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Notations

SOM - Self Organizing Map

vm-SOM - voting memory based Self Organizing Map

Iwo-SOM - local weighting observation Self Organizing Map

gwo-SOM - global weighting observation Self Organizing Map

Iwd-SOM - local weighting distance Self Organizing Map

gwd-SOM - global weighting distance Self Organizing Map

dlw-SOM - double local weighting Self Organizing Map

R - objective function; ex: R;,, - objective function for local weighting observations
n - weights vector

X - samples vector

W - prototypes vector

n X m - dataset size (n - number of observations, m - number of variables);
1) - Distance weights (in the case of the diw-SOM)

1 - Observations weights (in the case of the dlw-SOM)

W] - ma size (the numberof cells)

N - the size of data (number of samples)

m - number of variables;

RA - Relational Analaysis approach;

RTM - Relational Topological Map;

RSl _ Objective function of the Horizontal Collaborative SOM

SoM

RYSY - Objective function of the Vertical Collaborative SOM






Résumé

Cette these est consacrée d’une part, a I’étude d’approches de caractérisation des classes
découvertes pendant 1’apprentissage non-supervisé, et d’autre part, a la classification non-
supervisée modulaire, hybride et collaborative. L’étude se focalise essentiellement sur deux
axes :

1) la caractérisation des classes en utilisant la pondération et la sélection des variables
pertinentes, ainsi que 1’utilisation de la notion de mémoire pendant le processus d’apprentissage
topologique non-supervisé;

2) T'utilisation de plusieurs techniques de clustering en parallele et en série : approches
modulaires, hybrides et collaboratives.

Nous nous intéressons plus particulierement dans cette these aux cartes auto-organisatrices
de Kohonen qui constituent une technique bien adaptée a la classification non-supervisée per-
mettant une visualisation des résultats sous forme d’une carte topologique. Nous proposons
plusieurs techniques de pondérations de 1’apprentissage de ces cartes ainsi qu’une nouvelle
stratégie de compétition permettant de garder en mémoire 1’historique de I’apprentissage. En
utilisant un test statistique pour la sélection des variables pertinentes pondérées, nous répon-
dons au probleme de la réduction des dimensions, ainsi qu’au probleme de la caractérisation
des classes découvertes.

Concernant le deuxieme axe, nous utilisons le formalisme mathématique de 1’analyse re-
lationnelle (AR) pour combiner plusieurs résultats de classification. Les avantages de I’AR
sont combinés avec ceux des cartes auto-organisatrices pour proposer un nouvel algorithme
RTM (Relational Topological Map) alliant les points forts des deux approches.

Enfin, nous proposons une nouvelle approche congue pour faire collaborer plusieurs clas-
sifications topologiques entre elles, en préservant la confidentialité des données. Cette ap-
proche est basée sur un formalisme d’apprentissage collaboratif qui dérive ses regles d’adaptations
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a partir d’une nouvelle fonction de colit composée de deux termes : un terme de quantifica-
tion et un autre de collaboration. Ce formalisme est proposé pour deux stratégies : collabo-
ration verticale et horizontale.

Mots-Cles:
apprentissage non-supervisé, cartes auto-organisatrices, apprentissage avec mémoire, pondéra-
tion, sélection des variables, fusion de partitions, apprentissage collaboratif, analyse relation-
nelle, clustering hybride, clustering modulaire.



Abstract

This thesis is focused, on the one hand, on clustering anlaysis approaches in the unsuper-
vised topological learning, and on the other hand, to the topological modular, hybrid and
collaborative clustering. This study is mainly adressed to two problems:

1) cluster characterization using weighting and selection of relevant features, and the use
of the memory concept during the unsupervised topological learning process;

2) and the problem of the ensemble clustering techniques: modular, the hybrid and col-
laborative approaches.

In this thesis we are particularly interested in Kohonen’s self-organizing maps which
have been widely used for unsupervised classification and visualization of multidimensional
datasets. We offer several weighting approaches and a new strategy which consists in in-
troducing of a memory process into the competition phase by calculating a voting matrix at
each learning iteration. Using a statistical test for selecting relevant features, we will respond
to the problem of dimensionality reduction, and to the problem of clusters characterization.

