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Abstract

We proposes a new method using the non-negative matrix factorization (NMF) and clustering method to

extract the sentences for personalized document summarization. The proposed method uses clustering method

for retrieving documents to extract sentences which are well reflected topics and sub-topics in document. Beside

it can extract sentences with respect to query which are well reflected user interesting by using the inherent

semantic features in document by NMF. The experimental results shows that the proposed method achieves

better performance than other methods use the similarity
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Fig. 1. Result of comparison methods
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