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What is Clustering?
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Clustering Definintions

“The process of organizing objects into groups 

whose members are similar in some way”
J.A. Hartigan, 1975

“An algorithm by which objects are grouped in classes, 

so that intra-class similarity is maximized and 

inter-class similarity is minimized”
J. Han and M. Kamber, 2000

“... grouping or segmenting a collection of objects into subsets or clusters, 

such that those within each cluster are more closely related to one another 

than objects assigned to different clusters”
T. Hastie, R. Tibshirani, J. Friedman, 2009
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Brief insights about Clustering 

Clustering is an unsupervised learning algorithm

• “Exploit regularities in the inputs to build a representation that can be used for 

reasoning or prediction”

Among the possible unsupervised models it focuses on: 

• Groups/Classes (vs outliers)

• Distance/Similarity

What clustering is useful for:

• Data reduction (representatives for homogeneous groups)

• Natural data types (unknown properties of “natural” clusters)

• Useful data classes (useful and suitable groupings)

• Outlier detection (unusual data objects)

This all is embedded in the 

distance or similarity used



5

Clustering ... what are we looking for?

Cluster: a collection of objects which are “similar” between them and are 

“dissimilar” to the objects belonging to other clusters

A good clustering method will produce high quality clusters with

• High intra-class similarity

• Low inter-class similarity 

If (dis)similarity criterion is 

distance we have distance-

based clustering.
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Clustering ... what are we looking for?

Cluster: a collection of objects which are “similar” between them and are 

“dissimilar” to the objects belonging to other clusters

A good clustering method will produce high quality clusters with

• High intra-class similarity

• Low inter-class similarity 

The clustering result depends on a similarity measure:

• One numeric attribute A -> Distance(X,Y) = A(X) – A(Y)

• Several numeric attributes -> Distance(X,Y) = Euclidean distance 𝑋 − 𝑌 2

• Nominal attributes -> Hamming distance (X,Y) = if different 1, else 0

• …

If (dis)similarity criterion is 

distance we have distance-

based clustering.

Cosine similarity, 

Pearson correlation, 

Levenstain distance …
Attributes might be 

weighted too …



8

What about Euclidean distance?

The goal of clustering is to determine the intrinsic grouping in a set of 

unlabeled data. But there is no absolute “best” criterion which would be 

independent of the final aim of the clustering. It is the user which must 

supply the criterion through a distance measure.
These are the same 

data !!!!



9

Applications for Clustering

Biology and natural sciences

• Grouping of plants and animals given their features

Market research

• Groups of similar customers for targeted advertising

• Identify frauds by innsurance, telephone companies

On the Web

• Document classification

• Discover groups of similar access patterns in logs

• Recommendation systems: "If you liked this, 

you might also like that” (http://www.gnod.com/)

Any other 

suggestion?

http://www.gnod.com/


10

A Brief Clustering Taxonomy

Clustering methods can be divided in two main typologies

Hierarchical Clustering: division of samples in a hierarchy of clusters

• Bottom-up or agglomerative

• Top-down

Partitioning Clustering: division of the data into 𝑘 clusters

Resulting Clusters can be:

• Exclusive Clusters: examples belong to only one cluster

• Overlapping Clusters: examples may belong to more clusters

• Probabilistic Clusters: examples belong to one cluster with certain probability
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Bottom up approach

Given 𝑁 items to be clustered, and an 𝑁 × N distance (or similarity) 

matrix, follow the following algorithm (S.C. Johnson 1967):
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Bottom up approach

Given 𝑁 items to be clustered, and an 𝑁 × N distance (or similarity) 

matrix, follow the following algorithm (S.C. Johnson 1967):
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Hierarchical clustering example
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Hierarchical clustering example
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Hierarchical clustering example
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Hierarchical clustering example
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Hierarchical clustering example
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Hierarchical clustering example
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K-means algorithm

