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Two types of Data Tables

Variable [ Moyenne Ecart-type | Minimum Maximum |

CA 10246 118.92 1.20 52800 | :

MG 2586 28.05 0.20 95,00 Classical Data Table

NA 93.85 195.51 0.80 968.00

K 11.09 2422 0.00 130.00 : ' :

e v TE ML e Each object is described by a vector of
NO3  [383 6.61 0.00 35.60

|HCO3 (44217 602.94 4.90 3380.51 measures.

lcL 52.47 14199 030 982.00

Tableau 1.3. Sratistiques sommaires des variables continues

CA MG NA K SUL NO3 HCO3 CL
CA 1.00 . . . .. .
MG 070 100 Dissimilarity or Similarity Table
NA 0.12 0.61 1.00

K 0.13 0.66 0.84 1.00

ISUL [091 061 006 -0.03 1.00 The relation between two objects is
INO3 [-006 -0.21 -0.12 -0.17 -0.16 1.00 "
HCO3[0.13 0.62 086 088 -0.07 -0.06 1.00 measured by a positive value.

CL_ [028 048 0.59 040 032 -0.12 0.19  1.00

Tableau 1.4. Matrice des corrélations
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Clustering Process

Dissimilarity
or Similarity O O
Tables -
Clustering partition
Methods ‘ m
hierarchy
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Components of a Clustering Problem

To formulate a clustering problem you must specity the
following components

£ : the set of objects (units) to be clustered.

»» The set of variables (attributes) to be used in describing
objects.

»» A principle for grouping objects into clusters (based on a
measure of similarity or dissimilarity between two objects)

» The inter-cluster structure which defines the desired
relationship among clusters (clusters should be disjoint or
hierarchically organised)
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Partitioning Methods

The selected inter-cluster structure is the
partition.

By defining a function of homogeneity or a quality criterion
on a partition, the problem of clustering becomes a problem
perfectly defined in discrete optimization.

To find, among the set of all possible partitions, a
partiton where a fixed a priori criterion Is
optimized.
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Optimisation problem

A criterion Won ,(Q)—>R" |, where 9£,(Q) isa
set of all partitions in K nonempty classes of (2
that the problem of optimization 1s :

W(P)= Min, W(Q) Zw(Qk

Qe g (L

where w(Q,) 1s the homogeneity measure of the class Q,.

and K 1s the number of classes
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[terative Optimization Algorithm

® We start from a realizable solution Q" € @, (Q)
Choice

® Atthe step t+71, we have a realizable solution Q"

we seek a realizable solution Q" = i(Q”))
checking W(Q"")<w Q") Choice

® The algorithm is stopped when Q" =Q"

Remark : the probability to obtain one best solution is 1-(1-p)B
where B is the number of runs and p is the probability to obtain
one best solution for each initial solution.
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Neighborhood algorithm

One of the strategies used to build the function g is :

* {0 associate any realizable solution Q a finite set of the
realizable solutions V(Q), call neighborhood of Q,

* then to select the optimal solution for this criterion W in
this neighbour, which is usually called local optimal
solution.

For example we can take as neighborhood of Q all
partitions obtained starting from the partition Q by
changing only one element of class.

Two well known exemples of this algorithm are « ping pong »
algorithm and k-means algorithm.
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K-means algorithm

With the neighborhood algorithm, it is not necessary
systematically to take a best solution to obtain the
decrease of the criterion,

it is sufficient to find in this neighborhood a solution
better than the current solution. In the k-means
algorithm it is sufficient:

to determine / such as / =arg min d*(z,,w,)
Py

The decrease of the intraclass inertia criterion W is ensure
thanks to the Huygens theorem.
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lterative two steps relocation process

This algorithm involves at each iteration two steps:

1. The first step 1s the representation step. The goal is to
select a prototype for each cluster by optimizing an a
priori criterion.

2. The second step 1s the allocation step. The goal 1s to
find a new affection of each object of £2 from
prototypes defined in the previous step.
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Dynamic Clustering Method

Dynamical clustering algorithms are iterative two
steps relocation algorithms involving at each
iteration the 1dentification of a prototype for each
cluster by optimizing an adequacy criterion.

It 1s a k-means like algorithm with adequacy
criterion equal to variance criterion and the class
prototypes equal to cluster centers of gravity
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Optimization problem

In dynamical clustering, the optimization problem is :

Let Q be a set of n objects described by p variables and A
a set of class prototypes.

