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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

* According to the above definition, clusters are disjoint (C, ~ C, =2, for
all izj.) However there are clustering approaches that yield
overlapping clusters (it may be C,n C, =& )

» 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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Clustering Example
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Tutror OpyadoTroinong

* AvdaAoya pe Tn oxéon PeTACU 1010TATWY Kal KAdoswv
— Monothetic clustering
— Polythetic clustering

* Avaloya pe Tn oxéon PeTacu AVTIKEINEVWY Kal KAGoEwVY
— ATTOKAEIOTIKA (exclusive) opadoTtroinon

— EmkaAutrtépevn (overlapping) opadoTtroinon
* 'Eva avTIKEIJEVO PTTOPEI VO AVAKEI OE TTAPATTIAVW ATTO Hia KAAon

* Avdloya pe Tn oxéon pyetacu KAGoswv
— Xwpig diatagn: ol KAdoeig dev ouvdoEovTal JETAEU TOUG
— Mg didTagn (1IEpapxIKA): UTTAPXOUV OXECEIC METAEU TWV KAACEWV
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Monothetic vs. Polythetic

 Monothetic

— Mia kAdon opideTal BAoel EVOG CUVOAOU IKAVWY KAl avayKaiwy 1010TATWV TTOU
TIPETTEI VA IKAVOTTOIOUV Ta PEAN TNG (APIOTOTEAIKOG OPIoHOG)

* Polythetic
— Mia kAdon opicetal Baoel evdg auvoAou 1IBI0TATWY @ =@1,...,en, T.W.
* KdaBe péAog TG KAAONG TTPETTEI VO £XEI Eva MEYAAO apIBPO Twv 1810TATWY P
* Kdabe ¢ Tou @ xapaktnpilel TTOAAG avTIKEIuEVQ

» Agv gival avaykaio va UTTAPXEl PIA ¢ TTOU VA IKAVOTTOIEITal AatTé OAa Ta JEAN TNG
KAdong

« 21NV All, £xel 0B¢i Eupaon g aAyopIBUoUC yIa auTONATN
TTapaywyn polythetic classifications.
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Monothetic vs. Polythetic

8 individuals (1-8) and 8

rP PP EFEE properties (A-H).

o « The possession of a property

’ ' is indicated by a plus sign.

S ot The individuals 1-4 constitute

a o a polythetic group each

5 .o individual possessing three

5 e out of four of the properties

, .. . A,B,C,D.

8 e *  The other 4 individuals can
be split into two monothetic
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MéTpa 2uoxétiong (Association)

* MeTpIKEC OUVOPTACEIC OUOIATNTAG, CUCXETIONG (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)
* [lapadeiyparta JETPIKWY OHOIOTATAG
— O1 TTEPIoOOTEPEG €ival KAVOVIKOTTOINMEVEG EKOOOEIG TOU |[X NY| ) TOu
EOWTEPIKOU YIVOUEVOU (eAv £xoupue BeBapnuévoug 6poug)
— Dice’s coefficient 2 | X Y|/ |X| +|Y]|
— Jaccard’s coefficient | X Y|/ | XU Y]
— Cosine correlation

» Agv UTTAPXEI TO «KOAUTEPO» METPO (TTOU Va divel Ta KAAUTEPQ
ATTOTEAEOUATA O€ KABE TTEPITITWON)
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[Mapadeiypara METpwyv yia ‘Eyypaga

» Dice’s coefficient 2 | X NY|/ |X] +|Y]
» Jaccard’s coefficient | X Y|/ XU Y]

METpa yia TNV TTEPITTTWON TToUu Ta Bdpn dev ival duadika:

t
2Z(Wij Wi
DiceSim (dj, dm) = | —=————
gwij +Z_;‘Wim
o 2 (Wij Wipy)
JaccardSim (dj, dm) = | ==
> Wij + 2 Wim ~ 2 (Wij Wim)
CosSim(dj, dm) di.dm 2 (Wi Win)
oSd1IM J, m)=||7. T - t N t 5
dj.dm \/IZ;IWIJ .glwim
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OpadoTroinon wg TPOTTOC AvaTrapacTacng
(Clustering as Representation)

* H opadotroinon ival pia gop®r un mMInEouuevng udbnong
(unsupervised learning)
— TNa ekudbnon TnC UTTOKEIWEVNG doung Kal KAGoEwv

* H opadotroinon ival pia goper METAOXNMATIONOU TNG
avatrapdoTaong (representation transformation)

— Ta éyypaga TTapioTavovTal 0XI HOvo Bacel Twv 6pwv aAAd kal Bdoel Twv
KAGOEWV OTIG OTTOIEG METEXOUV

* H opadotroinon utropei va BewpnBei wg yia TEXVIKA yia JEiwon
Twv OlaoTtdoewv (dimensionality reduction)
— E1dIka 1o term clustering
— Latent Semantic Indexing, Factor Analysis €ival TTapOUOIEG TEXVIKEG
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14




OpadoTroinon yia BeAtiwon TNG aTrodoong
(Clustering for Efficiency)

‘Evag Tpd1T0¢ £MITAXUVONG TNG ATTOTIMNONG TWV ETTEPWTACEWYV Ba
MTTOpOUCE Va €ival 0 €ENC

Method:
1/ Cluster all documents of the collection
— We have to do it only once
2/ Represent clusters by mean or average document
— We have to do it only once
3/ compare each received query to the cluster representatives

— It is like ranking the cluster representatives (as if they were document
vectors)

4/ Return the documents of the most similar(s) cluster(s)

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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Ouadotroinon yia BeAtiwon Tng AmoteAeouaTtikétntac (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

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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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)

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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Criteria of Adequacy for Clustering Methods

Criteria
 Stability under growth

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

- Stability

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

» Order Independence
— The method is independent of the initial ordering of the objects

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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Graph Theoretic Clustering Algorithms

Graph Clustering

« Graph clustering deals with the problem of clustering a graph
— the nodes of the graph are the objects to be clustered

— an edge between two nodes of the graph exist if the similarity of the nodes
is greater than some threshold

— we can view the clustering process as a process that groups similar nodes
into a set of subgraphs

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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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}

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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A 3 Cut size =4
2
[3H—e—{e7)

A

Cut size =2
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Quality Measures for Graph Clustering

» There are several. One well known is the CC measure (Coupling-Cohesion
measure)

|E|n|_|EeX|
|E|

« 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 3 Cut size =4
2
o | 9-0-6-Q

71

Cut size =2 CC=—-2=056
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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.

3 @\@ ] @\@
I Jle
@ @
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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
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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.

Yannis Tzitzikas, U. of Crete 27

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).

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

animal

vertebrate/$%em\te
/\ﬁsh/riptile a7n\ hib. m7n<mal w7r<1 in?e\ct crust7<an

Hierarchical Clustering Methods

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

» Divisive (6iaipeanc) (partitional, top-down) separate all examples immediately
into clusters.
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An hierarchical (agglomerative ) clustering algorithm

1/ BaAe kdBe £yypago o€ £va dl1a@opeTIKO cluster

2. YTToAGyI0€ TNV 0U0IdTNTA PETAEU OAWV Twv Ceuyapiwyv cluster

3. Bpeg 10 Ceuyog {Cu,Cv} pe Tnv uwnAdTepn (inter-cluster) opoidTnTa

4. Yuyxwveuoe Ta clusters Cu, Cv

5. EmravélaBe (atrd 1o BrApa 2) €éwg 6Tou va KataAngoupe va €xouue 1 yovo cluster
6. ETTéoTpeywe TNV 1Epapxia Twv clusters (TO I0TOPIKO TWV CUYXWVEUOEWV)
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An hierarchical (agglomerative ) clustering algorithm

1/ BaAe kGBe £yypago o€ Eva dIaQopeTIKO cluster
C:=g; Fori=1 ton C:=C u [di]

