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Development of an Interactive LDA Visualization Tool
Ayaka Kuroda

Graduate School of Language and Culture, University of Osaka
1-8 Machikaneyama-cho, Toyonaka, Osaka, 560-0043 Japan

Abstract Textual analysis using LDA, a generative probabilistic topic model,
is recently attracting attention among the field of literary analysis. However, we have
had difficulty in choosing the number of topics when it comes to long literary texts,
because each of them usually contains various topics. Thus trial and error is required
in the analysis process.

We, therefore, attempt to develop an interactive LDA visualization tool which can
compare multiple models we created by changing the number of topics. The aim of
this tool is to make the trial-and-error process easier, and to help our understanding
of complex but meaningful topical structures.
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