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ABSTRACT

Social (or folksonomic) tagging has become a very popu-
lar way to describe, categorise, search, discover and navi-
gate content within Web 2.0 websites. Unlike taxonomies,
which overimpose a hierarchical categorisation of content,
folksonomies empower end users by enabling them to freely
create and choose the categories (in this case, tags) that best
describe some content. However, as tags are informally de-
fined, continually changing, and ungoverned, social tagging
has often been criticised for lowering, rather than increasing,
the efficiency of searching, due to the number of synonyms,
homonyms, polysemy, as well as the heterogeneity of users
and the noise they introduce. In this paper, we propose So-
cial Ranking, a method that exploits recommender system
techniques to increase the efficiency of searches within Web
2.0. We measure users’ similarity based on their past tag
activity. We infer tags’ relationships based on their associa-
tion to content. We then propose a mechanism to answer a
user’s query that ranks (recommends) content based on the
inferred semantic distance of the query to the tags associated
to such content, weighted by the similarity of the querying
user to the users who created those tags. A thorough evalua-
tion conducted on the CiteULike dataset demonstrates that
Social Ranking neatly improves coverage, while not compro-
mising on accuracy.
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1. INTRODUCTION

The advent of Web 2.0 has transformed users from passive
consumers to active producers of content. This has tremen-
dously increased the amount of information that is available
to users (from videos on sites like YouTube and MySpace,
to pictures on Flickr, to music on Last.fm, and so on). This
content is no longer categorised according to pre-defined tax-
onomies. Rather, a new trend called social (or folksonomic)
tagging has emerged and quickly become the most popular
way to describe, categorise, search, discover and navigate
content within Web 2.0 websites.

Unlike taxonomies, which overimpose a hierarchical cat-
egorisation of content, folksonomies empower end users by
enabling them to personally and freely create and choose the
categories (in this case, tags) that best describe a piece of
information (a picture, a blog entry, a video clip, etc.). Tag
clouds are then widely used to visualise a set of related tags
that best describe either individual items or the content of
a website as a whole, with the most frequently used tags be-
ing given more importance either in font size or color. Other
visualisation techniques have been studied, in order to give
more importance to tags’ relationships rather than popular-
ity [4, 11]. When users want to find content, they navigate,
via hyperlinks, from a tag to a collection of items that are
associated with that tag.

However, as tags are informally defined, continually chang-
ing, and ungoverned, social tagging has often been criticized
for lowering, rather than increasing, the efficiency of search-
ing [2]. This is due to the number of synonyms, homonyms,
polysemy, as well as the heterogeneity of users, contexts, and
the noise that they introduce.

In order to ‘connect’ users with content that they deem
relevant with respect to their interests, efficient searching
techniques have to be developed for this novel and unique
domain. By efficient, we mean that the searching technique
should be both accurate (i.e., the returned content does sat-
isfy users’ interests), and complete (i.e., if there is relevant
content in the system, this should be found).

In this paper, we propose a technique called Social Rank-
ing that aims to efficiently find, within a potentially huge
dataset, content that is relevant to a user’s query. In typical
Web 2.0 fashion, we assume such content to have been de-
scribed with an arbitrary number of tags and by an arbitrary
number of users. Social Ranking answers a user’s query by
exploiting traditional recommender system techniques (Sec-
tion 2): it measures users’ similarity based on their past tag
activity; it infers tags’ relationships based on their associa-
tion to content; finally, it ranks (recommend) content based



on the inferred distance of the query to the tags associated to
such content, weighted by the similarity of the querying user
to the users who created those tags. We present the results
of an extensive experimental study we have conducted on
the CiteULike dataset (http://www.citeulike.org/), demon-
strating how Social Ranking neatly improves coverage, with-
out compromising on accuracy (Section 3). We position our-
selves with respect to other works in the area in Section 4,
before presenting our conclusions and future directions of
research (Section 5).

