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Clustering

» Clustering is the process of grouping similar objects into naturally associated
subclasses.

» This process results in a set of “clusters” which somehow describe the
underlying objects at a more abstract or approximate level.

» The process of clustering is typically based on a “similarity measure” which
allows the objects to be classified into separate natural groupings.

* A clusteris then simply a collection of objects that are grouped together
because they collectively have a strong internal similarity based on such a
measure.

* A similarity measure (or dissimilarity measure) quantifies the conceptual
distance between two objects, that is, how alike or disalike a pair of objects are.

— Determining exactly what type of similarity measure to use is typically a domain
dependent problem.
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Clustering

A clustering of a set N is a partition of N, i.e. a set C,,..., C, of subsets of N, such
that:

Ciu...uC=N and C;nC; =7, forall iz

» Clustering is used in areas such as:
— medicine, anthropology, economics, data mining

— software engineering (reverse engineering, program comprehension, software
maintenance)

— information retrieval

* In general, any field of endeavor that necessitates the analysis and
comprehension of large amounts of data may use clustering.
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Tutrol AAyopiBuwv Ouadotroinong

« AvdAAoya pe Tn oxéon PETACU 1010TATWY Kal KAGoswv
— Monothetic clustering
— Polythetic clustering

* Avaloya pe Tn oxéon MeTacU AvTIKEIUEVWY Kal KAAOEWV
— ATTOKAEIOTIKA (exclusive) opadoTroinon

— EmkaAutttépevn (overlapping) opyadoTtroinon
* 'Eva avTiKEipEVO PTTOPEI VO QVAKEI O TTAPATTAVW OTTO dia KAGON

* Avdaloya pe Tn oxéon hetactu KAdoswy
— Xwpig diaragn: ol KAGoeig dev ouvoEovTal JETAEU TOUG
— Mg di1dTagn (1IEpapXIKN): UTTAPXOUV OXECEIC METAEU TWV KAACEWV
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Monothetic vs. Polythetic

 Monothetic

— Mia kAdon opideTal BAoel EvOG CUVOAOU IKAVWYVY KAl AQVAYKaAiwV 1810TATWY TTOU
TIPETTEI VA IKAVOTTOIOUV Ta JEAN TNG (APIOTOTEAIKOG OPIoUAG)

» Polythetic
— Mia kKAGon opicetal Baoel evdg auvoAou I01I0TATwY @ =@1,...,0n, T.W.
» KdaBe péNog TNG KAGoNG TTpETTEl va €XEl €va HEYAAO apIBuo Twv 1I810TATWY P
* KdaBe @ Tou ® xapakTnpilel TTOAG avTiKEipeva

+ Agv gival avaykaio va UTTAPXE! YIO @ TTOU VA IKAVOTTOIEITal atTO OAa Ta JEAN TNG
KAGong

« 21nVv All, £xe1 d0Bei Eupaon og aAyopIBuUoUC yia auTOuaTN
TTapaywyn polythetic classifications.
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Monothetic vs. Polythetic

P 31, A Ziacrsthn of 8 SIS mace b ivees Snaotiebic and polmies:

CS463, Information Retrieval Systems

8 individuals (1-8) and 8
properties (A-H).

The possession of a property
is indicated by a plus sign.
The individuals 1-4 constitute
a polythetic group each
individual possessing three
out of four of the properties
A,B,C,D.

The other 4 individuals can

be split into two monothetic
classes {5,6} and {7,8}.
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Métpa 2uoxETiong (Association)

* MEeTPIKEG CUVOPTAOEIC OUOIOTNTAG, CUCXETIONS (ATTOOTAONG):

Pairwise measure

Similarity increases as the number or proportion of shared properties

increase
Typically normalized between 0 and 1
S(X,X)=1, S(X,Y)=S(Y,X)

* [Napadeiypara YETPIKWY OPOIOTATAG
— O1 TePIOOOTEPES €ival KAVOVIKOTTOINPEVEG EKOOTEIG TOU |[X NY| ) Tou
EOWTEPIKOU YIVOUEVOU (v £xoupue BeBapnuévoug 6poug)

Dice’s coefficient 2 [X "Y|/ |X| +|Y]
Jaccard’s coefficient
Cosine correlation

XY/ | XUY|

o Aev UTTAPXEI TO «KOAUTEPO» PETPO (TTOU va divel Ta KAAUTEPQ
atroTEAEOUATA O€ KABE TTEPITITWON)
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[Mapadeiypara MeTpwy yia ‘Eyypagpa

