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Document Clustering with a small number of phrases and its application to the Web Search
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This paper propose a document clustering algorithm which is an extended version of Suffix Tree Clustering
algorithm. We improved two defects of STC, - phrase selection and similarity measure of cluster merging. Through
the experiments we compared our method with several clustering algorithm. Then we indicate that our method

outperforms not only the original STC but other well-known methods.
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57 AH 0.06 0.10 0.31 | 0.25 0.51
1077 A% | 0.09 0.18 0.46 | 0.36 0.53
157 A% 0.12 0.17 0.45 0.40 0.47
ERaNS 0.09 0.15 0.43 0.34 0.51
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STC | GAHC | Back | Frac | x-STC
matrix 0.16 0.18 0.27 | 0.24 0.40
apple 0.13 0.26 0.22 | 0.17 0.20
windows | 0.10 0.24 0.17 | 0.17 0.16
science 0.09 0.16 0.23 | 0.21 0.33
robot 0.22 0.31 0.25 | 0.27 0.31
mp3 0.09 0.08 0.11 | 0.18 0.21
bush 0.14 0.24 0.26 | 0.21 0.31
time 0.20 0.26 0.40 | 0.34 0.45
madonna | 0.13 0.22 0.30 | 0.23 0.28
football 0.06 0.11 0.07 | 0.07 0.12
B30 0.13 0.21 0.23 | 0.23 0.28
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OFE 1 BEEEHLE. X, 742 FUIFE#H
7%, ’Top/Computers/Systems/Apple/Macintosh/’ T & -
7244, 'Computers’ # Efg 7~ L& LCHWS. T4 L7
FUEHRIZT N TON—=VRDIROA TV D DT TIERWVO
T, By FURAMRLT 4 L7 R UTEHREZ O B 100 A0
URL %227 FAX Y I35 & L.
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*3  http://www.google.com/apis/
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