2. MODEL
2.1 Dataset Analysis

In order to understand the key characteristics of the target
scenario, and thus develop a query model that is grounded
on its peculiarities, we have analysed CiteULike, a typical
Web 2.0 website. CiteULike is a social bookmarking web-
site that aims to promote and develop the sharing of scien-
tific references amongst researchers. Similarly to the cata-
loging of web pages within del.icio.us, and of photographs
within Flickr, CiteULike enables scientists to organize their
libraries with freely chosen tags which produce a folkson-
omy of academic interests. CiteULike runs a daily process
which produces a snapshot summary of what articles have
been posted by whom and with what tags. We downloaded
one such archive in December 2007. The archive contained
roughly 28,000 users, who had tagged 820,000 papers over-
all, using 240,000 distinct tags. A pre-analysis of the archive
revealed the presence of a vast amount of papers and a vast
amount of tags bookmarked/used by one user only. In or-
der to make the dataset more manageable, we pruned it
so to remove those papers and tags that had been book-
marked/used only once over the entire dataset. We were
thus left with roughly 100,000 papers, 55,000 distinct tags,
and 28,000 users.

We then analysed this dataset more carefully in terms
of users’ activity, papers’ popularity, and tags’ usage. De-
tailed results are reported in a preliminary version of this
paper [27]. With respect to the problem of finding and
recommending content in Web 2.0 websites, the following
insights can be drawn:

Long Tail of Tags: apower law distribution curve emerges
for tags’ usage, identifying a small portion of frequently
used tags, and a long tail (roughly 70%) of tags being
used by 20 users (i.e., 0.08% of the whole user set)
or less instead. Moreover, papers were described by
no more than ten different tags (and usually less then
five). This suggests that finding content using stan-
dard keyword based searches is likely to fail, due to
empty overlaps between the tags used in the query
and those associated to papers.

Long Tail of Papers: a rather steep power law distribu-
tion curve emerges for papers popularity too, identify-
ing a small portion of papers being bookmarked (and
tagged) by at least five different users, and a huge tail
(more than 85%) of papers being bookmarked by less
than five users instead (i.e., 0.02% of the whole user
set). This suggests that standard recommender sys-
tems techniques would likely perform poorly in terms
of accuracy and coverage, because of almost-empty
overlaps of users’ profiles.

A content search/recommender technique for Web 2.0 web-
sites should thus be developed, taking into account these
intrinsic characteristics of the target scenario. We found
the following two properties to be promising to tackle both
accuracy and coverage:

Clustering of Users for Improved Accuracy: although
users vary a lot in terms of activity, even the most ac-
tive users bookmark a rather tiny portion of the whole
paper set. This suggests that users have clearly de-
fined interests that map to a small proportion of the
whole CiteULike content. This is confirmed by tags’
usage: each user masters a small subset of the whole
folksonomy, and users sharing part of the folksonomy
form fairly small clusters. We formulate the hypothesis
that, by looking at users’ tag activity, users’ similar-
ity can be quantified and exploited to answer content
searches more accurately.

Clustering of Tags for Improved Coverage: despite the
emergence of a rather broad folksonomy, each paper
was described by just a handful of tags. This would
suggest that there is a core of shared knowledge about
tags within the communities who use them, and these
are recurrently used to describe related papers. We
formulate the hypothesis that, by looking at what tags
were associated to what papers, tags’ similarity (or,
rather, ‘relationship’) can be quantified and exploited
to uncover relevant items during content searches.

Based on these observations, we have developed a content
search and recommendation technique called Social Ranking.

2.2 Social Ranking

Let us consider a user u who is interested in retrieving
some content of interest (in our specific case, papers). User
u could explicitly submit a query gz consisting of query tags
ti,t2,...,ty; alternatively, in a more typical recommender
system fashion, the system could implicitly run a query, us-
ing the set of tags t1,t2,...,t, associated by the user to his
latest bookmarked paper, or the set of his most frequently
used tags overall, etc. In both cases, the system answer-
ing the query would normally rank results according to the
following two criteria: the higher the number of query tags
associated to the resource, the higher its ranking; and, the
higher the number of users u; who tagged the resource using
(some of the) query tags, the higher its ranking. Intuitively
speaking, the first criterion caters for accuracy of the result,
the second caters for confidence in it. The formula is:

R(p) = Z (#t, used by u; on p | t; € ¢z) (1)

Uj

that is, the ranking of paper p is computed as the number
of tags t, that users u; who bookmarked p used and that
belonged to the query set ¢z.