Dice’s coefficient 2 [X nY|/ [X| +|Y]|
Jaccard’s coefficient | X Y|/ [ XU Y|

METpa yia TNV TTEPITITWOTN TTou Ta Bdpn dev gival duadIka:

zg(Wij “Wim)

t 5t 5
2 Wij * 2 Wi

DiceSim (dj, dm) =

;(Wij “Wim)

t 2 t N t
2 Wij + 2 Wim —Z(Wij‘Wim)
i=1 i=1 i=1

JaccardSim (dj, dm) =

t

d* d* Il(Wij'Wim)
CosSim(dj, dm) = t >
Z W jj ‘Zl W im
i=
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OpadoTtroinon wg TPOTToC AvatrapaocTaong
(Clustering as Representation)

* H opadotroinon €ival pia jopen yun €mrnpouuevng uadbnong
(unsupervised learning)
— TNa ekudbnon TNC UTTOKEIPEVNG dounC Kal KAAOEwV

* H opadotroinon €ival pia Joper HETAOXNMATIONOU TNG
avatrapdoTaong (representation transformation)

— Ta éyypaga TTapioTavovTal OXI JOvo Bacel Twv 6pwv aAAd Kal Baoel TwvV
KAGOEWV OTIG OTTOIEG METEXOUV

* H opadoTtroinon utropei va Bewpnbei wg pIa TEXVIKN YIA PEiwon
Twv dlacTdacewv (dimensionality reduction)
— EI1dIka 1o term clustering
— Latent Semantic Indexing, Factor Analysis gival TTapOUOIEG TEXVIKEG
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OpadoTroinon yia BeATiwon TG ardédoong
(Clustering for Efficiency)

Method:

* 1/ Cluster documents,

« 2/ Represent clusters by mean or average document,
« 3/ compare guery to cluster representatives
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OpadoTroinon yia BeAtiwon TG ATTOTEAEOUATIKOTNTAG
(Clustering for Effectiveness)

« By transforming representation, clustering may also result in more
effective retrieval

» Retrieval of clusters makes it possible to retrieve documents that
may not have many terms in common with the query
— E.g.LSI
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Document Clustering Approaches

» Graph Theoretic

— Defines clusters based on a graph where documents are nodes and edges
exist if similarity greater than some threshold

— Require at least O(n”*2) computation
— Naturally hierarchic (agglomerative)
— Good formal properties

— Reflect structure of data

» Based on relationships to cluster representatives or means
— Define criteria for separability of cluster representatives
— Typically have some measure of goodness of cluster
— Require only O(n logn) or even O(n) computations
— Tend to impose structure (e.g. number of clusters)
— Can have undesirable properties (e.g. order dependence)
— Usually produce partitions (no overlapping clusters)
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Criteria of Adequacy for Clustering Methods

 The method produces a clustering which is unlikely to be altered
drastically when further objects are incorporated (stable under

growth)
* The method is stable in the sense that small errors in the
description of objects lead to small changes in the clustering

* The method is independent of the initial ordering of the objects
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Graph Theoretic Clustering Algorithms

Graph Clustering

» Graph clustering deals with the problem of clustering a graph
— grouping similar nodes of a graph into a set of subgraphs

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Quality criteria for graph clustering methods

Graph clustering methods should produce clusters with
high cohesion and low_coupling

high cohesion:
— there should be many internal edges
low “cut size”:

— The cut size (else called external cost) of a clustering measures how many edges are
external to all sub-graphs, that is, how many edges cross cluster boundaries.

Uniformity of cluster size is also often desirable.
— A uniform graph clustering is where |C|| is close to |C| for all i,j in {1..k}
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A 3 Cut size =4
(2L
[3—e—e—7)

[

Cut size =2
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Quality Measures for Graph Clustering

* There are several. One well kn
measure)

own is the CC measure (Coupling-Cohesion

|E|n|_|EEX|

« EM the “internal” edges: those

=

that connect nodes of the same cluster

« E®x the “external” edges: those that cross cluster boundaries

* maximum value of CC: 1

— when all edges are internal
* minimum value of CC: -1

— when all edges are external
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Example
A Cut size =4
B
9T OmSmomY
2 (4) - 6—4
C CC=—2=02
Ot 10
8—2
Cut size =2 CC=—2=0.6

10
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Hierarchical Graph Clustering

» The clusters of the graph can be clustered themselves to form a higher level
clustering, and so on.

» A hierarchical clustering is a collection of clusters where any two clusters are
either disjoint or nested.

Q) /@\@ /@\@
C (4 c

@ @
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Hierarchical Clustered Graph

A Hierarchical Clustered Graph (HCG) is a pair (G,T) where
G is the underlying graph, and
T is a rooted tree such that the leaves of T are the nodes of G.

