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Abstract: Social bookmark tools are rapidly emerging on the Web. Ihsystems
users are setting up lightweight conceptual structurdeatédlksonomies. The reason
for their immediate success is the fact that no specificsskile needed for participat-
ing. In this paper we specify a formal model for folksonomiesefly describe our
own system BibSonomy, which allows for sharing both bookwsand publication
references, and discuss first steps towards emergent sesnant

1 Introduction

Complementing the Semantic Web effort, a new breed of dedcalVeb 2.0” applications
is currently emerging on the Web. These include user-eeptrblishing and knowledge
management platforms like Wikis, Blogs, and social resestaaring tools.

Social resource sharing systems are web-based systendltvatusers to upload their
resources, and to label them with arbitrary words, so-da#lgs The assignment of tags
to resources by users is organized in a lightweight knovwdadgresentation, callddlk-
sonomy Folksonomies are a bottom-up complement to more formai&eEmantic Web
technologies, as they rely @mergent semanti¢SSN"02, Ste98] which result from the
converging use of the same vocabulary. The main differem¢elassical’ ontology en-
gineering approaches is their aim to respect to the largessilple extent the request of
non-expert users not to be bothered with any formal modelirgghead.

Folksonomy-based tools, such as the image collection lisk the bookmarking sys-
tem del.icio.us, have acquired large numbers of users within less than twosye@ur
own systemBibSonomy allows sharing bookmarks andeFgX entries simultaneously
(see Figure 1). The widespread use of these systems shoavly ¢leat they are able to
overcome the knowledge acquisition bottleneck, which wasraous handicap for many
knowledge-based systems in the past.
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This paper summarizes work presented in [HISS06a], [SHI8G6[HISS06b]. It is

organized as follows. In Section 2 we introduce a formal nh@ael the BibSonomy
system. In Section 3 we present the application of assoaiatile mining in folksonomies
as well as the FolkRank — both to support emergent semaiitiespaper concludes with
a review of related work and an outlook.

2 BibSonomy— A Folksonomy-Based Social Bookmark System

This section briefly describes the BibSonomy systel@veloped by our group. BibSon-
omy allows a user to share bookmarks (i.e., URLS) as well &fiqation references. The
data model of the publication part is based aBTgX, a popular literature management
system for ATpX. BibSonomy implements the formal model of a folksonomy evhive
published in [HISS06a], and which we briefly recall here.

A folksonomy describes the users, resources, and tagshangser-based assignment of
tags to resources. We formalize this in the following deifbmit

Definition 1. A folksonomyis a tupleF := (U, T, R, Y, <) whereU, T, and R are finite
sets, whose elements are callesers tagsand resourcesresp.,Y is a ternary relation
between them, i.eY, C U x T x R, whose elements are called tag assignments,-and
is a user-specific subtag/supertag-relation, i-e.C U x T' x T, calledis-a relation

The personomyP,, of a given useru € U is the restriction ofF to v, i.e., P, :=
(Tuy Ry Iy <o) With I, := {(t,r) € T x R | (u,t,r) € Y}, Ty, := m(Ly), Ry =
mo(I,), and <, := {(t1,t2) € T x T'| (u,t1,t2) € <}, wherer; denotes the projection
on theith dimension.

If we disregard the is-a relation, we can simply note a fofksuoy as a quadruplé :=
(U, T,R,Y). This structure is known in Formal Concept Analysis [Wil&WV99] as
a triadic context[LW95]. An equivalent view on this structure is that of a #ifite
(undirected) hypergraptd = (V, E), whereV = UUTUR is the set of nodes, and
E = {{u,t,r}| (u,t,r) € Y} is the set of hyperedges.

2.1 User Interface

Figure 1 shows a typical list of bookmark and publicationtpa®ntaining the tagveh
The page is divided into four parts: the header (showinggaian links and search
boxes), two lists of posts — one for bookmarks and one foripatibns — sorted by date
in descending order, and a list of tags related to the posis.stheme holds for all pages
showing posts and allows for navigation in all dimensiontheffolksonomy.

Figures 2 and 3 present a detailed view of bookmark and pathdic posts from Figure 1.
The first line of the bookmark post shows in bold the title of hookmark which has
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Figure 1: BibSonomy displays bookmarks an@gBX based bibliographic references simultane-
ously.
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Figure 2: a single bookmark post Figure 3: a single publication post

hyperlinks to its URL. The second line is an optional ded@ipassigned by the user. The
last two lines first show the tags the user has assigned tpdisisiveb, service, tutorial,
guidelines, apiandres), second, the user nambothg, followed by how many users
tagged that resource. These parts hyperlink to the comelspgtag pages of the user, the
user’s overview page, and a page showing all four posts the.one of usehothoand
those of the 3 other people) of this resource. The last pamsithe posting date and time
followed by actions the user can perform on this posedit( deletg for his own posts,
or (copy) for others. The structure of a publication post displaye@8ibSonomy is very
similar, showing the bibliographic details instead of thesctiption. The title links to a
page providing detailed information on that post. The atitor BBTEX items include
picking the entry for later download, copying it, accesdimgURL of the entry or viewing
the BBTEX source code.