As we shall demonstrate experimentally in Section 3, while
this simple technique works well to find popular content de-
scribed with popular tags, it fails to address queries that
look for the very long tail of medium-to-low popularity con-
tent, as a large amount of low-score results are returned.
Accuracy is not the only problem: if the user running the
query also uses tags that belong to the long tail of tags,
chances are that relevant content is not found at all, and
coverage then becomes the most pressing issue.
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Figure 1: Transformation of the dataset

To address these problems, we propose Social Ranking,
a technique inspired by traditional Collaborative Filtering
mechanisms [22]: first, we identify the users with similar
interests to the querying user w; according to our analy-
sis, such community should be easily identified by studying
users’ tag activity. Content tagged by these users should be
scored higher in a way that is proportional to the quantified
similarity. Second, even though tags can be broadly clus-
tered in domains of knowledge, people tend to use slightly
different subsets of them within each domain. We thus iden-
tify the tags that are similar (or, rather, related) to the query
tags, thus expanding the query to this enlarged set. We be-
lieve, and our evaluation will confirm, that users’ similarity
improves accuracy of the results, while tags’ similarity (i.e.,
query expansion) improves coverage.

In the remainder of this section, we illustrate how we com-
pute users’ similarity (Section 2.2.1), how we compute tags’
similarity (Section 2.2.2), and how we combine these two
techniques together (Section 2.2.3).

2.2.1 Users’ Similarity

Social tagging typically provides a 3-dimensional relation-
ship between users, resources and tags (users bookmark re-
sources with a certain number of tags). Different definitions
of users’ similarity can be derived; here we consider a simple
yet effective one: the more tags two users have used in com-
mon, the more similar they are, regardless of what resources
they used it on. This definition projects our 3-dimensional
space onto a 2-dimensional one, throwing away information
about ‘resources’, and keeping only information about what
tags a user has used and how often (Figure 1, top). While
one may argue that, in so doing, we discard important infor-
mation, we believe that, in scenarios where tags are clustered
around topics, the information lost is not significant.

We thus describe each user w; with a vector v; where
v;[j] counts the number of times that users u; used tag ¢;.
Given two users u; and u;, we then quantify users’ similarity
sim(u;, u;) as the cosine of the angle between their vectors:

. Vi - Uy
sim(u;, uj) = cos(vi, v;) Tl o]
Various similarity measures can be used other than the cosine-
based similarity [5]. For example, concordance-based sim-
ilarity [1] could be used, so that the more tags two users
share, the more similar they are (regardless of how many
times they have used them). However, we believe tag fre-
quency to be an important piece of information to determine
a user’s interests. Alternatively, Pearson Correlation (and
its variations - e.g., weighted Pearson [19, 5]) could be used;

as shown in [14], different similarity measures perform dif-
ferently, both in terms of accuracy and coverage; we chose
cosine-based similarity for its constantly good performance,
although we plan to study the impact of other similarity
measures in the future.

2.2.2  Tags’ Similarity

We define tags’ similarity as follows: the more resources
have been tagged with the same pair of tags, the more sim-
ilar (related) these tags are, regardless of the users who
used them. This definition projects our 3-dimensional space
onto a 2-dimensional one, as shown in Figure 1, bottom
part. Similarly to what we said before, in scenarios where
users’ interests are a rather small and consistent subset of
the broader range of topics in the whole website, we believe
that the information thrown away during the projection is
not significant.

