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Mixture of Topic Models for Analysing Microblogs
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Topic Models are widely used for analysing large-scale text information. In some studies, for analysing microblogs
such as Twitter, all the tweets of each user are aggregated as a single document, because tweets are too short and
can not analyse them properly. As the result, the number of words is increased, but the difference of topics can not
be expressed properly. In this paper, we propose a new topic model to overcome these difficulties. The proposed
model clusters a set of tweets for each user. The tweets assigned to a same cluster are considered as a single
document, and we infer topic proportions for each cluster. Because the proposed method has a topic distribution
for each cluster, we can express a tweet as a mixture of topic distributions. In the experiment, we demonstrate the
effectiveness of the proposed model using dataset of Twitter.
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1. For each topic k =1,..., K
a. draw ¢y, ~ Dirichlet(3)

2. For each user u=1,...,U

a. draw m, ~ SBP(7)

b. For each cluster £ =1,...,L,,
i. draw 0,4 ~ Dirichlet(cx)

D,

i. draw y,s ~ Categorical(m,,)

s Nus

A. draw zys, ~ Categorical(6.,y,,)

c. For each tweet s =1,...,

ii. For each word n =1,...

B. draw wys, ~ Categorical(¢,,,. )
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