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Abstract Performance of recommender systems depends on whether the user pro-
files contain accurate information about the interests of the users, and this in turn
relies on whether enough information about their interests can be collected. Col-
laborative tagging systems allow users to use their own words to describe their
favourite resources, resulting in some user-generated categorisation schemes com-
monly known as folksonomies. Folksonomies thus contain rich information about
the interests of the users, which can be used to support various recommender sys-
tems. Our analysis of the folksonomy in Delicious reveals that the interests of a
single user can be very diverse. Traditional methods for representing interests of
users are usually not able to reflect such diversity. We propose a method to construct
user profiles of multiple interests from folksonomies based on a network clustering
technique. Our evaluation shows that the proposed method is able to generate user
profiles which reflect the diversity of user interests and can be used as a basis of
providing more focused recommendation to the users.

1 Introduction

As the volume of information available on the Web continues to grow at a dra-
matic rate, recommender systems [1] are becoming increasingly desirable. While
Web users find it difficult to locate information relevant to their needs, information
providers also find it difficult to deliver their information to the target audience. A
recommender system can be used to solve the problem by filtering information on
behalf of the users and recommending potentially interesting resources to them.

A crucial element in a recommender system is the representation of user interests,
which is usually referred to as a user profile [7]. The performance of a recommender
system greatly depends on whether the user profiles truly reflect user interests.

C.M. Au Yeung (B)
Intelligence, Agents, Multimedia Group, School of Electronics and Computer Science, University
of Southampton, Southampton, SO17 1BJ, UK
e-mail: cmay06r@ecs.soton.ac.uk

I. King, R. Baeza-Yates (eds.), Weaving Services and People on the World Wide Web,
DOI 10.1007/978-3-642-00570-1 13, C© Springer-Verlag Berlin Heidelberg 2009

255



256 C.M. Au Yeung et al.

While some research works attempt to construct user profiles based on the browsing
history of the users [9, 27], some generate user profiles by analysing the documents
collected by the users [4].

In recent years, the rising popularity of collaborative tagging systems such as
Delicious provide new sources of information about the interests of Web users.
Collaborative tagging systems [8] allow users to choose their own words (tags)
to describe their favourite Web resources, resulting in an emerging classification
scheme now commonly known as a folksonomy [28]. Given that the resources and
the tags posted by Web users to these systems are highly dependent on their interests,
folksonomies thus provide rich information for building more accurate and more
specific user profiles for use in recommender systems.

There have been only a few studies in the literature which try to model user
interests based on the information available in collaborative tagging systems [5, 17],
and usually only a single set of frequently used tags are obtained to represent user
interests. However, we observe that tags used by users are very diverse, implying
that users have a wide range of interests. Hence, a single set of tags is not the
most suitable representation of a user profile because it is not able to reflect the
multiple interests of users. In this chapter, we propose a network analysis tech-
nique performed on the personomy [12] of a user to identify the different inter-
ests of the user, and to construct a more comprehensive user profile based on the
results.

The remaining of this chapter is structured as follows. In Sect. 2 we briefly
introduce folksonomies and personomies. Section 3 presents our analysis of the
personomies obtained from Delicious. We describe our proposed method for gen-
erating user profiles from personomies in Sect. 4. Section 5 presents results of our
evaluation and discusses the usefulness of the generated user profiles. We mention
related works in Sect. 6 and finally give concluding remarks and future research
directions in Sect. 7.

2 Folksonomies and Personomies

In a collaborative tagging system, users are allowed to choose any terms they
like to describe their favourite Web resources. Folksonomies [28] represent user-
contributed metadata aggregated in these systems. A folksonomy is generally con-
sidered to consist of at least three sets of elements, namely users, tags and documents
[11, 16, 19].

Definition 1. A folksonomy F is a tuple F = (U, T, D, A), where U is a set of
users, T is a set of tags, D is a set of Web documents, and A ⊆ U × T × D is a set
of annotations.

A folksonomy can be sliced into different sub-parts depending on which kind of
elements one focuses on. In this chapter, we focus on the users and are interested
in the collections of tags and documents possessed by individual users, which are
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given the name personomy [12].1 In order to extract the set of tags and documents
associated with a user, we can slice a folksonomy by narrowing our attention to a
particular user.