2. YTToAOyIo€ TNV opoIdTNTa METAEU OAWV Twv {euyapiwy cluster
Compute SIM(c,c’) for each c, ¢’ € C

3. Bpeg 10 Ceuyog {Cu,Cv} pe Tnv uwnAdTepn (inter-cluster) opoidtnTa

4. Juyxwveuoe Ta clusters Cu, Cv

5. EmravélaBe (atrd 1o BApa 2) €éwg 0Tou va KataAngoupe va €xouue 1 yovo cluster
6. ETTéoTpewe TNV 1Epapxia Twv clusters (TO I0TOPIKO TWV CUYXWVEUOEWV)
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An hierarchical (agglomerative) clustering algorithm

1/ BaAe kdBe £yypago o€ £va dl1a@opeTIKO cluster
C:=g; Fori=1ton C:=Cu [di]

2. YTToAGyI0€ TNV 0UoI0TNTA PETAEU OAWV Twv Ceuyapiwyv cluster
Compute SIM(c,c’) for each c, ¢’ € 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) opoidtnTa

4. Yuyxwveuoe Ta clusters Cu, Cv

5. EmravélaBe (atrd 1o BrApa 2) €éwg 6Tou va KataAngoupe va €xouue 1 yovo cluster
6. ETTéoTpeywe TNV 1Epapxia Twv clusters (TO I0TOPIKO TWV CUYXWVEUOEWV)
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An hierarchical (agglomerative ) clustering algorithm

1/ BaAe kGBe £yypago o€ Eva dIaQopeTIKO cluster
C:=g; Fori=1 ton C:=C u [di]

2. YTToAOyIo€ TNV opoIdTNTa METAEU OAWV Twv {euyapiwy cluster
Compute SIM(c,c’) for each c, ¢’ € 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) opoidtnTa
4. Juyxwveuoe Ta clusters Cu, Cv
5. EmravélaBe (atrd 1o BApa 2) €éwg 0Tou va KataAngoupe va €xouue 1 yovo cluster
6. ETTéoTpewe TNV 1Epapxia Twv clusters (TO I0TOPIKO TWV CUYXWVEUOEWV)
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Single Link Example
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Complete Link Example
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2.UyKpIon

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

— however it produces “long, straggly (avakara) 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
dy:S3; Ss
dn Snl 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
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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=1to K, recalculate the cluster centroid cj
— Repeat the above steps until there is little or no change in cluster
membership
* [ssues:
— How should K representatives be chosen?

— Numerous variations on this basic method
« cluster splitting and merging strategies
« criteria for cluster coherence
* seed selection
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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

Yannis Tzitzikas, U. of Crete 43

K Means Example (K=2)

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

. Reassign clusters
[ ]

Converged!
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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 YPYOPOG ATTO TOUG aAYOPIBUOUG yIa IEpAPXIKA opadoTroinon

» Agglomerative or Divisive Hierarchical Clustering:

— aTTaITei N-1 CUYXWVEUOEIG/DIAIPETEIG
— 1 TTOAUTTAOKOTNTA TOU gival 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

o 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

47

Some notes

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).
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Human Clustering (x€1povakTikry opadoTroinon)

» Questions:
— 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 CuP@WVia
* VEVIKA TTPOTiUNON o€ PIKp& clusters

* AGAAOI XPAOTEC TTPOTIKOUV/ONUIOUPYOUV ETTIKAAUTITOMEVA, AAAOI OTTOKAEIOTIKA
clusters

* Ta TTEPIEXOUEVA TWV clusters diEpepav apKeETA
* VEVIKA} OJOdOTTOINON (AVEEAPTHTOU ETTEPWTNONG) DEV PAiVETAI VA Eival TTOAU
XPAaiun
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Mapadeiypara Opadotroinong AtroteAeopdTwy Avalrntnong
(Results Clustering)
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r v . Y &
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v V |V|S| ' | |O |Cluster|ng algorithns for Infarmation Retnevel the Wk v | Search T EE——

= Help
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-~ = = = T R e R e A R i e =

# Getting Started || GrooglePublication.pdf,.. [ Latest Headlines | agent_Grid_cluster_fin... || about:blank

[} {changes) WebHome < Main < CAS... | £ S30P03slides.pdf (application/pdf Ob... | Wy MdBnpa: HY-562 Mpoyepnpéva 8pa... | 6 GRoogle | (© Clusty Se:
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Grouper

* Itis a Research Web Meta-Search Engine
» Users can specify the number of documents to be retrieved (10-200) from each of the

participating search engines. The system queries 10 search engines, so it will retrieve 70-

1000 documents.

» Clustering is applied on snippets returned by the search engines.

— Snippet: a fragment of a web page returned by search engines summarizing the context of
search keywords

» Clusters together documents with large common subphrases.

* It uses the Suffix Tree Clustering (STC) algorithm
— create overlapping clusters because all suffixes of each phrase are generated

Want to be more specific?
Use the phrases found to focus your search!
Click on the phrases and/or words you would like to add to your search,
Then click on the search button,

fisrael Search

Results from each engine: 50 | Search for All of these words I

1" Society and Culture” _|"Faiths and Practices" N Judaistn

| Spirituality —Religion lorganizations
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Grouper

Query: israel
Documents: 272, Clusters: 13, Average Cluster Size: 15.1 documents
. Cluster  :Size Shared Phrases and Sample Document Titles
Society and Culture (56%], Faiths and Practices (56%), Judaism {69%),
1 Spiritnality (56%); Religion (36%) , organizations (43%)
Wiew Results 15 @ I . . ]
Refine Ouery Based A]—AJIWEWM
Om This Cluster @ Israel and Judaism
E— @ Judaica Collection
2 Ministry of Foreign Affairs (33%), Ministry (87%)
Wiew Besults 15 @ Publications and Data of the BANK OF ISRAEL
Refine Guery Based @ Consulate General of Israel to the Mid-Atlantic Region
Cn This Cluster @ The Friends of Israel Gospel Ministry
3 Israel Tourism (36%), Comprehensive Israel (36%), Tourism (647)
Wiew Results 11 @ Interactive Israel towism guide - Jerusalem
Refine Guery Based @ Ambassade d'Israel
Cn This Cluster @ Travel to Israel Opportunites
Middle East (37%), History (37%); WAR (42%) , Region (42%) , Complete
=) , List e) . count e
4 42%) , Listing (42% Ty (42%
Wiew Results 7 . . .
Refine Cuerv Based @ Israel at Fifty: Ow Introduction to The Six Day War
On This Clnsrer @ Machal - Yohmteexs in the Israel’s War of Independence
- @ HISTORY: The State of [srael
5 Economy (68%), Companies {53%], Trawvel {55%])
Wiew Results ) @ Israel Hotel Association
Refine Guery Baged @ Israel Association of Electronics Industries
Cn This Cluster @ Focus Capital Group - Israel
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Carroft?
(www.carrot2.org)

* Open-source Web Meta-Search Engine

» Acquire search results from various sources (YahooAPI,
GoogleAPI, MSN Search API, eTools Meta Search, Alexa Web
Search, PubMed, OpenSearch, Lucene index, SOLR)

» 5 clustering algorithms are available that are suitable for different
kinds of document clustering tasks
- STC
— FussyAnts
— Lingo
— HAOG-STC
— Rough k-means

» Open-source implementation of Grouper

* Lingo is the default clustering algorithm used in the Carrot2 live
demos.
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Carrot?
(www.carrot2.org)

W Wiki -[B] ODP : 7 Jobs ' & PubMed | & more.

ﬁ lﬁ Web Y‘r Hews :
|santur1m

| Show
options

Tnplcs Sources | Sites {
[IE]ALL results (57)
[_J Hotels on Santorini Island Greece (32)
(3 Santorini Weddings (6]
[ZJ Travel Guide {12
(L2 Santorini Accommodation ()
[_J Santorini Holidays Flights (7)
3 Aegean Sea (7

[ZJ Santorini Luzury (7
[ZJ Car Hire Rental in Santorini Airport (5)

[ZJ Santorini Weather Forecasts on
Yahoo (3

[_J Santorini a Volcano of Flavours (2]

%% more... | all clusters

i Santorini.corn - official site - Santorini Hotels Santorind Hotel ...

