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Abstract
Currently, social bookmarking systems provide
intuitive support for browsing locally their con-
tent. A global view is usually presented by the
tag cloud of the system, but it does not allow a
conceptual drill-down, e. g., along a conceptual
hierarchy. In this paper, we present a cluster-
ing approach for computing such a conceptual
hierarchy for a given folksonomy. The hierar-
chy is complemented with ranked lists of users
and resources most related to each cluster. The
rankings are computed using our FolkRank algo-
rithm. We have evaluated our approach on large
scale data from the del.icio.us bookmarking sys-
tem.

1 Introduction
This paper has been presented and published at I-Know
2007 1 [Grahl et al., 2007].
Social resource sharing systems are a way of collabora-
tively organising collections of resources, and are thus a
promising alternative to classical knowledge management
approaches -at least in domains where stronger structured
approaches like ontologies could not take hold yet, or
where their maintenance is too costly. This will hold espe-
cially in domains where people with no experience in data
modelling have to deal with the tools.
The underlying structure of social resource sharing sys-
tems are so-called folksonomies, i. e., taxonomies created
by the folk. A folksonomy consists of the personomies of
its users. A personomy is the collection of all resources of
a user, combined with a set of tags, which are catchwords
that can be chosen arbitrarily by the users. Navigation
in social resource sharing systems goes along hyperlinks
which allow, for instance, to visit for a given tag, a web
page listing all resources which have been tagged with this
tag by at least one user. These systems allow thus for direct
search of relevant entries. They also allow for serendip-
itous browsing, by following links to tags, users, and/or
resources in a more or less random way. In a nutshell,
folksonomy based systems are tuned for search and local
navigation. With their tag clouds, social resource sharing
systems also provide a simple mean to discover the overall
content of their folksonomy. However, when the set of all
tags becomes too large, one is looking for more structured
ways of presenting the folksonomy’s content.
In this paper, we present a conceptual, hierarchical clus-
tering approach for folksonomies, and discuss its value for

1http://www.i-know.at

structuring of a folksonomy. First, we make iterative use of
partitioning clustering (using two times the KMeans algo-
rithm in our setting) on the set of tags. This step is followed
by an application of our FolkRank algorithm [Hotho et al.,
2006] to discover resources and users that are related to the
leaf clusters of the resulting cluster hierarchy, leading to
the discovery of communities of interest. The generation
of the cluster hierarchy is completely automatic, and may
serve as input for a manual creation of a concept hierarchy
(ontology) in a subsequent step. The result is a three-level
hierarchy of sets of tags (see Fig. 1). The clusters on the
lowest, most detailed level are complemented by lists of
related resources and users.
In order to evaluate our approach, we have ana-
lyzed the large-scale popular social bookmarking system
del.icio.us.2 which is a simple-to-use interface that allows
users to organize and share bookmarks on the internet.

State of the Art. The most similar feature to our approach
that is implemented in del.icio.us is its tag cloud.3. It pro-
vides a first, global overview over the content of the sys-
tem, but does not allow further conceptual drill-down into
the data, since a click on one of the tags leads directly to an
unstructured list of bookmarks.
Clustering of tags is one approach to support browsing and
search within social bookmarking sites and is therefore of
large interest. The scientific work that is most similar to
ours is presented by [Begelman et al., 2006]. A graph based
clustering approach called Metis [Ayad and Kamel, 2003]
is used on the weighted tag co-occurrence graph to find tag
clusters in del.icio.us and RawSugar data.
Simpler clustering approaches are using only the weights of
the tag co-occurrence network to split the graph into inde-
pendent subgraphs. Every subgraph is then considered as a
cluster [Mika, 2005]. The exploration of the network along
the co-occurrence graph is discussed in the blog of Rashmi
Sihna.4 Simple probabilistic methods or association rule
mining approaches are used to extract relation between tags
in [Schmitz, 2006] and [Schmitz et al., 2006]. A hierar-
chical clustering approach is applied on the weighted tag
graph in [Heymann and Garcia-Molina, 2006] in order to
compute a tag hierarchy. Similar clustering approaches are
used to construct a hierarchy of tags for blogs in [Brooks
and Montanez, 2006]. There are many more potential clus-
tering approaches [Berkhin, 2002] (e. g., text clustering),
but their applicability on folksonomy data still remains to
be clarified.