Definition 2. A personomy Pu of a user u is a restriction of a folksonomy F to
u: i.e. Pu = (Tu, Du, Au), where Au is the set of annotations of the user: Au =
{(t, d)|(u, t, d) ∈ A}, Tu is the user’s set of tags: Tu = {t |(t, d) ∈ Au}, and Du is the
user’s set of documents: Du = {d|(t, d) ∈ Au}.

A personomy can be represented in the form of a graph with nodes representing
the tags and documents associated with this particular user. If folksonomy can be
considered as a hypergraph with three disjoint sets of nodes (user, tags and docu-
ments), a personomy can be represented as a bipartite graph with two disjoint sets
of nodes. The bipartite graph T Du of a personomy of a user u is defined as follows.

T Du = 〈Tu ∪ Du, Etd〉, Etd = {(t, d)|(t, d) ∈ Au}

In other words, an edge exists between a tag and a document if the tag is assigned to
the document by the user. The graph can be represented in matrix form, which we
denote as X = {xi j }, xi j = 1 if there is an edge connecting ti and d j , and xi j = 0
otherwise.

We can further fold the bipartite graph into a one-mode network [19] of docu-
ments: A = XTX. The adjacency matrix A = {ai j } represents the personal reposi-
tory of the user. ai j represents the number of tags which have been assigned to both
documents di and d j . Thus, documents with higher weights on the edges between
them can be considered as more closely related. On the other hand, a one-mode
network of tags can be constructed in a similar fashion: B = XXT. B represents a
semantic network which consists of the associations between different tags. Tags in
this network are connected by edges whose weights reflect how frequently the tags
co-occur with each other. This can be considered as a simple ontology used by the
particular user.

3 Analysis of Personomies

In order to understand the characteristics of personomies in collaborative tagging
systems, we carry out some analyses on the personomies collected from Delicious.2

Delicious is a social bookmarking site which allows users to assign tags to book-
marks. We use a crawler program written in Python to collect data of Delicious users
in the period between December 2007 and February 2008. As there are some users
who have assigned no tags to any of their bookmarks on the system, these users are

1 In the blogosphere, the term personomy has also been used in a more general sense to represent
the aggregated digit manifestation of a user on the Web. See http://personomies.com/what-are-
personomies/.
2 http://delicious.com
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filtered out when performing the following analysis. The dataset after filtering con-
tains a total of 9,185 unique users, with 514,929 unique tags and 3,281,306 unique
bookmarks.

3.1 Number of Tags and Documents of a User

Firstly, we take a look at the number of tags and documents possessed by the users.
On average a user has 285 unique tags and has 602 unique bookmarks on Delicious.
Although some users have over 18,000 tags and over 34,000 bookmarks, only a very
small number of users have more than 1,000 tags or bookmarks. Figure 1 shows
graphs of the number of tags and bookmarks of the users. The graphs in logarithmic
scale show that the distribution of frequencies of tags and bookmarks follows the
power law. This finding agrees with what Golder and Huberman [8] report in one of
the earliest papers on collaborative tagging systems, showing that there are a small
number of users having a large number of tags and bookmarks, and a large number
of users having a small number of tags and bookmarks.

(a) (b)

(c) (d)

Fig. 1 Graphs showing the number of tags and bookmarks of the users in Delicious. (a) and (b)
plots the data by sorting the users according to the number of tags and bookmarks they have. (c)
and (d) are plots in logarithmic scale showing the distribution of the frequencies
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Fig. 2 Scatter plot of the number of distinct tags against the number of distinct bookmarks of the
users

Secondly, we examine the correlation between the number of tags and the number
of bookmarks of the users. Figure 2 shows a scatter plot of the data. It reveals a
moderate relationship between the number of tags and the number of bookmarks,
with a correlation coefficient of 0.55. Tagging can be considered as a kind of index-
ing. When there are more bookmarks in the collection of a user, the number of
bookmarks appearing under any particular tag will also tend to increase. Hence it is
natural to assume that the number of unique tags used by the user will also increase
because it becomes necessary to use more tags to distinguish between different
bookmarks by putting them into more specific categories.