It has been said that the sunszets in Santorind are the best in the

http:/ fwonnw, santorind,com/s

? Santorind island, Greece: wwaw. santorini.net % &
Offers general information on where to stay, sightseeing attractic
http:f Swonene santorind.nets

1 Santorini - Wikipedia, the free encyclopedia % &

: Santorini | Greek Zovtopivi, pronounced [ sa(n)da'rini] ) 1s a sm:
: km south ...

http:/fen.wikipedia.org/wikis Santorini

! Santorind Greece: Travel to Santorind sland Greece, Cyclades @
Greece, Santorini, Hotels and info about the island of Santorind ¢
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Carrot?
ﬁ - B '“eb LY Hews W wiki | [B oDP % § Jobs . &2 PubMed : £ more.
amor jEsEa
Topics | Sources | Sites | i o e
4 : Santorini Greece: Travel to Santorini Island Greece, Cyclades % &
o = = . = ==
G2 All results (87 : Greece, Santorini. Hotels and info about the island of Santorini Greec:
i Hotels on Santorini Island Greece | i http:/ fweww . greeka. comy cycladess santorinis
- (2 Santorini Weddings (¢
- [0 Travel Guide (12} ‘_r Santorini Greece, Greek islands information about Santorini island 7
- [ Santorini Accommodation (&) Santorini is one of the most popular islands of Greece ,Santorini the cc
| £ santorini Holidays Flights (7} famous for its amazing views ...
3 Aegean Sea [T Eohttp S Sveeeny in2greece, comd english/ placess summer/ islands/ santorini. h-
Aegean Sea (7] 3
7| Santorini L v (7 2 . e o
L_I SROTInT S Greek islands: Santorini ¥ B¢
[ @3 Car Hire Rental in Santorini Airport (5) ¢ Matt Barrett's guide to the island of Santorini, Greece's most popular is
i~ [0 Santorini Weather Forecasts on geological site this side of ...
Yahoo (3 I http S Sweey, greektravel, caom/ greekislands/ santorinis
- 2 Santorini a Volcano of Flavours [2) E
%5 more... | all clusters l{-‘% Santorini, Greece 7. 7
! Location: 36.4M, 25.4E Elevation: 1,850 feet [S64 m] The eruption of Sa
http: s fwolcano,und. nodak, edus wwdocs/ volc_imagess europe_west_asias
11 Santorini Greece: Guide o the island of Santorini, hotels . &
! Complete guide of Santorini with many pictures. This site of Santorini €
i http:s e, santorini-greece, bizs
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SNAKET
(http://snaket.di.unipi.it)

* Open-source Web Meta-Search Engine

« Draws about 200 snippets from 16 search engines about Web, Blog, News and
Books domain

« Offers both hierarchical clustering and folder labeling with variable-length
sentences drawn on-the-fly from snippets

» Use gapped sentences as labels, namely sequences of terms occurring not-
contiguously into the snippets

Expand All

= L« Java

@EE@B{@BE@@@@E@
OooooOooooooooooo

mare...

Parsenalizad

Fanand &ll

Collapsz All

“ Technology
“ Frogramming
“ Tutorials

“ Developers
“ Java Books
“ Features Java

“+ Java Index

“+ Java Environment
“+ Java Forums
+wirtual Machine

Unparsonalizad Unchack all
Callanse all
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Java technology is a portfolin of prodicts that are hased on the power of networics
systems and devices. . JTames Gosling, Inventor of Java Technology .. community
iy letter to the Java commundty

[altamrite:] | goople:] | man:] [lookemartd | pahood]

The Java Tutonal
. oun hlicrasystems. Developers Home Products Technologies Java Technology

+ Fres Tutonal. ... ..
“+ Training googled]

Java.com: The marketplace for Java technology
.. Trick out your Java techrnology- powered phone | Buy How" | mtwJ Boad Top ©
Hom"

4+ Coffes [altasriatad | google 3 | menf | alithewreh ]
4+ Site For Java
4 Games Downlead Java Software

Windows Automated Dowrdoads We encountered e issne while Wving 1o automa
google:d | altavista 26 | menc ] | looksmart:5 | allthewst 16]

JavaITl) Boutique - Prooramming Tutenals, Bewews and Downloads
The Java Boutique is a collection of java applets, games, seripts, and tutorials. Leat
wlzo find news ahowd jara and jind. . Programming langnages heve evolved from m:
what's wrong end why t'snecessary, The Java Mermory M odel Explained .. ..
altawista™d | gongle s | man-d | lonksmattn | vahood]
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SNAKET
(http://snaket.di.unipi.it)
Clusters Search
Personalized  Unpersenalized  Uncheck all Java TEChIlOlOEE{
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SNAKET
(http://snaket.di.unipi.it)

* Personalized ranking

— User selects the two labels “Tutorial” and “Training” and gets its personalized
ranked list
Clusters (\Smrch I

LB Unpergonalized  Uncheck Alll The Java Tutonal
Expand All Collapse All o

Sun Microsystems. Developers Home Products Technologies Java Technology Leaming Tutonal
Tutonal

[google?)

vgramrng Tutonals, Remews

[ ru..rrhnr of java rmullrls Eames, 5 BT PIOET IR &
aléo ﬁnln we tbout java and pru. . Programmang languages have evolved from machans language t
what's wrong and why it's necessary. The Java Memory Model F.rpla.ne-l

[altawista | google:5 | msnd | looksmasts | yahood]

®

sl I K DHTML, ¢ als and
Javaocnpt Lt ]_1!"]'1 We Javaocnpl, Jtonals an

@ ; Java Books JavaScnpt Kil Fom—rﬂ,rvl. rbsite Abstraction, Chck Here

® -+ Features Java (Roogle16)

@ LI - Coffee

w [] - Site For Java Java Programming Resources -- Java, Java, and more Java

@ [0 < Games Java programmang resources: FAQs, tutonals, compiler and browser download sites, documentation

@ [ - Java Index (eogie l?)

®  Java Environment Melecular Expressions: Science, Optics and You - Secret Worlds

® [0 - Java Forums protons. Interactove Java Tutonal ATTENTION. | functioning propedly. Plesse install this softwa
" snogled

@ <+ \irtual Machine (eoogle24)

mare... it o ’ o
Welcome to Freewarejava com, the place to find free Java applets
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Next-generation meta search engines

« Display a visual interface

* Goal:
— Make easier the visualization of internet & intranet information
— Help user apprehend huge quantities of information

« KartOO (www.kartoo.com/)
— Display search results as two-dimensional, interactive maps
— Map

+ Sites are represented by more or less important size pages, depending on their
relevance

On mouse over these pages, the concerned keywords are illuminated and a brief
description of the site appears on the left side of the screen
— Queries

+ can follow specific syntax

— E.g. TEXT : Search on the text of the page as a priority
LINK : Search a word on the hypertext link

« follow natural language
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KartOO
(www.kartoo.com/)

Topi
Lahotel santorini
Zasantorini hotels

Images

“ysantorini travel = ini
—asantorini travel |santorll1l

Zysantorini island —

Laisland of santorini

Lahotel information

Latravel guide

Laofficial

cahotel

_dinformation

cagreek

gaisland

Lyhoneymoon

Zystudios

Ladeals

Laoffers

Zahistory @
PSp
Santorini Agolos Honeymoon
juites Stylish studios & suites
vith Jacuzzi & sea view. Great

Jeals Offers.
ittp:/fwww.aeolos.gr

oicanc.und.nodak.ed

Greek Santorini  Insights &
esources about Greece. lravel
juides, gifts and souvenirs
ittp:www travelguides.gr

Santorini Island Hotel Need a
{otel in Santorini? Santorini Island |
Hotel Bargains. |
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ww.greekislands.cof
holidays
information

Www.visit-santonni.com
reek i
g guide hotel

history
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KartOO
(www.kartoo.com/)

Toplcs
dahotel santorini
Zusantorini hotels

Zasantorini travel

Zasantorini island
Zaisland of santorini
£ahotel information
Latravel guide

L official

Zahotel
Lyinformation
Lagreek

Ziisland
Zyhoneymoon
castudios

Ludeals

Laoffers

Zahistory

volcano.und.nodak.edi

thira

- Add lo your search

- remove from your search
- Erase this map

- Modify the links

- Stalistics (4 weeks)

