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Abstract: Latent Dirichlet Allocation (LDA) is a topic model which has been applied to various fields. It
has been also applied to user profiling or event summarization on Twitter. In the application of LDA to
tweet collection, it generally treats aggregated all tweets of a user as a single document. On the other hand,
Twitter-LDA which assumes a single tweet consists of a single topic has been proposed and showed that it
is superior to the former way in topic semantic coherence. However, Twitter-LDA has a problem that it is
not capable of online inference. In this paper, we extend Twitter-LDA in the following two points. First,
we model the generation process of tweets more accurately by estimating the ratio between topic words and
general words for each user. Second, we enable it to estimate temporal dynamics of user interests and topic
trends in online based on Topic Tracking Model (TTM) which models consumer purchase behaviors.
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Table 1 Perplexity of each model in 10 runs

LDA Twitter-LDA

50 943.5(9.8) 1120.4(24.4) 725.9(10.0)

100 950.6(12.5) 928.2(16.1) 630.4(12.5)

150 958.1(6.2) 825.3(10.8) 580.3(9.9)

200 963.0(12.1) 742.8(10.5) 536.0(9.5)

250 973.4(9.9) 695.4(11.9) 507.4(7.7)
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Fig. 3 Graphical model of DTM
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( 1 ) Draw θt,B ∼Dirichlet(λ)

( 2 ) For each topic k = 1, ...,K,

( a ) draw θt,k ∼Dirichlet(βt,k θ̂t−1,k)

( 3 ) For each user u = 1, ..., U ,

( a ) draw φt,u ∼Dirichlet(αt,uφ̂t−1,u)

( b ) draw πt,u ∼Beta(γ)

( c ) for each tweet s = 1, ..., Nu

( i ) draw zt,u,s ∼Multinomial(φt,u)

( ii ) for each word n = 1, ..., Nu,s

(A ) draw yt,u,s,n ∼Bernoulli(πt,u)

( B ) draw wt,u,s,n ∼
Multinomial(θt,B) if yt,u,s,n = 0 or

Multinomial(θt,zt,u,s) if yt,u,s,n = 1
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Fig. 5 Generation process of tweets in proposed model
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Fig. 6 Graphical model of Twitter-TTM
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