Each object /is described by a vector X

The problem is to find simultaneously the partition
P=(C,,...,Cx) of Q in K clusters and the system L=(L,,...,Lx)
of class prototypes of A which optimize the partitioning
criterion W(P,L).

K
W(P,L)=>» > D(x,,L,) C,eP,L €A
k=1 seC,;
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Algorithm

(a) Initialization
Choose K distinct class prototypes L,,...,Ls of A

(b) Allocation step

For each object / of {2 define the index cluster /
which verifies

.....

(c) Representation step

For each cluster k find the class prototype L, of
A which minimizes w(C,,L) = ZD(X L)

se Ck

Repeat (b) and (c) until the stationarity of the criterion
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Convergence

In order to get the convergence it is necessary to
define the class prototype L, which minimizes the
adequacy criterion w(C,,L,) measuring the proximity
between the prototype L, and the corresponding
cluster C,

*The dynamical clustering algorithm converges

 The partitioning criterion decreases at each iteration

How to define D ?
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The optimization problem for class
prototype

For each cluster C we search the vector L of S which
minimizes the following adequacy criterion :

w(C,L)=ZD(XS,L):Zdz(xS,L):Zp:Z(xsj L'y L'eR

seC seC j=1 seC

For each variable j the problem is to find the element L of
S which minimizes:

Y (x/-L')’
seC

L : J— 1 J
The solution is evident L' = ] sz
seC
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Two Classical Criteria

d is euclidian distance

» Ais R ¢

D=d? D=d
K
I SANPE W(P,L)=>>d(x,,L)
W(P,L) ;chd (x.,L,) ;Z{; )
Mean vector Median vector
1 Unique 1 No unique
L :ﬁzxj L =median{x§,se Ck}
seC
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How to classify the Complex Data

Three major approaches:

0  Vectorial translation (vectorial model of Salton for the
analysis of texts)

losses of information, distortion of coding,...
o Construction of tables of proximities

Problem : Choose of the measure

Avantage : Use of generic tools

o Construction of specific tools specific on the type of
complex data

Interval vectors
Funtional data,...
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The optimization problem for the
distance table

For each cluster C we search the object s, of E which
minimizes the following adequacy criterion :

w(C,,s') = Zdz(s,s')

seC,

The solution is simple

. 2
s. =argmin E d-(s,s)
k seE
SECk
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Clickstream data

o Web site analyzed: Informatics' Center (CIn) from
Recife/Brazil

o This web site is based on dynamic pages
implemented by Java servlets

o The site is quite small and well organized :
91 pages
the site map is a tree of depth 5

o The web log ranges from June 26th 2002 to June

26th 2003 :

it corresponds to about 2Go of raw data
after the pre-processing and cleaning steps, these
data represent 113 784 navigations.
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The welcome page of themsite

A .: Cln - Centro de Informatica LIFPE Microsafl Internet Explorer

Gehier  Edbion  Affichage  Fayors  Qutls 7

Oriiins - Q - |8 (@ €] Pt o @ B- 5 & - LJE
Adresse Iﬂ_ hitp:[fnothis, cin.ufpe be feerviztenewstorm. noliss speesentac s, summ?:wmmmrmmw

e sechwed ~ g Ellﬁbk.\dad 15 autorn

Terga-Feira, 05 de Julhe da Z00S - 0%hos

Saches Chosen option
sHame Home | Pés-Graduagio |
2:0 CIn
i Pessoas . " =
s Graduscso Pis-Graduagdo tem conceito 5 na avaliagio da CAPES UFPE i |
| [Pés-Graduacao | R
d 7 =1 & InformagSes i " A Pos-Graduagdo em Ciéncia da
E Computacdo da Universidade Federal de
= Pernambuco foi criada em 1974, O
E curso & mantido pelo Centro de
= Informatica, estd credenciado no CFE
B desde 1986, sendo hoje um dos mais ¥ Saiba também
=2 importantes programas de Pos-Graduagdo na area, e e =i
zﬂ e o S no Brasil, .Documentos da pos-
i:Extansdo . ‘F""'I“'I'F’i" el
- Pasquiss Atualmenta, esta classificada com conceito 5 e
- Infra-sstrutura segundo a andlise da CAPES. A escalavaide 1a7, rmestrado/doutorads
i-Servigos admitindo nota maxima aos cursos com alta 2005
L Noticias exceléncia em qualidade. Na Uitima avaliagdo a
L -Ramais CAPES reconheceu a pos-graduagdo como centro de Horério para a pbs
=1 - : graduacio - 2003.1
excelgncia e referéncia nas suas dreas de atuagdo.
Assinantes Consufte o folder da Pos-graduscdo do Cin pars
2005

