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Fast Symbolic Data Clustering Algorithm Based on Symbolic Relation Graph
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Abstract Since a large amount of symbolic data is generated in practical applications, clustering of symbolicl data becomes an im-

portant research area of cluster analysis. Currently, many symbolic data clustering algorithms are proposed. When they are applied
in big data environment, there are still problems such as high computational cost and slow operation speed. This paper proposes a
fast symbolic data clustering algorithm based on symbolic relation graphs. It effectively solves this problem by replacing the

original data with a symbolic relation graph and reducing the size of the data set. A large number of experiments show that the

new algorithm is more effective than other algorithms.
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Fig.1 Framework of the proposed method
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Table 1 Information about symbolic attribute of lymphatic system
Object lymphatics Changes-in-node  Changes-in-stru  Special-forms class

xy displaced lac. central faint no Ma-lymph
Ty displaced lacunar drop-like chalices metastases
Ty displaced lac. central stripped vesicles Ma-lymph
T, deformed lacunar faint no metastases
x5 arched lac. margin diluted vesicles metastases
Zg deformed lac. margin grainy vesicles metastases
x; arched lac. margin diluted vesicles metastases
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Fig. 2 Process of forming symbolic relation graph of example 1
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Table 2 Description of UCI data sets
Dataset # Instance # Features # Classes
Soybean 47 35 1

Zoo 101 16 7
Lymphography 148 18 8
Dermatology 366 33 6
House-voting 435 16 2
Breast cancer 699 10 2
DNA 3190 60 3
Mushroom 8124 22 2
be_pool IS 2310 100 7
be_pool _FCT 3780 100 7
be_pool MNIST 5000 100 10
be_pool_ISOLET 7797 100 26
be_pool LR 20000 100 26
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Table 3 ARI comparison of clustering results of different algorithms
Datasets LCE MCLA COOLCAT ROCK Ng’s K-Modes San’s K-Modes ACE K XH*
Breast cancer 0.7178 0.5038 0.4513 0.6710 0.7240 0.6240 0.5040 0.7335
Soybean 0.7179 0.8098 0.1228 0.4326 0.6530 0.7228 0.6228 0.5543
Zoo 0.7404 0.2929 0.3834 0.4448 0.5834 0.6824 0.5734 0.8534
House-voting 0.4693 0.4840 0.1244 0.9908 0.3454 0.6204 0.7244 0. 5487
Dermatology 0.0787 0.3137 0.0271 0.2546 0.2710 0.2710 0.2710 0.4077
DNA 0.1329 0.1323 0.3712 0.0474 0.3421 0.5326 0.0437 0.5730
Mushroom 0.1022 0.3637 0.0088 0.6430 0.0088 0.0088 0.0562 0.6241
Lymphography 0.0400 0.0630 0.1381 0.4195 0.1381 0.1381 0.0638 0.1002
be_pool_IS 0.3491 0.5774 0.2739 0.1021 0.2739 0.5739 0.4323 0.6051
be_pool LR 0.4011 0.4070 0.1486 0.3908 0.1486 0.1486 0.4096 0.4198
be_pool FCT 0.1385 0.2209 0.0747 0.1023 0.0747 0.0747 0.3722 0.2369
be_pool_MNIST 0.4852 0.5702 0.2124 0.5637 0.2246 0.2124 0.6072 0.6534
be_pool ISOLET 0.3575 0.4333 0.3321 0.3744 0.2453 0.2475 0.4539 0.4627
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Table 4 NMI comparison of clustering results of different algorithms
Datasets LCE MCLA COOLCAT ROCK Ng’s K-Modes ~ San’s K-Modes ACE KX %
Breast cancer 0.8265 0.5038 0.3802 0.8064 0.7130 0.5910 0.6590 0.8356
Soybean 0.6195 0.8098 0.7590 0.5284 0.3400 0.7590 0.7590 0.6854
Zoo 0.4590 0.2929 0.1488 0.5332 0.1488 0.1488 0.4880 0.5524
House-voting 0.5367 0.4840 0.1789 0.9781 0.1789 0.1789 0.1789 0.6638
Dermatology 0.0180 0.3137 0.0658 0.3815 0.1658 0.1658 0.1658 0.4771
DNA 0.1604 0.1323 0.4756 0.2546 0.0531 0.1296 0.1922 0.0385
Mushroom 0.1330 0.3137 0.1701 0.1021 0.1701 0.6670 0.4064 0.3119
Lymphography 0.0471 0.1630 0.1638 0.6987 0.1638 0.4380 0.1210 0.1740
be_pool IS 0.1992 0.4059 0.4660 0.4936 0.4660 0.2740 0.2807 0.5136
be_pool LR 0.1254 0.1439 0.2826 0.3381 0.2826 0.5037 0.1430 0.6731
be_pool FCT 0.0867 0.1209 0.5901 0.3406 0.6741 0.2826 0.4844 0.6831
be_pool_MNIST 0.4355 0.4702 0.7410 0.3882 0.7901 0.5020 0.5326 0.8954
be_pool ISOLET 0.1394 0.2333 0.5648 0.4079 0.5648 0.2484 0.4406 0.6032
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Table 5 PE comparison of clustering results of different algorithms

