











































































































Inertia

O

wess

i

Hierarchial Based Clustering

Divisive Agglomerative
Top Down Bottom up



HAC














































divisive



HAC
















































HAC
















































HAC
















































HAC
















































HAC














































Divisive

f
agglomerative



Algorithm
















































Algorithm
















































Algorithm
















































Algorithm
















































Algorithm
















































Algorithm
















































Algorithm
















































Algorithm
















































Algorithm
















































Distance Metrics

● Euclidean: Continuous Data
● Manhattan: High Dimensions
● Hamming: Categories
● Cosine: Word Counts
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Eigen vector remainhamame position even after transformation
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