- Rename
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holidays
information 3

greek gui

history
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KartOO
(www.kartoo.com/)

nlcs
Zaaccommaodation santorini
Zasantorini accommodation
Zaaccommedation in santarin
danaxos paros rhodes santor
Ealuxury hotels santorini
Laisland of santorini
Lysantorini island greece
Lasantorini villas

Lahotel guide

Zagreece

Zaguide

Laisland E
samaps

&piclures E
Zusludios Ww.sUperbgreece.ca iy

Lasuiles
Ludeals @

P Sponsor : greece :
G apartments accommodation

gence.voyages-sncf.con

compare

www.cyclades-orbit.con

Santorini Lodgings Aeolos Hotel

stylish studios & suites with suitas S island =
lacuzzi & sea view. Great Deals o 3 i .antcrini-into:l&'
dffers. el four guide
ittp:fwww.aeolos.gr v , - —*
. W iripadvisor.con
ww. ihegreekiravel.com
SNidins travel NWw.santorini-vacation. cof
m deals _—
& - pictures
CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete 67

UJIKO
(www.ujiko.com/)

* New version of KartOO

» Uses the brand new Yahoo (c) search technology, which indexes more than 5
billion pages.

« Customizable

— User is free to decide if the website is relevant whether or not by a button “heart” and
“trashcan”.

— Clicking on a site, make it go up automatically in the results list with all the associated
sites, which share common topics (wide personalization).

» Separation into levels
— Each time user visit a new site, he gains one point of expertise.
— With every 10 points, user move to the next level.

— New buttons appear giving you access to advanced features (search video, images,
news, encyclopedia, advanced filters, animated skins, web archive, traffic details...)

* From level 2, in the center of screen are set of themes are displayed

» Some of these topics are coloured and linked to small bricks with the same
color: these indicate which sites are associated with a specific theme.
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UJIKO
(www.ujiko.com/)

SEEIGHE |santorini |

Santorini Hotels | Santorini Hotel | Hotels in = 1
www.exploresantorini.com \\,_-

Santorini travel guide - Wikitravel Open / .

= Santorini Island Greece - Santorini Hotels ..
wikitravel.org

\.-- wnw.greekholel.com

- Santorini - Visit-Santorini.com - A Practical
\.'-- www.visit-santorinl.com

— Santorini Hotels, Cyclades - Hotel Reviews &
\\._- www.lripadvisor.com
e / Samtorini Travel Information and services for

Santorini.com - official site - Santorini Hotels | |
WWW.SEnLorni.com \!-

Santorini Hotel - Guide to hotels in Santorini
wiww.greekislands.com

Santorini, Greece Santoriniis complexof |
voleano.und.nodak.edu \,_,..

www.windmillstravel.com

_ Greek Ferries Online Italy Greece Isles Grsslc
\':_._. (Sponson) Www.ferres.gr

- Santorini Aeolos Honeymaoon Suites Siylish
&~/ (spansor) www.aeolos.gr

Hext Page [»

Santorini Island Hotel Meed a Hotel in Santorini?
(sponsor) www, Calibex,com \-—
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UJIKO
(www.ujiko.com/)

* Refined query

SEET T |samorini “santorini hotels santorini” | @ :
/ Santorini Aeclos Studios Stylish studios 8/(_;—

{sponsor) www.aeolos.gr
Santorini Image Hotel Deals on Santorini Image / Santorini Hotels | Santorini Hotel | Hotels in \

/ (sponsor) Hotels. Greece-Bookings. com /\;_,_,_ \.-— www.exploresanlorinl.com \

Santorini Manos Apartments, Santorini Manos \

Santorini Hotels and Villas Reserve hotels and | = —
\,_n wivw.sznloriniweb.com

[sponsor) www.sanlorini ws
. Santorini Hotels Irini's Villas Santorini Hotels

\..—- www.sanlorini.org

= Santorini.com - official site - Santorini Hotels
L \\,..- www.santorni.com

Santorini hotels, accommadation in Eantarini
\._- wiww.thegreektravel.com

= santorini, santorini hotels - accommodation

\\"_... wiww.vacalion-greece.com

Hext Page [»

Santorini | Santorini Hotels | Santorini Vacations
realtravel.com

Santorini, Greece Vacations, Tourism & p——
travel.yahoo.com

Santorini Hotels, Santorini Hotel, Hotels in Fira
www.santorini-vacation.com \\.—-
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KartOOvisu
(www.kvisu.com/)

« Display results with a thematic map

CS463, Information Retrieval Systems

Functionalities added
— Cartography of topics to filter results

— Contextual summary generated when click on a topic
— An integrated history of previous searches

Yannis Tzitzikas, U. of Crete
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KartOOvisu
(www.kvisu.com/)

ngue

CS463, Information Retrieval Systems

Recherche santorini 496 304 resultats

santorini Lien commercial

Comparez prix et lisez critiques de voyageurs. Essayez Tripadvisor.

www. TripAdvisor.fr

hotel santorini dégriffés Lien commercial

Retrouvez toutes nos promos . Réservation en ligne a prix casses.

www.lastminute.com/hotel

1- Santorini island, Greece: www.santorini.net Il
Information on conferences, the island's geology, accommedation and photos.

http://www.santerini.net/ -Résumé 22/03/2008

2- Home B8

Institute for the Study and Monitoring of the Santorini Volcano. more info...
Copyright www.santorini.net 2001-2008. Designed and developed by Heliowebs ...

http://www.santorini.net/home.html -Résumé 10/04/2008

3- Santorini Greece culture travel / Santorin Grece Bl
Did you ever see 4000 years old women with lipstick make up and jewellery? ...
utiles / Partenaires | Copyright © 2006 santorini-culture.gr - Tous droits réservés

http://www.santorini-culture.gr/ -Résumé 06/04/2008

4- Santorini_.com - official site - Santorini Hotels B&

Cartographie thématigue

a

O

0 vote(s)

O

0 vote(s)

O

0 vote(s)
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KartOOvisu
(www.kvisu.com/)

santorini

KartOOViSU :
-&- beta @ Recherche KEIRERNE AN (T) Historique |(2) Aide

Ca raphie thématique
echerche santorini 496 304 résultats el 4

| Résultats concernés par le Mot-clé hotels _ E]

| 4- Santorini.com - official site - Santorini Hotels BB

It has been said that the sunsets in Santorini are the best in the world. ... This is &_,‘
Santorini seen through the eyes of ... Santorini Hotels - Search by Map ...

It has been said that the sunsets in Santorini are the best in the world. ... This is 0 vote(s)
Santorini seen through the eyes of ... Santorini Hotels - Search by Map ...

http://www.santorini.com/ -Résumé 08/04,/2008

11- Santorini Greece: Travel to Santorini Island BB
Greece, Santorini. Hotels and info about the island of Santorini Greece - Cyclades (‘
- Greek Islands: villages, beaches, map, weather, pictures and more

Greece, Santorini. Hotels and info about the island of Santorini Greece - Cyclades - 0 vote(s)
Greek Islands: villages, beaches, map, weather, pictures and more

http://www.greeka.com.../santorini/index.htm -Résumé 20/03/2008

12- Santorini - FastBooking.com. EE

Santorini, Greece Hétel - 4 = Hotel, Hotel Santerini Image. Construit dans un (‘
style aegeen, pres du village de messaria avec I'acces facile de tous les points...