For the second problem, we use the relational analysis approach (RA) to combine multi-
ple topological clustering results. The benefits of RA will be combined with those of self-
organizing maps in order to obtain a new algorithm called RTM (Relational Topological
Map). Finally, we adapt the classical algorithm of self-organizing maps to enable the collab-
oration between them.

Keywords:
clustering, unsupervised learning, self-organizing maps, weighting, variable selection, fu-
sion, collaboration, relational analysis, hybrid clustering, modular clustering, memory based
topological clustering.
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Avant Propos

Rapide parcours de la these

Le travail de recherche présenté dans cette these est structuré autour de quatre chapitres. La
theése commence par une introduction qui présente le contexte de 1’étude ainsi que les objec-
tifs de la these, et se termine par le plan du manuscrit.

Le premier chapitre concerne la "formulation du probléme et la présentation des ob-

Jectifs". Il présente le contexte de 1’étude de la réduction des dimensions dans des grandes
masses de données, en expliquant en détail différents types d’algorithmes de classification
non supervisée et de la sélection de variables, avec un accent particulier sur la pondération
pendant le processus de classification/apprentissage. L’ importance de ces approches dans la
caractérisation des classes est mise en évidence.
L’ objectif principal de la réduction des dimensions est de réduire le nombre des observations
(le clustering) ou la taille des variables (la sélection ou I’extraction). Nous établissons alors
une typologie des principales méthodes de réduction de dimensions. Dans ce chapitre nous
nous intéressons aux méthodes permettant de réduire le nombre d’observations tout en facil-
itant la description des classes découvertes. La caractérisation sera faite dans le cadre de ce
travail a travers un processus de pondération non supervisée des variables. Cette pondéra-
tion consiste a chercher des poids numériques pour les associer a chaque variable durant le
processus d’apprentissage. Dans le cadre de la classification non- supervisée, les travaux
présentés dans ce chapitre montrent que:

e la pondération des variables permet d’obtenir de meilleurs résultats de classification;

e une pondération d’attributs indépendamment de la méthode de classification produit
de moins bons résultats que les approches intégrées.

e la pondération locale des variables est plus efficace qu'une pondération globale [52,
19];
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e les pondérations adaptatives sont plus efficaces que les pondérations analytiques.

Le chapitre se termine par une étude de la complexité de chaque algorithme, ainsi que les
différentes méthodes de validation du clustering.

Le chapitre 2 s’intitule "Classification topologique pondérée avec mémoire".

Dans ce chapitre, nous introduisons une nouvelle stratégie d’apprentissage pour les algo-
rithmes de classification topologique basés sur le modele de Kohonen. Nous introduisons
deux notions dans ce modele : 1’apprentissage avec mémoire et I’apprentissage pondéré. En
effet, dans ces algorithmes, le processus d’auto-organisation permet de concentrer I’adaptation
des poids des connexions essentiellement sur la région de la carte la plus “active”. Cette ré-
gion d’activité est choisie comme étant le voisinage associé au neurone dont 1’état est le
plus actif. Durant la phase de compétition, le critere de sélection de 1’unité la plus active
est de chercher celle dont le vecteur de poids est le plus proche au sens de la distance eu-
clidienne de la forme présentée. 1l s’agit d’un critere qui est a I’heure actuelle utilisé dans
les différentes variantes de 1’algorithme des cartes topologiques. Notre contribution se situe
au niveau de cette phase de compétition, et propose une nouvelle stratégie pour le choix du
neurone le plus actif. Cette nouvelle stratégie consiste a choisir le neurone le plus actif en
tenant compte de son historique d’activations appris dans une matrice de vote a partir de
I’ensemble des données. Cette approche renforce les interactions entre deux notions : la
mémoire et I’apprentissage, si intimement liés qu’on confond souvent les deux. Ces deux
notions renvoient cependant a des phénomenes différents. L’apprentissage désigne un pro-
cessus qui va modifier un comportement ultérieur. La mémoire est la capacité de se rappeler
des expériences passées. De plus, non seulement la mémoire dépend de 1I’apprentissage,
mais 1’apprentissage dépend aussi de la mémoire. En effet, les connaissances mémorisées
constituent une trame sur laquelle viennent se greffer les nouvelles connaissances. Notre
approche introduit donc dans le processus de 1’apprentissage, au niveau de la compétition,
un effet mémoire des activations des neurones. En effet, ¢’est I’utilisation de cette notion de
voisinage qui introduit les contraintes topologiques dans la géométrie finale de la carte. Cette
nouvelle approche permet de découvrir la structure des données avec une meilleure qualité
(erreur topologique plus faible et pureté de la classification plus importante).

