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A Semi-supervised Agglomerative Hierarchical Clustering Method Based on

Dynamically Updating Constraints

ZHOU Chen-Xi' LIANG Xun! QI Jin-Shan’' 2

Abstract A semi-supervised agglomerative hierarchical clustering method based on dynamically updating constraints
is proposing in this research. Following the existing semi-supervised clustering algorithm, this method uses the must-link
and cannot-link constraints. Instead of using the idea that the instances with must-link constraints are pre-clustered
before agglomerating with the others, this method employs a more general and reasonable process. Firstly, must-link
and cannot-link constraints are expanded to compose a constraints closure. Then, a standard agglomeration instructed
by cannot-link constraints is processed. During this procedure, the must-link and cannot-link are dynamically updated
according to the intermediate clustering results. This updating process guarantees the validity of the final results. The
fundamental advantage of this method is omitting the pre-clustering process of the instances with must-link constraints.
This modification ensures that data points gain a more reasonable agglomeration order, which may result in a significant
improvement on the clustering results. This research also introduces an implementation of this model based on Ward's
method, leading to the C-Ward algorithm. The experimental analyses on both artificial simulated datasets and real world
datasets show that this method is much better than the others.
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Fig.1 Two examples to illustrate the problems of directly merging instances contain must-link constraints at the

beginning of the algorithm
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Table 1  Summary of the dataset for the experimental analysis
Number Dataset Instances Features Classes
1) aggregation!4ll 788 2 7
2) compound 42! 399 2 6
3) path(43] 300 2 3
4) banknote!4] 1372 4 2
5) ionosphere!“°] 351 34 2
6) tic-tac-toel*0] 958 9 2
7 libras-movement 44l 360 90 15
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Kl 2 BERIHERERTR: (a) aggregation, (b) compound % (c) path
Fig.2 Illustrations of the artificial simulated datasets: (a) aggregation, (b) compound, and (c) path
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Table 2 Experimental results when the number of the constraints is 100
Dataset Algorithm
COP-KMEANS C-DBSCAN AHCC-Ward C-Ward CW-CO p-value CW-CD p-value CW-AH p-value
aggregation 0.752 £ 0.039 0.799 = 0.085 0.944 £ 0.042 0.954 £ 0.031 0.000 0.000 0.133
compound 0.590 £+ 0.064 0.633 £ 0.099 0.679 £ 0.087 0.890 £ 0.087 0.000 0.000 0.000
path 0.548 + 0.033 0.681 + 0.085 0.643 £ 0.103 0.912 £ 0.116 0.000 0.000 0.000
banknote 0.534 £ 0.019 0.626 + 0.122 0.688 £ 0.124 0.872 £ 0.161 0.000 0.000 0.000
ionosphere 0.565 + 0.027 0.510 £ 0.071 0.532 £ 0.090 0.262 + 0.224 0.000 0.000 0.000
tic-tac-toe 0.533 £ 0.011 0.350 £+ 0.030 0.362 £ 0.039 0.215 £ 0.194 0.000 0.000 0.000
libras-movement 0.334 + 0.021 0.152 £ 0.012 0.370 £+ 0.017 0.363 £ 0.026 0.141 0.000 0.000
urban-land-cover 0.507 + 0.026 0.248 + 0.016 0.485 + 0.042 0.405 + 0.056 0.000 0.000 0.000
£ 3 AREGEN 200 ISR R G
Table 3  Experimental results when the number of the constraints is 200
Dataset Algorithm
COP-KMEANS C-DBSCAN AHCC-Ward C-Ward CW-CO p-value CW-CD p-value CW-AH p-value

aggregation 0.743 + 0.051 0.870 + 0.070 0.969 *+ 0.049 0.985 *+ 0.015 0.000 0.000 0.060
compound 0.627 £ 0.096 0.696 + 0.093 0.667 £ 0.094 0.939 £ 0.042 0.000 0.000 0.000
path 0.531 = 0.040 0.732 £ 0.092 0.677 £ 0.096 0.961 + 0.086 0.000 0.000 0.000
banknote 0.536 = 0.023 0.701 + 0.133 0.713 £ 0.099 0.972 £ 0.086 0.000 0.000 0.000
ionosphere 0.545 + 0.034 0.500 = 0.074 0.614 £ 0.093 0.394 £ 0.355 0.026 0.133 0.003
tic-tac-toe 0.537 £ 0.018 0.304 = 0.036 0.344 £ 0.051 0.153 £ 0.183 0.000 0.000 0.000
libras-movement 0.336 = 0.023 0.163 = 0.015 0.364 &+ 0.020 0.370 % 0.027 0.323 0.000 0.000
urban-land-cover 0.502 £ 0.027 0.254 £ 0.020 0.450 £ 0.053 0.354 £ 0.042 0.000 0.000 0.000
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Table 4 Experimental results when the number of the constraints is 2 000
Dataset Algorithm
COP-KMEANS C-DBSCAN AHCC-Ward C-Ward CW-CO p-value CW-CD p-value CW-AH p-value

aggregation 0.732 + 0.067 0.981 + 0.012 0.956 + 0.061 1.000 %+ 0.000 0.000 0.000 0.000
compound 0.695 + 0.098 0.900 + 0.035 0.692 #+ 0.033 0.984 + 0.014 0.000 0.000 0.000
path 0.624 + 0.061 0.915 + 0.052 0.676 + 0.039 0.984 + 0.012 0.000 0.000 0.000
banknote 0.513 + 0.049 0.852 £+ 0.115 0.690 + 0.117 0.999 + 0.004 0.000 0.000 0.000
ionosphere 0.608 + 0.106 0.615 + 0.093 0.695 + 0.019 0.856 * 0.031 0.000 0.000 0.000
tic-tac-toe 0.513 + 0.060 0.181 + 0.016 0.644 + 0.037 0.920 + 0.011 0.000 0.000 0.000
libras-movement  0.376 £+ 0.031 0.297 + 0.037 0.432 + 0.038 0.637 + 0.039 0.000 0.000 0.000
urban-land-cover 0.626 = 0.026 0.406 &+ 0.034 0.567 &+ 0.039 0.645 & 0.032 0.000 0.041 0.000
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Fig.3 Changes on the average F-measure values in 30 experiments with the increase of constraints number: (a)

aggregation, (b) compound, (c) path, (d) banknote, (e) ionosphere, (f) tic-tac-toe, (g) libras-movement, and (h)

urban-land-cover
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