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Abstract A lot of video sharing sites exist, a great number of video contents are offered to the user, and the sites
where the comment can be submitted to video contents exists. These comments become clues to know of the content
of video without seeing the video itself. In this study, the method for the technique for clustering is described about
the comment contributed to video. We used the hybrid method of NMF (Non-negative Matrix Factorization) and
PLSI(Probabilistic Latent Semantic Indexing) for clustering. The method converts a higher dimension matrix into

a lower one and finds topics in comments. Accuracy improved by this technique compared to clustering using NMF

only.
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