However, tagging is also a very personal and subjective way of categorising
bookmarks. The bookmarks and tags of the users are actually highly dependent on
the interests of the users. If a user has a very specific interest, a small number of tags
will be enough for even a large collection of bookmarks, because they will probably
be about the same topic. On the other hand, if a user has diverse interests, more tags
may be required to describe even a small number of bookmarks.

A further investigation of the data reveals that the correlation between the two
numbers appears to be stronger for users with fewer bookmarks than those with
many bookmarks. For users with fewer than 500 bookmarks, a correlation coeffi-
cient of 0.43 is obtained. For users with more than 5,000 bookmarks, the correlation
coefficient is only 0.14. A similar result can also be found in [8]. This may suggest
that users with many bookmarks can behave very differently: while some may stick
to using a small number of tags on new bookmarks, others may continue to introduce
new tags.
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3.2 Measuring Diversity of Interests

The diversity of user interests is an important issue to be understood before we can
accurately model user interests to provide recommendations. When users have mul-
tiple and diverse interests, the user profile should be able to reflect this diversity so
that a recommender system will be able to provide recommendations which satisfy
the different needs of the users.

Here, we propose two measures which are designed to reflect the diversity of
interests of the users. We will give examples based on the two fictional users listed
in Table 1, one with rather specific interests in Semantic Web related topics, while
another has more diverse interests such as cooking and sports.

Our first measure involves examining how frequently a tag is used on the col-
lection of resources of the users. Intuitively, if a user is only interested in only one
or two topics, we would expect the tags used by this user to appear on most of the
resources. On the other hand, if the interests of the user are very diverse, the tags
are more likely to be used on only a small portion of the resources. This is because
different tags are required to describe resources related to different interests of the
user. To quantify this characteristic, we propose a measure called tag utilisation
which is defined as follows.

Definition 3. Tag utilisation of a user u is the average of the fractions of bookmarks
on which a tag is used:

TagUtil(u) = 1

|Tu |
∑

t∈Tu

|Du,t |
|Du | (1)

where Du,t is the set of documents assigned the tag t : Du,t = {d|(t, d) ∈ Au}.
In addition, the diversity of a user’s interest can also be understood by examining

tag co-occurrence. If for a user the tags are always used together with each other,
it is likely that the tags are about similar topics, and therefore it can be suggested
that the user has a rather specific interest. If on the other hand the tags are mostly
used separately, they are more likely to be about different topics, and thus reflect
that the user has multiple interests which are quite distinctive from each other. Such
characteristic can be measure by the average tag co-occurrence ratio, which is
defined as follows.

Table 1 Two example users with their personomies

User Resource Tags

u1 r1 web2.0, semanticweb, ontology, notes
r2 semanticweb, ontology
r3 semanticweb, ontology, rdf

u2 r4 semanticweb, folksonomy, tagging
r5 toread, cooking, recipe, food
r6 sports, football, news
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Definition 4. Average tag co-occurrence ratio of a user measures how likely two
tags are used together on the same bookmark by a user:

Avg Tag Co(u) =
∑

ti ,t j ∈Tu ,ti �=t j

Co(ti , t j )

2 × C |Tu |
2

(2)

If we represent the co-occurrences between the tags as a network (by constructing
the adjacency matrix B), we can see that the average tag co-occurrence ratio is actu-
ally equivalent to the density of the network of tags: Co(ti , t j ) counts the number of
edges in the network, while C |Tu |

2 calculates the number of possible edges based on
the number of nodes. This agrees with the formula of the density of a network:

Density = 2 × |E |
|V | × (|V | − 1)

(3)

where E is the set of edges and V is the set of nodes. Hence, the average tag co-
occurrence ratio actually reflects the cohesion [29] of the network of tags, which
in turn reflects whether the tags are related to a specific domain or a wide range of
topics.

As an illustrating example, we apply these two measures to the two users listed
in Table 1. The tag utilisation of u1 is 0.60, while that of u2 is 0.33. The average
tag co-occurrence ratio of u1 is 0.80, while that of u2 is 0.27. For both measures,
u1 scores higher than u2, this agrees with the fact that the interests of u2 are more
diverse as observed from this user’s collection of resources.

We apply the calculations of tag utilisation and average tag co-occurrence ratio
to the data collected from Delicious. The average values of these two measures of
the users are plotted in Fig. 3.