Santorini, Greece Héatel - 4 * Hétel, Hotel Santorini Image. Construit dans un style 0 vote(s)
aegeen, pres du village de messaria avec 'acces facile de tous les points...
http://rdrel.inktomi.com/dick?u=http://pttf.... -Résumeé 10/04,2008

13- Bienvenue & Santorini.fr - Santorin Hotel, Fira, TR

Santorin ou Thira est un petit archipel d'iles.... A voir. La caldera, cratére recouvert @
... Un sentier relie Oia et Thira en longeant la caldera.... Arriver ... d

=

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete

73
Result Clustering of grOOGLE'2007
e QpuadoTroinon Twv eyypAPwY TTOU EUTTEPIEXOUV TN GPACN
avalnTnong e Toug aAyopiBuoug
— Kmeans
— Hierarchical (agglomerative)
* OpBr; culAoyn (PIATPAPIOHA) KAl OVOPACia TWV TTIO TTAVW
QTTOTEAECUATWV
— Kmeans éxel eTTekTOBEI
* e éva emiTTAéoV Brua, To oTToio divel Eva dvoua og KABe cluster
* Kal e peBBGOOUG TTOU dNUIoUPYOUV IEPAPXIES TTAVW O’ AuTA Ta ovouaTa
— Bottom-up Intersection (BU-i)
— Bottom-up Weighted (BU-w)
— Top-Down (TD)
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Result Clustering of grOOGLE’2007

*  Kmeans
1. Anuoupyeital éva Label yia k&Be Cluster ato otroio divete wg dvopa avTioToixo apiBuod
Kataxwpliong (1,2,3....K).
2. Ta N éyypaga, top-L éyypaga Tng Tpéxouoag ammavrnong, TOTToBEToUvVTal TUXAia OTA
TTapatmavw clusters, Bafovrag Ta TpwTta N/K a1o TTpwTto , Ta erépeva Ta N/K 010 €TTOUEVO K.O.
e OTnV TEPITTITWON TTou UTTApXel modulo (uttéAoITro) poipddovtal avTtioToixa ota Trapamdvw Clusters
+ L :Tmapdapetpog pe default iy 100
3. Nakdébe éva i=1,...,K ammd ta Clusters uttoAoyifovtal Ta Centroids. Mtropei va givai:
* O péoog 6pog Twv Bapwv Twv avTioToixwv eyypdewv (Centroids).
*  To é&yypa@o pe TNV TTANCIECTEPN TIKI OTOV HECO OPO TWV BAPWY TWV avTIoTOIXWV eyypdewv (Memoids).
4. Ta kaBe éva atod T1a £yypaga (documents), avalntdre 1o MO KOVTIVO (0TnV TIPA Tou Bdpoug)
Centroid (dnuioupyia Tou centroid vector Tou K&B¢ cluster)
5. Ta pAuata 3,4 eravahauBdavovrtal yéxpl 6Aa ta labels va gival dia@opeTikd PeTagl TOug O0€ KABE
yUpo.
* O apIBuds Twv eTTavaAfyewy OiveTal GAV TTAPAUETPOG

*  QoT1600, n diadikaoia Tou aAyopiBuou oTapaTdel o€ TTEPITITWON TTOU OEV £XOUNE PETAKIVNON- aAAayn
Tou avTioToixou label

6. YTroAoyileTal To Gvoua Kai n 1EpapXIKOTNTA (TTou TUXOV SNUIOUPYEITE ) yIa Ta ATTOTEAECUATA.
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Result Clustering of grOOGLE’2007

*  Mé£Bodol TTou XpnoidoTTolouvTal yia Tn dnuioupyia 1IEpApXIWV

— Bottom-up Intersection (BU-i)
* Bagoiletal otTnv opoidTNTa TV OpwV PETA&U Twv original clusters

*  Apxikd, ol KOPBol ye Ta ovopaTta e TN heyaAuTepn (o€ péyeBog) Tour opadoTroiouvTal OnNUIoUPYWVTOG
€va vEo KOPBO pe TTaidid autoug Toug KOURoUg

* To évopua evog véou KOPBOU gival N TOPA TwV OVORATWY TWV TTaISIWV TOU
* H diodikaoia ouveyxideTal uExpI va TACOUNE O€ Evav KOUBOo
— O1 k6pBor TTou ABN £xouv yoveig ayvoouvTal
- Bottom -up Weighted (BU-w)
Bagoiletal ota apn Twv centroid vectors
*  Apxikd, yivetal Tagivounon Twv AéEewv Tou ovopaTog KABe cluster pe Bdaon 1o Bapog Toug o€ pBivouoa
osipd
« 27N ouvéxela, Ta ovéparta Twv clusters TagivopouvTal aA@aBnTiké
» ‘Evol, Ta clusters mou €xouv ToUg idIoug o BeRapnuévoug 6poug Ba ToTToBeTNBOUV BIAdOXIKA
+ [liveral opadoTroinan dUo ) TTEPICOOTEPWY clusters KATw atrd Tov id10 KOuBo £dv Ta OVOPATA TOUG EXOUV
KGTT0I0 KOIVO TTPpOBEpa
— Top-Down (TD)
* Ta original K clusters BswpoUvTtal TTaidid Tou KOPBou root
* E@apudletal Eavd o K-means oTta TrepiexOueva Tou KABe cluster

+ H diadikacia yiveTal avadpouikd £wg 1o d€vTpo va €xel BaBog maxDepth i} To péyeBog Tou cluster va eivai
MIKPOTEPO aTTO £va OPIO(SZ,,,,)
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Result Clustering of grOOGLE’2007

* [lapaperpoTroinon
— K: apiBuog Twv apxIKwVv KEVTPWY KATAVOURS Tou aAyopiBuou, aAAd Kal ev TEAEI TO EAGXIOTO
TTANB0G OpGdwWYV TTOU PTTOPET Va TTPOKUYOUV
— Max number of docs: péyioTo p€yeBog Twv eyypaPwy TTou PTTopE va yivel clustered (default
100)

— Minimum title: eAdxi0TO pAKOG TOU OVOPATOG YIa éva cluster. ETriong putropei va aAAdgel apkeTd
TIG TINEG ovopaTodoaiag, av xpnolyotroindei atnv bottom up (InterSection approach)

— Max Depth: péyioto BaBog TToU PTTOPED Va €xel TO BEVTPO. ZTNV TTEPITITWON Tou top Down
Hierarchy n mrpayuartikr Tiur €ival maxDepth +1 piag kai epapudloupe TOUA. O€ €va TTIo KATW
ETTITTEDO TOV CUYKEKPIUEVO aAyopIBuo

— Name hierarchy: o1 pé8odoi dnuioupyiag 1IEpapxIKOTNTAG TwV clusters

— Max number of words: 0 apiBudg Twv 1o BERapnUEVWY OpwV TTOU XPNOIJOTTOIoUVTal aTTd
KABe £yypago

— Max Title Length: péyioto TANB0¢ Aégewv TTOU PTTopEi va atrapTi¢eTal £va cluster

— Min docs in cluster(sz,,,): EAaxI0TOG apIBUOG aTTO £yypaga TTou Ba utTdpyouv o€ €va cluster

*  [lpoBAfuata
— 210 eupetnpio Tou grOOGLE’2007 atroBnkevovTtal JOvo o1 Pifeg TwV AECEWY, UE ATTOTEAECHA TN
MEiwon TNG avayvwaoiudtTnNTag Twv ovoudTwy Twv cluster TTou dnuioupyolvral
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Result Clustering of grOOGLE’2007

e BU-w

|infc:rmati|:|n retireval | Groogle Search
g ro 0 G L E Atvanced Search

10 results per page | clustering | [ ] RDF/XML results

Clustered Results Top 100
“istaken word? retirey
You can expand your query with: [ system [ contact [ lbrari [ servic [ web

= (4 information retireval(100) Computer Science Department - Information - 0.09416135
= announc(4a) Computer Science Departrment Information Main Page People Studies Announcemer
P J hasic(41] hitp: e csd .uoc. gr@0iindex jsp?iD=info&sub=E&lang=en - 1162810369000 - 17kKB
4 [IjhiStDri(?:' Cached [mank azspam)]
b contact citizen({18) ]
b (D access act(15) File Systems - 0.07817147
b ercim Uhonomnars) File Systems 2 13 Long term Information Storage 13 1 Must ... large amounts of datz
b (D welcom cammitte(4) hittp itwanan ced uoc. gr80I~hy34anotesintmlig_filessslide0003 htm - 1162814029000 - 5KB
b adrministr busi(4) Cached [matk as spam]
b (L avakrna Bagl2) Library: Contact Information - 0.062071353
b Uhaspit inform(2) Library Contact Information Mare accessible version ICS gt Library gt Contact .. Can
b (Jerwironment telecammun(2) Technology Hellas Institute of Computer ...

