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Micro-blog’s Text Classification Based on MRT-LDA
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Abstract Micro-blog’s widespread use has produced a large number of micro-blog data, which contains a large number
of valuable information. However, due to the short text content of micro-blog information and its own information on
the social network, the traditional model method is not so effective to deal with micro-blog information, For this kind of
special text,the traditional text mining algorithm can’t be very good. Based on latent dirichlet allocation (LDA), this
paper put forward a micro blogging generation model MRT-LDA according to the characteristics of micro blog informa-
tion, which takes the relations between Chinese micro-blog documents and other Chinese micro-blog documents into

consideration to help topic mining in micro-blog. Gibbs sampling method is used to inference the model, the results indi-

cate that the model can offer an effective solution to text mining for Chinese micro-blog.
Keywords Micro-blog, Topic mining, LDA,MRT-LDA, Probabilistic generative model, Social network
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