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Abstract  In the Web 2. 0 era now, tags served as an effective way for web resources management
and retrieval, has been a hotspot research topic. Developers usually associate manually several
relevant tags to the newly created Mashup, which makes it easy to understand and retrieve for
Mashup users, as well as facilitates the classification and management of Mashup resources.
However, it is extraordinary time-consuming and tedious to create manual tags for new Mashups.
There have not an effective method which can recommend relatively accurate tags for new Mashups
automatically so far though it is very important. In this paper we propose a method for Mashup
tag recommendation based on a topic model. The model simultaneously takes the description
documents for Mashups and Web Application Programming Interfaces ( APIs) as well as the
composition relationships between them into account. Based on the model, our approach first
selects the most similar APIs of the target Mashup. Subsequently, those chosen similar APIs and
composed APIs of this Mashup are combined into a single APIs set. We select several most
important APIs from this APIs set based on a weighted PageRank algorithm. Finally, tags of

these important APIs are recommended to the Mashup. We also design an algorithm to rank tags
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recommended according to their topic relevance with the target Mashup. The experimental results

on a real world dataset collected from ProgrammableWeb prove that our approach obviously

outperforms other tag recommendation methods.
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This paper studies the problem of automatic tag recom-
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Mashups and Web APIs as well as the composition relation-
ships between them into account. Based on the model, our
approach first selects the most similar APIs of a new Mashup.
Subsequently. those chosen similar APIs and member APIs
of this Mashup are combined into a single APIs set. Then we
select several most important APIs from this APIs set based
on a weighted PageRank algorithm. Finally, tags of the
important APIs are recommended to this Mashup. Moreover,
we design a ranking algorithm for tags to be recommended.
which assigns higher recommendation score to those tags
whose topics are most similar to Mashup.
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