2.2 Relations Between Tags

While tagging is popular because it is simple and no spediitssaare needed, people
using systems like BibSonomy are nevertheless asking fimrogpto structure their tags.

A user specific binary relatior between tags as described in our folksonomy model is an
easy way to arrange tags. Therefore we included this pdissihiBibSonomy.

To enable the specification of therelation while tagging, we use the character sequences
<- and- >. |. e., if the usem enters; - >t,, we attach the tags andt, to the respective
resource and add the triple, t1,t2) to the relation<. The tagt,<- ¢; is interpreted as
t1- >to. This can be read as;"is at.” or “t; is asubtagof the supertagt,”. There are



also other ways to add elements<oin particular a relation editor.

The < relation is used in several situations. First, the user tawctsire his tag cloud by
showing all subtags of a certain supertag, thus seeing witaa hierarchy. Second,
BibSonomy offers the option to show on a users tag page ngtgmdts which contain a
certain tag, but also posts which contain one of its subtags.

Including this relation raises several questions whichséileunder discussion:

e How to handle cycles, i.ew € U andty,... t,, € T with (u,t;,t;11) €< (for
i=1,...,m—1)and(u,ty,,t;) €<?
e How to model equivalence or non-equivalence of tags?

e Should we make use of the transitive closure of the relatibis®: where and how to
do it efficiently?

e How to express such queries like “all posts which have thehtagtoand also one of
the subtags gbrogramming? One idea would be-“>pr ogr ammi ng howt o”.

3 Emergent Semantics in Folksonomies

We discuss now the adaptation of a data mining and an infeemegtrieval approach to
detect emergent semantics within folksonomy systems. titicpéar, we present an adap-
tation of association rule mining [SHJS06] and an adaptatfoPageRank [HISS06b] to
the triadic nature of folksonomies. While we intend to impént these techniques within
BibSonomy in the near future, we demonstrate our findingsaia ffom the del.icio.us
system, as it had a much larger data basis at the time of pgrfgrour experiments.

3.1 Association rule mining in Folksonomies

Discussions on the respective mailing lists suctdelcious-discussshow that there is
a demand for more structure on folksonomies beyond flat &ags, in the shape of the
abovementioned relation. One possibility of offering such structure, waith users hav-
ing to maintain it themselves, is the application of ontgitearning techniques.

Users express the meaning of resources through their mdghavior. In tagging each
resource, often general and more special tags are mixed;nany web pages about
XSLT stylesheets are tagged wikbltand additionally withkml. By computing association
rules [AIS93] between tags, these relationships betwegndan be extracted.

Regarding Definition 1 we observe that association ruleeame mined directly on folk-
sonomies, because of their triadic nature. One either hdsfine some kind of triadic
association rules, or to transform the triadic folksonomtp ia dyadic relation. In this
paper, we follow the latter approach. For a definition of thgegxtions refer to [SHIS06].

We consider one specific projection for demonstration pseppnamelyK; := (U x
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Figure 4: Two element rules between del.icio.us tags wiib @ support und 50 % confidence

R, T, I ) with I := {((u,7),t)|(u,t,7) € Y}. An association rulel — B in K, is read
asusers assigning the tags fromto some resources often also assign the tags Bt
them This type of rules may be used in a recommender system,fergecommending

a tag hierarchy. If a user assigns all tags frdrthen the system suggests him to add also
those fromB.

We have evaluated this approach on del.icio.us data. Teetithtwe have extracteti| =
75.242 users|T| = 533.191 tags, andR| = 3.158.297 resources, which are connected in
del.icio.us throughY| = 17.362.212 tag assignments.

Figure 4 shows an example from [SHJS06], which was computeti@del.icio.us data.

Here we examine which tags occur more often with regard teratgs (e. g., if a user

tags a particular resource witislt, he will often tag it withxmlalso). In the nomenclature
of association rule mining, the tags are the items, while-tssource combinations are
transactions.

In the case at hand, an association rule points towards agsbipertag relation, which
can be recommended to the user for inclusion in-iselation. This approach can be
combined with fulltext-based methods (e. g., [CPSTSO05{héf resources are web pages
or other fulltext documents.

