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(D) 12.0 Cluster Analysis

A Supervised learning

I The training data is accompanied by lab
Indicating the class of the observations

I Major application: classification
A Unsupervised learning
I The class labels of training data are unknown

I Major applicationCluster Analysis &
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(D) 12.0 Cluster Analysis

A Clustering?

I Deals with finding some structure
In a collection ofunlabeled data

A Definition

I Clustering Is the process of
organizing objects into groups,
whose members arsimilar
INn some way
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(@) 12.0 Cluster Analysis

A Clustering in human life

I Early in childhood we learn how to distinguish
between cats and dogs, or between animals and ple

A By continuously improving subconscious clustering scher

DW & DM¢ Wolf-Tilo Balke Institut fur Informationssysteme TU Braunschweig 5



(D) 12.0 Cluster Analysis

A Clustering (also calledata segmentation)

I A form of learning by observation rather than
learning by example

I Is used in numerous applications
AMarket research
APattern recognition
AData analysis
Alnformation retrieval W
Almage processing
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(@) 12.0 Cluster Analysis

A Requirements of cluster analysis
I Scalability

AHighly scalable algorithms are needed for clustering
on large data sets

I Abllity to deal with different types of attributes

A Clustering may be performed also on binary, categorical
and ordinal data

I Discovery of clusters with arbitrary shape
AMost algorithms tend to find spherical clusters

I Ability to deal with noisy data
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() 12.0 Requirements

I High dimensionality
ADW can contain several dimensions

I Minimal requirements for domain knowledge

A Clustering results are quite sensitive to the input
parameters

AParameters are often difficult to determine

okl ity VAR 3
;' i ...m.'f‘...’ Mih J».JI !
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12.0 Issues In clustering

A Clustering is quite challenging!
I How many clusters?
I Flat or hierarchical?
I Hard or soft?

I Wh at goed CHJsterlng’>
I How to find it?
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(@) 12.0 Issues in clustering

A How many clusters?
I Letk denote thenumber of clusters from now on

| Basically, there are two different approaches
regarding the choice of k

ADefine k before searching for a clustering, then only
consider clusterings having exactly k clusters

ADo not define a fixed k , i.e. let the number of clusters
depend on some measure of clustering quality to be defin

iThe ori ght o choice depe
to sol veé
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(@) 12.0 Issues in clustering

A Clustering approachefiat or hierarchical ?

I Flat clustering: finding all clusters at once
APartition the items intdk clusters
Alteratively reallocate items to improve the clustering

DW & DM¢ Wolf-Tilo Balke Institut fur Informationssysteme TU Braunschweig 11



(@) 12.0 Issues in clustering

I Hierarchical clustering: finding new clusters using
previously found ones

AAgglomerative :each item forms a cluster, merge clusters
to form larger ones

ADivisive : all items are in one cluster, split it up into smaller
clusters

( N

/i i\ )
RINT § i

2N /
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(@) 12.0 Issues in clustering

A Hard or soft?

I Hard clustering:

AEvery item is assigned to exactly one cluster
(at the lowest level, if the clustering is hierarchical)

AMore common and easier to do
I Soft clustering:

AAn items assignment isdastribution over all clusters
(fuzzy, probabillistically, or something else)

ABetter suited for creating browsable hierarchies

DW & DM¢ Wolf-Tilo Balke Institut fur Informationssysteme TU Braunschweig
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(@) 12.0 Issues in clustering

A Abstract problem statement
I Given:
AA collection of items

AThetype of clustering to be done (hard/soft)

AAn objective function f that assigns a number
to any possible clustering of the collection

I Task:

I Find a clustering that minimizes the objective function (or
maximizes, respectively)

IExclude a speci al case.:
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(D) 12.0 Issues in clustering

A The overall quality of a clustering is measured by
I Usually, f is closely related tomaeasure of distance

A Popularprimary goals:

I Low inter -cluster similarity ,I.e.customers from
different clusters should be dissimilar

I High intra -cluster similarity ,i.e. all customers within a
cluster should be mutually similar

4 )

i
§ !
N Vg
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(@) 12.0 Issues in clustering

A Inter-cluster similarity and intr@luster similarity:

BAD:

GOOD:




12.0 Issues In clustering

W
&l

A Common secondary goals:
I Avoid very small clusters
i Avoid very large clusters
I é -
A All these goals ariternal (structural) %
criteria

A External criteria; compare the clustering
against a handrafted reference clustering (later)
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(D) 12.0 Issues in clustering

A Naive approach: 37
I Try all possible clusterings % |
I Choose the one minimizing/maximizing :

A How many differentlusteringsare there?

I There are S(n, k) distinct hard, flalusterings
of a nelement set into exactly k clusters

I S(,-) are theStirling numbers of the second kind
I Roughly: S(n, k) is exponential in n

ABetter use some heur.i
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() 12.1 Flat Clustering

A Flat clustering
I K-means
AA cluster is represented by its center

I K-medoids or PAM (partition around medoids)

AEach cluster is represented by one of the objects in the
cluster .
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(D) 12.1 Flat Clustering

A K-means clustering

I The most important(hard) flat clustering
algorithm, i.e. every cluster is a set of data points
(items)

I The number of clusters k is definead advance

I Data points usually are represented st vectors

I Objective

AMinimize the average distance from each node in a
cluster to its respective center!
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() 12.1 K-means clustering

A Center of a cluster

I LetA={d, &, bed data set cluster (a set of unit
vectors)

I Thecentroid of A Is defined as:

m
| 4 - + +
A) = _E :df + T
m | 3 T 1++ (0] o
i= o)
+ XJF N 00
2“ ++ (@)
# 8 X
1+ + +++ o 0
+ 7T ©
0 | | | | d)
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() 12.1 K-means clustering

A Quality of a cluster
I Again, let A be a data set cluster with m items
I Theresidual sum of squares (RSS) of A is defined

as
m 2
RSS(A) = > ||d; — u(a)| -

=1 + +

I 3 ++-i|-_ 0 o
’ S_TO -
1 T+ 0

+ +

0 | ]
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12.1 K-means clustering

A In kmeans clustering, thguality of the
clustering into (disjoint) clustersA,, A is

measured by: k
RSS(Al,...,Al) = » RSS(A) *7
Ji:| T

A K-means clustering tries to , | ZINY

minimize this value g
AI\/Iini_mizing RSB A)is oL <, VB
equivalent tominimizing the Y AN B
: Bad quality clusters

average squared distance between
each data point and 11ts

N
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() 12.1 K-means clustering

AThek-means al gorithm (aka
algorithm):

1.

w

Randomly select k data points (items)sa®ds (= initial
centroids)

Create kempty clusters

. Assign exactly oneentroidto each cluster

Iterate over the whole data points: assign each data pc
to the cluster with the nearestentroid

Recomputeclustercentroidsbased on contained data
points

Check If clustering igood enough ; return to (2) if not
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() 12.1 K-means clustering

A Wh a gadd enough ?

Small change since previous iteration
Maximum number of iterations reached

Set a threshold for a convenient
RSS
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12.1 K-means clustering

A Example from (Manning et al., 2008):

4 T o ®
. * X
3 .“ .x .. . ..
1. Randomly select + * ,o .
k = 2 seeds y .
(initialcentroidg " T * A

0 | |
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12.1 K-means clustering

4 —_
. 3
4. Assign each
data set to 2 +
the cluster
having the LT
nearestcentroid .

¥V BN
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(@) 12.1 K-means clustering

5. Recompute
centroids
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