
Hierarchical Clustering!

adapted from: 
http://www.stanford.edu/class/cs276/handouts/lecture17-clustering.ppt 



Clustering 

  Grouping data into  (hopefully useful) sets. 

Things on the right 
Things on the left 



Steps in Clustering 

  Select Features 
  Define a Proximity Measure 
  Define Clustering Criterion 
  Define a Clustering Algorithm 
  Validate the Results 
  Interpret the Results 



Kinds of Clustering 

  Sequential 
  Fast 
  Results depend on data order 

  Cost Optimization 
  Fixed number of clusters (typically)  

  Hierarchical 
  Start with many clusters 
  join clusters at each step 



Hierarchical Clustering 
  Cluster based on similarities/distances 
  Distance measure between instances xr and 

xs 

 Minkowski (Lp) (Euclidean for p = 2) 

 City-block distance 
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Agglomerative Clustering 

  Start with N groups each with one instance  
  Merging similar groups to form larger groups 

until there is a single one 

Divisive Clustering 
  Start with a single group  
  Divide large groups into smaller groups until 

each group contains a single instance 



Agglomerative Clustering 
  Start with N groups each with one instance  
  At each iteration, choose the 2 closest groups to 

merge 
  Continue until all data is in 1 cluster 
  Distance between two groups (clusters) Gi and Gj: 

  Single-link:  

  Complete-link: 

  Average-link 
  centroid 
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Dendrogram 

Example: Single-Link 
Clustering 



Hierarchical Clustering 
  Build a tree-based hierarchical taxonomy 

(dendrogram) from a set of documents. 
animal 

vertebrate 

fish reptile amphib. mammal      worm insect crustacean 

invertebrate 

Ch. 17 



Cosine Similarity 
the dot-product (sum of products) of two 

normalized vectors is the cosine of the 
angle between them 

(dj · dk)/(|dj||dk|) = cos(θ)  



Dendrogram: Hierarchical 
Clustering 

 Clustering 
obtained by 
cutting the 
dendrogram at a 
desired level: 
each connected 
component forms 
a cluster. 
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How do we choose the cut? 

  Cut at a prespecified level of similarity 
  Cut where the gap between two successive 

combination similarities is largest 
  Prespecify k 
  Residual sum of squares 



Hierarchical Agglomerative 
Clustering (HAC) 
 Starts with each doc in a separate 

cluster 
  then repeatedly joins the closest pair 

of clusters, until there is only one 
cluster. 

 The history of merging forms a binary 
tree or hierarchy. 

Sec. 17.1 





Closest pair of clusters 
  Many variants to defining closest pair of clusters 
  Single-link 

  Similarity of the most cosine-similar (single-link) 
  Complete-link 

  Similarity of the “furthest” points, the least cosine-similar 
  Centroid 

  Clusters whose centroids are the most cosine-similar 

  Average-link 
  Average cosine between pairs of elements 

Sec. 17.2 





Single Link Agglomerative 
Clustering 
  Use maximum similarity of pairs: 

  Can result in “straggly” (long and thin) 
clusters due to chaining effect. 

  After merging ci and cj, the similarity of the 
resulting cluster to another cluster, ck, is: 
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Sec. 17.2 



Single Link Example 

Sec. 17.2 



Complete Link 

  Use minimum similarity of pairs: 

  Makes “tighter,” spherical clusters that are 
typically preferable. 

  After merging ci and cj, the similarity of the 
resulting cluster to another cluster, ck, is: 
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Sec. 17.2 



Complete Link Example 

Sec. 17.2 



Single and Complete Link  

  Reduce cluster quality to similarity between a 
pair of docs 

  Bad for single link -> chaining 
  Bad for complete link -> too much attention to 

outliers 









Computational Complexity 
  In the first iteration, all HAC methods need to 

compute similarity of all pairs of N initial instances, 
which is O(N2). 

  In each of the subsequent N-2 merging iterations, 
compute the distance between the most recently 
created cluster and all other existing clusters. 

  In order to maintain an overall O(N2) performance, 
computing similarity to each other cluster must be 
done in constant time. 
  Often O(N3) if done in a naïve way 
  or O(N2 log N) if done in a more clever way 

Sec. 17.2.1 



Group Average 
  Similarity of two clusters = average similarity of all pairs 

within merged cluster. 

  Compromise between single and complete link. 
  Two options: 

  A) Averaged across all ordered pairs in the merged cluster  
  B) Averaged over all pairs between the two original clusters 
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Sec. 17.3 



Computing Group Average 
Similarity 

  Always maintain sum of vectors in each 
cluster. 

  Compute similarity of clusters in constant 
time: 
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Sec. 17.3 
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Centroid Clustering 

  Similarity of two clusters is defined as the 
similarity of their centroids 

  Equivalent to the average similarity of all 
pairs of documents from different clusters 









What Is A Good Clustering? 
  Internal criterion: A good clustering will 

produce high quality clusters in which: 
  the intra-class (that is, intra-cluster) 

similarity is high 
  the inter-class similarity is low 
  The measured quality of a clustering 

depends on both the document 
representation and the similarity measure 
used 

Sec. 16.3 



External criteria for clustering 
quality 
  Quality measured by its ability to discover 

some or all of the hidden patterns or latent 
classes in gold standard data 

  Assesses a clustering with respect to 
ground truth … requires labeled data 

Sec. 16.3 



Divisive Clustering 

  Top down clustering 
  ALG 

  Start with all documents in 1 cluster 
  Split using a flat clustering algorithm 
  Apply recursively until each doc is in its own 

cluster  
  More efficient 
  Benefits from complete info 



Cluster Labeling 

  Differential Cluster Labeling 
  Cluster-internal Labeling 