Cadastra-se8 como nosso

assinanta e raceba as Folder 2005
novidades por amails

&l @ Internet i
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Motivation

o The classification of pages from a Web
site can put in evidence the suitability
between:

the real structure of the site (semantic
structure)

the practice of the users and its use (the
navigation or visits of the users)

o The application of a dissimilarity measure
allows the classification of pages

the main problem: what measure among many
possibilities, is the most appropriated?
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emantic structure of the site

Great
density
of links

Home

The Informatics' center
--—- Missian

=" Objectives

==~ In the informatics’ center
--In the university

----In the region

i In the country

te===In the world

+--- Organization chart
=== Depattments

+--- Courses

=== Resolutions

=== Localization

===~ Tunnel of time
People

r--- Direction
r=-- Coordinators
L--- Professors

+--- Support

=== Management
t--- Administrative
Graduation

1}
I---- Information of the graduation
L~~~ How to be a student
:r-u How to ingress in the pos- graduation
~--- Coordination/Secretanat
Post-graduation
o Registrations and Information

==~ Subjects for Master 2004
=== Address

! L -~ New internal regiment

i --Internal regiment (11/1996)

H L--Intemal regiment (02/1992)

i == Qualification norms and these proposition
! == School registration 272000

! r=-School registration 1/2000

| ==~ School registration 1/2001

=== Summary of disciplines

===~ Masters results

t--- Bchool registration and pre-registration
+=-- Orientation of School registration

“77" PhD results

+--- Descrigtion

F--- Professors group
r--- Lines of research
+--- Specialization

———- quormaiin n

\--—-Concentration areas
- -—-Course's Structure
--- Professars group
--- Computational Resources

[ T

Administrative
-- Financial resources

t--- Events

Extension

'- Partners

---- Events

--- Services

~--- UFPE for all

Research
-- Groups of research
--- Publications

L--- Theses and dissertations

~--- Technician reports

L-—- Tutonals, manuals and class notes

L--- Book chapters

F=-- Complete books

---- Complete papers in periodic

Fires Complete Work in proceedings
==== Summary in proceedings

--- Projects of research

e E\ienls

----Ewents related to the Informatics' center
L~ Events of interest
~--- Honors and prizes
Infrastructure
Services
Ngws

e . T e I T

r--- Releases

=-=- Clipping

=== Contacts
P!Imnes

+--- Professors
+--- Sectors
+--- Employees
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Navigation or Visite

A navigation is a set of clicks performed
by an user during a period of time.

The end of this period corresponds to the
absence of clicks during at least 30
minutes.

One request is associated to each click
and corresponds to one requisition for a
page in the web site.
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Two complex representations of
navigations

Site : n, n,
{AIBICID} 4 pages
A 1{1,3}| {1}
two navigations
n,=(A,B,A,C,D) B {2} |{2,4}
n2=(A,B,C,B)
C {4} | {3}
D {5}
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Choice of the dissimilarity function

{klnik 7 njnj|

Jaccard .

J(pi pj) — \
binary ’ ’{k’n@k = (0 ou Nk = ()
Cosine doos(Diyp;) = 1 — Zszl Mk M5
counting \/(Zszl mf,g) (fozl m3k>

N

Tf x idf
counting ditxiae (- j) =1 = ;w@-kwjk,

These three measures don't avec Wiy =

N 2
integrate the semantic with \/lel my; log (%)
structure in the computation
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1

2

3

!

Expert or a priori partition

D

65

7

Publications|Research|Partners| Undergraduate| Objectives| Presentation|Directory
8 9 10 11 12 13
Team Options |Archives| Graduate News Others

Workshop France Bésilien sur la fouille de données

L 6 25 CIN Undergraduate Pragrams section

| 7 26 CIN Graduate Programs section

L 8 27 CIN extension sec tion

| 9 23 CIN Researc h section

L 10 29 Infrastruct t

L | 30 Seri

| 12 31 Mew:

| 13 32 News releas

L 14 35 Internal objectives

L 15 36 CIM objectives in UFPE

| | 16 37 CIN Regional ohjectives

L 17| 38 CIN Country wide objectives

L 18 39 CIN World wide objectivs

L 19 41 Organigram

| | 20 42 Departments

| [#] 21 43 Teaching :j
Enr: W] [T T e [p¥|sur s

Classification of
pages into semantic

categories performed
by an expert.
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Results on the distance table

he dynamic clustering :