Figure 4 shows all rules with one element in the premise aedktement in the conclusion
that we derived fronK; with a minimum support of 0.05% and a minimum confidence
of 50%. In the diagram one can see that our interpretationleérinK; holds for these
examples: users tagging some webpage wéhianare likely to tag it withlinux also,
and pages abottandsare probably also concerned witiusic These results can be used
in a recommender system, aiding the user in choosing theathigh are most helpful in
retrieving the resource later.

Another view on these rules is to see them as subsumptidioreaso that the rule mining
can be used to learn a taxonomic structure. If many resotageed withxslt are also
tagged withxml, this indicates, for example, thainl can be considered a supertopic of
xslt if one wants to automatically populate therelation. Figure 4 also shows two pairs
of tags which occur together very frequently without anytidig direction in the rule:
open sourceoccurs as a phrase most of the time, while the other pair stensf two
tags (kquakeandukgq:irc), which seem to be added automatically to any resourceghat i
mentioned in a particular chat channel.



3.2 FolkRank

Algorithms spreading weights in graphs like the populardfank [BP98] compute node

rankings by incorporating the idea that a node is importiatfigre are many edges from

other nodes pointing to it and if those nodes are importaangelves. We employ the

same underlying principle to the tripartite graph of thekfanomy to rank users, tags or
resources, e. g., a resource which is tagged with impogstily important users becomes
important itself. The same holds, symmetrically, for tagd asers. We have developed
theFolkRankalgorithm, a version of PageRank adapted to the structuadaksonomy.

First we convert the tripartite hypergraph of the folksowydanto an undirected tripartite
graph by transforming all co-occurences of tags and useesswand resources, tags and
resources into undirected, weighted edges between theatdspnodes. Applying plain
PageRank with a preference vector (which models the randofaryto express prefer-
ence for tags, users or resources gives results dominateddss which are important
in a ranking without preference vector. This is due to the ihamce of these nodes in
the folksonomy and the undirected structure where weightbes back immediately. To
compensate this, we compute the winners and losers of theatmetinforcement of re-
sources when a preference is given by considering the €lifter to the baseline without
a preference vector. We call the resulting weight of an etenoé the folksonomy the
FolkRankof that node. More details can be found at [HISS06b].

3.2.1 Generating Recommendations

The original PageRank paper [BP98] already pointed out tissipility of using the ran-

dom surfer vector as a personalization mechanism for Pagegtanputations. FolkRank
yields a set of related users and resources for a given tdtpwiing these observations,
FolkRank can be used to generate recommendations withitkgoftomy system. These
can be presented to the user at different points in the udagfotksonomy system:

e Documents that are of potential interest to a user can beestegjto him. This kind of
recommendation pushes potentially useful content to teearsd increases the chance
that he finds useful resources that he did not even know bgfisipitous” browsing.

e When using a certain tag, other related tags can be suggeBtesl can be used, for
instance, to speed up the consolidation of different teohigies and thus facilitate the
emergence of a common vocabulary.

e Other users that work on related topics can be made exjptigitoving thus the knowl-
edge transfer within organizations and fostering the fdionaof communities.

4 Related Work

A good overview of social bookmarkingtools is provided by{H505, LHFHO5] whereas
[GHO5] discusses the structure of folksonomies (espeguaiall.icio.us) and identifies seven



types of tags. Visalization of tags over time is the topic KM *06], which also de-
scribes algorithms for this task. A related work regarditagB is [PMWO05], which uses
prinicipal component analysis and clustering techniquea &#OAF-network to extract

temporal changes of the user structure.

In [Mik05], Mika defines a model of semantic-social netwofis extracting lightweight
ontologies from del.icio.us. Besides calculating measlike the clustering coefficient,
(local) betweenness centrality or the network constrainth@ extracted one-mode net-
work, Mika uses co-occurence techniques for clusterinddtisonomy.

For further related work to our approaches presented in@e8t we refer to the more
comprehensive publications [SHJS06] and [HISS06b].

5 Conclusion and Outlook

In this paper we described a formal model for folksonomiesruhat our BibSonomy
system is built. We discussed algorithms for exploring thecsure of a folksonomy and
described our BibSonomy system.

Since a folksonomy is a rich conceptual structure there eweral ways to examine it.
Up to now we focused mainly on the graph structure of a folksapnand exploited and
enhanced existing algorithms. With the growing amount @rsisind the availability of
relations between tags, more sophisticated algorithmaeeded. With the help of Bib-
Sonomy we are able to develop and test them, and let the usditsfiimm our results.

When folksonomy-based systems grow larger, user suppstolgo beyond enhanced re-
trieval facilities. Therefore, the internal structure ha¥ecome better organized. An ob-
vious approach for this are semantic web technologies. €gajkestion remains though
how to exploit their benefits without bothering untraineénsswith their rigidity. We be-
lieve that this will become a fruitful research area for therfantic Web community for
the next years.
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