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Attribute composition of

heterogeneous-attribute data
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Table 1 Example of heterogeneous-attribute data
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Table 2 Statistics of the 11 data sets

B 4B d, d, d, n
Qualitative 6 0 0 250
PE 4 0 0 66
Blance 4 0 0 625
Tic 0 9 0 958
CEE 3 8 0 666
Wine 0 0 13 178
Glass 0 0 9 214
HCV 0 0 11 581
Heart 1 6 270
Ganpanes 0 9 647
Adult 0 8 6 30 162
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Table 3 Experimental results of different heterogeneous-attribute data clustering algorithms on categorical data sets
SIS RS WKM WOCIL KP+CMS KP+UDM  WOCIL+CMS WOCIL+UDM SCAH

Qualitative  0.971+0.01 0.897+0.18 0.720+0.00 0.921+0.01 0.666+0.11  0.892+0.14  0.996+0. 00
PE 0.488+0.08 0.544+0.09 0.538+0.06 0.612+0.04 0.470+0.08 0.589+0.10 0.630+0.07
cA Blance 0.447+0.05 0.468+0.06 0.472+0.03 0.486+0.09 0.475+0.04  0.509+0.02 0.501+0. 04
Tic 0.540+0.03 0.555+0.03 0.648+0.01 0.525+0.02 0.625+0.03 0.567+0.03 0.571+0.05
CEE 0.307+0.01 0.303+0.02 0.313+0.01 0.310+0.02 0.312+0.01  0.310+£0.02 0.312+0.02
Qualitative 0. 886+0.02 0.743+0.40 0.184+0.00 0.707+0.02 0.140+0.21  0.682+0.35 0.984=0.00
PE 0.069+0.08 0.121+0.09 0.076+0.05 0.225+0.07 0.032+0.05 0.207+0.13  0.255%0.11
ARI Blance 0.044+0.04 0.051+0.05 0.004+0.01 0.095+0.10 0.013+0.02  0.122+0.03  0.129=0. 03
Tic 0.008+0.01 0.012+0.01 - 0.004+0. 01 - 0.020+0.02  0.027+0.03
CEE 0.001+0.00 0.002+0.00 0.001+0.00 0.008+0.01 0.001+0.00 0.007+0.01 0.009+0. 01
Qualitative 0. 838+0.02 0.728+0.38 0.268+0.00 0.673+0.02 0.168+0.19 0.646+0.31 0.966+0. 00
PE 0.113+£0.10 0.175+0.11 0.138+0.06 0.276+0.07 0.067+0.08  0.264+0.12  0.290+0. 09
NMI Blance 0.037+0.03 0.050+0.03 0.006+0.02 0.086+0.09 0.020+0.03 0.108+0.03 0.125+0. 03
Tic 0.007+0.01 0.008+0.00 0.001+0.00 0.004+0.01 0.001+0.00 0.017+£0.02  0.020=+0. 02
CEE 0.009+0.00 0.013+0.01 0.007+0.01 0.016+0.01 0.008+0.01  0.016+0.01 0.027=0. 03
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Table 4 Experimental results of different heterogeneous-attribute data clustering algorithms on numerical data sets
B REER LAETE S WKM WOCIL KP+CMS SCAH
Wine 0.683+0. 05 0.618+0. 07 0. 666+0. 07 0.713+0. 04
CcA Glass 0.451+0.03 0.433+0.03 0.453+0. 04 0.474+0. 05
HCV 0.439+0. 06 0.483+0. 08 0.388+0. 04 0.835+0. 15
Wine 0. 355+0. 07 0.225+0.03 0.268+0. 05 0.318+0. 07
ARI Glass 0.210+0. 05 0.163+0. 06 0.193+0. 04 0.178+0. 07
HCV 0.110+0. 03 0.122+0. 04 0.098+0. 01 0. 545+0. 25
Wine 0.340+0. 06 0.271x0.02 0.314x0. 06 0. 358+0. 05
NMI Glass 0.329+0.03 0.287x0. 06 0.341+0. 04 0. 347+0. 06
HCV 0.230+0. 03 0.231+0.05 0.243+0.01 0.428+0.13
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Table 5 Experimental results of different heterogeneous-attribute data clustering algorithms
on heterogeneous-attribute data sets
LRARCE T S WKM WOCIL KP+CMS KP+UDM  WOCIL+CMS WOCIL+UDM SCAH
Heart 0.624+0.03 0.762+0.07 0.635+0.05 0.739+0.10 0.669+0.06 0.714+0.09 0.787+0.07
CcA Ganpanes  0.618+0.05 0.596+0.09 0.630+0.05 0.673+0.13 0.600+0.04  0.593+0.11 0.710+0.11
Adult 0.642+0.03 0.683+0.06 0.680+0.02 0.576+0.00 0.653+0.08 0.599+0.11 0.714+0.01
Heart 0.062+0.04 0.288+0.12 0.075+0.06 0.263+0.16 0.122+0.07 0.211+£0.16  0.345=0. 11
ARI Ganpanes  0.060+0.04 0.064+0.10 0.072+0.06 0.182+0.18 0.043+0.04 0.071+0.16  0.221+0. 15
Adult 0.013+0.06 0.146+0.06 0.126+0.03 0.017+0.00 0.050+0.08  0.042+0.10 0.175%0. 00
Heart 0.053+0.03 0.220+0.09 0.103+0.04 0.206+0.13 0.148+0.08 0.166+0.12  0.267=0. 09
NMI Ganpanes  0.086+0.05 0.056+0.07 0.155+£0.04 0.143+0.14 0.072+0.06 0.071+0.14  0.176+0. 11
Adult 0.009+0.03 0.156+0.04 0.103+0.01 0.063+0.01 0.054+0.03  0.073+£0.05 0.153+0. 04
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Subspace Clustering of Heterogeneous-attribute Data Based on a New Distance Metric

DENG Xiugin', ZHENG Liping', ZHANG Yiqun®, LIU Dongdong'

(1. School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou 510520, China; 2. School of Computer Sci-
ence and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract ; Real datasets often contain categorical and numerical atiributes, and categorical attributes can be divided
into ordinal and nominal attributes. Datasets with both categorical and numerical attributes can be called heteroge-
neous-attribute data. To solve the problem that the existing distance metrics of heterogeneous-attribute data can not
distinguish ordinal attributes in the categorical attributes resulting in missing information and poor clustering effect,
a new subspace clustering algorithm based on distance metric was proposed. Firstly, this study summarized the ex-
isting progress of distance metric of heterogeneous-attribute data and the solutions to distinguish ordinal attribute.
Then the distance formulas were defined for the attribute values of ordinal, nominal, and numerical attributes from
the perspective of their natural characteristics. Subsequently, a dynamic weighting scheme was proposed to weight
different attributes according to their contributed inter-and intra-cluster distances during clustering. Finally, the
distance formula and dynamic weighting scheme were combined to form the distance metric applicable to heteroge-
neous-attribute data, and a subspace clustering algorithm for heterogeneous-attribute data was thus proposed. Be-
cause the algorithm unified the distance metric of heterogeneous-attribute data and could search clusters in sub-
space, it could achieve good clustering effect on heterogeneous-attribute data. Experimental results on 11 real data
sets showed the effectiveness of the algorithm.

Keywords: heterogeneous-attribute data; ordinal attribute ; distance metric; subspace clustering algorithm ; dynam-

ic weighting