We thus describe each tag ¢; with a vector w; where w;[j]
counts the number of times that tag ¢; was associated to
paper p;. Given two tags ¢; and t;, we then quantify tags’
similarity sim(t;,t;) as the cosine of the angle between their
vectors:

W; - Wy

Slm(tz,t]) = COS('LUZ','LUJ') = W
2 J

2.2.3 Two-Step Query Model

The query model we propose exploits the two similarity
measures discussed above (on users and on tags) in the fol-
lowing way. When user @ submits a query gz = {t1,t2,...,tn}
to discover content that can be described by query tags
ti,t2,...,tn, two steps take place:

1. Query Expansion: the set of query tags ¢z is ex-
panded so to include, besides {¢; | t; € g} (for which
sim(ti, t;) = 1), those tags tni1,...,tn+m that are
deemed most similar to the query tags (for which 0 <
sim(ts, t;) <1, with ¢ € [1,n] and j € [n+ 1,n + m)]).
This set, which we call ¢, is constructed so to include,
for each t; € gy, its top k most similar tags, in a fashion
similar to the top k Nearest Neighbour (kNN) strat-
egy in recommender systems. A thorough analysis of
the impact of k on both accuracy and coverage will be
presented in Section 3.

2. Ranking: all resources that have been tagged with
at least one tag from the extended query set are re-
trieved. Their ranking depends on a combination of:
the relevance of the tags associated to the paper with
respect to the query tags (papers tagged with ¢;,i €
[1,n] should count more than those tagged with ¢;,j €
[n 4+ 1,n 4+ m]); and, the similarity of the taggers with
respect to the querying user u (papers tagged by sim-
ilar users should be ranked higher, as these users are
more likely to share interests with w than others, and
thus are in a better position to recommend relevant
content).

The ranking of a paper p would then be computed as:

R(p) =) >

Ug {tm\ui tagged p with t;,;},
tj€q*

(2)

sim(tz, t;) | *(sim(w, us)+1)



where, for each user u; who tagged p, > sim(tz,t;) quanti-
fies how relevant the tags t, associated by u; to p are with
respect to the tags t; belonging to the expanded query set
q"; note that, in the basic case of formula 1, this simply
meant counting how many tags from gz user u; associated
to p. Moreover, the relevance is then magnified (i.e., pa-
pers are pushed higher up in the ranking) in a way that is
proportional to user’s similarity sim (@, u;).

Assuming that users’ similarity sim(u;, u;) and tags’ sim-
ilarity sim(t;,t;) are computed offline (i.e., daily, weekly,
etc.), then the complexity of answering a query containing
T tags is O(k-T - P- N), where P is the number of papers
in the system and N is the number of users. However, this
is a gross overestimation: as our dataset pre-analysis has
shown, each tag is used on average on at most 40 papers
(with 40 << P), and each paper has been tagged on aver-
age by less than 5 users (with 5 << N), so that the time to
answer a query is simply proportional to the number of tags
in the expanded query set (i.e., k- T)).

We call this approach Social Ranking, as it exploits in-
formation coming from the emergent social network of users
and social network of tags to rank content in a way that
is meaningful to the querying user. In the next section, we
present the results obtained when evaluating this approach.

3. EVALUATION

We have thoroughly analysed the performance of Social
Ranking on the CiteULike dataset, both in terms of accuracy
and coverage (Section 3.3). Before discussing these results,
we briefly illustrate the portion of the dataset we have been
experimenting with (Section 3.1), and describe how we have
conducted the experiments (Section 3.2).

3.1 The Dataset

Based on our pre-analysis of the CiteULike dataset (Sec-
tion 2.1), we have performed a cut, in order to obtain a small
yet meaningful subset to experiment with. In particular, we
have considered only those tags that have been used on at
least 15 different papers, and by at least 20 users. This
has left us with a dataset consisting of roughly 12,000 users,
83,000 papers, and 16,000 tags. Note that the long tail phe-
nomenon still vastly dominates in the pruned dataset:

Long tail of users’ similarity: as shown in Figure 2, the
vast majority of users’ pairs have very low value of
similarity (below 0.1), while there exists a long tail of
higher similarity pairs. This would suggest users are
highly focused (and clustered) around topics, and thus
only a relatively small portion of users are indeed good
recommenders to each other.

