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Clustering
(Part I)

nanopoulos@ismll.de

What is Cluster Analysis?
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) j g p

Inter-cluster 
distances are 
maximized

Intra-cluster 
distances are 

minimized
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General Applications of Clustering 

Pattern Recognition
Spatial Data AnalysisSpatial Data Analysis 

create thematic maps in GIS by clustering feature spaces
detect spatial clusters and explain them in spatial data mining

Image Processing
Economic Science (especially market research)
WWW

Document classification
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Document classification
Cluster Weblog data to discover groups of similar access 
patterns

Marketing

finding groups of customers with similar behavior given 
a large database of customer data containing their 
properties and past buying records;
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Geology

clustering observed earthquake epicenters to 
identify dangerous zones;
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Notion of a Cluster can be Ambiguous

How many clusters? Six Clusters
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Four ClustersTwo Clusters



11/30/2008

5

Types of Clusters: Well‐Separated

Well‐Separated Clusters: 
A cluster is a set of points such that any point in a cluster is closer (or 

more similar) to every other point in the cluster than to any pointmore similar) to every other point in the cluster than to any point 
not in the cluster. 
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3 well-separated clusters

Types of Clusters: Density‐Based

Density‐basedy
A cluster is a dense region of points, which is separated by low‐

density regions, from other regions of high density. 
Used when the clusters are irregular or intertwined, and when noise 

and outliers are present. 
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6 density-based clusters
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Types of Clusters: Conceptual Clusters

Shared Property or Conceptual Clustersp y p
Finds clusters that share some common property or represent a 

particular concept. 
. 
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2 Overlapping Circles

Requirements for Clustering Algorithms

Scalability

Ability to deal with different types of attributes

Discovery of clusters with arbitrary shape

Minimal requirements for domain knowledge to determine 
input parameters

Able to deal with noise and outliers

Insensitive to order of input records
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High dimensionality

Incorporation of user‐specified constraints

Interpretability and usability
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Arbitrary shapes
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Minimal parameters
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Noise/outliers
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Major Clustering Approaches

Partitioning algorithms: Construct various partitions and then 

evaluate them by some criterionevaluate them by some criterion

Hierarchy algorithms: Create a hierarchical decomposition of the 

set of data (or objects) using some criterion

Density‐based: based on connectivity and density functions

Grid‐based: based on a multiple‐level granularity structure

16

p g y

Model‐based: A model is hypothesized for each of the clusters and 

the idea is to find the best fit of that model to each other
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Partitional Clustering

Original Points A Partitional  Clustering

Partitioning Algorithms: Basic Concept

Partitioning method: Construct a partition of a database D of n
objects into a set of k clusters

Given a k, find a partition of k clusters that optimizes the chosen 
partitioning criterion

Global optimal: exhaustively enumerate all partitions

Heuristic methods: k‐means and k‐medoids algorithms

k‐means: Each cluster is represented by the center of the 

18

cluster

k‐medoids or PAM (Partition around medoids): Each cluster is 
represented by one of the objects in the cluster  
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Enumerate all possible partitions

S(n,k): number of possible k partitions with n points in total

S(n‐1 k‐1) cases of k‐1 partitions with n‐1 points in totalS(n‐1,k‐1) cases of k‐1 partitions with n‐1 points in total. 
The n‐th point creates a new partition that is combines 
with each of existing S(n‐1,k‐1) such that we have k 
partitions with n points  in total. Totally S(n‐1,k‐1) cases.

S(n‐1,k) cases of k partitions with n‐1 points in total. The 
n‐th point can be included in each of the partitions so 
that we have k partitions with n points in total Totally
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that we have k partitions with n points in total. Totally 
we have k S(n‐1,k) cases.

Enumerate all possible partitions: example

Example: A,B,C,D points. S(4,3) = ?

S(3,2) = 3 S(3,2) cases
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S(3,3) = 1

3xS(3,3) cases



11/30/2008

11

Enumerate all possible partitions

k=4

for
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K‐means Clustering

Partitional clustering approach 
Each cluster is associated with a centroid (center point) 
Each point is assigned to the cluster with the closest centroidEach point is assigned to the cluster with the closest centroid
Number of clusters, K, must be specified
The basic algorithm is very simple
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K‐means example

k1

k2

Y

Pick 3 
initial
cluster
centers
( d l )
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k3

X

(randomly)

K‐means example

k1

k2

Y

Assign
each point
to the closest
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k3

X

cluster
center
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K‐means example

Y

Move
each cluster center
to the mean
of each cluster

k1

k2

k1

k3
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X

of each cluster k2

k3

K‐means example

Y

Reassign
points 
closest to a different 
new cluster center

Q: Which points are 
reassigned?

k1

k3

26

X

k2
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K‐means example

Y

A: three points 
with animation

k1

k3

27

X

k2

K‐means example

Y

re-compute 
cluster means

k1

k3

28

X

k2
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K‐means example

Y

move cluster 
centers to cluster

k2

k1

29

X

centers to cluster 
means

k3

Two different K‐means Clusterings
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Local minima

31

SSE = 4 SSE = 16

Repeat with different random initial centers

Sensitivity to noise/outliers

32
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Limitations of K‐means: Differing sizes/density

Original Points K-means (3 Clusters)

Limitations of K‐means: Non‐globular Shapes

Original Points K-means (2 Clusters)
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K‐means characteristics

Pros ConsPros

Simple

Fast (O(nd))

Cons

Selection of k

Local minima

Sensitive to noise, 
sizes shapes

35

sizes, shapes


