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5. Hierarchical Algorithms

6. Density —Based Algorithms
7. Grid-Based Algorithms

8. Model - Based Algorithms
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1. Classification

2. Regression

3. Clustering

4. Partitioning Algorithms
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The Agglomerative Hierarchical Clustering

1: Initial Clustering, Put each data in a cluster

2: for each cluster do

3: Compute similarity measure for all pairs

4: Merge clusters C; and C;, in which Similarity(C;,C;) is max
5: end for

6: Determine # of clusters
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3. Manhattan distance
4. Euclidean distance
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The Agglomerative Hierarchical Algorithm.
Input: Data set D, Number of Clusters Kk,
Dimensions d:
Output: results.
Begin

Initial Clustering, Put each data in a cluster

for each cluster do

Find two cluster that sim(C; , C;)=

max (7 * Jaccard_sim(x;, X;) +
1<i, j<d

(d—n)*Overlay_sim(x;, X;))
Merge clusters C; and Cj, in which
Similarity(C;,C;) is max
Compute Center new cluster
end for
Determine # of clusters
End
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