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Performance Comparison of Some K-medoids Clustering Algorithms
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Abstract

We propose a new algorithm for K-medoids
clustering which runs like the K-means clustering
algoritm and test several methods for selecting
initial medoids. The proposed algorithm calculates
similarity matrix once and uses it for finding new
medoids at every iterative step. To evaluate the
proposed algorithm, we use real and artificial data
and compare with the clustering results of other
algorithms in terms of three performance measures.
Experimental results show that the proposed
algorithm takes the reduced time in computation with
comparable performance as compared to the

Partitioning Around Medoids.
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2. Proposed Algorithm
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3. Numerical experiments

3.1. Artificial data
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(a) Adjusted Rand index
0]’42] % | K-means | PAM | Proposed

0% 0.7903 0.9679 0.9629

5% 0.8376 0.9534 0.9335

10 % 0.7836 0.9430 0.9430

15% 0.7957 0.9288 0.9189

20% 0.7305 0.9150 0.9115

25% 0.7708 0.9053 0.8904

30% 0.7750 0.8952 0.8915

35% 0.7595 0.8782 0.8609

40 % 0.7624 0.8667 0.8671

(b) Silhouette

©]%¢2] % | K-means | PAM | Proposed

0% 0.79757 | 0.82802 | 0.82595

o}

5% 0.78511 0.81524 0.8028
10 % 0.78077 | 0.80666 | 0.80487
15% 0.77571 | 0.79441 0.78373
20 % 0.76394 | 0.78607 | 0.78614
25% 0.75937 | 0.77632 | 0.77502
30 % 0.75308 | 0.76837 | 0.76609
35% 0.73058 | 0.75602 | 0.75372
40 % 0.7242 0.75043 | 0.74957
(c) Index I
o432 % | K-means | PAM | Proposed
0% 0.80537 1.4664 1.4416
5% 0.65205 1.3992 1.3678
10% 0.88492 1.3601 1.3371
15% 0.78197 1.3146 1.2886
20% 0.61187 1.2742 1.2773
25% 0.61646 1.1981 1.1817
30% 0.71601 1.1833 1.1661
35% 0.74959 1.1483 1.119
40 % 0.7411 1.1089 1.102
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3.2. Performance comparison of several methods
for selecting initial medoids
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n Propo | Meth! | Meth2 | Meth3 | Meth4 | Meth5

300 0.088 | 0.082 | 0.082 | 0.078 | 0.090 | 0.490

600 0278 | 0264 | 0264 | 0.235 | 0.280 | 0.835

900 0.584 | 0.551 [ 0.564 | 0.503 | 0.595 | 1.290

1200 1.052 { 0.969 | 0.993 | 0.897 { 1.030 | 1.921

1500 1.609 | 1475 | 1.566 | 1383 | 1.574 | 2.596

1800 1 2.273 | 2.109 | 2.226 | 1.990 | 2.247 | 3424

2100 | 3.231 | 3.061 [ 3.091 | 2.791 | 3.194 | 4.487

2400 | 4.753 | 4.201 [ 4.391 | 3.942 . 4410 | 5848

2700 | 5.499 | 5.167 | 5.356 | 4.813 | 5472 | 6.942

3000 6901 | 6474 | 6.778 | 6.070 | 6.912 | 8.380
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3.3. Iris data

ucI repository [10]°] Sl ‘Iris” C|o]E{E

=
FYPAHE AASAL [E 3]9 £X= 1009 Kemeans THEA T Bl Inis’ HolE =
urEste] FF W Asfol} F 150702 49 FA%E JHAHA s0704,
NS Feoz FEEC [(E 419 (X 519
¥ 3] (a) Adjusted Rand index E4EHE B Kmeans THEY Y FeE+
n | Prop. | Methl | Meth2 | Meth3 | Methd | Metns | 88.7%<1dl Hls] At WP A
300 | 09393 | 0.8456 | 0.6800 | 0.9124 | 0.7153 | 0.9442 92%% °}] dio]ele] ostd At =9
600 | 0.9289 | 0.8213 | 0.6562 | 0.9390 | 0.7844 | 0.9446 Asol ¥ ooty 3 4 ok
900 | 0.9283 | 0.8160 | 0.6524 | 0.9236 | 0.7075 | 0.9445 '
1200 | 0.9314 | 0.8493 | 0.6354 | 0.9259 | 0.7665 | 0.9423 [£ 4] Iris data®) K-means ZHEA 27
1500 | 0.9294 | 0.8100 | 0.6368 | 0.9238 | 0.7526 | 0.9449 ) .
Setosa Versicolor Virginica
1800 | 0.9377 | 0.8396 | 0.6353 | 0.9328 | 0.7779 | 0.9431 , . .
(predicted) | (predicted) | (predicted)
2100 | 0.9274 | 0.7990 | 0.5949 | 0.9169 | 0.7258 | 0.9431
1
2400 | 09376 | 0.8288 | 0.6717 | 0.9273 | 0.7458 | 0.9428 Setosa >0 0 0
2700 | 0.9328 | 0.7885 | 0.6512 | 0.9432 | 0.7312 | 0.9434 Versicolor 0 47 14
09220 | 0.8091 [ 0.6507 | 0.9322 | 0.7151 | 0.9427 Virginica 0 3 36
—30060
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[3E 5]Iris data®] AQFSF W el B d3

Setosa Versicolor Virginica
(predicted) | (predicted) | (predicted)
Setosa 50 0 0
Versicolor 0 41 3
Virginica 0 9 47
3.4. Soybean data
UCI repository®] ‘Soybean’ TI|olE|&= F

4702 35708 SR UE A g Fo=
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[3 6] Soybean data®] K-means T3 ¥4 A3}

Class 1 Class 2 Class 3 Class 4
(predicted) | (predicted) | (predicted) | (predicted)
Class] 10 0 0 0
Class2 10 0 0 0
Class3 0 1 4 5
Class4 0 5 5 7

[ 7] Soybean data®) At el BN Az

Class 1 Class 2 Class 3 Class 4
(predicted) | (predicted) | (predicted) | (predicted)
Class! 10 0 0 0
Class2 0 10 0 0
Class3 0 0 8 2
Class4 0 0 7 10

4. Conclusion
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