One of the simplest unsupervised learning algorithms

• Assumes an Euclidean space 

• Number of clusters 𝐾 is known/fixed a priori Random centroids 

initialization
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K-means example (1)

k1

k2

k3

X

Y

Pick 3 initial cluster 

centers (randomly)
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K-means example (2)

X

Y

k3

k1

k2

Assign points to the closest 

cluster center
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K-means example (3)

X

Y

k3

k1

k2

k1

k3

k2

Move each cluster to the 

center of its points
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K-means example (4)

X

Y

k3
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k1

k3

k2

Re-assign points to the 

new clusters
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K-means example (5)

X

Y

k3

k1

k2

Re-compute cluster 

centers

k2

k1

k3

Stop when they do not 

move any more
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K-means pros and cons

Advantages

• Simple, understandable, and fast! ☺

• Guaranteed to converge

• Items automatically assigned to clusters

• Relatively efficient: 𝑂(𝑡𝐾𝑁), where 𝑡 is the number of iterations (𝐾, 𝑡 ≪ 𝑁).

Disadvantages

• Must pick number of clusters before hand

• Results can vary significantly depending on initial choice

• All items are forced into a cluster, including noise

• Applicable only when mean is defined (what about categorical data?)

• Not suitable with clusters with non-convex shapes

Some heuristics to 

do this exists …

Fixed by medoids
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K-Means Initialization
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K-Means Initialization
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K-Means Different Sizes
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K-Means Different Densities
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K-Means Non Globular Shapes
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K-Means Increasing K
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K-Means Increasing K
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K-Means Increasing K
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Tips and Tricks

Basic K-means can yield empty clusters in the initial assignment of points:

• Choose points contributing most to Distortion/SSE (farthest from centroids)

• Choose a point from the cluster with the highest Distortion/SSE

• If there are several empty clusters, the above can be repeated several times

Pre-processing: 

• Normalize the data

• Eliminate outliers

Post-processing:

• Eliminate small clusters that may represent outliers

• Split ‘loose’ clusters, i.e., clusters with relatively high Distortion/SSE

• Merge clusters that are ‘close’ and that have relatively low Distortion/SSE
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Density Based Clustering

Clusters can be defined based on density via density-connected points

• Discover clusters of arbitrary shape

• Handle noise

• Single scan

• Need density parameters as termination condition

Several algorithms proposed:

• DBSCAN: Ester, et al. (KDD’96)

• OPTICS: Ankerst, et al (SIGMOD’99)

• DENCLUE: Hinneburg & D. Keim (KDD’98)

• CLIQUE: Agrawal, et al. (SIGMOD’98)
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Density Based Clustering Ideas (1/2)

The neighborhood of radius 𝜀 of an object is called the 𝜀-neighborhood, 

if it contains at least MinPts objects, then the object is a core object  

• Eps: Maximum radius of the neighbourhood

• MinPts: Minimum number of points in an 

Eps-neighbourhood of that point

Directly density-reachable

• An object 𝑝 is directly density-reachable from 

object 𝑞 if 𝑝 is within the 𝜀-neighborhood of 𝑞
and 𝑞 is a core object

𝑝
𝑞

𝑀𝑖𝑛𝑃𝑡𝑠 = 5
𝐸𝑝𝑠 = 1 𝑐𝑚

𝑞
𝑀𝑖𝑛𝑃𝑡𝑠 = 5
𝐸𝑝𝑠 = 1 𝑐𝑚
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Density Based Clustering Ideas (2/2)

Density-reachable: 

• An object 𝑝 is density-reachable from object 𝑞
w.r.t. Eps, MinPts if there is a chain of points 
𝑝1, … , 𝑝𝑛, with 𝑝1 = 𝑞 and 𝑝𝑛 = 𝑝 such that
𝑝𝑖 + 1 is directly density-reachable from 𝑝𝑖

