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12.  Data Mining  



ÅSupervised learning 

ïThe training data is accompanied by labels 

indicating the class of the observations 

ïMajor application: classification 

ÅUnsupervised learning  

ïThe class labels of training data are unknown 

ïMajor application: Cluster Analysis  

DW & DM ς Wolf-Tilo Balke ς Institut für Informationssysteme ς TU Braunschweig 3 

12.0  Cluster Analysis  



ÅClustering? 

ïDeals with finding some structure  

in a collection of unlabeled data  

ÅDefinition 

ïClustering is the process of 

organizing objects into groups, 

whose members are similar   

in some way 
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12.0  Cluster Analysis  



ÅClustering in human life 

ïEarly in childhood we learn how to distinguish 

between cats and dogs, or between animals and plants 

ÅBy continuously improving subconscious clustering schemes 
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12.0  Cluster Analysis  



ÅClustering (also called data segmentation)  

ïA form of learning by observation rather than 

learning by example 

ïIs used in numerous applications 

ÅMarket research 

ÅPattern recognition 

ÅData analysis 

ÅInformation retrieval 

ÅImage processing 
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12.0  Cluster Analysis  



ÅRequirements  of cluster analysis  

ïScalability 

ÅHighly scalable algorithms are needed for clustering  

on large data sets 

ïAbility to deal with different types of attributes 

ÅClustering may be performed also on binary, categorical  

and ordinal data 

ïDiscovery of clusters with arbitrary shape 

ÅMost algorithms tend to find spherical clusters 

ïAbility to deal with noisy data 
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12.0  Cluster Analysis  



ïHigh dimensionality 

ÅDW can contain several dimensions 

ïMinimal requirements for domain knowledge 

ÅClustering results are quite sensitive to the input 

parameters 

ÅParameters are often difficult to determine  
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12.0  Requirements  



ÅClustering is quite challenging! 

ïHow many clusters?  

ïFlat  or hierarchical?  

ïHard  or soft? 

ïWhatõs a good  clustering? 

ïHow to find  it? 
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12.0  Issues in clustering  



ÅHow many clusters?  

ïLet k denote the number of clusters  from now on 

ïBasically, there are two different approaches 

regarding the choice of k 

ÅDefine k  before searching for a clustering, then only 

consider clusterings having exactly k clusters 

ÅDo not define a fixed k , i.e. let the number of clusters 

depend on some measure of clustering quality to be defined 

ïThe òrightó choice depends on the problem you want 

to solveé 
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12.0  Issues in clustering  



ÅClustering approaches: flat or hierarchical ? 

ïFlat clustering: finding all clusters at once 

ÅPartition the items into k clusters  

ÅIteratively  reallocate items to improve the clustering 
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12.0  Issues in clustering  



ïHierarchical clustering: finding new clusters using 

previously found ones 

ÅAgglomerative : each item forms a cluster, merge clusters 

to form larger ones 

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

clusters 
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12.0  Issues in clustering  



ÅHard or soft? 

ïHard clustering:  

ÅEvery item is assigned to exactly one cluster 

(at the lowest level, if the clustering is hierarchical) 

ÅMore common and easier to do 

ïSoft clustering:  

ÅAn items assignment is a distribution  over all clusters 

(fuzzy, probabilistically, or something else) 

ÅBetter suited for creating browsable hierarchies 
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12.0  Issues in clustering  



ÅAbstract problem statement 

ïGiven:  

ÅA collection  of items 

ÅThe type  of clustering to be done (hard/soft) 

ÅAn objective function  f that assigns a number 

to any possible clustering of the collection 

ïTask:  

ïFind a clustering that minimizes the objective function (or 

maximizes, respectively) 

ïExclude a special case: we donõt want empty clusters! 
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12.0  Issues in clustering  



ÅThe overall quality  of a clustering is measured by f 

ïUsually, f is closely related to a measure of distance  

ÅPopular primary goals:  

ïLow inter -cluster similarity , i.e. customers from 

different clusters should be dissimilar 

ïHigh intra -cluster similarity , i.e. all customers within a 

cluster should be mutually similar 
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12.0  Issues in clustering  



ÅInter-cluster similarity and intra-cluster similarity: 

 

BAD:  

 

 

 

GOOD:  
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12.0  Issues in clustering  



ÅCommon secondary goals:  

ïAvoid very small clusters 

ïAvoid very large clusters 

ïé 

ÅAll these goals are internal (structural) 

criteria  

ÅExternal criteria:  compare the clustering 

against a hand-crafted reference clustering (later) 
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12.0  Issues in clustering  



ÅNaïve approach: 

ïTry all possible clusterings 

ïChoose the one minimizing/maximizing f 

ÅHow many different clusterings are there? 

ïThere are S(n, k) distinct hard, flat clusterings 
of a n-element set into exactly k clusters 

ïS(·, ·) are the Stirling  numbers of the second kind  

ïRoughly: S(n, k) is exponential in n 

 

ÅBetter use some heuristicsé 
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12.0  Issues in clustering  



ÅFlat clustering  

ïK-means 

ÅA cluster is represented by its center  

ïK-medoids or PAM (partition around medoids) 

ÅEach cluster is represented by one of the objects in the 

cluster  
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12.1  Flat Clustering  



ÅK-means clustering 

ïThe most important (hard) flat clustering  

algorithm, i.e. every cluster is a set of data points 

(items) 

ïThe number of clusters k is defined in advance 

ïData points usually are represented as unit vectors  

ïObjective  

ÅMinimize the average distance from each node in a  

cluster to its respective center! 
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12.1  Flat Clustering  



ÅCenter  of a cluster 

ïLet A = {d1, é, dm} be a data set cluster (a set of unit 

vectors) 

ïThe centroid  of A is defined as: 
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12.1  K-means clustering  



ÅQuality  of a cluster 

ïAgain, let A be a data set cluster with m items 

ïThe residual sum of squares  (RSS) of A is defined 

as 
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12.1  K-means clustering  

é 



ÅIn k-means clustering, the quality of the 

clustering into (disjoint) clusters A1, é, Ak is 

measured by: 

 

ÅK-means clustering tries to 

minimize this value  

ÅMinimizing RSS(A1, é, Ak) is 

equivalent to minimizing the  

average squared distance between 

each data point and its clusterõs centroid 
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12.1  K-means clustering  

Bad quality clusters 



ÅThe k-means algorithm (aka Lloydõs 

algorithm):  

1. Randomly select k data points (items) as seeds (= initial 

centroids) 

2. Create k empty clusters  

3. Assign exactly one centroid to each cluster 

4. Iterate over the whole data points: assign each data point 

to the cluster with the nearest centroid 

5. Recompute cluster centroids based on contained data 

points 

6. Check if clustering is good enough ; return to (2) if not 
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12.1  K-means clustering  



ÅWhatõs good enough ? 

ï Small change since previous iteration 

ï Maximum number  of iterations reached 

ï Set a threshold for a convenient 

RSS 
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12.1  K-means clustering  



ÅExample from (Manning et al., 2008): 

 

 

 

1. Randomly select 

k = 2 seeds 

(initial centroids) 
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12.1  K-means clustering  



 

 

 

4. Assign each 

data set to 

the cluster 

having the 

nearest centroid 
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12.1  K-means clustering  



 

 

 

 

5. Recompute 

centroids 
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12.1  K-means clustering  



 

 

 

 

Result after 

9 iterations: 
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12.1  K-means clustering  



 

 

 

Movement of 

centroids in 

9 iterations: 
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12.1  K-means clustering  