(the tree T represents an inclusion relationship: the leaves of T are nodes of G, the internal
nodes of T represent a set of graph nodes, i.e. a cluster)

E

LN
) c @
@
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Implied Edges

Implied edges: edges between the internal nodes.

Two clusters are connected iff the nodes that they contain are related.
Multiple implied edges (between the same pair of clusters) can be ignored or

summed up to form weighted implied edges. Thresholding can applied in order
to filter out some implied edges

A Hierarchical Compound Graph is a triad (G,T, I)
where (G,T) is a hierarchical clustered graph
(HCG), and I the set of implied edges set.
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Graph Theoretic Clustering Approaches

Given a graph of objects connected by links that represent
similarities greater than some threshold, the following cluster
definitions are straightforward:

— Connected Component: subgraph such that each node is connected to at
least one other node in the subgraph and the set of nodes is maximal with
respect to that property

« Called Single link clusters

— Maximal complete subgraph: subgraph such that each node is connected
to every other node in the subgraph (clique)

« Complete link clusters
Others are possible and very common:

— Average link: each cluster member has a greater average similarity to the
remaining members of the cluster than it does to all members of any other
cluster
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Hierarchical Clustering

» Build a tree-based hierarchical taxonomy (dendrogram) from a set of unlabeled
examples.

» Recursive application of a standard clustering algorithm can produce a
hierarchical clustering.

animal

vertelmate/}y’ebra\te
/\ﬁsh/riptile a71\ hib. m7n\1mal w7r\m in?e\ct crust7c\ean

Hierarchical Clustering Methods

* Agqlomerative (cuoowpeuanc) (bottom-up) methods start with each example in
its own cluster and iteratively combine them to form larger and larger clusters.

* Divisive (diaipeonc) (partitional, top-down) separate all examples immediately
into clusters.
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An hierarchical (agglomerative ) clustering algorithm

1/ Bahe KGBe £yypago o€ Eva dlIa@opeTIKO cluster

2. YTToAGYI0€ TNV OUoIBTATA PETAEU OAWV Twv Ceuyapiwyv cluster

3. Bpeg 10 CeUyog {Cu,Cv} pe Tnv uwnAdTepn (inter-cluster) opoldTnTa
4. Yuyxwveuoe Ta clusters Cu, Cv
5. EravélaBe (atrd 1o BrApa 2) Eéwg 0Tou va KataAngoupe va €xoupe 1 uoévo cluster
6. ETTéoTpewe TNV 1Epapyia Twv clusters (TO I0TOPIKO TWV CUYXWVEUCEWV)
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An hierarchical (agglomerative ) clustering algorithm

1/ BaAe KABe £yypago o€ Eva dIaQopPeTIKO cluster
C:=g; Fori=1ton C:=Cu [di]

2. YTToAOyio€ TNV opoidTNTa METAEU OAwV Twv {euyapiwy cluster
Compute SIM(c,c’) for each ¢, ¢’ € C

3. Bpeg 10 Ceuyog {Cu,Cv} pe Tnv uwnAdTepn (inter-cluster) opoldTnTa
4. Yuyxwveuoe Ta clusters Cu, Cv
5. EravélaBe (atrd 1o BApa 2) Eéwg 0Tou va KataAngoupe va €xoupe 1 uoévo cluster

6. ETéoTpewe TNV 1gpapyia Twv clusters (T0 IOTOPIKO TwWV CUYXWVEUCEWYV)
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An hierarchical (agglomerative ) clustering algorithm

1/ Bahe KGBe £yypago o€ Eva dlIa@opeTIKO cluster
C:=g; Fori=1ton C:=Cu [di]

2. YTToAGYI0€ TNV OUoIBTATA PETAEU OAWV Twv Ceuyapiwyv cluster
Compute SIM(c,c’) for each ¢, ¢’ € C

sim(d,d’) = CosineSim(d,d’) or DiceSim(d,d’) or JaccardSim(d,d’)

3. Bpeg 10 Ceuyog {Cu,Cv} pe Tnv uwnAdTepn (inter-cluster) opoldTnTa
4. Yuyxwveuoe Ta clusters Cu, Cv
5. EravélaBe (atrd 1o BrApa 2) Eéwg 0Tou va KataAngoupe va €xoupe 1 uoévo cluster
6. ETTéoTpewe TNV 1Epapyia Twv clusters (TO I0TOPIKO TWV CUYXWVEUCEWV)
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An hierarchical (agglomerative ) clustering algorithm