hitp ey ics forth.gr.B0dibrardcontactinfo html - 1162810032000 - 13kKB
Cached [mark asspam)
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Result Clustering of grOOGLE’2007

* Hierarchical

|peertu neer systems | Groogle Search
g ro 0 G L E Advanced Search

10 [ results per page | [ clustering | [ RDF/XML results

You can expand your query with: [ | mobil [ ] network [ ] comput [ ] horme [ ] wireless

= da peer to peer systems(100] Spring 2005 - C3-539: Mobile Networks and Computing - Welcome - 0.1¢
= multpl(100) access and dissemination systems, peer-to-peer systems, location-dependent applic
P systern(l) Experiment with peer-to-peer and location-dependent applications Understand how ne
B chapter (1007 hitp: i csd uoc. grB00~hya 398 pring % 2020080elcome htrml - 116281 3838000 - 9B
4 ﬂchmmun(l) Cached [mank asspam)
B color (1007

http: Mwneney ics forth.gr 80/netlab/maobilefindex.html - 0.0909391

P: @ appic(1) FORTH-ICS conducts research in the areas of mobile peer-to-peer (mp2p) systems, .
=L event(100) networks, pervasive computing systems, and ...

b O forth(1) hittp fhwnea. ic5. forth. gr-80imetlabimobilefindex itml - 1162810052000 - 16KB

3 I;l-j koTa(100) Cached [mark asspam)]

http: MAwnerey i cs forth.gr 80/ netgroup/mobilefindex.html - 0.0909391

FORTH-ICS conducts research in the areas of mobile peer-to-peer (mp2p) systems, .
netwarks, pervasive computing systems, and .

hitp ey ics forth.gr.80metgroup/mobilefindex html - 1162810831000 - 16kB

Cached [martk azspam]
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Term Ranking
* TermRank [6]
— variation of PageRank algorithm
— based on a relational graph representation of the content of web document
collections
— achieves desirable ranking of discriminative terms higher than ambiguous
terms, and ranking ambiguous terms higher than common terms
— Is shown to perform substantially better than frequency based classical
methods
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Term Rank algorithm

* Not only term frequency based such as TF and TF/IDF, but also considers term-
term associations.

* Only the blocks in which the search keyword appear in each Web page are
retrieved.
— Block refers to the text fragments delimited by a set of pre-determined tags such as
‘<div>’,’<span>’,’<table>’,’<p>’,’<ul>’ and ‘<ol>.
« Terms are separated into three categories:
— Discriminative:

* belong to a specific context are strongly related with a distinct sense of the keyword search
term

* E.g. ‘Mac, ‘ipod’ and ‘recipe’ — examples from apple data.
— Ambiguous:
* have many senses

+ E.g. ‘software’ and ‘computer’ appear in both Computers and Video games categories of
the ‘apple’ data.

— Common:
* appear in many distinct contexts of a keyword search term
+ E.g. ‘email’, ‘contact’, and ‘search’.
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Term Rank algorithm

* Relational Graph (from Apple data) Given a relation graph G, TermRank is

calculated by:

TR(i) = Z TR(j).wiy

JEN (i) —kEN(I) wik

Iteration O:
TRO() = &——— =TF(i)

Iteration (t+1):

TR(?+1] [” —

TR (j) wy

JEN (i) Zkf,-vm Wik

(7) Discriminative
(0) Ambiguous
O Comman

wij: number of times the edge (i,j) appears in the
entire data

N(x): set of neighbors of the node x

TermRank runs until the difference between

ati rgg |[§ Igtsgrggan O which is a small value.
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TF/IDF ranks
computer
mac
contact
ipod
game
e macintosh
video
TermBank TF/IDF
\iteration: 0 | iteration: 20
mac /O.ISSR 0.2600 0.4606
macintosh / 0.0663\ 0.2262 0.2569
Discriminative —» game 0.0764 0.1452 0.3666
ipod 0.00928 0.1270 0.3751
video 0.0568 0.1128 0.2549
Ambiguous —— [ computer | \ 0.2147 / | 0.1050 0.4679
Common ——* | contact | 0.353/7/ | 0.0226 0.3564
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More clustering algorithms
« Sentences and flat clustering
— STC[1]
— Salient phrases extraction [2]
» Single words and flat clustering
— Sactter/Gather (Buckshot and Fractation algorithms) [3,4]
» Single words and hierarchical clustering
— Frequent Itemset Hierarchical Clustering (FIHC) [5]
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Suffix Tree Clustering (STC)

Build a suffix tree
— Incremental
— Linear time in document collection size

Treat document as string
— Use proximity information
— Vector space model: document is a set of words

Number of clusters can vary

— so only the top few clusters are reported
* typically 10 clusters

Generate overlapping clusters
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Suffix Tree Clustering (STC)

+ Step 1 — Document Cleaning

— Perform stemming
» delete word prefixes and suffixes
* reduce plural to singular

— mark sentence boundaries
* E.g. Punctuation and HTML tags

— strip non-word tokens
* numbers, HTML tags, most punctuation

— original document strings are kept as pointers from the beginning of each
word in the transformed string to its position in the original string
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Suffix Tree Clustering (STC)

« Step 2 - Identifying base clusters
Base cluster: a set of documents that share a common phrase.

— Create a suffix tree in time linear with the size of the collection.

— Suffix tree of is a compact trie containing all the suffixes of all strings.
— Documents are treated as strings of words, not characters.

— Suffixes contain one or more whole words.
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Suffix Tree Clustering (STC)

+ Example: The suffix tree of the strings:
— "cat ate cheese"
— "mouse ate cheese too"
— "cat ate mouse too"

G5

EE , 1]
oo
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Suffix Tree Clustering (STC)

» Each node represents a group of documents and their common phrase
» Six nodes from the example and their corresponding base clusters:

Node Phrase Documents
a cat ate 1.3
b ate 1.2,3
c cheese 1,2
d mouse 2.3
e too 2.3
f ate cheese 1,2

« Each base cluster is assigned a score S(B) = |B| f(|P|)
— |B|: number of documents in base cluster B
— |P|: number of words in phrase P

« Zero score is assigned to words appearing in the stop list or in too few (3 or
less) or too many (more than 40% of the collection) documents
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Suffix Tree Clustering (STC)

» Step 3 — Combining Base Clusters
— Base clusters with a high overlap in their document set are merged.

— Overlap is identified with a binary similarity measure. Given two base clusters Bm
and Bn, similarity of Bm and Bn is 1 iff:

[IBmNBn|/Bm| > 0.5 and
[IBmNBn|/Bn| > 0.5
Otherwise, similarity is O.
— Base cluster graph of the example. There is one connected component,

therefore one cluster.
— Merge clusters using a single-link Phase catate.

clustering algorithm. E )
= minimal similarity between

base clusters serves as the halting criterion ®\¥

Phrase: cheese
Documents: 1.2

Phrase: ate
Documents: 1,2.3

Phrase:too Phrase: ate cheese
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Salient phrases extraction

» First extracts and ranks salient phrases as candidate cluster names, based on a
regression model learned from human labeled training data.

« Documents are assigned to relevant salient phrases to form candidate clusters.