La notion d’apprentissage pondéré est présenté dans ce chapitre a travers une nouvelle
approche de classification et de pondération des variables durant un processus non supervisé.
Ainsi, ’apprentissage des cartes topologiques est combiné a un mécanisme d’estimation de
pertinences des différentes variables sous forme de poids d’influence sur la qualité de la
classification non supervisée. Nous proposons plusieurs types de pondérations adaptatives :

e une pondération des observations (locale et globale)
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e une pondération des distances entre observations (locale et globale)

e une approche de double pondération.

Lapprentissage simultané des pondérations et des prototypes utilisés pour la partition des
observations permet d’obtenir une classification optimisée des données. Un test statistique
(ScreeTest) est ensuite réalisé sur ces pondérations pour élaguer les variables non pertinentes.
Ce processus de sélection de variables permet enfin, grace a la localité des pondérations,
d’exhiber un sous ensemble de variables propre a chaque groupe (cluster) offrant ainsi sa
caractérisation. Pour chaque approche proposé dans ce chapitre la complexité est également
calculée, ce qui montrent que les algorithmes proposées augmentent tres peu le temps de
calcul (la complexité reste linéaire).

Nous expliquons a travers différents exemples 1’intérét de 1’estimation des pertinences des
variables pour la visualisation et la sélection des variables, ainsi que pour la caractérisation
des groupes. Nous montrons aussi que notre approche peut étre considérée comme une
pseudo-classification crois€e. Enfin, contrairement a la classification croisée qui permet aussi
de caractériser les groupes visuellement, la méthode proposée dans ce chapitre permet de les
caractériser d’une maniere automatique. L’estimation du nombre correct de groupes est en
relation avec la stabilité de la segmentation et la validité des groupes générés.

Le chapitre 3 s’intitule "Classification modulaire et Hybride". Dans la premiere partie
de ce chapitre, une technique de fusion de clustering est proposée, en se basant sur les algo-
rithmes de pondération proposées (g/Iwo-SOM, g/ldw-SOM) et I’ analyse relationnelle pour
fusionner les résultats de ces dernieres.

Ainsi, nous proposons une représentation du consensus de clustering comme un ensemble
de nouvelles variables qui caractérisent les observations. Ceci conduit a une formulation du
probleme de fusion sous forme d’un probleme de clustering catégorique. Nous proposons
d’utiliser [’Analyse Relationnelle (RA) comme méthode du consensus pour plusieurs méth-
odes d’apprentissage non-supervisé. Le consensus de clustering est fourni en tant que so-
lution de la minimisation de la fonction objective d’une donnée consensus du clustering.
L’idée principale, partagée avec d’autres algorithmes est que : si de nombreux algorithmes
de classification assignent deux observations dans le méme cluster (groupe), ca ne sera pas
bénéfique de séparer ces observations par le consensus de clustering. Les résultats expéri-
mentaux montrent les avantages et les intéréts de cette nouvelle approche de fusion. Ainsi
que I’application sur les donnés wikipedia composées des images montre une réel validation
de cette technique.

Dans la deuxieme partie, nous proposons un nouveau modele pour le clustering et la visu-
alisation des données binaires basé sur la notion de voisinage présente dans SOM classique,
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mais en utilisant le formalisme de 1’analyse relationnelle. Cette approche hybride RTM (Re-
lational topological map) combine les avantages des deux méthodes. En effet, elle permet
une identification naturelle du clustering sans fixer le nombre de clusters (ou neurones) et
incorpore la notion de voisinage durant 1’apprentissage. Un des avantages de la nouvelle
méthode hybride RTM est de permettre de construire des cartes topologiques a partir de don-
nées binaires en gardant une faible complexité algorithmique. En plus, la comparaison avec
des méthodes existantes, montre que I’approche RTM permet de construire des cartes plus
structurées et fines.