2http://del.icio.us
3http://del.icio.us/tag/
4http://www.rashmisinha.com/archives/05_

02/tag-sorting.html



2 Dataset, Notations, and Algorithms

In the next section, we briefly present the used dataset for
our experiment, and introduce some notations. Then we
recall the basics of the clustering and the ranking algorithm
that we used.

Dataset and Basic Notations. We have evaluated our ap-
proach on the social bookmarking system del.icio.us. Be-
tween July 27 and 30, 2005, we crawled del.icio.us and
obtained a set U of 75,085 users, a set T of 456,666 tags,
and a set R of 3,006,114 resources [Hotho et al., 2006].
There were in total 7,281,940 posts, i. e., triples of the
form (u, S, r), indicating that user u ∈ U has assigned
all tags contained in S ⊆ T to resource r ∈ R. The
set Y ⊆ U × T × R of all tag assignments, i. e., of all
(user, tag, resource) triples that show up in at least one post,
consisted of 17,362,082 tag assignments

KMeans – a Clustering Algorithm. We used the well
known cluster algorithm KMeans [Forgy, 1965] for our
experiments as it provides in many cases good results.
For KMeans, objects have to be represented in an n-
dimensional vector space. As we will be working with a
tag-tag-co-occurrence matrix [see Section 3], our objects
will be tags, as well as each dimension (feature) of the vec-
tor space.
The principle of KMeans is as follows: Let k be the num-
ber of desired clusters. The algorithm starts by choosing
randomly k data points of D as starting centroids and as-
signing each data point to the closest centroid (with respect
to the given similarity measure; in our case the cosine mea-
sure). Then it (re-)calculates all cluster centroids and re-
peats the assignment to the closest centroid until no reas-
signment is performed. The result is a non-overlapping par-
titioning of the whole dataset into k clusters.
Each cluster is described by its centroid. Usually one con-
siders only the top n features of each centroid, i.e. those
n dimensions of the vector space which have the highest
values in the vector. A large set of alternative clustering
approaches exists [Berkhin, 2002]. To build a concept clus-
tering hierarchy, an obvious solution would be to apply an
hierarchical agglomerative clustering approach. But pre-
liminary experiments showed that the distribution of the
cluster size is strongly skewed, i.e. the majority of tags
is assigned to one heterogenous cluster. KMeans, on the
other hand, provided clusters with balanced sizes, which
are more suitable to human perception.

Folkrank – a Ranking Algorithm. To compute the users
and resources that are most related to clusters of tags, we
use our Folkrank algorithm [Hotho et al., 2006]. Given
a set of preferred tags, users, and/or resources of a folk-
sonomy, Folkrank computes a topic specific ranking which
provides an ordering of the elements of the folksonomy in
descending importance with respect to the preferred ele-
ments. Folkrank applies a two step approach to implement
the weight-spreading ranking scheme on folksonomies.
First, we transform the hypergraph between the sets of
users, tags, and resources into an undirected, weighted,
tripartite graph. On this graph A, we apply a version of
PageRank [Brin and Page, 1998] that takes into account the
edge weights. Our FolkRank algorithm computes a topic-
specific ranking in a folksonomy by using a differential ap-
proach.

3 Constructing the Conceptual Hierarchy
For generating the conceptual hierarchy, we first removed,
in a preprocessing step, some spam, and computed a vector
space representation of the set of tags. Then we clustered
the remaining set of tags, resulting in the lowest, most fine
grained level of clusters. For each cluster, we extracted one
tag as description. These descriptions were clustered again,
yielding the middle layer of the conceptual hierarchy. Fi-
nally, we computed pairs of tags as descriptions of these
‘meta-clusters’, yielding the highest, most general level of
the hierarchy. These steps are described in detail in the re-
mainder of this section, together with the Folkrank based
computation of sets of related users and resources for each
cluster on the most fine grained level.

