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Topic Sentence Extraction Method Based on
Weight Fuzzy Clustering and Mutual Information
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Abstract A topic sentence extraction method based on Weight Fuzzy Clustering(WFC) and Mutual Information(MI) is proposed, which is to
cover more topics and lower the redundant information of the text. The abstract efficiency is promoted. Using WFC method, the sentences is
classified. Sentences in each cluster is ranked by MI values. High qualified abstact is obtained. Experimental results show that, compared with
former clustering method, this method can improve the precision by nearly 15%, and has about 70% accuracy. It can get text information correctly.
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2 20%
1 WFCM
(% I(%
o %) %)
P R F P R F
10 68.08 60.29 6395 5109 5201 5155
30 20 7321 68.09 7056 54.07 53.04 5355
30 7428 7190 7307 5405 5508 54.56
10 66.26 60.87 6345 49.80 5121 50.50
30 20 7058 66.28 68.36 51.02 53.07 52.02
30 7428 70.28 7222 5501 56.63 5581
10 69.50 69.58 69.54 50.07 54.06 51.99
20 20 7228 7389 7308 5104 56.01 53.41
30 7428 7558 7492 57.30 5872 58.00
10 66.28 67.29 66.78 48.09 5107 49.54
10 20 7228 7115 7171 47.09 49.08 48.06
30 7428 7315 7371 50.02 5207 5102
10 31.58 32.85 3220 28.05 21.08 24.07
10 20 3558 2929 3213 2754 2505 26.24
30 37.26 3315 3509 28.09 27.08 27.58
2 20%
1(%) 1(%)
P R F P R F
K-means 60.38 6265 6149 4173 4294 4233

Fuzzy-means 67.35 70.00 68.65 4501  46.47  45.73
weightF-means 73.77 70.16 71.87 5293 5415 5350
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