Datasets LCE MCLA COOLCAT ROCK Ng’s K-Modes ~ San’s K-Modes ACE AXE*
Breast cancer 0.7548 0.8518 0.8188 0.8934 0.6501 0.6501 0.9472 0.9573
Soybean 0.6952 0.8324 0.9063 0.6259 0.3617 0.3617 0.7811 0.8241
Zoo 0.6196 0.6520 0.7065 0.6413 0.4059 0.4095 0.6853 0.7108
House-voting 0.7684 0.8871 0.7595 0.8076 0.6138 0.6138 0.8800 0.9111
Dermatology 0.6722 0.7804 0.7519 0.5490 0.3060 0.3060 0.7648 0.8274
DNA 0.4338 0.6880 0.6901 0.6273 0.3345 0.5180 0.4248 0.6973
Mushroom 0.4045 0.7390 0.6962 0.4396 0.5180 0.3864 0.4528 0.7821
Lymphography 0.5997 0.4234 0.4329 0.7913 0.3851 0.4608 0.6463 0.6581
be_pool IS 0.3854 0.7675 0.6541 0.6684 0.4291 0.4070 0.4167 0.7759
be_pool LR 0.2658 0.6397 0.6578 0.9264 0.0407 0.1300 0.2089 0.6200
be_pool FCT 0.2612 0.3370 0.3185 0.5747 0.1429 0.3871 0.1796 0.3365
be_pool_MNIST 0.4759 0.6178 0.6338 0.5780 0.1000 0.3987 0.1467 0.7675
be_pool _ISOLET 0.5128 0.3643 0.6584 0.5343 0.3850 0.3630 0.5975 0.6708
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Table 6 Comparison of clustering time of different algorithms

Datasets LCE MCLA COOLCAT ROCK Ng’s K-Modes  San’s K-Modes ACE HE %
Breast cancer 17. 164 4.005 0.656 131.002 0.625 0.721 905. 942 0. 541
Soybean 0.225 0.797 0.62 0.297 0. 881 0. 46 0.5 0.234
Zoo 5.563 0.375 0.32 1.187 0. 26 0.31 3.094 0.132
House-voting 15.532 0.656 0.367 36.329 0. 31 0.78 211.133 0.209
Dermatology 53.907 1. 141 2.53 23.219 0. 402 2.082 847. 304 1.289
DNA 1109. 4 1.516 43.139 3406 58.99 64.142 1587.9 8.371
Mushroom 10542 1.375 37.943 625.9 1.922 1.469 503.759 1.053
Lymphography 2.641 0. 609 0.78 2.516 0.78 0.47 11.126 0.23
be_pool IS 24672 5.156 12.705 87253 10. 31 56.431 555.9 9.144
be_pool LR 37962 359.73 2113.3 10763 19. 21 79.372 7803 12. 4
be_pool FCT 5362.5 129.9 39. 397 9811 70.855 69.18 357.66 19.5
be_pool_MNIST 1532 15.781 84.002 4536 33.75 43.27 307.04 24.2

be_pool _ISOLET 2509.7 53.28 250.995 1052 18.658 25.609 964. 8 9.3
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Table 7 Comparison of ARI values of three clustering algorithms
before and after applying the proposed method

Datasets K-Modes SPC HC

before after before after before after

Breast cancer 0.5925 0.7830 0.8389 0.7335 0.6515 0.9370
Soybean 0.8192 0.5543 0.4436 0.5543 0.8298 0.5319
Zoo 0.7716 0.4874 0.4134 0.5534 0.6436 0.5842
House-voting 0.4318 0.4450 0.5487 0.6068 0.6161 0.8138
Dermatology 0.5797 0.3540 0.3264 0.4077 0.3224 0.3579
DNA 0.0530 0.1186 0.6357 0.0573 0.5191 0.5191
Mushroom 0.0470 0.7750 0.6349 0.2411 0.5224 0.5643
Lymphography 0.2009 0.0941 0.4324 0.1002 0.4257 0.4257
be_pool 1S 0.6154 0.6415 0.5960 0.6051 0.4835 0.4489
be_pool LR 0.3270 0.3263 0.2943 0.4198 0.0747 0.0920
be_pool _FCT 0.1849 0.1976 0.2841 0.2369 0.1444 0.1429
be_pool MNIST ~ 0.5354 0.6992 0.4559 0.6534 0.1018 0.1980
be_pool ISOLET 0.7090 0.8014 0.4627 0.5089 0.1507 0.3424
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Table 8 Comparison of NMI values of three clustering algorithms

before and after applying the proposed method

Datasets K-Modes SPC HC
before  after before  after before after

Breast cancer 0.6833 0.8742 0.7335 0.8356 0.5200 0.7630
Soybean 0.6553 0.3054 0.4468 0.3054 0.6738 0.1228
Zoo 0.6707 0.2694 0.4158 0.5024 0.4381 0.3834
House-voting 0.4905 0.5632 0.6138 0.6638 0.0037 0.3922
Dermatology 0.4149 0.2063 0.1477 0.3197 0.0045 0.2170
DNA 0.0272 0.0341 0.5188 0.0385 0.2140 0.1600
Mushroom 0.0604 0.5540 0.6355 0.3119 0.7370 0.0088
Lymphography 0.0505 0.1228 0.0174 0.4257 0.0270 0.1381
be_pool IS 0.4607 0.5104 0.4136 0.5286 0.2520 0.2624
be_pool LR 0.1205 0.1823 0.1573 0.1759 0.1900 0.0056
be_pool FCT 0.1024 0.1042 0.2839 0.1306 0.4510 0.8930
be_pool MNIST  0.3972 0.3098 0.4522 0.4895 0.1710 0.4520
be_pool _ISOLET  0.4709 0.5690 0.2603 0.4200 0.3440 0.3503
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