Data Preprocessing. In del.icio.us, posts with more than
50 tags are usually spam. As they strongly bias the co-
occurrence network of tags, we removed all these posts
in a first step. Then we computed, for each pair ti, tj of
tags, their co-occurrence: W (ti, tj) := |{(u, r) ∈ U ×R |
(u, ti, r) ∈ Y ∧ (u, tj , r) ∈ Y } | .
Each tag ti ∈ T is now represented in the |T |-dimensional
vector space by the vector ~ti := (~tij)j=1,...,|T | with ~tij :=
W (ti, tj) if W (ti, tj) ≥ 50 and i 6= j, and ~tij := 0 else.
The threshold of 50 turned out to be necessary to concen-
trate on the significant relationships between tags. Further
experiments showed that lower thresholds resulted in clus-
ters, contains a wide variation of unrelated tags.
We removed all tags that were represented by the ~0 vec-
tor, as they are only peripheral to the folksonomy (see
also [Cattuto et al., 2007]). The set T was thus reduced to
6356 tags. The remaining ‘core’ tags were then clustered.

Iterated Clustering. The conceptual hierarchy is com-
puted as follows from bottom to top.
(i) We cluster the set T of tags with k-Means with k = 300,
resulting in a clustering C = {C1, . . . , C300} where each
cluster contains 21.18 tags in average. (Five of these clus-
ters are displayed completely at the lowest layer of Fig-
ure 1.) For each cluster Ci, we extracted from its centroid
the tag t̂i with the highest value as description of the clus-
ter.5 (The descriptors of 39 clusters are displayed in the
middle layer of Figure 1.). The remaining tags of each cen-
troid are excluded for the further computation. We denote
the set of all descriptors by T̂ := {t̂i|i = 1, . . . , 300}. Note
that |T̂ | = 274 instead of 300, as one descriptor can have
the highest value in more than one centroid (e. g., the tag
‘google’).
(ii) While the set T̂ provides already a good overview over
the clusters computed above, it is still too large to be stud-
ied at a glance. Therefore, we clustered this set again with
KMeans, this time with k = 20. We denote the result
Ĉ = {Ĉ1, . . . , Ĉ20}. (Two of the resulting clusters are dis-
played at the middle layer of Figure 1.) Again, we extracted
for each cluster a description from its centroid. This time,
however, the most central tag in the centroid is not signif-
icant enough, as it contributes in average only 14.45% to
the centroid. Therefore, we extracted the two most central
tags from each centroid. (All 20 resulting tuples are shown
in the top layer of Figure 1.) These tuples are a condensed
summary of the current content of del.icio.us and enable

5Usually, one is taking more than one entry of the centroid as
description, e. g., ten, but in our case, already the first tags turned
out to be highly descriptive, contributing in average 67,41% to
the centroid.



Figure 1: Conceptual hierarchy of the social bookmarking system del.icio.us.



the user to start a top-down navigation of the system.
The choice of k = 300 and k = 20, resp., results from
the aim to obtain clusters with about 10-20 elements each.
Slightly smaller/larger choices of k did not significantly af-
fect the results; larger differences resulted in to small or too
large clusters that were of no use to the user.

Computing Related Users and Resources. After having
structured the set of tags in a conceptual hierarchy, we com-
plement now the most fine grained level of tag clusters with
those users and resources which are most related to each
cluster. I. e., for each of the clusters C1, . . . , C300, we com-
pute a ranking of users and resources, resp., according to
their relevance to the tags contained in the cluster. To this
end, we have applied, for each cluster Ci, the FolkRank
with s = 0.85 and with a preference vector ~pi composed as
follows: ~pi

j := 1 + 10, 000 if tag tj ∈ Ci and 1 else.

