.e. an-alyzing patterns of ollaboration and interation over di�erent semantiareas.In Chapter 7 we have foused on ollaboration patterns, proposing ageneral method to extrat a o-authorship network from a wiki's revisionhistory. Leveraging a metri of edit longevity, we selet as authors of apage the users who ontributed to most of its aepted ontent; in thisway we are able to sale up to the size of the English Wikipedia andrepresent it as a ollaboration network.Co-authorship in wikis is based on impliit interation; omplemen-tarily, in Chapter 8 we have studied expliit oordination and ommuni-ation mehanisms, extrating and analyzing the network of interationsin artile talk pages and user talk pages.Marosopi analysis of both o-authorship and disussion networksdepit Wikipedia ommunity as a small world, where the vast majorityof ative users are onneted to eah other through some path a fewsteps long. The most interesting feature emerging in both analyses isdisassortativity, i.e. a tendeny of users having many interations toonnet preferentially with poorly onneted users, and vie versa. Thistendeny emerges in all networks and suggests the tight relationship be-tween the ore and the periphery of the ommunity as a haraterizingpattern of Wikipedia, due to the e�ort of the more involved users tohelp, orret and address newbies and oasional editors. For disus-sions, disassortativity is more marked in artile talk pages than in user146



talk pages, while it is not observed in other online disussion spaes,on�rming that this dynamis is probably assoiated to the produtionof ontent in Wikipedia .As reply relationships in disussions are direted, they allow for a more�ne-grained analysis of assortativity, whih reveals that Wikipedians re-plying to many users interat more with inexperiened users, while theones who reeive replies from many users tend to interat preferentiallywith one another. This signi�ant di�erene in the behaviour points outthe existene of two distint pro�les of very ative Wikipedians, and givesan important hint for a more in-depth study of soial roles in Wikipedia.On the other side, the analysis of the o-authorship network's evolutionpoints out the strong and inreasing entralization around some stars,an elite of very ative users who are only in part administrators, andseem to spread all over the wiki to di�use experiene and poliies, andnever leave newbies working alone on some artile.In both ontexts we have ontrasted patterns of interation with se-manti areas, to investigate the existene of orrelations between thesoial and the semanti dimensions. By restriting the analysis of o-authorship to only a set of pages, we have shown how it is possible toidentify the most in�uential authors in a given semanti area aordingto distint entrality metris; shedding light on this information hiddenin revision history an be useful for many tasks, like expert �nding. Com-parison of the subommunities ative around spei� topis has pointedout remarkable di�erenes in strutural properties suh as the lusteringoe�ient, showing the existene of diversi�ed work organization pat-terns for di�erent topis.For the analysis of disussion patterns at the artile level we haveintrodued some metris suh as the h-index of the disussion tree asa robust and ompat measure of depth, and the number of disussionhains, or onseutive replies between a pair of users, as an indiatorof on�itive onversations. The aggregation of data by semanti areasreveals signi�ant di�erenes in the disussion on di�erent topis, suh asa marked presene of ontentious onversations on �Philosophy�, �Law�,�Religion and belief systems�, and of deeper threads in �Mathematis�, orthe little amount of disussion about �People�, �Arts� and �Sports� withrespet to the number of edits done to the orresponding artiles.Results from both senarios show evidene that the topi whih isobjet of ollaboration has an in�uene on soial dynamis; knowledge ofthese di�erenes an be preious for the design of ollaborative platforms.Interdependene between the soial and the semanti dimension is a147



9 Conlusionsfasinating harateristis of soial Web systems, whih we have observedall along this thesis: wiki pages, as well as miro-blogging hashtags andfolksonomy tags, play the funtion of aggregators in both dimensions,bridging the semantis that they onvey and the ommunities ativearound them; similarly, hierarhies and relations whih best suite theneeds of the users are the ones emerging from the ommunity itself, eitherollaboratively de�ned or emerging from the users' behaviour. Soialpatterns and semantis are inherently bound and an hardly be studiedand understood separately; on the ontrary, in this thesis we have shownhow ombining them an be a key fator for the omprehension and forthe improvement of existing systems, as well as for the design of newparadigms.Online ommunities have been shown to be extremely reative in �nd-ing e�etive solutions to the problems that they enounter; however, theneed for more powerful tools to represent knowledge appears as straight-forward from the analysis of the usage of urrent Web appliations. TheSemanti Web will hardly represent a viable solution as long as it willmerely re�et a top down approah; in this work we have instead priv-ileged adherene to the state of art in urrent soial Web appliations,and to the observed habits and needs of the users. The solutions pro-posed, based on the improvement of urrent systems by means of littlesteps of lightweight strutured information, an represent an e�etiveapproah to ferry online ommunities towards the adoption of riher ex-pliit semantis. How to bring a bottom up approah at higher levelsof strutured knowledge, enabling automati reasoning and de�nition offormal ontologies, is a ruial question, whih onstitutes an open andhallenging issue for future researh.
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