Density-connected

• A point 𝑝 is density-connected to a point 𝑞
w.r.t. Eps, MinPts if there is a point 𝑜 such that 
both, 𝑝 and 𝑞 are density-reachable 
from 𝑜 w.r.t. Eps and MinPts.

p

q
p1

p q

o
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DBSCAN Definitions

DBSCAN extract clusters as a set of density connected objects

• A density-based cluster is a set of 

density-connected objects that is 

maximal w.r.t. density-reachability

• A border point has fewer than 

MinPts within Eps, but it is in the 

neighborhood of a core point

• A noise point is any point that is

not a core point or a border point
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DBSCAN Algorithm

1. Arbitrary select a point 𝑝

2. Retrieve all points density-reachable from 𝑝 given Eps and MinPts.

1. If 𝑝 is a core point, a cluster is formed.

2. If 𝑝 is a border point, no points are density-reachable from 𝑝 and DBSCAN visits the next 

point of the database

3. Continue the process until all the points have been processed
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DBSCAN: Core, Border and Noise Points

Original Points
Point types: core, 
border and noise

Eps = 10, MinPts = 4
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DBSCAN: Clustering 

Original Points

Eps = 10, MinPts = 4

Clusters

Very Robust to Noise
Can handle clusters of 

different shape



44

DBSCAN: When it fails …

Original Points MinPts=4, Eps=9.75
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DBSCAN: When it fails …

Original Points
MinPts=4, Eps=9.92

Issues with high 

dimensional data

Issues with varying 

densities
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DBSCAN: Finding Eps and MinPts

Idea: 𝑘𝑡ℎ nearest neighbors of points

within density-based clusters are

at roughly the same distance

• Noise points have the 𝑘𝑡ℎ nearest 

neighbor at farther distance

• Select 𝑀𝑖𝑛𝑃𝑡𝑠 = 𝑘 and plot sorted 

distance of every point to its

𝑘𝑡ℎ nearest neighbor

Eps=10 change in 

distance behavior!

Select MinPts=4 and sort the 

4th neighbors by distance
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How to evaluate clustering?

Clustering is an unsupervised learning method; how do we evaluate the 

“goodness” of the resulting clusters?

• To determine the clustering tendency of a set of data, i.e., distinguishing 

whether non-random structure actually exists in the data.

• To compare the results of a cluster analysis to externally known results,

e.g., to externally given class labels.

• To evaluate how well the results of a cluster analysis fit the data without 

reference to external information

• To compare the results of two different sets of cluster analyses

• To determine the ‘correct’ number of clusters.
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Measuring Clusters Validity 

Metrics to evaluate clustering an be classified into

• Internal Indexes: Used to measure the goodness of a clustering structure 

without an external information, e.g., Sum of Squared Error (SSE)

• External Indexes: Used to measure the extent to which cluster labels match 

externally supplied class labels, e.g., Entropy.

• Relative Indexes: Used to compare two different algorithms or clusters
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Internal indexes: SSE

The Sum of Squared Errors (w.r.t. the centroid) can be used to measure 

the goodness of a clustering structure without external information

• Good for comparing two clusterings or two clusters (average SSE)

• Can also be used to estimate (elbow method) the number of clusters

With K=10 change in 

behavior of SSE
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Internal Indexes: Silhouette Coefficient

Silhouette Coefficient combine ideas of both cohesion and separation

For an individual point 𝑥𝑛
• Calculate a = average distance of 𝑥𝑛 to the points in its cluster

• Calculate b = min (average distance of 𝑥𝑛 to points in another cluster)

Typically between 0 and 1, the closer to 1 the better

Can compute the Average Silhouette for a cluster or clustering algorithm

s xn = 1 −
a

b
𝑖𝑓 a < b (𝑜𝑟

b

a
− 1 𝑖𝑓 a ≥ b)
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Internal Indexes: Silhouette Coefficient

Silhouette Coefficient combine ideas of both cohesion and separation and 

it can be used to select the number of clusters

With K=10 change in 

behavior of Average 

Silhouette


