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Abstract: With the popularity of the Internet, the scale of unstructured text data is drastically
expanding and increasingly used for mass communication. Therefore, extracting hotspot
information from massive data has become an important research topic. Aiming at method
improvement and analysis of hot news mining, a method for identifying hot news events based
on comments was proposed by virtue of similarity calculation method, in combination with the
news and event model, and the TextRank algorithm for extracting keywords. Experimental
results show that this method has certain feasibility.
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Fig. 1 Basic composition of news event
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Table 1 Standard event set
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Fig.3 Evaluation on number of keywords
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Table 2 Keyword list for events
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