Long tail of tags’ similarity: as shown in Figure 3, each
tag is related to only a very small subset of other tags,
again suggesting that only a relatively small portion of
tags are used (and thus need to be learned) to describe
specific categories of content.

We believe that the results we are going to present in
this section generally hold for datasets that exhibit similar
characteristics.

3.2 Simulation Setup

In order to quantify accuracy and coverage of Social Rank-
ing, we have conducted the following basic experiment: we
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picked up a user u, “hid” one of his bookmarked papers p
as well as the tags that u had associated to p; we then per-
formed a query g with such tags. Since p was bookmarked
by @ (before we hid it), @ is obviously interested in it, so a
recommender system should be able to return p (coverage).
Note that, in our pruned dataset, it was always the case
that, even after hiding u’s bookmark for p, at least another
bookmark made by a user v’ for p existed, as we only kept
in the dataset those papers that had been bookmarked by
more than one user; it should thus be possible, in principle,
to locate and return p. Moreover, the highest the ranking of
p in the list of returned papers (i.e., the closest to the top),
the better the accuracy of the ranking algorithm.

Given the high variability of users’ behaviour and papers’
popularity in the dataset, we have identified 6 different cat-
egories of experiments, based on:

- the level of activity of the querying user, distinguish-
ing heavy taggers HT (users who tagged more than 50
papers), medium taggers MT (users who tagged be-
tween 10 and 50 papers), and low taggers LT (users
who tagged less than 10 papers);

- the level of popularity of the hidden bookmark, dis-
tinguishing popular papers PP (those that had been
bookmarked by at least 5 users), and unpopular ones
UP (those that had been bookmarked by less than 5
users).

For each user in each group (heavy/medium/low taggers),
three bookmarks where chosen at random within each pa-
per category (popular/unpopular), hidden and their corre-
sponding tags searched. Since the number of users in each
group varies, so does the total number of queries performed
(from 1,800 for the small group of HT/PP, to 13,100 for
the much larger group of LT/UP). Results are reported for
each category. In all experiments, we compare the output
of our Social Ranking algorithm (formula 2) with the simple
benchmark presented in Section 2.2 (formula 1).
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Figure 4: Social Ranking (without query expansion) vs. Basic Model

3.3 Results

3.3.1 Impact of Users’ Similarity on Accuracy

The first set of experiments we conducted aimed to anal-
yse the impact of users’ similarity alone on the ranking of re-
sults. We thus compared the basic query model with the ad-
vanced query model where tag expansion had been disabled.
For each query, the list of returned papers is thus the same
(i.e., the search happens using the same query tags), but
ordered differently (i.e., users’ similarity in Social Ranking
causes reshuffles). For each query that uncovered the hid-
den paper, we have computed the position of such paper in
the ranked list of results produced by Social Ranking minus
its position in the ranked list of results produced by the ba-
sic model: the lower the difference, the better the accuracy
of Social Ranking, and viceversa. Figure 4 plots the results,
sorted by the measured difference, for all six categories (first
row for popular papers and second row for unpopular papers);
the two x values highlighted in each chart represent the first
and last query for which the two approaches perform the
same (i.e., the difference in ranking is zero).

As shown, the ranking of results is slightly better when
using the basic query model in the first scenario: when fo-
cusing on mainstream content (i.e., the hidden paper has
been tagged many times by different users), simple searches
based on exact tag matching work well enough. However,
in all other scenarios, the advanced query model outper-
forms the basic one (i.e., it returns the hidden paper at a
higher ranking in the vast majority of cases). The improve-
ment is more dramatic when considering unpopular papers
(second row), thus confirming the importance of weighting

the recommendations coming from similar users more, when
looking for less ‘mainstream’ content. If we take a closer
look at the ‘unpopular papers’ set of results, we can notice
that, on heavy taggers (Figure 4 (d)), 25% of the hidden
papers are returned at positions that are between 10 and
205 positions better using Social Ranking than when using
the basic model, against only 7% of cases where the basic
model result is better ranked (between 10 and 130 positions
gap); on medium taggers (Figure 4 (e)), 31% of results are
better ranked (with a gap between 10 and 242) against 8%
(with gap [10, 144]); finally, on low taggers (Figure 4 (f)),
the ratio is 28% against 8%, and similar ranking gap.