Fig. 3 Tag utilisation and average tag co-occurrence ratio of the personomies collected from Deli-
cious. The x-axis represents the ranks of users sorted by their scores in descending order
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Although the two measures consider different characteristics of the personomy
of a user, the results are very similar. Firstly, there is a strong correlation between
tag utilisation and average tag co-occurrence ratio, with a correlation coefficient of
0.71. The mean values of tag utilisation and average tag co-occurrence ratio are both
very low, at 0.06 and 0.07 respectively, even though the values span across the whole
range of 0–1 inclusively. This means that on average a tag is only used on 6% of
the bookmarks in a user’s collection, and that a tag is only used together with 7% of
other tags. We can see that there is a small group of points in both graphs in Fig. 3(a)
and (b) which attain a value of 1. These actually correspond to users who have only
one bookmark in their collection. Other than these the values drop quickly, and the
majority (93% in both cases) of personomies have values less than 0.2.

These figures suggest that for most users many tags are used only on a small
portion of their bookmarks, and that these tags are not always used together. This
shows that bookmarks collected by the users have topics which are very diverse such
that a particular tag is only useful on a small portion of them and that the users keep
tags which represent concepts in very different domains. Hence, this indicates that
most users of Delicious have diverse interests instead of a single interest in a very
specific domain.

4 Generating User Profiles of Multiple Interests

As the majority of users are observed to be interested in a wide range of topics
from different domains, a user profile in the form of a single set of tags is definitely
inadequate. Hence, for applications which provide different services based on user
interests, it is very much desirable to have user profiles which can accommodate the
multiple interests and present a more fine-grained representation of the users.

Identifying the different interests can be a challenging task as tags are freely cho-
sen by users and their actual meaning is usually not clear. A solution to this problem
is to exploit the associations between tags and documents in a folksonomy. As it
is obvious that documents related to the same interest of a user would be assigned
similar tags, clustering algorithms can be applied to group documents of similar
topics together. We can then extract the sets of tags assigned to these documents and
use them to represent the multiple interests of the users.

Based on this idea, we propose a method for constructing user profiles which
involves constructing a network of documents out of a personomy, applying
community-discovery algorithms to divide the nodes into clusters, and extracting
sets of tags which act as signatures of the clusters to represent the interests of the
users.

4.1 Community Discovery Algorithms

Clusters in a network are groups of nodes in which nodes have more connections
among each other than with nodes in other clusters. The task of discovering clusters
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of nodes in a network is usually referred to as the problem of discovering community
structures within networks [6]. Approaches to this problem generally fall into one
of the two categories, namely agglomerative, which start from isolated nodes and
group nodes which are similar or close to each other, and divisive, which operate by
continuously dividing the network into smaller clusters [24].

To measure the “goodness” of the clusters discovered in a quantitative way, the
measure of modularity [21] is usually used. The modularity of a particular division
of a network is calculated based on the differences between the actual number of
edges within a community in the division and the expected number of such edges
if they were placed at random. Hence, discovering the underlying community struc-
ture in a network becomes a process of optimising the value of modularity over all
possible divisions of the network.

Although modularity provides a quantitative method to determine how good a
certain division of a network is, brute force search of the optimal value of modu-
larity is not always possible due to the complexity of the networks and the large
number of possible divisions. Several heuristics have been proposed for optimizing
modularity, these include simulated annealing [10], and removing edges based on
edge betweenness [21]. In addition, a faster agglomerative greedy algorithm for
optimizing modularity, in which edges which contribute the most to the overall
modularity are added one after another, has been proposed [20]. In this chapter,
we will employ this fast greedy algorithm to perform clustering, as it is efficient and
performs well on large networks.

4.2 User Profile Generation

Given a network of documents (which are bookmarks in our case), we apply the
community-discovery algorithms to obtain clusters of documents. As the different
clusters should contain documents which are related to similar topics, a cluster can
be considered to correspond to one of the many interests of the user. A common
way to represent user interests is to construct a set of tags or a tag vector. Similarly,
we can obtain a set of most frequently used tags from each of the document clusters
to represent the corresponding interest. As a summary of our method, the following
list describes the whole process of constructing a user profile for user u.

1. Extract the personomy Pu of user u from the folksonomy F, and construct the
bipartite graph T Du .

2. Construct a one-mode network of documents (by generating the adjacency
matrix A) out of T Du , and perform modularity optimization over the network
of documents using the fast greedy algorithm.

