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7. Cluster Ensembles

7.1. Cluster ensembles. What are they?

7.2. Diversifying heuristics for the ensemble

7.3. Consensus methods

7.4. The pairwise method 

7.5. Diversity in cluster ensembles
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Cluster 1

Cluster 2

Partition 1

We would like the individuals in the same group to be similar to each other 

and dissimilar to the individual from the other groups.

If the groups are compact and well separated, then they could be labelled 

and their characteristics interpreted.

Cluster Ensembles

Partition 2

Partition 3

4

Cluster Ensembles

•More accurate than a single “clusterer”. 

•The choice of an ensemble method is not as critical as the 

choice of a single algorithm is.

The problem before: How to choose the clusterer?

The problem now: How to choose/design the ENSEMBLE?

clusterer 1

clusterer 2

clusterer 4

clusterer 3

consensus

function

final resultraw data

Question Question 11 ??

Question Question 22 ??
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Cluster Ensembles - heuristics

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

1. Randomisation of the clustering algorithm

example: different initialisations for the

K-means clustering

2. Different samples

example: cluster bootstrap samples of the data and “aggregate” 

the results (suitable for the pairwise model – later)

3. Weak clustering algorithms (weak clusterers)

example: run only a few iteration of k-means to avoid 

convergence

4. Random projections (feature extraction)

project the data onto a random small-dimensional space and 

cluster in this space
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Cluster Ensembles - heuristics

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

5. Feature selection

cluster on different subsets of features

6. Label noise

after clustering, flip randomly a small proportion of the 

data labels 

7. Random number of clusters

give each ensemble member a different number of 

clusters to look for

8. Hybrid ensembles

use different cluster models for the ensemble members
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Cluster Ensembles - consensus

A. Strehl & J. Ghosh, Cluster ensembles - A 

knowledge reuse framework for combining multiple 

partitions, Journal of Machine Learning Research, 3,

2002, 583-618. 

1. Direct approach

find the correspondence between the labels in the partitions and fuse the 

clusters with the same labels

2. Feature-based approach

treat the output of each clusterer as a categorical variable and cluster in 

the new feature space

3. Hypergraph approach 

organise the partitions into a hypergraph and cut the redundant branches

4. The pairwise approach (evidence accumulation)

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity
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Cluster Ensembles – consensus  - an example

1

3
2

4

1 2 3 4

1 1 0 0 0

2 0 1 1 0

3 0 1 1 0

4 0 0 0 1

Co-association matrix

1

3
2

4

Partition 1

the data
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1

3
2

4

1

3
2

4

Partition 1 Partition 2

1 2 3 4

1 1 0 0 0

2 0 1 1 0

3 0 1 1 0

4 0 0 0 1

1 2 3 4

1 1 0 1 0

2 0 1 0 0

3 1 0 1 0

4 0 0 0 1

1 2 3 4

1 1 0 ½ 0

2 0 1 ½ 0

3 ½ ½ 1 0

4 0 0 0 1

Co-association matrices Consensus matrix

1

3
2

4

Resultant partition

Cluster Ensembles – consensus  - an example
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Cluster Ensembles – the pairwise clustering method

3. For each partition, form a co-association matrix, M(k),  of size N×N







=
,0

,1
)(k

ijm

if objects i and j share the same cluster label in 

partition k

otherwise.

4. Form a final co-association matrix (consensus matrix) from M(k), 

k = 1,…,L and derive the final clustering using this matrix

1. Given is a data set with N elements. Pick the 

ensemble size, L, and the number of clusters, c. 

(Usually c is larger than the suspected number of 

clusters, so there is overproduction of clusters by 

the individual clusterers.)

2. Generate L different partitions of the data with

c clusters in each. 