In order to better appreciate the improvement obtained
in terms of accuracy, we have also plotted the cumulative
distribution of the ranking of the “hidden” papers, using
the advanced model without query expansion and the basic
model, for unpopular papers. Figures 4 (g) (h) and (i) (third
row) illustrate the results: as shown, Social Ranking neatly
improves the absolute ranking of the hidden paper, and it
does so more evidently for heavy and medium taggers, that
is, for users whose similarity can be better assessed thanks to
their activity within the system. For example, about 30% of
the hidden papers are found in the top 5 positions using So-
cial Ranking on heavy taggers, against 20% using the basic
model. This first set of experiments thus demonstrates our
hypothesis that users’ similarity is effectively exploited by
Social Ranking to improve accuracy, and this is particularly
important when trying to dig out unpopular content.

Let us now focus on coverage. The column labeled ‘k = 0’
in Table 1 summarises the percentage of papers that re-
mained hidden when tag expansion was not used. As shown,



Category | Queries Not Found
k=0 k=5 k=10 k=20 k =50
HT/PP 1882 17% 8% 6% 4% 2%
MT /PP 4094 18% 8% 6% 5% 2%
LT/PP 4171 16% 8% 6% 1% 3%
HT/UP 2400 24% 14% 12% 9% 5%
MT/UP 5835 36% 22% 17% 14% 8%
LT/UP 13130 40% 26% 23% 18% 13%

Table 1: Percentage of queries remaining hidden.

this percentage is approximately 16-18% for popular papers,
and it quikcly increases up to 40% for unpopular ones. Given
that all papers in our dataset have been bookmarked by
more than one user, low coverage is an indication that differ-
ent users bookmark the same resources differently. Searching
techniques based on user-specified query-tags only are thus
unable to uncover unpopular yet relevant resources; in the
next section, we demonstrate how coverage can be improved
by expanding user-defined query tags to include semantically
related ones.

3.3.2 Impact of Tags’ Similarity on Coverage

The second set of experiments we have conducted aimed
at comparing the full Social Ranking model against the ba-
sic one. During query expansion, Social Ranking extends
each query tag with the top kNN tags. We have been ex-
perimenting with different values of £ = 5,10,20,50; we
have been measuring the impact of the full model on both
accuracy and coverage. Our goal was to neatly improve
coverage, especially when dealing with unpopular content,
without severely impacting on accuracy.

Table 1 reports the percentage of queries for which the
target paper still remained hidden, across all values of k
(including k = 0, that is, no query expansion). As shown,
even small values of k cause the number of not-found items
to quickly drop. For example, when k£ = 5, the number of
unpopular items not found falls from 24% for heavy taggers,
36% for medium taggers, and 40% for low taggers, down to
14%, 22%, and 26% for the three users’ categories respec-
tively. For k = 10, there is an average 50% reduction of
not-found items, with respect to the case of no query ex-
pansion (k = 0). Coverage keeps improving, although less
dramatically, for higher values of k.

In order to assess the impact of query expansion on accu-
racy, we report two separate sets of results. For those queries
that were uncovered by both Social ranking and the basic
query model, we have computed the percentiles of the rank-
ing of the “hidden” paper. Table 2 shows results across all 6
scenarios (Social Ranking positions on the left of each cell,
and basic query model positions on the right). We only re-
port results for £ = 10 and k& = 20 for space reasons. When
both approaches uncover a paper, accuracy is comparable:
for instance, 10% of the hidden papers are found in the top
5 positions; half of the hidden papers (50th percentile) are
found in the top 10 positions in the case of popular papers,
and in the top 40 positions in the case of unpopular papers,
by both approaches. This confirms that the improvement
obtained on coverage via query expansion does not compro-
mise accuracy for values of k£ up to 20; this is aligned with
our pre-analysis of the dataset, which revealed that the vast
majority of papers were tagged with no more than 10 dif-
ferent tags: increasing k& much beyond that value increases

noise instead (with only a small improvement on coverage,
as confirmed by Table 1).