Le chapitre 4, "Classification topologique collaborative", propose une nouvelle ap-
proche concue pour faire collaborer plusieurs cartes SOM (ou variantes de SOM) entre elles
en préservant la confidentialité des données. Ayant une collection de bases de données dis-
tribuées sur plusieurs sites différents, le probleme consiste a partitionner chacune de ces
bases en considérant les données des autres bases collaboratrices, sans toutefois omettre de
respecter la contrainte de confidentialité qui interdit le partage de données entre les differents
sites. Pour ce faire, notre approche se subdivise en deux phases : une phase locale et une
phase de collaboration. La phase locale revient a appliquer 1’algorithme classique de SOM,
localement et independamment sur chacune des bases de données, ce qui se soldera par
I’obtention d’une carte SOM pour chacune de ces bases. La phase de collaboration revient
a faire collaborer chacune des bases de données avec toutes les cartes SOM associées aux
autres bases obtenues lors de la phase locale. Ainsi, comme resultat on obtient sur chacun
des sites une carte SOM proche de la carte SOM qu’on aurait obtenu si on avait fait abstrac-
tion de la contrainte de confidentialité, a savoir faire collaborer les bases de données elles
mémes. A I’issu des deux phases, toutes les cartes SOM sont enrichies. Ce chapitre présente
le formalisme mathématique de 1’approche selon deux stratégies (collaboration verticale et
horizontale) ainsi que sa validation expérimentale.

Comme perspectives, nous continuons a explorer les trois axes de recherche étudiés dans
cette these :

e la caractérisation des classes en passant par la pondération et la sélection des variables
pertinentes;

¢ la fusion des classifications, ainsi que le clustering topologique hybride en utilisant
I’analyse relationnelle;

e la classification collaborative topologique non-supervisée.
Concernant le premiere axe, nous pensons intégrer la capacité de caractériser les clusteurs

dans le cadre de la fusion et de la collaboration des cartes : avant et apres la collaboration.
Ainsi, nous envisageons d’adapter ces approches a des données binaires et mixtes.
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Pour le clustering topologique hybride, les perspectives consistent a introduire des pondéra-
tions pendant 1’apprentissage de RTM, pour pouvoir ensuite détecter les variables (binaires)
pertinentes et caractériser ainsi les classes obtenues.

Concernant la classification topologique collaborative, nous envisageons de combiner la
collaboration verticale et horizontale pour obtenir la collaboration hybride entre les cartes
auto-organisatrices. Un autre axe de recherche qui dérive de ces travaux, est le clustering
topologique directionnel qui va nous permettre de savoir dans quelle direction faire colla-
borer les cartes ou les bases de données.

Finalement, comme les algorithmes proposés dans cette these nécessitent des parametres a
fixer (la taille de la carte, le pas d’apprentissage, le nombre d’itérations, le parametre 5) nous
pensons a long terme de les rendre autonomes.






Introduction

The Problem and the Approach

The subject of the thesis is concentrated around two main problems of the unsupervised
learning. Firstly, the problem of dimensionality reduction and cluster characterization is
stressed, and a consistent determination of the possible approaches to both of them is given.
Secondly, the aspects of the modular, hybrid and collaborative topological clustering are
studied.

Dimensionality reduction is a major challenge in the domain of unsupervised learning
which deals with the transformation of a high dimensional dataset into a low dimensional
space, while retaining most of the useful structure in the original data, retaining only rele-
vant features and observations.

Another important aspect of the dimensionality reduction is the visualization of the results,
and the self-organizing maps is one of the most known topological learning techniques which
allows clustering and visualization simultaneously.

At the end of the topographic learning, the “similar” data will be collected in clusters, which
correspond to the sets of similar observations. These clusters can be represented by a more
concise information than the brutal listing of their patterns, such as their gravity center or
different statistical moments. As expected, this information is easier to manipulate than the
original data points.

The choice of the activity area during self-organization does not take into account the com-
petition history of each unit during learning. This is a criterion, which is currently used in
several variations of the topological maps algorithm.

It is well known that no clustering method is perfect because many of clustering algo-
rithms require additional user-specified parameters, such us the optimal number of clusters
(k-means), stopping criteria, similarity parameters, smoothing parameter (8 in lwd-SOM or
gwd-SOM), and others parameters. There are also, some algorithms which use random ini-
tializations and due to this they give different results for each replication, so there is no clear
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indication for the best partition result. So, it is clear, that a combination scheme between
clustering algorithms could give a better result: number of clusters, purity of segmentation,
etc. To resolve this challenge, some approaches for Multi-Clustering Fusion Scheme were
proposed in literature as [47, 123, 109]: “Consensus Models”, “LSEC - Least Square Error
Combination”, “HCE - Heterogeneous clustering ensemble”, etc.