3. For each of the clusters (communities) ci obtained in the final division of the net-
work, obtained a set Ki of tags which appear on more than f % of the documents
in the cluster. The set of tags of a cluster is treated as a signature of that cluster.

4. Finally, return a user profile Pu in the form of a set of K ′
i s: Pu = {Ki }.
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Table 2 A resultant user profile

User A

K1 webdesign, web2.0, tutorial, blog, css
K2 linux, opensource, ubuntu, software
K3 webhosting, filesharing
K4 grammar, english
K5 digg, sharing, music, mp3

For the signatures of the clusters, one can include all the tags which are used
on the bookmarks in the cluster, or include only the tags which are common to
the bookmarks in the cluster. However, the set of tags chosen for a cluster will
affect how accurate the profile is in modelling the user’s interest. In general, for a
large value of f only the most common tags in the cluster will be included in the
signature, while a small value of f will include more tags in the signature. We will
investigate the problem of choosing a right value for f in the following section. As
an illustrating example, Table 2 shows the result of applying the proposed method on
one personomy in our data set, with f = 20% (see also Fig. 4 for the visualisation
of the network of documents).

5 Evaluation and Discussions

We believe that the use of multiple sets of tags in user profiles should give a more
accurate representation of the interests of the users. It is also our hypothesis that user
profiles generated by the proposed method will reveal the multiple interests of a user
such that recommender systems using these profiles will be able to serve the differ-
ent interests of the user better. Therefore we try to evaluate our proposed method
by asking the following two questions. Firstly, are the sets of tags extracted from
the clusters accurate descriptions of the bookmarks from which they are extracted?

Fig. 4 An example of
clustering of a personomy
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Fig. 5 Number of clusters discovered for the 1,000 personomies

If this is the case, then the user profiles should accurately represent the interests of
the users. Secondly, can the generated user profiles be used to retrieve more relevant
items than other user profiles which are generated without considering the multiple
interests of the users? The two parts of our evaluation attempt to answer these two
questions respectively.

To start with, we select at random 1,000 users from our dataset who have over 100
bookmarks in their personomies. The requirement of having at least 100 bookmarks
is to ensure that there are enough bookmarks for clustering so that clearer results
can be obtained. We apply our proposed method of generating user profiles on these
personomies, and obtain a set of clusters of bookmarks and their signatures. We dis-
cover that there are a substantial number of clusters with only one bookmark. The
bookmarks in these clusters are mostly not assigned any tags. Hence, we exclude
these single-bookmark clusters in the following analysis. Figure 5 graphs the num-
ber of clusters discovered for each of the personomies. On average 15 clusters are
discovered for a personomy in the dataset.

5.1 Representation of User Profiles

Our first question concerns with the issue of whether the sets of tags in the user
profile are accurate descriptions of the bookmarks in the clusters. An appropriate
method of evaluation is to approach this question from an information retrieval
perspective. Given the signature of a cluster as a query, can we retrieve all the book-
marks within that cluster and avoid obtaining bookmarks in other clusters which are
irrelevant? In addition, how many tags should be included in the signature in order
to accurately describe a cluster? To answer such questions, we employ the measures
of precision and recall [25] which are commonly used for evaluating information
retrieval systems.

Precision and recall are two widely used measures for evaluating performance of
information retrieval. Precision measures the fraction of documents in the retrieved
set which are relevant to the query, while recall measures the fraction of relevant
documents that the system is able to retrieve.
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To employ the precision and recall measures, we treat the signatures of the clus-
ters as queries, and use them to retrieve bookmarks by comparing the tags assigned
to them to those in the queries. As for the representation of tags, we employ a vec-
tor space model of information retrieval. In other words, for each personomy, we
construct a term vector e = (e1, e2, . . . , en) for each bookmark, with ei = 1 if the
bookmark is assigned the i th tag, and ei = 0 otherwise. Similarly, the signature of a
cluster is converted into a query in the form of a term vector q . The retrieval process
is carried out by calculating the cosine similarity between the query vector and the
bookmark vectors:

Sim(q, e) = q · e
|q ||e| (4)

Those with similarity higher than a certain threshold t will be retrieved (0 ≤
t ≤ 1). For a cluster c, let the set of bookmarks in the cluster be Dc, and the set
of bookmarks retrieved by the signature of the cluster be Dx . The precision and
recall of the system on c are defined as follows. In addition, we also consider the F1

measure [25] which is a combined measure of precision and recall.