Finally, for the set of queries uncovered by Social Ranking
only, we have computed the cumulative distribution of their
ranking. Once again, for space concerns, we only display
the results for the critical case of unpopular papers and for
k = 10 (Figure 5). As the charts illustrate, more than 40%
of the papers that could not be found using the basic model,
are now returned in the top 100 positions (and between 20%
and 30% of them in the top 50). This second set of experi-
ments thus demonstrates that tags’ similarity can indeed be
exploited, not just to uncover relevant content, but also to
recommend it highly, so to bring it to the attention of the
end user.

4. RELATED WORK

Research in the area of social tagging has proliferated in
recent years, due to the increasing popularity of such sys-
tems. Studies have been conducted both to understand tag
usage and evolution (e.g., [23, 3]), and to learn and exploit
their hidden semantics. In [7], a large study of social tagging
on the popular del.icio.us bookmarking system is presented,
aimed at characterizing users’ activity, pages’ popularity,
and tags’ distribution; the knowledge base (in this case, the
whole Web) is so large and dynamic that the authors are
quite pessimistic on the benefits that social bookmarking
can bring to web searches. In [6], the same authors have
shown how searches on del.icio.us can be improved if a nav-
igable hierarchical taxonomy of tags is derived from tag us-
age, to help users broadening/narrowing the set of tags that
best describe their interests. Our approach takes a differ-
ent stance, and rather than offering users an organised tag
navigation system, it aims to transparently improve users’
searches based on emergent tags semantics and query ex-
pansion. In [18], tags are related back to a fixed ontology of
concepts, thus exploiting both techniques to enhance infor-
mation retrieval capabilities. Differently from this approach,
our goal is to autonomically derive tags’ relationships, which
can then be fitted into an effective query search algorithm,
without relying on a prefixed ontology. In [20], semantics
that specifically relate to places and events are inferred for
resources within the Flickr dataset; their approach is highly
tied to location information, and thus not easily generaliz-
able to other domains. In [25], a probabilistic generative
model is proposed to describe users’ annotation behaviour,
and to automatically derive tags emergent semantics; dur-
ing searches, their approach is capable of grouping together
synonymous tags, while it calls for user’s intervention when
highly ambiguous tags are found. Very early work, but with
similar goals, is presented in [26], where a simpler technique,
based on an analysis of the relationship between users, tags
and resources, is proposed to disambiguate tags. Tag sys-
tems have recently revealed their susceptibility to tag spam,
that is, malicious annotations generated to confuse users.
The problem has been well analysed in [13], where the au-
thors tried to identify misused tags, and quantify the extent
to what tagging systems are robust against spam. Robust
solutions to tag spamming are still being investigated.

Research has been very active also in relating tag activity
to users, in order to discover their interests and consequently
users’ communities. Work within the Semantic Web domain
has tried to classify users into categories and describe the
key features of such categories [15]. More recently, users



Category Percentiles (k = 10) Percentiles (k = 20)
5 10 25 50 75 95 10 25 50 75 95
HT/PP 1)1 1|1 2|2 6|5 27 | 23 102 | 88 1|1 1|1 2|2 715 29 | 23 112 | 88
MT/PP 1)1 1)1 1|1 413 15| 13 70 ‘ 64 1|1 1|1 2|1 513 17113 80 | 64
LT/PP 1|1 1|1 1|1 313 12 | 10 82|71 1|1 1|1 1|1 413 15| 10 88 | 71
HT/UP 21233107 ] 35]25 [ 80|67 | 186 | 162 2121413 12|71 39|25 | 8 | 67 | 215 | 162
MT/UP 31254 12]9[31]27 [ 76|67 | 207 | 170 312 |54 | 13]9]| 35|27 | 8 |67 | 245|170
LT/UP 2|2 414 9|8 26 | 23 71|61 209 | 169 2|2 413 10 | 8 30 | 23 80 | 61 257 | 169

