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K-means dynamic web topic detection method based on named entities
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Abstract ; Current text representation models are not suitable for web topic detection, and the traditional K-means
clustering algorithm has some drawbacks. The authors developed a dynamic K-means detection algorithm for web
topics on the basis of named entities. In the new method, the representation model of the traditional topic detection
method was modified. The text was represented by a combination of named entities and text features. The weight of
the named entity was described by its contribution to the representation. The number of clusters K in the K-means
algorithm self-converged by the use of an adaptive technique. The K-means algorithm was optimized, achieving a
dynamic detection of web topics by using dynamic selection of K values. Experimental resulis indicated that the new
method detects and distinguishes between similar topics effectively, thus significantly improving the performance of
topic detection.
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Fig.1 Flow chart of Web topic dynamic detection based on named entities
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