4 Results
We have applied the process to the data of the del.icio.us
system 6. Part of the resulting hierarchy is shown in Fig. 1.
From top to bottom, the hierarchy allows us to explore the
folksonomy in more and more detail. The top layer of the
hierarchy is displayed completely in Fig. 1. Its 20 pairs of
tags provide a first overview over the content of del.icio.us,
and are thus comparable to the tag cloud.7 A main dif-
ference, however, is that the tag cloud of del.icio.us does
not allow further drill-down along a conceptual hierarchy.
When clicking on a tag in the tag cloud, del.icio.us directly
presents all resources tagged with this tag. In our approach,
we can navigate further down two more levels of the con-
ceptual hierarchy.
For two selected entries, we have displayed the complete
next level of the hierarchy. Let us first consider the subtree
spanned by the tags ‘linux’ and ‘software’. The next level
shows a cluster consisting of 23 tags, including the tags
‘linux’, ‘unix’ and ‘windows. The fact that only ‘linux’
made its way further up to the top level (because it had the
largest contribution to the centroid of the cluster) indicates
the preference of the del.icio.us users concerning operating
systems.
For three of the 23 tags, we have also displayed the full
next (and last) level of the hierarchy. We see for instance
that the tag ‘unix’ on the intermediate level summarizes
many unix commands and tools, such as ‘vi’ or ‘awk’. The
tag ‘windows’ on the intermediate level represents a clus-
ter which contains the microsoft operating systems ‘xp’ (in
three variants) and ‘dos’, and issues like ‘custonmization’,
‘installer’ or ‘update’. The tag ‘internet’ on the intermedi-
ate level shows a wider variety of topics on the subsequent
level, as might be expected.
The second branch of the hierarchy, spanned by del.icio.us,
also provides some interesting insights. First, we observe
that one tag in the subsequent layer is ‘google’, which,
in contrast to the popularity of this search engine, did not
make it to the top level of the hierarchy. This may again in-
dicate a bias of the del.icio.us users. A second observation
is more of a technical nature: We observe that ‘folkson-
omy’ is the most central component of the centroid of the
rightmost cluster on the middle layer, even though the tag
itself is not contained in the cluster itself. This effect results

6We also applied the approach to our BibSonomy system
(http://www.bibsonomy.org). The results are not shown here due
to space restrictions.

7http://del.icio.us/tag/

from the fact that we have set~tii = 0 in the vector space rep-
resentation. A third observation is that the tag ‘google’ in
the intermediate layer leads to two different clusters in the
fine grained layer. This results from the fact that both clus-
ters displayed in the lower right of Fig. 1 have a centroid in
which ‘google’ is the largest entry. In fact, both clusters are
related to Google, but address different aspects. The right-
most cluster is about search engines in general, including
‘seo’ [= search engine optimization], and the web appli-
cations Yahoo! and Zeitgeist. The second cluster from
the right consists mainly of Google services, like Google
Maps or Google Blog Search. This cluster contains also, to
a lesser extent, research related tags: ‘scholar’, ‘pagerank’.
If one is interested in the users or resources that are related
to a cluster, one can use the results of PageRank. For the
two Google clusters, the rankings are shown in Tab. 1. We
see for instance, that the del.icio.us user ‘ubi.quito.us’ is the
most relevant contributor to the Google service cluster, and
the second most relevant contributor (behind user ‘fritz’)
to the search engine cluster. The top URL of the clusters
are shown in Tab. 1. Our conceptual hierarchy leads us
thus also to (implicit) communities of interest among the
del.icio.us users, and to clusters of related web pages.

Table 1: Users and resources that are most related to the
two Google clusters. The upper tables relates to the left
and the lower to the right cluster.

rank user
0.002 ubi.quito.us
0.002 kof2002
0.001 idealisms
6.4E-4 dajdump
3.1E-4 dymphna
2.6E-4 laugharne
2.5E-4 konno
2.5E-4 preoccupations
2.1E-4 josquin
2.1E-4 wxpbofh

rank URL
2.6E-4 http://www.keyhole.com/kml/kml_tut.html
1.9E-4 http://www.googlesightseeing.com/
1.9E-4 http://scholar.google.com/
1.9E-4 http://webaccelerator.google.com/
1.8E-4 http://www.shreddies.org/gmaps/
1.8E-4 http://www.arnebrachhold.de/2005/06/05/google-sitemaps-generator-v2-final
1.7E-4 http://www.google.com/webhp?complete=1&amp;hl=en
1.6E-4 http://www.keyhole.com/kml/kml_doc.html
1.5E-4 http://serversideguy.blogspot.com/2004/12/google-suggest-dissected.html
1.3E-4 http://www.google.com/help/cheatsheet.html

rank user
0.001 fritz
3.8E-4 ubi.quito.us
2.9E-4 kof2002
2.8E-4 triple_entendre
2.2E-4 cemper
1.7E-4 juanjoe
1.5E-4 konno
1.4E-4 tomohiromikami
1.2E-4 relephant
1.2E-4 masaka

rank URL
1.5E-4 http://www.vaughns-1-pagers.com/internet/google-ranking-factors.htm
1.4E-4 http://www.google.com/press/zeitgeist.html
1.1E-4 http://www.philb.com/whichengine.htm
1.0E-4 http://inventory.overture.com/d/searchinventory/suggestion/
9.9E-5 http://www.google.com/
8.8E-5 http://www.buzzle.com/editorials/6-10-2005-71368.asp
7.8E-5 http://findory.com/
7.4E-5 http://www.betanews.com/
7.3E-5 http://clusty.com/
7.1E-5 http://cgi.cse.unsw.edu.au/ collabrank/del.icio.us/