In an industrial context of increasing competition, companies are constantly called upon
to work together (to collaborate) to face up to this strategic issue and to be able to provide
the level of required service for their customers. To benefit from this collaboration, the tasks
of Data Mining (Clustering, mining and knowledge management ...) should consider all
the datasets associated with these collaborating companies although they are distributed on
several different sites. Obviously, for confidentiality reasons (ex. medical or bank data),
sharing data between collaborating companies is not allowed. So, centralizing their data
by combining them into one dataset and then performing the task of Data Mining is not
appropriate.

For these two research directions, we have proposed some approaches for the cluster char-
acterization problem (Chapter 2), an original clustering fusion technique using Relational
Analysis (RA) and a new topological clustering method based on RA (Chapter 3). We pro-
posed also, a vertical and horizontal collaboration for the topological clustering based on
self-organizing maps (chapter 4 ).

The validation of these proposed techniques is performed on several academical and real
datasets (Appendix A.1).

Guide to the Dissertation

The dissertation is structured in four chapters.

chapter 1 deals with the Data Clustering Analysis which outlines the background of the
dimensionality reduction problem for large datasets, explaining in detail different types of
clustering and features selection algorithms, with particular emphasis on weighting during
the learning/clustering process.

In this chapter we will try to cover some aspects of the clustering problem, to present the
main categories of existed clustering algorithms, to introduce the problem of the cluster-
ing analysis through dimensionality reduction and weighting techniques. The importance of
these approaches for the cluster characterization is highlighted.

The main goal of the dimensionality reduction is to reduce the number of observations (clus-
tering) or the size of variables (selection or extraction). Then we establish a typology of
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significant dimensionality reduction methods. In this chapter we focus on the observations
reduction methods while improving cluster characterization, and the cluster characterization
is done through an unsupervised variables weighting process.

This weighting process seeks to find numerical weights for each variable involved in the
learning process. In the context of unsupervised learning and clustering, the work presented
in this chapter show that:

e variables weighting allows better clustering results;

e variables weighting abstracted from the clustering method produces poorer results than
integrated approaches.

e Jocal variables weighting is more efficient than global weighting [52, 19];

e adaptive weights are more effective than analytic weights.

The chapter ends with a study of the complexity of each algorithm, as well as different
clustering validation methods.

Chapter 2, “Memory based Weighted Topological Clustering” presents new methods

for the topological learning keeping the history during the learning/clustering process and
introducing weighting approaches to attempt clustering characterization.
To preserve the memory during the SOM, our contribution relies on the competitive phase
of this unsupervised learning algorithm and proposes a new strategy for choosing the most
active cell/neuron. This new strategy is to choose the most active neuron taking into account
its historical activations, learned in a voting matrix from the dataset. Indeed, the use of this
historic neighborhood, allows introducing of topological constraints in the final geometry of
the map. This new unsupervised learning approach (vm-SOM) allows discovering of data
structure with a better quality (lower topographic error and better clustering purity). The
conservation of the historical learning allows us to attempts a good topology of the map,
but this technique doesn’t take into consideration the relevance of the features or the obser-
vations. This is why we proposed an analytical local weighting distance SOM (Iwd-SOM)
and five adaptive weighting approaches for the SOM maps: local weighting observations
SOM (Ilwo-SOM), global weighting observations SOM (gwo-SOM), local weighting dis-
tance SOM (Ilwd-SOM), global weighting distance (gwd-SOM) and finally the double local
weighting SOM (diw-SOM).

The main idea of the Chapter 3, “Modular and Hybrid Clustering”, is that combining
multiple classification or regression models typically provides superior results compared to
using a single model. A modular clustering represents a cluster ensemble approach which
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can combine individual results from the distributed computing entities, under two scenarios
[121, 108]:

e Object-distributed data. Each clustering algorithm has access to only a subset of all
objects, and thus can only cluster the observed objects. For example, corporations tend
to split their customers regionally for more efficient management.

e Feature-distributed data. In this scenario, each clustering algorithm sees only a limited
number of features or attributes of each object, i.e. it observes a particular aspect or
view of the data.