Table 2: Percentiles of the ranking of results, for Social Ranking vs. Basic Model
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Figure 5: Accuracy of queries uncovered by Social Ranking (k = 10)

have been classified according to their explicitly stated pro-
file [9], based on a probabilistic model which takes into ac-
count users’s interest to topics [28], and based on their level
of tagging activity and breadth of interests [12]. In [16],
users’ common interests are discovered based on patterns
of frequently co-occurring tags, using a classical association
rule algorithm, which however does not take into account
considerations about user’s activity. All these works, in-
cluding our attempt to find similar users, are based on the
observation that real world networks exhibit a so-called com-
munity structure [21]; defining the set of characteristics that
would enable the best fitting and natural clustering of tag-
gers and tags is an open research question.

In this paper, we have been combining the two research
streams highlighted above (i.e., automatic learning of tag
semantics and users’ interests) in order to improve query
searches and ranking. Other research groups have been
conducting research in the same area. In [24, 17], the in-
tegration of tag information within standard recommender
system’s algorithms has been proposed, in order to give bet-
ter recommendations to users; although very promising, at
present such works do not take into account the ‘activity’
of users, in terms of amount of resources being tagged, and
number of tags being used. We believe this information to
be crucial to extract users’ interests and thus improve the
efficiency of searches. Tag activity has been combined with
a PageRank-like algorithm, in order to improve the ranking
mechanism, in situations where resources are not linked to-
gether as in a typical web graph structure [8]; their approach,
called FolkRank, provides good results when querying the
folksonomy for topically related elements, while it is easily
subverted if less related /popular tags are being used, due to
the size and sparsity of folksonomies on the web. In [10],
users’ similarity is exploited first to generate a set of tags of
relevance to the target user, then to recommend him items
described by such tags; as for FolkRank, this approach is
mostly tailored to scenarios with high users’ activity and low
tag noise. Social Ranking focuses on scenarios where there
is only little information shared between users instead. In
these settings, we have demonstrated how a combination of

users’ and tags’ similarity can ameliorate the sparsity prob-
lem. Further improvements could be achieved by clustering
users within better scoped communities; we intend to ex-
plore this aspect next.

5. CONCLUSION

In this paper we have presented Social Ranking, a tech-
nique that aims to improve content searches in Web 2.0 sce-
narios, by exploiting users’ similarity and tags’ similarity.
The former is used to improve accuracy: the higher the
similarity between the querying user and the user that has
bookmarked it, the higher the chances that the paper is of
relevance, thus reducing the amount of uninteresting con-
tent being presented to users. The latter is used to improve
coverage: by implicitly learning tags’ similarity from their
usage, a larger amount of relevant yet unpopular content
can be uncovered, thus ameliorating the problem of hetero-
geneity, sparsity and lack of structure in folksonomy.

Our ongoing work spans different directions. First, we
are refining the techniques we use to find similar users and
similar tags. For the former, we have started analysing
the impact of a variety of clustering techniques to identify
communities of users with shared interests; beyond simi-
larity in the tags’ usage, there exist other parameters of
relevance, including level of activity (to distinguish active
users who contribute to the knowledge base, from passive
consumers), variety of tags used (unpopular tags may reveal
more about a user’s interests than popular ones), and so on.
For the latter, we are enriching query expansion with words
that are semantically close, as defined by dictionary-based
approaches like WordNet (http://wordnet.princeton.edu/).
Further evaluation is also required, using different Web 2.0
datasets (e.g., Last.fm, Bibsonomy, del.icio.us, etc.), differ-
ent similarity measures (e.g., Pearson, concordance, etc.),
and comparing against less naive approaches (e.g, [8]).
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