Precision(c) = |Dx ∩ Dc|
|Dx | (5)

Recall(c) = |Dx ∩ Dc|
|Dc| (6)

F1(c) = 2 × Precision(c) × Recall(c)

Precision(c) + Recall(c)
(7)

We calculate the three measures for the user profiles generated from the 1,000
selected personomies. The results are presented in Fig. 6. We control two parameters
in our evaluation. The first parameter is f (tag threshold in Fig. 6), the percentage
of bookmarks above which a tag is assigned to in a cluster for it to be included in
the signature. The second one is t , the threshold of cosine similarity.

Figure 6(a) shows that for most values of similarity threshold precision attains
maximum for f in the range from 0.1 to 0.4, and thereafter it continues to decrease
as f increases. The result suggests that if only the most common tags are included
in the signatures, they will become less representative as summaries of the clusters.
This is probably due to the fact that the most common tags are usually too general
and a query constructed from these tags will tend to retrieve bookmarks from other
clusters as well which are related to a different sub-topic under the common tags.
On the other hand, when one includes all the tags which appear in a cluster (with
f = 0%), the signature will include too many tags such that it will not be similar to
any of the signatures of the bookmarks, leading again to a low precision.

As for recall, we observe some differences for different values of similarity
threshold. For small values of t (from 0.0 to 0.3), recall continues to decrease as
f increases. However, for larger values of t (from 0.4 to 1.0), recall first increases
and then decreases as t increases. This is probably due to the reason that when
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Fig. 6 Precision, recall and
F1 measure. Different lines
correspond to different values
of similarity threshold

(a) Precision

(b) Recall

(c) F1 measure

the similarity threshold is low, the number of tags in the cluster signature is less
important as most of the bookmarks will be retrieved even if their similarity with the
query is small. As f increases, fewer tags are included in the signature and therefore
it becomes more difficult to retrieve relevant bookmarks. On the other hand, when
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t becomes higher, signatures which include all the tags in a cluster or include only
the most common tags are very dissimilar to any of the bookmarks in the cluster,
therefore recall attains maximum somewhere between the two extremes.

For common values of similarity threshold between t = 0.3 and t = 0.5, preci-
sion and recall attain maximum for values of f between 0.1 and 0.2, with precision
over 0.8 and recalls over 0.7. F1 measures also attain maximum around these values
of t and f . This suggests that it is better to include more tags in a cluster signature
so as to make it specific enough for representing the topic of the cluster (and thus the
interest of the user represented by the cluster). Given these results, we conclude that
by choosing a suitable value of f the tags extracted do constitute good descriptions
of the bookmarks within the clusters.

5.2 Usefulness of the Generated User Profiles

Our second question concerns whether the user profiles generated by our proposed
method will provide better support to recommender systems. To answer this ques-
tion, we divide our data into a training set and a test set. We extract the first 70%
bookmarks and the tags associated with them, and use them to generate a profile
for the user using our proposed method. The generated user profile is then used to
retrieve the remaining 30% of the bookmarks in the user’s personomy. The book-
marks are retrieved according to the similarity between the sets of tags in the user
profile and the tags assigned to the bookmarks. In these experiments we employ
the following similarity measure between two sets of tags. This measure is chosen
because it gives more distinguishable values when the similarity is low, which is
common when a bookmark is assigned a large number of tags.

Sim(X, Y ) = 2 × |X ∩ Y |
|X | + |Y | (8)

We again adopt the notion of recall as a performance measure to judge the use-
fulness of the generated user profiles. Let Dα

i be the set of bookmarks retrieved by
the user profiles at the similarity threshold α (0 ≤ α ≤ 1), and Dr be the set of
bookmarks in the test set, recall is then defined as follows.

Recall(α) = |Dα
i ∩ Dr |
|Dα

r | (9)

Our evaluation involves two experiments. In the first one is aimed at determining
the optimal value of f , the fraction of tags to be included in the signature of a cluster,
at which the user profiles are best at retrieving or recommending bookmarks which
are interesting to the users. The result of this experiment is shown in Fig. 7(a).

