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Outline
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Â Partitional Clustering
Â Hierarchical Clustering
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Introduction



What is Clustering?

Â Finding groups of objects such that the objects in 
a group will be similar (or related) to one another 
and different from (or unrelated to) the objects in 
other groups
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Inter -cluster 
distances are 
maximized

Intra -cluster 
distances are 

minimized



Some Applications of Clustering

Â City planning
Â Suppose you want to build two police stations in the following area, where 

should you build?
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Plan A

Plan B



Some Applications of Clustering (contôd)

Â Market segmentation
Â Suppose you are working as a branch manager in an 

insurance company.
Â You have 10 sales teams.
Â You want to segment the market into 10 different 

segments, such that each team can concentrate on a 
specific market.

Â Criteria for segmentation may include:
Â Sex
Â Age
Â Income
Â Expenses
Â Career
Âé
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Some Applications of Clustering (contôd)

Â Reduce information overloading
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Some Applications of Clustering (contôd)

Â Easy navigation 
Â http://www.cuil.com/
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What is Good Clustering?

Â A good clustering method should produce high 
quality clusters with
Â High intra-class similarity
Â Low inter-class similarity 
Â Ability to discover hidden patterns
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How Many Clusters?

Â How many clusters?
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How many clusters?

Four ClustersTwo Clusters

Six Clusters



Types of Clustering

Â Broadly speaking, two types of clustering:
Â Partitional Clustering

Â A division data objects into non-overlapping subsets (clusters) 
such that each data object is in exactly one subset

Â Hierarchical clustering
Â A set of nested clusters organized

as a hierarchical tree 
Â Called dendrogram
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Clustering Models ïPartitional
Clustering



K-Means

Â Steps:
1. Select K points as the initial centroids
2. Repeat
3. Assign all points to the nearest centroid
4. Re-compute the centroid 
5. Until all the centroids do not change

Â Note:
Â Step (4) may not necessarily is a real point.
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K-Means (contôd)

Â A simple example
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Assign the data points

to the nearest centroids
Randomly pick 3 data

points as the centroids

Re-compute the centroids

of each cluster

Continue to:

1.Re-compute the centroids 

of each cluster;

2.Assign the data points 

to the nearest centroids.

Until the centroids do not 

change

Initial data points

Assign the data points

to the nearest centroids

These centroids do not 

belong to any existing points



Choosing Initial Centroid of K-Means

Â Choosing initial centroid is important!
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Choosing Initial Centroid of K-Means (contôd)

Â Choosing initial centroid is important!
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Limitations of K-Means

Â K-means has problems when clusters are:
Â Different sizes
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Original Points K-means (3 Clusters)



Limitations of K-Means (contôd)

Â K-means has problems when clusters are:
Â Different densities
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Original Points K-means (3 Clusters)



Limitations of K-Means (contôd)

Â K-means has problems when clusters are:
Â Non-globular shapes
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Original Points K-means (2 Clusters)



Overcoming Limitations of K-Means

Â One solution is to use many clusters
Â Find parts of clusters, but need to put together.
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Original Points K-means Clusters



Overcoming Limitations of K-Means (contôd)

Â One solution is to use many clusters
Â Find parts of clusters, but need to put together.
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Original Points K-means Clusters



Overcoming Limitations of K-Means (contôd)

Â One solution is to use many clusters
Â Find parts of clusters, but need to put together.
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Original Points K-means Clusters
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Clustering Models ï
Agglomerative Hierarchical 
Clustering



Agglomerative Hierarchical Clustering

Â Use distance matrix as clustering criteria.
Â This method does not require the number of clusters (K) as an 

input, but needs a termination condition 

Â Four methods:
Â Min (a.k.a. single linkage)
Â Max (a.k.a. complete linkage)
Â Group average
Â Distance between centroids
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Similarity?



Agglomerative Clustering Algorithm

Â More popular hierarchical clustering technique

Â Basic algorithm is straightforward
1. Compute the proximity matrix

2. Let each data point be a cluster

3. Repeat

4. Merge the two closest clusters

5. Update the proximity matrix

6. Until only a single cluster remains

Â Key operation is the computation of the proximity of 
two clusters
Â Different approaches to define the distance between clusters 

distinguish the different algorithms
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Example (points A ïF)

A B C D E F

A 0.0 1.0 5.0 9.0 10.0 2.0

B 1.0 0.0 3.5 8.0 7.0 5.5

C 5.0 3.5 0.0 3.0 4.0 6.5

D 9.0 8.0 3.0 0.0 0.5 4.5

E 10.0 7.0 4.0 0.5 0.0 2.5

F 2.0 5.5 6.5 4.5 2.5 0.0

},),,(min{) :linkage Single jiji CyCxyxd,Cd(C ÍÍ=

},),,({) :linkage Average jiji CyCxyxdavg,Cd(C ÍÍ=

},),,(max{) :linkage Complete jiji CyCxyxd,Cd(C ÍÍ=
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Agglomerative Hierarchical Clustering

Â Four methods:
Â Min (a.k.a. single linkage)
Â Max (a.k.a. complete linkage)
Â Group average
Â Distance between centroids
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Agglomerative Hierarchical Clustering

Â Four methods:
Â Min (a.k.a. single linkage)
Â Max (a.k.a. complete linkage)
Â Group average
Â Distance between centroids
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Agglomerative Hierarchical Clustering

Â Four methods:
Â Min (a.k.a. single linkage)
Â Max (a.k.a. complete linkage)
Â Group average
Â Distance between centroids
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Agglomerative Hierarchical Clustering

Â Four methods:
Â Min (a.k.a. single linkage)
Â Max (a.k.a. complete linkage)
Â Group average
Â Distance between centroids
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Min (Single Linkage)

Â Similarity of two clusters is based on the two most 
similar (closest) points in the different clusters
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Strength and Limitation of Min

Â Strength:
Â Can handle non-elliptical shapes

Â Limitation:
Â Sensitive to noise
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Original Points 2 Clusters

Original Points 2 Clusters



Max (Complete Linkage)

Â Similarity of two clusters is based on the two least similar 
(most distant) points in the different clusters
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Nested Clusters Dendrogram
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Strength and Limitation of Max (contôd)

Â Strength
Â Less susceptible to noise

Â Limitation
Â Tends to break large clusters
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Original Points 2 Clusters
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Group Average

Â Compromise between Single and Complete Link
Â As the name implies, use the average pairwise 

distance between points in the two clusters
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Nested Clusters Dendrogram
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Putting All Together
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Appendix



Mathematical Details

Â Euclidean distance:

Â Cosine similarity:
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Final Comment

Â Jain and Dubes (Algorithms for Clustering Data):
Â The validation of clustering structures is the most 

difficult and frustrating part of cluster analysis. 
Â Without a strong effort in this direction, cluster analysis 

will remain a black art accessible only to those true 
believers who have experience and great courage.ò
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Reading List

Â J. Han, M. Kamber, and A. K. H. Tung, ñ
Spatial Clustering Methods in Data Mining: A 
Surveyò, H. Miller and J. Han (eds.), 
Geographic Data Mining and Knowledge 
Discovery, Taylor and Francis, 2001. 

ftp://ftp.fas.sfu.ca/pub/cs/han/pdf/gkdbk01.pdf
ftp://ftp.fas.sfu.ca/pub/cs/han/pdf/gkdbk01.pdf
ftp://ftp.fas.sfu.ca/pub/cs/han/pdf/gkdbk01.pdf

