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Abstract: A semi-supervised K-means clustering algorithm for multi-type relational data is proposed, which
extends traditional K-means clustering by new methods of selecting initial clusters and similarity measures, so that
it can semi-supervise cluster multi-type relational data. In order to achieve high performance, in the algorithm,
besides attribute information, both labeled data and relationship information are employed. Experimental results on
Movie database show the effectiveness of this method.
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Fig.1 An example of multi-type relational data
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I ZEEHE X 5 X= (X1, X, X FFIRRIE AT 5 XY = (X, X5 ey Xiby ST AIDE R R={RintrasRinter ) -
/i 2R C={C,,Cy,....Crn HH,C = {G, 05,000, G} 1SIEM

BEGIN

1. for i=1 to mdo

2. {Ci«SelectinitialClusters(X, X\);

3. do{

4. for each x;;e X

5. if (x;e X;") AssignToLabeledCluster(x;,C));
6. else AssignToClosestCluster (x;;,Ci);

7. UpdateClusters(C);

8. } until converges;

9. }

END
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BEGIN
1. K&~Number OfDistinctLabel s(X.");
2. If (K>K))
3. Error! The data is not consistent, return.
4. 1f (K<K))
5. Select K objects with different labels from {X;,X,,...%, } and (Ki—K) objects from {X ,;.....%,} as

initial clusters.
END
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Fig.2 Relational schema of Movie database
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Tablel Number of objects and relationships in Movie database

&1 MovieHldls 7 b K05 K% R R E

Type Name Number
Movie 14 067
. Actor 6 822
Objects Director/Producer 3311
Studio 194
Movie-Actor 28 927
Movie-Director/Producer 15 191
Inter-Relationships Movie-Studio 3 892
Actor-Director/Producer 28 965
Actor-Studio 9501
Director/Producer-Studio 1981
. . Actor: co-work 68 621
Intra-Relationships Director/Producer: co-work 960
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Fig.5 Clustering results with different percentage of labeled data
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