Figure 7(a) plots recall against different values of similarity threshold for differ-
ent values of f . The result shows that the user profiles do not help retrieve relevant
bookmarks when too few tags, i.e. large values of f , are included in the signatures of
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(a) (b)

Fig. 7 (a) Recall at different values of f . (b) Comparing the level of recall when different types of
user profiles are used

the clusters. The optimal value of f � 0.2 means that more tags should be included
in the signature for better recall. This suggests that while each cluster might be
characterised by one or two tags which represent the main topic of that cluster, there
are also other tags which helps to describe bookmarks belonging to a sub-category.
As a result, a signature should also include these tags such that it is able to retrieve
more relevant bookmarks. This actually agrees with the results we presented in the
previous section.

Figure 7(a) also shows that the graph flattens as the similarity threshold goes
beyond 0.7. When we take a closer look at the results, we find that at these points
most of the signatures only consist of one tag, meaning that they are only able to
retrieve bookmarks which have been assigned that tag. Hence, recall experiences
very few changes beyond that point.

In the second experiment, we compare the user profiles generated by our pro-
posed method (with f = 0.2) with three baseline user profiles. The first type repre-
sents the interest of a user by a single set of the 10 most frequently used tags by the
user. The second type is similar but includes the 20 most frequently used tags. The
third type is in the form of multiple sets of tags like those generated by the proposed
method, but the tags are randomly assigned to the sets. By using these baseline pro-
files, we aim to answer two questions: (1) Are the user profiles generated better than
those single-set user profiles? (2) Does the cluster technique produce meaningful
clusters for recommending interesting bookmarks to the users? The result of this
experiment is plotted in Fig. 7(b).

Our results show that, when compared with the other baseline profiles, the pro-
files generated by the proposed method are able to retrieve more relevant bookmarks
at the same similarity threshold. In other words, the user profiles allow a system to
make better judgement regarding the relevance of a bookmark to the interests of a
user. This suggests that the proposed method is able to break down a personomy
into different meaningful sets of tags, so that a potentially interested bookmark can
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be matched with a particular interest of the user more effectively. On the other hand,
single-set user profiles (Top 10 and Top 20) which pool all tags together are likely
to miss some bookmarks which are relevant to a specific interest of the user, and it
does not help even when more tags are included in the profiles. This weakness is
actually exacerbated when more tags are included in such type of user profiles, as
we can see in the recall levels when user profiles with the top 20 tags are used.

In addition, Fig. 7(b) also shows that the user profiles generated by the pro-
posed method perform significantly better than the randomly generated profiles.
This suggests the clusters discovered by the proposed method are meaningful and
truly reflect the diversity of the interests of the users.

5.3 Potential Applications

Our proposed algorithm provides a new way for constructing better user profiles
based on the data available from collaborative tagging. There are a number of areas
in which such algorithms can be employed.

Firstly, as the user profiles provide a summary of the different interests of the
users, it can be readily used to facilitate the management and organisation of per-
sonal Web resources. In addition, the user profiles can also be used in Web page
recommendation. Currently, Delicious provides various methods which allow users
to keep track of new bookmarks which they may find interesting such as by sub-
scribing to the RSS feed of a tag. However, there are currently no mechanisms
which directly recommend interesting bookmarks to users. With the user profiles
constructed by our proposed method, recommender systems will be able to rec-
ommend more specific bookmarks to users by targeting a particular interest of the
users.

The proposed method of generating user profiles from folksonomies can easily
be extended to accommodate other desirable features in user profiling. For example,
by weighting the different interests with the number of bookmarks in the corre-
sponding clusters, we are able to differentiate the major interests from other minor
interests of a user. In addition, since the time at which a bookmark is saved can
easily be obtained from the collaborative tagging system, it is also possible to deter-
mine whether an interest is a short-term or a long-term one of a user. We plan to
investigate these features in our future work.