Fred (2001), Fred & Jain (2002, 2003, 2005), Ayad & Kamel (2003)

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity
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Cluster Ensembles – another example

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity
the goal

k-means (2 clusters) single linkage (2 clusters)

single link on the consensus matrix
“cutting” on the consensus matrix 

(majority vote clustering)

��������
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1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

1.1. Avoids the relabeling problem. 

2.2. Can detect clusters of any shape and size.

3.3. Simple.

1.1. Has problems with touching clusters

2.2. Requires storage of possibly large matrices 

(for large N). The time for deriving the final 

partition from the consensus matrix M may be 

unacceptable (e.g., when we use hierarchical 

clustering with M as the similarity matrix)

33. Sensitive to the choice of c.  

Cluster Ensembles – the pairwise clustering method
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Diversity in cluster ensembles

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

An example:

Two artificial data sets, each contaminated 

with 10 additional random-noise features

four-gauss easy-doughnut

An experiment: c = 20 overproduced clusters

L = 25 clusterers in the ensemble

individual algorithm = k-means

combining algorithm = single link

cutting the dendrogram at the largest “jump”

14

Diversity in cluster ensembles

four-gauss

easy-doughnut

Original data Cluster ensemble
K-means

(number of clusters 

found by Xie-Beni)

��������

��������

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

How is diversity related to the success of the ensemble?
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Diversity in cluster ensembles

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

Jaccard index: a measure of similarity between 

two partitions A and B

Diversity between two clusterers

Accuracy of a clusterer

J is used for

011011
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Number of pairs of objects 

clustered together in A and 

together in B 

Number of pairs of 

objects clustered 

together in A but in 

different clusters in B 

Number of pairs of 

objects clustered 

together in B but in 

different clusters in A 
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Diversity in cluster ensembles

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

Take the idea of kappa-error plots [Fern&Brodley03]

),(1 ji PPJ−
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2

1
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j

true
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Diversity of the pair

Error of the pair

0 1

1

four-gauss data

cluster ensembles

L = 25 clusterers

1 run

25*24/2=300 pairs of 

clusterers (points)
c = 20

c = 12

c = 6

0.39

0.39

0.90

ensemble accuracy
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Diversity in cluster ensembles

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

Take the idea of kappa-error plots [Fern&Brodley03]

0 0.2 0.4 0.6 0.8 1
0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

c = 20

c = 12

c = 6

1.00

0.68

0.75

easy-doughnut data

cluster ensembles

L = 25 clusterers

1 run

25*24/2=300 pairs of 

clusterers (points)

Error of the pair

Diversity of the pair
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Diversity in cluster ensembles

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

How is diversity related to the success of the 

ensemble?

Answer: Very loosely...

(Hadjitodorov et al., 2006)

(Kuncheva L.I., S.T. Hadjitodorov, L.P. Todorova, Experimental 

comparison of cluster ensemble methods, Proc FUSION 2006, Florence, 

Italy, 2006)

Our experimental comparisons show that it is beneficial to regard the 

consensus matrix M as datadata instead of similarity, and apply a 

clustering algorithm on it. The results were better than the currently 

favoured consensus methods.
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Diversity in cluster ensembles – the moral of the story

1.1. What is it?

2.2. Building heuristics

3.3. Consensus methods

4.4. The pair-wise model

5.5. Diversity

1. There is virtually no theory: the best 

practices and techniques are found by 

experiments and comparisons.  

2. Diversity is not particularly useful in cluster ensembles. The vague 

relationship with accuracy indicates that moderate values of diversity 

are often better than large or small values. 

3. It is difficult to recommend a single, universally successful, cluster 

ensemble method (choices of diversifying heuristics and a consensus 

function). 

4. With all these reservations, cluster ensembles are better than 

single clustering methods! 

The Joke

You can’t beat the students...

The assignment 

was to design an 

Easter  greeting 

card using an 

image of choice 

and Matlab. This 

is from Melissa’s 

assignment...
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Think!

PROBLEM: You are a cook in a remote area with no clocks or other 

way of keeping time other than a 4 minute hourglass and a 7 

minute hourglass. You do have a stove however with water in a pot 

already boiling. Somebody asks you for a 9 minute egg, and you 

know this person is a perfectionist and will be able to tell if you 

undercook or overcook the eggs by even a few seconds. What is the 

least amount of time it will take to prepare the egg?    

L.I. Kuncheva 22


