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We propose a method to predict consumption trends from web data by Recurrent Neural Network(RNN). Re-
cently, Japanese media contents (such as anime and manga) are gaining more and more attention internationally.
But in terms of business it is not making successful results. The main reason is the difficulties of percieving lo-
cal consumer consumption trends. In web mining field, many researches were conducted to predict trends using
features extracted from web. Thus, in this research we aim to predict trend of Japanese media contents by using
data extracted from web. Specifically, we calculate consumption trend based on sales ranking of online commerce
site, and use features extracted from Twitter and Wikipedia. In this paper, we report result of trend prediction
using several RNN models and compare its accucracy to SVR. Results shows that prediction with RNN is better

accuracy compared to prediction with SVR.
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Average MSE  Number of titles
of test title with smaller MSE
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