« Final clusters are generated by merging these candidate clusters.
2100 %

Eie Edt Vew Search Help

1. Jaguar — Woodland Park Zoo Animal Facts -
Features classification and range of the jaguar. Learn about their life
cycle, diet, reproduction and habitat, view picture.
http://www.zoo.org/educate/fact_sheets/jaguar/jaguar.htm

+ Panthera onca (18)
2. Wild Ones, The - Jaquar

* Mac OS (29) Powerful feline is the only roaring cat in the Americas. Learn about its

« Big Cats (15) behavior, diet, and habitat. =
http://www.thewildones.org/Animals/jaguar.html|

e Clubs (20) “

« Others (10) 3. ThinkQuest — The Wild Habitat. Jaguar

Along with a photo of this striking animal, this profile discusses physical
characteristics, hunting, feeding, and reproductive behavior.
hitp://library.thinkquest.org/11234/jaguar_any.html

4. Big Cats On-line

Learn about the better and lesser known wild cats. With facts and figures,
a glossary, information about conservation, and a family tree.
hitp://dialspace.dial.pipex.com/agarman

Jaguar

» Jaguar Cars (38)
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Salient phrases extraction

* The algorithm is composed of four steps:
1. Search result fetching
2. Document parsing and phrase property
3. Salient phrase ranking
4. Post-processing

» Search result fetching
— Get the webpage of search results returned by a certain Web search engine.

— These web pages are analyzed by an HTML parser and result items are
extracted.

— Each extracted phrase is in fact the name of a candidate cluster.
— Several properties for each distinct phrase are calculated during parsing.
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Salient phrases extraction

« Document parsing and phrase property calculation
— Titles and snippets can be weighted differently
* There is a higher probability that salient phrases occur in titles
— Apply stemming to each word using Porter’s algorithm

— The stop words are included in n-gram generation, so that they could be shown when
they are adjacent to meaningful keywords in clusters names.

— Utilize a regression model to combine these properties into a single salience score.

« Salient phrase ranking
— The salience phrases are then ranked by the score in descending order.

— After salient phrases are ranked, the corresponding document lists constitute the
candidate clusters, with the salient phrases being cluster names.
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Salient phrases extraction

* Post-processing
— The phrases that contain only stop words or the query words are filtered out.

— Then, merge the clusters and phrases to reduce duplicated clusters.

— Specifically, if the overlapped part of two clusters exceeds a certain
threshold (75% in experiments), they are merged into one cluster.

— Cluster names are adjusted according to the new generated cluster.

— Finally, the top most clusters are shown to user.
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Salient phrases extraction

« Salient phrases extraction
— Denote the current phrase (an n-gram) as w, and the set of documents that
contains w as D(w).
— Five properties which are calculated during the documents parsing.
» Phrase Frequency / Inverse Document Frequency

TFIDF = f(w)-log———
| ( )l

* Phrase Length: LEN =n
— Alonger name is preferred for user’s browsing

* Intra-Cluster Similarity
— First, convert documents into vectors  d=(x;;. x. ...) 0= _
— For each candidate cluster, we then calculate its centroid as: ‘D(H‘]| dleﬂ{,.,.;’

1

— ICS is calculated as the average cosme similarity between the documents and the centroid

‘ Zcos {l 0)

d eD(w)
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Salient phrases extraction

 Cluster Entropy:
— represent the distinctness of a phrase

|IDOWN D). [POMN D)
CE = 1
Z |D(w)| o8 ID(w)

* Phrase Independence
— a phrase is independent when the entropy of its context is high (i.e., the left and
right contexts are random enough).

IND,=- ) LAURWAY

e

Lo TF  ° TF

IND, + IND,

IND =
* Regression is a classic statistical problem which tries to determine the relationship between two
random variables x = (x1, x2, ..., xp) and y
* Independent variable x can be just the vector of the five properties described by x = (TFIDF,
LEN, ICS, CE, IND), and dependent y can be any real-valued score.
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Scatter/Gather

« Scatter/Gather
— Allows the user to find a set of documents of interest through browsing

— It iterates:

« Scatter
— Take the collection and scatter it into n clusters.

* Gather
— Pick the clusters of interest and merge them.

— Uses non-hierarchical partitioning algorithms:
* Fractation
— Create an initial partitioning
* Buckshot
— Do on-the-fly clustering to tailor the results from Fractation

* Buckshot
— fast for online clustering
» Fractionation
— accurate for offline initial clustering of the entire set
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Buckshot and Fractation Algorithm

» Seed-based partitional clustering algorithms have three steps:
1. Find k cluster centers.
2. Assign each document in the collection to the nearest center.
3. Refine the partitioning.

 Buckshot and Fractation:

— Different strategies for generating the initial k cluster centers from n
documents

— |dea:

* cluster a sample (with slow but high-quality techniques), then assign the entire
set
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Buckshot and Fractation Algorithm

* Buckshot
— combines HAC and K-Means clustering. Cut where
— First, randomly take a sample of instances of size Vkn You have k
— Run group-average HAC on this sample, clusters
which takes only O(n) time. ’ —
— Use the results of HAC as initial seeds for K-means. L

— Overall algorithm is O(kn)

and avoids problems of bad seed selection.

S —
> — w [A) e [+]
&

[

r T
0.74 .80 7 083 1
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Buckshot and Fractation Algorithm

* Fractation
— Splits document collections into m buckets (m>k)

— Clusters each bucket, applying GAC algorithm to each bucket, reducing m to pm
where p is the reduction factor(0<p<1)

— These clusters are treated as the individuals
— Process is repeated until only k clusters remain

----l.--.l----l.-..|----l----|---.|-...l n—}]fp
|- . » -l- . ® -|- . = .l. . = .| _>np2
| - - - - | - - - - | —}ﬁ'ﬁ

#of buckets (assuming n/m is an integer for simplicity) :

n o np npt " 5 sooon 1=—p"t ‘1)
_+_p_i_,..:_(1_p+p‘ +,..p-*):__izgf a |
mom m m m 1-p L )

4 A
time complexity : Ofm” | O‘ Z ‘ —0(mn) wherem>1and0< p <1
\m)
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Frequent ltemset Hierarchical Clustering (FIHC)

e overview
(reduced dimensions
(high dimensional Generate feature vectors)
doc vectors) frequent itemsets
— BuildaTree | Construct clusters |~

A

Pruning 4<Cluster Tree >
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Frequent ltemset Hierarchical Clustering (FIHC)

» Definition: Global Frequent Iltemset

— A global frequent itemset refers to a set of items (words) that appear
together in more than a user-specified fraction of the document set.

— The global support of an itemset is the percentage of documents containing
the itemset.

e.g. 7% of the documents contain both words.
{apple, window} has global support 7%.

— A global frequent item refers to an item that belongs to some global frequent
itemset, e.g., “apple”.

— A global frequent item is cluster frequent in a cluster C, if the item is
contained in some minimum fraction of documents in C..
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Frequent ltemset Hierarchical Clustering (FIHC)

* Preprocessing
— Remove stop words

— Stemming
— Construct vector model
doc, = (item frequency,, if,, if;, ..., if )
e.g.
( apple, boy, cat, window )
doc,=( 5 2, 1, 1 ) & document vector
doc,=( 4, 0, O, 3 )
doc;=( O, 3, 1, 5 )
doc, =( 8, 0, 2, 0 )

doc;=( 5, 0, O, 3 )
— Suppose we set the minimum support to 60%. The global frequent itemsets are:
{apple}, {cat}, {window}, {apple, window}
— Store the frequencies only for glob & feature vector rder to reduce dimensions.
( apple, cat, window )
doc, =( 5, 1, 1 )

3 )

doc,=( 4 0
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Frequent ltemset Hierarchical Clustering (FIHC)

« Stage 1 — Construct Clusters

— Step 1 - Construct Initial Clusters
» Construct a cluster for each global frequent itemset.
Global frequent itemsets = {apple}, {cat}, {window}, {apple, window}
* All documents containing this itemset are included in the same cluster.
* Linear with respect to the number of documents

Capple Ccat Cwindow Capple, window
x AN B Nl
\ S s, N7
\\ \\ \(// //)\\
\\ // AN i \
\\ , ~ /// \\
\\ /// //y\\ \\\
\\\ //// //// \\\\ \\\
\ v i Sa \
doc, doc,
apple =4 cat=1
window = 3 window = 5
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Frequent ltemset Hierarchical Clustering (FIHC)

+ Step 2 - Making Clusters Disjoint (no-overlapping)
— Remove docj from all the initial clusters Ci that contain docj but one for which
Score(Ci<-docj) is maximazied, and is called “best” initial cluster