5 Summary and Conclusion
In this paper, we have shown a way of building a concep-
tual hierarchy on the set of tags of a folksonomy by using
partitioning clustering algorithms. The leaves of the tag hi-
erarchy have been extended with corresponding clusterings
of the sets of resources and users, resp., to allow for ac-
cessing all dimensions of the folksonomy. Concerning the
evaluation of the presented approach, it is difficult to find
an objective measure of quality of clusters, as there does
not exist any gold-standard for folksonomy clustering. This
will be part of our future work.

Acknowledgement. This work has partially been sup-
ported by the European Commission within the research
project ‘TAGora – Emergent Semantics in Online Social
Communities’.

References
[Ayad and Kamel, 2003] Hanan Ayad and Mohamed S.

Kamel. Refined shared nearest neighbors graph for com-
bining multiple data clusterings. In Michael R. Berthold,
Hans-Joachim Lenz, Elizabeth Bradley, Rudolf Kruse,
and Christian Borgelt, editors, IDA, volume 2810 of
Lecture Notes in Computer Science, pages 307–318.
Springer, 2003.

[Begelman et al., 2006] G. Begelman, P. Keller, and
F. Smadja. Automated tag clustering: Improving search
and exploration in the tag space. WWW2006, May, pages
22–26, 2006.

[Berkhin, 2002] Pavel Berkhin. Survey of clustering data
mining techniques. Technical report, Accrue Software,
San Jose, CA, 2002.

[Brin and Page, 1998] Sergey Brin and Lawrence Page.
The anatomy of a large-scale hypertextual web search
engine. Computer Networks and ISDN Systems, 30(1–
7):107–117, 1998.

[Brooks and Montanez, 2006] Christopher H. Brooks and
Nancy Montanez. Improved annotation of the blogo-
sphere via autotagging and hierarchical clustering. In
WWW ’06: Proceedings of the 15th international con-
ference on World Wide Web, pages 625–632, New York,
NY, USA, 2006. ACM Press.

[Cattuto et al., 2007] Ciro Cattuto, Christoph Schmitz,
Andre Baldassarri, Vito D. P. Servedio, Vittorio Loreto,
Andreas Hotho, Miranda Grahl, and Gerd Stumme. Net-
work properties of folksonomies. AI Communications
Special Issue on "Network Analysis in Natural Sciences
and Engineering" (to appear), 2007.

[Forgy, 1965] E. Forgy. Cluster analysis of multivariate
data: Efficiency versus interpretability of classification.
Biometrics, 21(3):768–769, 1965.

[Grahl et al., 2007] Miranda Grahl, Andreas Hotho, and
Gerd Stumme. Conceptual clustering of social book-
marking sites. In Proc. I-Know 2007 Conference (to ap-
pear), Graz, Austria, September 2007.

[Heymann and Garcia-Molina, 2006] P. Heymann and
H. Garcia-Molina. Collaborative creation of communal
hierarchical taxonomies in social tagging systems.
Technical report, Stanford InfoLab, 2006.

[Hotho et al., 2006] Andreas Hotho, Robert Jäschke,
Christoph Schmitz, and Gerd Stumme. Information
retrieval in folksonomies: Search and ranking. In York

Sure and John Domingue, editors, The Semantic Web:
Research and Applications, volume 4011 of LNAI,
pages 411–426, Heidelberg, June 2006. Springer.

[Mika, 2005] Peter Mika. Ontologies are us - a unified
model of social networks and semantics. In Proceed-
ings of the 4th International Semantic Web Conference
(ISWC), 2005.

[Schmitz et al., 2006] Christoph Schmitz, Andreas Hotho,
Robert Jäschke, and Gerd Stumme. Mining association
rules in folksonomies. In Proc. IFCS 2006 Conference,
Ljubljana, July 2006.

[Schmitz, 2006] Patrick Schmitz. Inducing ontology from
flickr tags. In Collaborative Web Tagging Workshop at
WWW2006, Edinburgh, Scotland, May 2006.


