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Multi-topic extraction algorithm based on concept clusters

MA Jialin'*, ZHANG Yongjun'*, WANG Zhijian'
(1. College of Computer and Information, Hohai University, Nanjing 211100, China; 2. School of Computer Engineering, Huaiyin In-
stitute of Technology, Huaian 223003, China)

Abstract ; There are a large number of multi-topic documents existing in the real world, and the extraction of multi-
topic is widely used in the fields of information retrieval, library science and intelligence. In the traditional theme
extraction algorithm, in most cases a theme is extracted for the whole text, which lacks of semantic information and
has high-dimensional vector and sparse defects. Setting concept vectors to represent text based on the repository of
cnki.net, merging synonyms and discriminating polysemy according to the semantic of concepts and context, there-
by achieving the computation of semantic similarity in light of the semantic relation among concepts. The multi-topic
extraction algorithm based on the concept of clusters (MEABCC) is proposed. The MEABCC acquires multiple top-
ics by clustering concepts. The conceptual clustering made by K-means algorithm is improved through the method of
presetting " default seed" , which makes up the undulating time and space overlay and the unstable results. This
happen to be caused by sensitivity to initial centers of traditional K-means algorithm. The experiments showed that
MEABCC has good accuracy, recall and F,values.

Keywords : semantic ; sparsity; context; knowledge base; concept clusters; multi-topic extraction; K-means; ME-

ABCC
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