— If there are more than one Ci, choose the one that has the most number of items in
the cluster label

— Intuitively, a cluster C; is good for a document dog; if there are many global frequent
items in doc; that appear in many documents in C,.
* Goodness of an initial cluster Ci for a document docj is measured by Score(Ci <- docj)

« Score Function
— Assign each dog; to the initial cluster C, that has the highest score;:
Score(C; «— doc;) = [Z n(z) * cluster_support(x)] — [Z n(z") * global_support(x")]

— X represents a global frequent item in docj and the item is also cluster frequent in Ci
— X represents a global frequent item in docj but the item is not cluster frequent in Ci
— n(x) is the frequency of x in the feature vector of docj

— n(x’) is the frequency of X’ in the feature vector of doc;j
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Frequent ltemset Hierarchical Clustering (FIHC)

» Score Function (Example)

Cluster Capple Ccat Cwindow Capple, window
Support
k apple = 100% cat = 100% cat = 60% apple = 100%
window = 75% window = 100% cat = 60%
yhdow =100%
k\ * /f //'
\ | / e
\ | // //
\ : / 7
\ | '54 / //
\\ : / ///
\\ | Cluster /04 et
\ : Descriptiop{ s
\ | / s
\ | / //
\ ! / e
Gx1.0)*(3x0.78) A | / 7 (5x1.0)+ (1x0.6) + (3x 1.0)
—(1x0.6)=6.65 \ I ’ 7 Zs6

\\\ @1 ///
apple =5 et
cat=1

global support of cat window = 3
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Frequent ltemset Hierarchical Clustering (FIHC)

« Stage 2 — Build cluster tree

— Step 1 - Tree Construction
» Put the more specific clusters at the bottom of the tree.
» Put the more general clusters at the top of the tree.

* Build a tree from bottom-up by choosing a parent for each cluster (start from the
cluster with the largest number of items in its cluster label).

* Depth of the tree is the maximum size of global frequent itemsets.

null

cluster label
{CS} {Sports} /

{CS, DM}| |{CS, Al} {Sports, Ball} ||{Sports, Tennis}

A

{Sports, Tennis, Ball}
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Frequent ltemset Hierarchical Clustering (FIHC)

» Step 2 - Prune Cluster Tree

— Merge similar clusters
* Based on Inter-Cluster Similarity

— Documents of the same class (topic) are likely to be distributed over different
subtrees, which would lead to poor clustering quality.

* Inter-Cluster Similarity

— Inter_Sim of C_, and C,:
Inter_Sim(C, — Cp) = [Sim(C, — Cy) * Sim(Cy, — C, }]%

— Reuse the score function to calculate Sim(C,; < C)).

Sim(C, — C.) — Score(C; — doc(C};))
I N n(z) + 3 n(z)
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Frequent ltemset Hierarchical Clustering (FIHC)

« Step 3 - Child Pruning
— Efficiently shorten a tree by replacing child clusters by their parent.
— A child is pruned only if it is similar to its parent.
— Prune if Inter_Sim > 1
— Is applied to level 2 and below, except leaf nodes

null

{CS} {Sports}

{CS, DM}| | {CS, Al} {Sports, Ball} ||{Sports, Tennis}

{Sports, Tennis, Ball} | | {Sports, Tennis, Racket}
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Frequent ltemset Hierarchical Clustering (FIHC)

« Step 4 - Sibling Merging
— Narrow a tree by merging similar subtrees at level 1.
null

(Cs} /T'T}

{CS, DM}| | {CS, Al} ||{{IT, Server}| {IT, Engineer}

| SO o S |
| N/ N |
| P PN ~ P /7 N ~ |
| / S / N |
7 v
‘ / \A »” \A ‘
Inter_Sim(CS <~ IT)=1.5 Inter_Sim(CS « Sports) = 0.5 Inter_Sim(IT < Sports) = 0.75
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Frequent ltemset Hierarchical Clustering (FIHC)

« Step 4 - Sibling Merging

null

{CS} {Sports}

// \\ {Sports, Ball} | |{Sports, Tennis}

{CS, DM}| | {CS, Al} | [{IT, Server}| {IT, Engineer}
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Frequent ltemset Hierarchical Clustering (FIHC)
« Data Sets
Data # of # of Class Size # of
Set Docs | Classes Terms
Classicy 7094 4 1033 — 3203 12009
Hitech 2301 G 116 — 603 13170
Re0 1504 13 11 — 608 2886
Reuters 8649 G5 1 — 3725 16641
Wap 1560 20 5 — 341 8460
— Each document is pre-classified into a single natural class.
» Evaluation for natural class Ki and cluster Cj «nij - number of members of natural class Ki in
. _ N :
Recaﬁ(fx}_, C-;‘) — f'_J cluster Cj
’ |I\1’-| *K : all natural classes

Precision(K;,C}) =
2 x Rf.ca.H(I\ . C;) * Precision(K;,C;)
Recall(K;.Cj) + Precision(K;, C})

F-measure F(K;,C;) =

Overall F-measure F(C) = Z ||?)"||maqu {F(K;,C;)}
K:eK
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+|D| : total number of documents in the data set
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Frequent ltemset Hierarchical Clustering (FIHC)

* F-measure comparison
of our FIHC method and

the other four methods on five data sets

 x =not scalable to run
» * = best competitor
e For FIHC and HFTC,

we use minimum support from 3% to 6%

CS463, Information Retrieval Systems

Data # of Owerall F-measure

Set Clusters FIHC UPGMA Bl kmeans HFTC
Classicy 3 0.62* X 0.59 n/a
(4) 15 0.52* % 0.46 n/a
30 0.52* e 0.43 n/a

60 0.51* e 0.27 n/a

Avg 0.54 e 0.44 0.61*

Hitech 3 0.45 0.33 0.54* n/a
(6) 15 0.42 0.33 0.44% n/a
30 0.41 0.47* 0.29 n/fa

60 0.41* 0.40 0.21 n/fa

Avg 0.42* 0.38 0.37 0.37

Rel 3 0.53* 0.36 0.34 n/fa
(13) 15 0.45 0.47* 0.38 n/a
30 0.43* 0.42 0.38 n/a

60 0.38% 0.34 0.28 n/a

Avg 0.45* 0.40 0.34 0.43

Reuters 3 0.658* e 0.48 n/fa
(65) 15 0.61* x 0.42 n/a
30 0.61* % 0.35 n/fa

60 0.60* % 0.30 n/fa

Avg 0.60* X 0.39 0.49

Wap 3 0.40* 0.39 0_40% n/fa
(20) 15 0.56 0.49 0.57* n/a
30 0.57 0.58% 0.44 n/a

60 0.55 0.509% 0.37 n/a

Yann| -

Avg. 0.52* 0.51 0.45 0.35

Frequent ltemset Hierarchical Clustering (FIHC)

 Efficiency

— Comparison on efficiency with the Reuters document set
— UPGMA is excluded from this graph, because it is too slow and not scalable

to run.
45
40
HFTC parameters: B
a5 NUMTERMS=40 vl
MINAP=5 HFTC
30 MAXAR=30
B 7
825 7
220 = L
- X 0l. KT Eans
e ~ /W—M
10 & I
{//_/// [
. e — =
N | e
D T T T T T T
1 3 4 5 6 7 8 g
KClusters = B0 .
MinSup = 10% # Documents (in thousands)
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Frequent ltemset Hierarchical Clustering (FIHC)

« Complexity Analysis

— Clustering: 2;_r global_support(f), where f is a global frequent itemset. (two

scans on documents)

— Constructing tree: Removed empty clusters first. O(n), where n is the number

of documents.

— Child pruning: one scan on remaining clusters.

— Sibling merging: O(g?), where g is the number of remaining clusters at level

1.
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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
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Text Classification Example

« Labeled training set » Classification of all documents
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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:

» Labels are most often topics such as Yahoo-categories
e.qg., "finance," "sports,” "news>world>asia>business"”

« 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”

CS463, Information Retrieval Systems Yannis Tzitzikas, U. of Crete
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Classification Methods

* 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
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Classification Methods (II)

» 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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