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Cauchy Kernel-Based Density Peaks Clustering Algorithm for Categorical Data
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Abstract: The density peak clustering algorithm has difficulty in producing better clustering results when dealing with
categorical data. To address this phenomenon, the article analyzes in detail the reasons for its generation: the overlap prob-
lem of distance calculation and the aggregation problem of density calculation. To address the above problems, this article
proposes a density peak clustering algorithm for categorical data, referred to as CDPCD. The algorithm points out the ordi-
nal feature (the order relationship between attribute values of categorical data) that rarely exists in the current categorical
data distance metric process, and then proposes a weighted ordered distance measure based on probability distribution to
alleviate the overlap problem. The data density values are re-evaluated by combining the method of the Cauchy kernel
function on a shared nearest neighbor density peak clustering algorithm with improved density calculation and quadratic
assignment, which enhances the density diversity and reduces the impact caused by the aggregation problem. Experimental
results on several real datasets show that CDPCD achieves better clustering results compared to traditional division-based
and density-based clustering algorithms.
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Table 2 NMI result
Data sets KM  WKM MWKM EBDM-KM HDNDW UDMKM DPC CDPCD
Lenses 0237 0217 0.248 0.251 0.297 0.257 0263  0.324
Primary 0.418 0.425 0.433 0.410 0.423 0.399 0.379 0.431
Lym 0.091  0.150 0.163 0.201 0.242 0.120 0.172  0.296
Breast 0.004  0.001 0.044 0.008 0.064 0.011 0.049  0.092
Flare 0.223  0.255 0.211 0.312 0.310 0.233 0.354  0.473
Dermatology  0.665  0.594 0.728 0.671 0.814 0.802 0531  0.921
Soybean 1.000 0.828 0.889 1.000 0.893 0.798 0.835  1.000
Zoo 0.723  0.708 0.751 0.729 0.741 0.743 0.668  0.931
House 0.447  0.476 0.501 0.521 0.541 0.511 0.530  0.539
Tic 0.024  0.011 0.027 0.012 0.007 0.017 0.000  0.019
Post 0.007  0.005 0.009 0.002 0.008 0.002 0.000  0.014
Wisconsin 0.588  0.400 0.620 0.644 0.768 0.682 0.567  0.821
Lecturer 0.077  0.068 0.064 0.094 0.142 0.087 0.065  0.179
Social 0.085  0.067 0.025 0.086 0.168 0.100 0.049  0.184
Car 0.127  0.055 0.133 0.106 0.126 0.090 0.081  0.160
#3 ARIZER
Table 3 ARI result
Data sets KM WKM MWKM EBDM-KM HDNDW UDMKM DPC  CDPCD
Lenses 0.101  0.104  0.124 0.114 0.227 0.167 0.168  0.239
Primary 0.167 0164  0.177 0.150 0.162 0.214 0.126  0.285
Lym 0.069 0.078 0.116 0.133 0.172 0.091 0.058 0.308
Breast 0.017 -0.002 0.098 0.009 0.139 0.027 0.083 0.176
Flare 0.140 0189  0.091 0.283 0.372 0.177 0230  0.384
Dermatology ~ 0.455  0.459  0.561 0.536 0.814 0.660 0.387  0.912
Soybean 1.000 0.823  0.894 1.000 0.938 0.893 0.717  1.000
Zoo 0.588 0576  0.598 0.578 0.701 0.526 0.411  0.962
House 0.548 0558  0.575 0.599 0.602 0.587 0.600  0.613
Tic 0.015  0.014  0.026 0.027 0.020 0.009  -0.001  0.048
Post -0.015 -0.012  0.014 -0.004 -0.003 -0.012 0.003  0.026
Wisconsin 0.678 0460  0.737 0.718 0.862 0.787 0.398  0.886
Lecturer 0.050  0.043  0.045 0.063 0.127 0.070 0.046  0.145
Social 0.040  0.046  0.020 0.058 0.112 0.077 0.028  0.132
Car 0.023  0.026  0.027 0.029 0.118 0.054 0.075  0.129
X4 FMIGHR
Table 4 FMI result
Data sets KM  WKM MWKM EBDM-KM HDNDW UDMKM DPC CDPCD
Lenses 0.416  0.440 0.424 0.399 0.499 0.433 0.486 0.563
Primary 0.306  0.254 0.272 0.287 0.322 0.305 0220  0.443
Lym 0.406  0.430 0.530 0.495 0.523 0.409 0.561 0.582
Breast 0.570  0.540 0.634 0.540 0.642 0.564 0.767 0.656
Flare 0.345 0.355 0.360 0.422 0.487 0.364 0.390 0.508
Dermatology  0.572  0.573 0.713 0.691 0.865 0.725 0.517 0.930
Soybean 1.000 0.915 0.934 1.000 0.963 0.927 0.803  1.000
Zoo 0.678  0.667 0.686 0.802 0.767 0.628 0533  0.972
House 0.773  0.779 0.792 0.800 0.810 0.793 0.800  0.801
Tic 0.502  0.530 0.539 0.543 0.543 0.522 0522 0572
Post 0.554  0.556 0.615 0.551 0.579 0.561 0.686  0.688
Wisconsin 0.863 0.771 0.732 0.912 0.937 0.905 0579  0.947
Lecturer 0.315 0.281 0.281 0.286 0.306 0.292 0.316 0414
Social 0.333 0.324 0.397 0.339 0.337 0.345 0.346  0.383
Car 0.477  0.393 0.453 0.390 0.446 0.415 0.464  0.466
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Table 5 Clustering results