6 Related Work

User profile representation and construction has been a key research area in the
context of personal information agents and recommendation systems. The represen-
tation of user profiles concerns with how user interests and preferences are modelled
in a structured way. Probably the simplest form of user profile is a term vector indi-
cating which terms are interested by the user. The weights in the vector is usually
determined by the tf-idf weighting scheme as terms are extracted from documents
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interested by the user or obtained by observing user behaviour [3, 15]. More sophis-
ticated representations such as the use of a weighted network of n-grams [26] have
also been proposed. However, a single user profile vector may not be enough when
users have multiple interests in diverse areas [7], and several projects have employed
multiple vectors to represent a user profile. For example, Pon et al. [23] use multiple
profile vectors to represent user interests to assist recommendation of news articles.
Kook [13] also proposes a Web user agent which represents user interests in multiple
domains using multiple interest vectors.

In recent years, user-profiling approaches utilising the knowledge contained in
ontologies have been proposed. In these approaches, a user profile is represented
in terms of the concepts in an ontology which the user is interested in. For exam-
ple, Middleton et al. [18] propose two experimental systems in which user profiles
are represented in terms of a research paper topic ontology. Similar approaches
have also been proposed to construct user profiles for assisting Web search [30]
or enhancing recommendations made by collaborative filtering systems [2].

On the other hand, since the rise in popularity of collaborative tagging systems,
some studies have also focused on generating user profiles from folksonomies. For
example, in [5] a user profile is represented in the form of a tag vector, in which
each element in the vector indicates the number of times a tag has been assigned
to a document by the user. In [17], three different methods for constructing user
profiles out of folksonomy data have been proposed. The first and simplest approach
is to select the top k mostly used tags by a user as his profile. The second approach
involves constructing a weighted network of co-occurrence of tags and selecting
the top k pairs of tags which are connected by the edges with largest weights. The
third method is an adaptive approach called the Add-A-Tag algorithm, which takes
into account the time-based nature of tagging by reducing the weights on edges
connecting two tags as time passes. In addition, Li et al. [14] introduce ISID, the
Internet Social Interest Discovery system, which performs large scale clustering on
tags and documents to group documents of similar topics together, thus finding out
the common interests of the user community.

On the other hand, [22] discusses the issue of constructing a user profile from
a folksonomy in the context of personalised Web search. In their approach, a user
profile pu is represented in the form of a weighted vector with m components (cor-
responding to the m tags used by the user). The use of wd is to assign a weight
between 0 and 1 to each of the n documents. While these attempts provide some
possible methods for constructing user profiles based on data in folksonomies, the
possibility of a user having multiple interests is not explicitly addressed in these
works.

7 Conclusions

The emergence of collaborative tagging systems provide valuable sources of
information for understanding user interests and constructing better user profiles. In
this chapter, we investigate the characteristics of personomies extracted from
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folksonomies, and observe that the interests of many users are very diverse, and they
cannot be modelled by simple methods such as a single set of tags. A novel method
for constructing user profiles which take into account the diversity of interests of the
users is proposed. We evaluate the user profiles by looking at whether they provide
a good summary of the bookmarks of the users. We also show that the user profiles
generated by using our method are able to provide better support to recommender
systems.

We believe that this research work provides valuable insight into how user pro-
files of multiple interests can be constructed out of a folksonomy. From this point,
we plan to carry out further research work in three main directions. Firstly, we
will further investigate how the proposed method can be improved. In our study,
a user profiles constructed treats every cluster of bookmarks and its signature as
corresponding to a distinctive interest of the user. However, it may be true that
two interests are related and are only sub-topics of a more general area. We will
investigate if the introduction of a hierarchical structure is desirable. Secondly, we
will investigate whether the introduction of weights of tags would help improve the
usefulness of the generated user profiles. While the occurrence frequency of the
tags is considered in this work, associating weights with the tags in the clusters may
facilitate better matching between the signatures and relevant resources. Further-
more, we will also attempt to extend our method to accommodate features such as
the relative importance of different interests and the differentiation between long-
term and short-term interests. We hope this research will ultimately deliver useful
algorithms and applications which utilise the power of user-contributed metadata in
folksonomies.
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11. Hotho, A., Jäschke, R., Schmitz, C., Stumme, G.: Bibsonomy: A social bookmark and pub-
lication sharing system. In: A. de Moor, S. Polovina, H. Delugach (eds.) Proceedings of the
Conceptual Structures Tool Interoperability Workshop at the 14th International Conference on
Conceptual Structures. Aalborg University Press, Aalborg, Denmark (2006)
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