1/ BaAe KABe £yypago o€ Eva dIaQopPeTIKO cluster
C:=g; Fori=1ton C:=Cu [di]

2. YTToAOyio€ TNV opoidTNTa METAEU OAwV Twv {euyapiwy cluster
Compute SIM(c,c’) for each ¢, ¢’ € C

sim(d,d’) = CosineSim(d,d’) or DiceSim(d,d’) or JaccardSim(d,d’)

single link: similarity of two most similar. = max{ sim(d,d’) [dec,d’ec’}
SIM(c,c’)=complete link: similarity of two least similar. = min{ sim(d,d’) |dec,d’ec’}
average link: average similarity b. = avg{ sim(d,d’) |dec,d’ec’}
3. Bpeg 10 Ceuyog {Cu,Cv} pe Tnv uwnAdTepn (inter-cluster) opoldTnTa
4. Yuyxwveuoe Ta clusters Cu, Cv
5. EravélaBe (atrd 1o BApa 2) Eéwg 0Tou va KataAngoupe va €xoupe 1 uoévo cluster

6. ETTéoTpewe TNV 1Epapyia Twv clusters (TO I0TOPIKO TWV CUYXWVEUOEWV)
CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Single Link Example
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Complete Link Example
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2.UyKpIOon

» Single-link
— is provably the only method that satisfies criteria of adequacy

— however it produces “long, straggly (avdkara) string” that are not good
clusters

* Only a single-link required to connect
« Complete link

— produces good clusters (more “tight,” spherical clusters), but too few of them
(many singletons)

 Average-link

— For both searching and browsing applications, average-link clustering has
been shown to produce the best overall effectiveness
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Ward’'s method
(an alternative to single/complete/average link)

* Cluster merging:

— Merge the pair of clusters whose merger minimizes the increase in the total
within-group error sum of squares, based on the Euclidean distance between
centroids

« Remarks:
— this method tends to create symmetric hierarchies
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Computing the Document Similarity Matrix

Empty because
g DR (X,Y)=sim(Y,X)
sim(X,Y)=sim(Y,
dl /
d, Sy
d3:S3 Sz
dn Sn1 Sn2 "'Sn,n—l

< d d, ..d, d

» Optimization: Compute sim(di,dj) only if di and dj have at least one
term in common (otherwise it is 0)
— This is done by exploiting the inverted index
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Clustering algorithms based on relationships to
cluster representatives or means
(Fast Partition Algorithms)




Fast Partition Methods

Single Pass

Assign the document d1 as the representative (centroid,mean) for c1

For each di, calculate the similarity Sim with the representative for each
existing cluster

If SimMax is greater than threshold value simThres, add the document to the
corresponding cluster and recalculate the cluster representative; otherwise
use di to initiate a new cluster

If a document di remains to be clustered, repeat

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Fast Partition Methods

K-means (or reallocation methods)

Select K cluster representatives
Fori=1to N, assign di to the most similar centroid
Forj =1 to K, recalculate the cluster centroid cj

Repeat the above steps until there is little or no change in cluster
membership

e |ssues:

How should K representatives be chosen?
Numerous variations on this basic method
* cluster splitting and merging strategies
« criteria for cluster coherence
+ seed selection

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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K-Means

Assumes instances are real-valued vectors.

» Clusters based on centroids, center of gravity, or mean of points in
a cluster, c:

— For example, the centroid of (1,2,3), (4,5,6) and (7,2,6) is (4,3,5).

» Reassignment of instances to clusters is based on distance to the
current cluster centroids.

CS463, Information Retrieval Systems
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K Means Example (K=2)

Pick seeds
Reassign clusters
Compute centroids
Reasssign clusters
: Compute centroids
o

. Reassign clusters
®

Converged!

CS463, Information Retrieval Systems
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Nearest Neighbor Clusters

» Cluster each document with its k nearest neighbors
* Produces overlapping clusters

« Called “star” clusters by Sparck Jones

» Can be used to produce hierarchic clusters

» cf. “documents like this” in web search
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Complexity Remarks

« Computing the matrix with document similarities: O(n*2)

« Simple reallocation clustering method with k clusters O(kn)
— TTI0 YPAYOPOGS a1Td TOUG OAYOPIOUOUG YIa IEpAPXIKT ouadoTToinon

» Agglomerative or Divisive Hierarchical Clustering:

— atraITei N-1 ouyXWVEUOEIG/DIQIPETEIG
— n TOAUTTAOKOTNTA TOU €ival TouAdxioTov O(n”2)
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Cluster Searching
Document Retrieval from a Clustered Data Set

