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Silhouette analysis for KMeans clustering on sample data with n_clusters = 2

The silhouette plot for the various clusters
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The visualization of the clustered data.
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Silhouette analysis for KMeans clustering on sample data with n_clusters = 3

The silhouette plot for the various clusters

Cluster label

0.2 04 0.6 08
The silhouette coefficient values

10

Feature space for the 2nd feature

The visualization of the clustered data.
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Silhouette analysis for KMeans clustering on sample data with n_clusters = 4

The silhouette plot for the various clusters
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Silhouette analysis for KMeans clustering on sample data with n_clusters =5

The silhouette plot for the various clusters.

The visualization of the clustered data.
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Silhouette analysis for KMeans clustering on sample data with n_clusters = 6

The silhouette plot for the various clusters
T

The visualization of the clustered data.
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