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Abstract  With the rapid development of social tagging systems, large amount of social annota-
tions have been created by large crowd of collaborative users, forming a new dimension of access-
ing the quality of Web pages. This paper proposes a novel page ranking algorithm for improving
Web search performance. The authors explored the social annotations by effectively combining
the language model of pages and users with the mutual reinforcement between pages and users,
developed a probabilistic generative model to demonstrate the tagging scheme of users and re-
sources, and modeled the mutual reinforcement relation between pages and users with a bipartite
graph. Moreover, the authors assigned each one of the mutual reinforcement relations with a
weight representing the coherence between annotating tags and language model of pages and us-
ers, and computed the importance of pages and users simultaneously in an iterative fashion based
on both query relevance and mutual reinforcement. Experiments on a dataset collected from a re-
al-world social tagging system show that the query model and mutual reinforcement model devel-
oped in this paper can effectively improve the performance of the ranking algorithm, outperforms

other state-of-the-art algorithms in retrieval performance measured by MAP and NDCG.
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XOZE R 3R I — 2 BB A 422 S F P X6 I T 1) Jot
EIVPH R BOE R BE. 5 — 7 I, WAESE 3.2 T T
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wordpress. org
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www. w3schools. com
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code. google. com
www. oswd. org

WWW. Csszengarden. com
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jquery. com
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code. google. com
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jquery. com
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code. google. com
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Background

With the rapid development of Web 2.0, social tagging
systems became highly popular in recent years. These sys-
tems allow collaborative users to submit shared resources and
to annotate them with descriptive tags, forming the so-called
folksonomies. The rapidly increasing popularity of social tag-
ging systems and growing amount of users and resources
make it a difficult task to find expert users and relevant re-
sources in folksonomies. In this paper, the authors focus on
improving search performance in folksonomies by developing
a dynamic ranking algorithm.

Previous studies on ranking in folksonomies usually
adopted the tripartite graph model of social annotations. Such
methods consider tags as an equal part with users and re-
sources, and compute scores for all of them in a symmetric
way. Though they are easy to understand and effective to
compute, ranking algorithms based on tripartite graph model
may suffer from some problems. Tags are no more than a
piece of descriptive metadata; they themselves are not direct-
ly related to the quality of resources: the use of important
tags does not mean the related users and resources are also
important. In addition, malicious users often post spam an-
notations to the system with popular tags to attract more at-
tention from other users. Therefore, algorithms taking tag
importance into account are more susceptible to spam annota-
tions. In fact, as they serve as the semantic entities connect-

ing users and resources, tags are the best source to under-

stand user interest and resource content. Thus, the authors
adopted a bipartite graph model of social annotations by re-
moving tags from the tripartite graph model, moreover lever-
aged the tag information to model user interest and resource
content. To this end, the authors adopted the methodology
of statistical language modeling and developed a probabilistic
generative model to demonstrate the tagging scheme of users
and resources. Based on the query likelihood derived from
this model, the authors built their algorithm upon the mutual
reinforcement between users and resources, and also noticed
that the mutual reinforcing relations are not equally important
and assign each one of them with a weight according to the
coherence between the annotating tags and the corresponding
user and resource model.
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