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Extraction of Latent Topic Transition using Dynamic Topic Model
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In this study, we focus on extraction of latent topic transition from POS data. POS analysis is conducted to obtain frequent patterns of
customer’s behavior. In the fundamental method for POS analysis such as market basket analysis we can extract sets of products often
bought at the same time. In market basket analysis, however, the effect of time series is hardly considered. We conducted the experiment
based on two hypotheses. One is that each product has several topics. The other is that the proportion of each product on a topic changes
as the time period changes. To extract topics and their changes, we used Dynamic Topic Model (DTM), an extended model of Latent
Dirihlet Allocation (LDA). As a result, we obtained the change of the word distribution on each topic. Different topics have different
characters, but seem to have a certain co-relationship correlation according to the correlation analysis we executed for several items.
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