Index CSNNDPC CDPCD(HDM) CDPCD(OF) CDPCD(Goodall)
NMI ARI FMI NMI ARI FMI NMI ARI FMI NMI ARI FMI
Lenses 0.140 0.041 0.358 0.157 0.108 0.448 0.157 0.107  0.448 0.027 0.013 0.337
Al% 1.314 4829 0573 1.064 1.213  0.257 1.064 1.234 0.257 11.000 17.385 0.671
Primary 0.275 0.037 0.226 0.371 0.094 0.202 0.371 0.095 0.201 0.278 0.087 0.276
Al% 0.567 6.703 0.960 0.162 2.032 1.193 0.162 2.000 1.204 0.550 2.276 0.605
Lym 0.219 0.169 0.460 0.221 0.221  0.502 0.221 0.221  0.502 0.161 0.099 0.433
Al% 0.352 0.822 0.265 0.339 0.394  0.159 0.339 0.394 0.159 0.839 2.111 0.344
Breast 0.079 0.146 0.642 0.048 0.060 0.634 0.001 0.001 0.530 0.005 0.014 0.560
Al% 0.165 0.205 0.022 0.917 1933 0.035 91.000 175.000 0.238 17.400 11.571 0.171
Flare 0.413 0.367 0.451 0.365 0.266  0.413 0.366 0.256  0.413 0.030 0.015 0.455
Al% 0.145 0.046 0.126  0.296 0.444  0.230 0.292 0.500 0.230 14.767 24.600 0.116
Dermatology ~ 0.875 0.846 0.883 0.856 0.802 0.851 0.756 0.706  0.750 0.766 0.658 0.741
Al% 0.045 0.078 0.053 0.068 0.137  0.093 0.209 0.292  0.240 0.193 0.386 0.255
Soybean 0.948 0.953 0.965 0.893 0.891 0.918 0.750 0.622 0.719 0.645 0.390 0.569
Al% 0.055 0.049 0.036 0.120 0.122  0.089 0.333 0.608 0.391 0.550 1.564 0.757
Z00 0.908 0.924 0.955 0.809 0.848 0.885 0.789 0.748  0.799 0.667 0.582 0.709
Al% 0.025 0.041 0.018 0.151 0.134  0.098 0.180 0.286  0.217 0.396 0.653 0.371
House 0.520 0.611 0.727 0.493 0.510 0.720 0.548 0.621 0.720 0.493 0.573 0.686
Al% 0.037 0.003 0.102 0.093 0.202 0.113 -0.016 -0.013 0.113 0.093 0.070 0.168
Tic 0.005 0.014 0.567 0.005 0.004 0.425 0.005 0.001 0.535 0.002 0.001 0.538
Al% 2.800 2429 0.009 2.800 11.000 0.346 2.800 47.000 0.069 8.500 47.000 0.063
Post 0.004 0.002 0.540 0.005 0.030 0.565 0.007 0.030 0.666 0.011 0.005 0.757
Al% 2,500 12.000 0.274 1.800 -0.133 0.218 1.000 -0.133  0.033 0.273 4200 -0.091
Wisconsin 0.678 0.737 0.876  0.667 0.763  0.837 0.767 0.860 0.938 0.788 0.874 0.939
A(%) 0.211 0.202 0.081 0.231 0.161 0.131 0.070 0.030  0.010 0.042 0.014 0.009
Lecturer 0.147 0.069 0.403 0.051 0.023  0.309 0.051 0.023  0.309 0.064 0.055 0.355
Al% 0.218 1.101  0.027 2510 5.304 0.340 2.510 5304 0.340 1.797 1.636 0.166
Social 0.098 0.058 0.374 0.042 0.005 0.380 0.003 0.001 0.367 0.061 0.019 0.402
Al% 0.878 1.276 0.024 3.381 25400 0.008 60.333 131.000 0.044 2.016 5947 -0.047
Car 0.121 0.104 0.464 0.101 0.062  0.450 0.003 0.002 0.435 0.006 0.004 0.464
Al% 0.322 0.240 0.004 0.584 1.081 0.036 52.333 63.500 0.071 25.667 31.250 0.004
Avg 0.362 0.339 0.593 0.339 0.312  0.569 0.320 0.286  0.555 0.267 0.226 0.548
AvgA/% 0.642 2.002 0.172 0.968 3.295 0.233 14.174 28.467 0.241 5.606 10.044 0.238
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Table 6 Running time experiment results

Data sets K Mode NMI Time/s
. . original 0.804 1.81
Wisconsin 15
now 0.821 1.74
. original 0.008 2.58
Tic 15
now 0.019 2.56
original 0.180 4.43
Lecturer 20
now 0.179 4.03
. original 0.149 4.87
Social 20
now 0.184 4.24
original 0.134 6.21
Car 25
now 0.160 5.89
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Fig.11 Effect of parameter K on clustering result NMI
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Table 7 Kernel function comparison experimental results

(a)NMI
Data sets GK RQK EK CK
Lenses 0.256 0.171 0.249 0.324
Primary 0.352 0.227 0.411 0.431
Lym 0.246 0.186 0.256 0.296
House 0.489 0.289 0.532 0.539
Wisconsin 0.807 0.819 0.804 0.821

(b)ARI
Data sets GK RQK EK CK
Lenses 0.193 0.122 0.181 0.239
Primary 0.115 0.175 0.128 0.285
Lym 0.149 0.129 0.158 0.308
House 0.449 0.360 0.613 0.613
Wisconsin 0.849 0.713 0.885 0.886
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