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Abstract Because of the high time complexity and complicated parameter setting in traditional density-based

clustering algorithm, a new density definition is proposed, which just needs one parameter and can find clusters

with different densities. The authors also expand the algorithm to a two-stage dynamic density-based clustering

algorithm, which can process large-scale text corpus data.

Experiments on synthetic dataset, large-scale dataset

from UCI, English text corpus and Chinese text corpus show that TSDDBCA algorithm has the characteristic of

easy parameter setting and high clustering efficiency,
text data.

and can be applied to clustering processing to large-scale
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Hudi 4R B SRR A KL LSIE NN
Dataset1 4 217
Dataset2 24 3400
Dataset3 6 939
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Table 2 Result of different clustering algorithms
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Wi A S SV
B KEE%
SNN K=4,Eps=1,minpts=4 4 100
Dataset] DBSCAN Eps=0.05,minpts=2 4 100
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SNN K=5,Eps=1,minpts=5 24 100
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DDBCA
K=12 6 95.0638
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Fig. 4 Comparision of clustering result of TSDDBCA and
one-pass clustering algorithm on Reuters-21578
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Fig.5 Comparision of clustering result of TSDDBCA and
one-pass clustering algorithm on Sogou Chinese text
corpus
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Table 5 Comparision of different clustering algorithms on Reuters-21578 and Sougou corpus

— RIEABA RINGIE PAT I ) /s
SNN DDBCA TSDDBCA SNN DDBCA TSDDBCA SNN DDBCA TSDDBCA
1000 355 421 6 0.898 0.952 0.909 11.696 11.512 0.655
3000 1167 1280 15 0.914667  0.945667 0.903667 102.834 102.398 0.936
Reuters-21578 5000 1948 2145 15 0.919 0.9504 0.901 290.583 285.938 1.17
7000 2793 2906 19 0.92151 0.943286 0.903667 570.59 569.288 1.419
FH 1565 1688 13 0.913294  0.947838 0.904334 243.925 242.284 1.045
S 000 355 3 1 0908 0942 o082 2722 1288 0708
3000 1070 1170 13 0.928333  0.934 0.861 110.312 111.052 0.936
S 5000 1803 2089 17 0.917 0.9356 0.867 311.489 307.254 1.31
7000 2736 2957 18 0.925571  0.938857 0.862571 655.288 649.187 2.199
9000 3520 3823 25 0.925111  0.942222 0.869333 1097.4 1076.34 2.551
FH 1896 2084 16 0.920803  0.938536 0.868381 437.4422 431.3426 1.5408
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