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Clustering Boundary Pattern Discovery for High Dimensional Space
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Abstract
space. However, the dimension of the latter may still be so high that any data mining task cannot be effectively finished.

Manifold learning aims to find a reasonable embed mode to map a high-dimensional space to a low dimensional

This paper proposes a simple matrix model to judge the symmetry of data object and its k£ nearest neighbors space, and
use the symmetry rate to extract the clustering boundary. Finally, the MMC algorithm is developed. Theoretical analysis
and experimental results show that the MMC can effectively detect the clustering boundary of low and high dimensional

spaces.
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Fig.1 The best clustering boundary detection results of different algorithms on synthetic datasets
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Table 2 The clustering boundary detection results of different algorithms on different data sets

GRS YEpE Sk ISR RuRS Heri 1 R 1 A TR 1 [ 4 F-measure
DS1 2 BAND 640 823 556 0.6756 0.8688 0.7601
BORDER 723 540 0.7469 0.8438 0.7924
BRINK 667 520 0.7795 0.8125 0.7957
BRIM 680 536 0.7882 0.8375 0.8121
BERGE 662 532 0.8036 0.8313 0.8172
MMC 630 576 0.9143 0.9000 0.9071
DS2 2 BAND 538 749 454 0.6061 0.8439 0.7055
BORDER 669 445 0.6366 0.8271 0.7195
BRINK 499 438 0.8778 0.8141 0.8447
BRIM 562 466 0.8292 0.8661 0.8472
BERGE 553 472 0.8535 0.8773 0.8652
MMC 549 503 0.9162 0.9349 0.9255
DS3 2 BAND 1077 1629 961 0.5899 0.8923 0.7103
BORDER 1252 831 0.6637 0.7716 0.7136
BRINK 1540 914 0.5935 0.8478 0.6985
BRIM 1188 935 0.7870 0.8682 0.8256
BERGE 1138 942 0.8278 0.8747 0.8506
MMC 1016 968 0.9528 0.8988 0.9250
DS4 2 BAND 1204 1944 1056 0.5432 0.8771 0.6709
BORDER 1802 1089 0.6043 0.9045 0.7246
BRINK 1817 1003 0.5520 0.8331 0.6640
BRIM 1355 1062 0.7838 0.8821 0.8300
BERGE 1246 1123 0.9013 0.9327 0.9167
MMC 1228 1138 0.9267 0.9452 0.9359
Biomed 4 BAND 30 26 22 0.8462 0.7333 0.7857
BORDER 26 23 0.8846 0.7667 0.8214
BRINK 36 30 0.8333 1.0000 0.9089
BERGE 26 24 0.9231 0.8000 0.8572
MMC 30 28 0.9333 0.9333 0.9333
Cancer 10 BAND 37 37 25 0.6757 0.6757 0.6757
BORDER 37 28 0.7568 0.7568 0.7568
BRINK 37 29 0.7837 0.7837 0.7837
BERGE 37 28 0.7568 0.7568 0.7568
MMC 38 34 0.8947 0.9189 0.9067
Colon 2000 BAND 7 6 5 0.8333 0.7143 0.7692
BORDER 7 7 1.0000 1.0000 1.0000
BRINK 6 5 0.8333 0.7143 0.7692
BERGE 6 5 0.8333 0.7143 0.7692
MMC 7 7 1.0000 1.0000 1.0000
Prostate 10509 BAND 18 17 16 0.9412 0.8889 0.9143
BORDER 19 18 0.9474 1.0000 0.9730
BRINK 17 16 0.9412 0.8889 0.9143
BERGE 17 16 0.9412 0.8889 0.9143

MMC 18 18 1.0000 1.0000 1.0000
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