Dissimilarity Rand index Found classes|min F mesure
Jaccard 0.5698 (9 classes) 6 0.4444
Ttxidf 0.5789 (16 classes) T 0.5
Cosinus 0.3422 (16 classes) 4 0.3
Hierarchical clustering :

Dissimilarity Rand index Found classes|\min F mesure
Jaccard 0.6757 (11 classes) 3 0.5
Ttxidf 0.4441 (15 classes) 3 0.4
Cosinus 0.2659 (11 classes) 5 0.4

External evaluation by Rand and F measure criteria
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Rand / MND on distance table

Rand

0.6

0.55

0.5
0.45
0.4
0.35
0.3
0.25
0.2
0.15
0.1

0.05 ‘ ‘ ‘ ‘ ‘
2 4 6 8 10 12 14
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A dynamical cluster method with
adaptive distances (G. Govaert, 1975)

d=(d,,...,d¢ ) Is a vector of K distances. The distance d, ,
Is associated to the cluster C, and belongs to the set of
distance family D.

Our method searches a pair (P, L) and a vector d of DX
which optimize the criterion W,(P,L,d).

I —,
W,(P,L,d) = ZA (AL Z D di(x,,y,)

k=1 ieC,
_
_- . [ .

_dhlls a distance of the cluster C, (local allocation distance)
[
Yk
N

Is the prototype of the cluster C,
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The optimization problem for the
distance table

L=(c,,..,Cx) IS a vector of objects of Q
A= (Ay,..., A¢) @ weight vector A of the partition P
with the contraints

Our method searches a pair (P, L) and a weight vector A
where the criterion W,(P,L,A) is optimized

_
W,(P,L,A) = ZA (C,.c, A )= Z > Ad*(s,c,)

k=1 seCi
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The optimization problem of the
representative step

The optimization problem of the representative step
Is divided in two steps:

Step 1: The class C, and weight A, are fixed.

For each cluster C,, the problem is to find a object ¢,
that minimizes the adequacy criterion

c, =arg miQn A (C,,c, A )=arg miél g /’tkd!(s,c)

NS Ck
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The optimization problem of the
representative step

Step 2: The partition P and L=(c,,..,Ccx) Is a vector of
objects are fixed.

The problem is to find weight vector A that
minimizes the adequacy criterion

W,(P,L,A) = Zz/ld (s,c, )= Z/l Zd (s,c,)= Z/ICID
k=1 SECI k=1 SECI

The solution is given by the Lagrange multiplier
method.
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Conclusion

- The adaption of the class prototype
approach to classify a distance table is
easy.

*The protype is remplaced by a medoid.

* This approach can be used when the
distance is non an euclidean distance.

Workshop Franco-Brésilien sur la fouille de données Récife 5-7 May 2009

33



References

© M. Chavent, F. A. T. De Carvalho, Y. Lechevallier and R. Verde. New clustering
methods for interval data. In Computational Statistics, Vol. 21(23):211-230, 2006.

© A. Da Silva, Y. Lechevallier, F. Rossi and F. A. T. De Carvalho Clustering Dynamic
Web Usage Data. In "Innovative Applications in Data Mining",Edited by Nadia Nedjah,
Luiza de Macedo Mourelle and Janusz Kacprzyk. Springer, 2009.

o F.A.T.de Carvalho and Y. Lechevallier Partitional Clustering Algorithms for
Symbolic Interval Data based on Single Adaptive Distances. Pattern Recognition, 2009

o T. Despeyroux, Y. Lechevallier, B. Trousse and A.-M. Vercoustre. Experiments in
Clustering Homogeneous XML Documents to Validate an Existing Typology. Journal of
Universal Computer Science,2006.

o F.Rossi, F. A. T. De Carvalho, Y. Lechevallier and A. Da Silva. Dissimilarities for
Web Usage Mining. In V.Batagelj, H-H. Bock, A.Ferligoj and A. vZiberna editors, Data
Science and Classification (Proceedings of IFCS 2006), Pages 39-46, Springer,

o N. Villa and F. Rossi. A comparison between dissimilarity SOM and kernel SOM for
clustering the vertices of a graph. Workshop on Self-Organizing Maps (WSOM 07).

Workshop Franco-Brésilien sur la fouille de données Récife 5-7 May 2009 34



