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A Study on Topic Transition Analysis Method Using FKC Corpus
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With the spread of SNS, text mining to acquire useful knowledge from enormous data has been active. Moreover,
much attention has been paid to time series data and many studies predicting social phenomena have been reported.
However, there are few studies focusing on the seriesiness of text data for each user and it can be expected to be a
new viewpoint of data analysis in near future. In this paper, we discuss the behavior modeling of users based on
text data. We propose a method using LDA as the document representation and Neural Network as the transition
modeling. By using Neural Network, it becomes possible to expand the expression ability and flexibility, and then,
the improvement of modeling can be expected compared with the conventional method. In fact, we carry out an
experiment and report that the performance of the proposed method is improved. We also show an example of
topic transition analysis and mention the practicality of the method.
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J4E, SNS (Social Networking Service) D KIZfE, I
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TM-LDA[Wang 12] Tl&, LDAIZE Y ERI NS M o
DAEEH, YV THERIRETD I LT, CEOHIERMERE
KBTDINEERTH T 2R (1) I L VEEFT 5.
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HERT 2 28T, H-RTHETNVOREEE UTHHTSZ
LANEREE S, iz, HERUE (RAHOMRRE) O%E,
MG U -BHRDAE 1 TRIT D one-hot NI MLEHWD
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4.1 ERAFZE

HDa—VomME, HOEE251,2,...,n &35,

1L 1~(n—1) OEFzE¥FEFT—2 L, LDA 2T h
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D, EAVNIWVIFEFRRGENE N & 2 EERT 5.

4.2 FKC 3d—/%Z
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R - TR - A OEMEICREBO RV R L. I
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