« Top-down searching:

— start at top of cluster hierarchy,choose one of more of the best matching
clusters to expand at the next level

+ tends to get lost
» Bottom-up searching:
— create inverted file of “lowestlevel” clusters and rank them

* more effective

* indicates that highest similarity clusters (such as nearest neighbor) are the most
useful for searching

» After clusters are retrieved in order, documents in those clusters
are ranked

» Cluster search produces similar level of effectiveness to document
search, finds different relevant documents

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Human Clustering

 EpwTtiuarta
— Is there a clustering that people will agree on?
— Is clustering something that people do consistently?
— Yahoo suggests there’s value in creating categories

» Fixed hierarchy that people like

» “Human performance on clustering Web pages”
— Macskassy, Banerjee, Davison, and Hirsh (Rutgers)
— KDD 1998, and extended technical report

» AtmroteAéoparta: MAAAov Oev UTTAPXEI HEYAAN CUPPWVia
* YEVIKA TTPOTiUNON o€ PIKpd clusters
* AGAAOI XPAOTEG TTPOTIMOUV/ONUIOUPYOUV ETTIKAAUTITOMEVA, GAAOI ATTOKAEIOTIKA
clusters
* Ta TTEPIEXOMEVA TwV clusters diEpepav apKeTa
* VEVIKA) opadOoTToIiNaN (AVEEAPTHTOU ETTEPWTNONG) OEV PAIVETAI VA €ival TTOAU
XpPNaoiun

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Text Clustering

« HAC and K-Means have been applied to text in a straightforward
way.

» Typically use normalized, TF/IDF-weighted vectors and cosine
similarity.

» Optimize computations for sparse vectors.

» Applications:

— During retrieval, add other documents in the same cluster as the initial
retrieved documents to improve recall.

— Clustering of results of retrieval to present more organized results to the
user (e.g. vivisimo search engine)

— Automated production of hierarchical taxonomies of documents for
browsing purposes (like Yahoo & DMOZ).

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Related Issues

Clustering vs Classification

» Clustering
— Unsupervised
— Input
* Clustering algorithm
 Similarity measure
* Number of clusters (e.g. in K Means)

— No specific information for each document
 Classification (or categorization)
— Supervised
— Each document is labeled with a class
— Build a classifier that assigns documents to one of the classes

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006
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Text Classification Example

« Labeled training set » Classification of all documents

A
(]
' "o
' A
‘ >
0
CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete, Spring 2006

Supervised vs Unsupervised Learning

» This setup is called supervised learning in the terminology of
Machine Learning

* In the domain of text, various names
— Text classification, text categorization
— Document classification/categorization
— “Automatic” categorization
— Routing, filtering ...

 In contrast, the earlier setting of clustering is called unsupervised
learning
— Presumes no availability of training samples
— Clusters output may not be thematically unified.
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Text Categorization Examples

Assign labels to each document or web-page:

CS463, Information Retrieval Systems

Labels are most often topics such as Yahoo-categories

" n

e.qg., "finance,
Labels may be genres
e.g., "editorials" "

nn

movie-reviews" "news”

Labels may be opinion

e.g., ‘like”, “hate”, “neutral”

Labels may be domain-specific binary

e.g., "interesting-to-me" : "not-interesting-to-me”
e.g., “‘spam”: “not-spam”

e.g., “contains adult language” :“doesn’t”

Yannis Tzitzikas, U. of Crete, Spring 2006

sports,” "news>world>asia>business”
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Classification Methods

CS463, Information Retrieval Systems

Manual classification

— Used by Yahoo!, Looksmart, about.com, ODP, Medline
— very accurate when job is done by experts

— consistent when the problem size and team is small

— difficult and expensive to scale

Automatic document classification

— Hand-coded rule-based systems
* Used by spam filters, Reuters, CIA, Verity, ...

— E.g., assign category if document contains a given boolean combination of words
« Commercial systems have complex query languages (everything in IR query

languages + accumulators

» Accuracy is often very high if a query has been carefully refined over time by a

subject expert
» Building and maintaining these queries is expensive

Yannis Tzitzikas, U. of Crete, Spring 2006

56




Classification Methods (ll)

» Supervised learning of document-label assignment function
— Many new systems rely on machine learning (Autonomy, Kana, MSN, Verity,

Enkata, ...)

» k-Nearest Neighbors (simple, powerful)

» Naive Bayes (simple, common method)

» Support-vector machines (new, more powerful)

* ... plus many other methods

* No free lunch: requires hand-classified training data
» But can be built (and refined) by amateurs
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