The main work in this chapter is situated around the Relational Analysis technique in order
to attempt a clustering fusion and a topological unsupervised learning. Our contribution is to
propose a new effective schema to deal with the clustering fusion problem by using proposed
weighted SOM algorithms (g/lwo-SOM, g/Ilwd-SOM) to cluster the data, and the Relational
Analysis technique to fusion the obtained clustering results.

As an application, for the proposed clustering fusion schema, an image retrieval system
is presented using topological learning and a new interactive learning using user informa-
tion/response. Also, in this work, we show the usage of unsupervised learning for images,
we do not possess labels, and we will not take into account the corresponding text for the
images. The used dataset contains 17812 images extracted from wikipedia pages, each of
which is described by it colors and texture.

Finally, this chapter introduce a hybrid formalization of self-organizing maps in terms of
Relational Analysis. This formalism is dedicated to data in the form of a binary matrix or a
sum of binary matrices. This model is based on the Kohonen model (conservation of topolog-
ical order) and uses the formalism of the Relational Analysis optimizing a criterion defined
from the Condorcet criterion taking into account common similarities and dissimilarities for
each pair of objects.

Finally, Chapter 4 “Collaborative Clustering” tackles the problem of collaborative clus-
tering and presents an approach of collaborative clustering in order to preserve the confi-
dentiality of data using self-organizing maps. Having a collection of datasets distributed on
several different sites, the problem is to partition each of these data, considering other col-
laborating datasets, by respecting the confidentiality constraints that prohibit sharing of data
between different sites. To do this, our approach is divided into two steps: a local step and
a collaboration step. The local step would apply the standard algorithm of Kohonen, locally
and independently to each dataset, which will result in obtaining a SOM map for each of
these datasets. The collaboration phase will consist in collaborating each dataset with all
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SOM maps associated with other datasets obtained during the local step. Thus, as a result is
obtained a SOM map on each site which is close to the SOM map that could be obtained if we
had ignored the constraint of confidentiality. At the end of both phases, all SOM maps will
be enriched. This chapter presents the mathematical formalism of the approach and its val-
idation. The proposed approach has been validated on multiple databases and experimental
results have shown very promising performance.






Chapter 1

Data Clustering Analysis
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1.1 Introduction

Analogous and complementary way for the development of supervised learning techniques,
the so-called non-supervised techniques has been developed. The aim is to learn some in-
formation about non-labeled data. There are many cases where is no information about the
clusters of all learning data. This lack of knowledge can have several causes: deficiency of
information on the data, too large dataset to be manually labeled, like in speech recognition
as well as in bioinformatics.

Different areas are interested in this problem with different names: statistics, data analysis,
pattern recognition, psychology, etc. The term “unsupervised learning” is used in connec-
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Figure 1.1: The principle of the dimensionality reduction

One of the important challenge in clustering is the dimensionality reduction which deals
with the transformation of a high dimensional dataset into a low dimensional space, while
retaining most of the useful structure in the original data; retaining only relevant features and
observations. The data objects became to have a large number of features and its became to
be more complicated to analyze its (like multimedia data analysis and bioinformatics). These
are extreme examples of situations where dimension reduction (DR) is necessary because
the number of variables p exceeds the number of examples n and it’s called by staticians like
“Big p Small n” [121].

Nevertheless, traditional algorithms used in machine learning and pattern recognition ap-
plications are often susceptible to the well-known problem of the curse of dimensionality.
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Dimension reduction techniques are often applied as a data pre-processing step or as part
of the data analysis to simplify the data model. Dimensionality reduction can be achieved
by using a clustering technique to reduce the number of observations or a features selection
approach to reduce the features space as is shown in the figure 1.1.

One of the most used techniques among many others in the data mining field is the clus-
tering. The aim of this technique is to synthesize and summarize huge amounts of data by
splitting it into small and homogeneous clusters such that the data (observations) inside the
same cluster are more similar to each other than to the observations inside the other clusters.
This definition assumes that there exists a well defined clustering quality measure that quan-
tifies how much homogeneous are the obtained clusters [35].

As a fundamental pattern recognition problem, a well-designed clustering algorithm usually
involves the following four design phases: data representation, modeling, optimization, and
validation [47]. The data representation phase predetermines what kind of cluster structures
can be discovered in the data. Generally, clustering problems can be divided into two cate-
gories: hard clustering and fuzzy clustering. In hard clustering, a data point belongs to one
and only one cluster, while in fuzzy clustering, a data point may belong to two or more clus-
ters with some probabilities.

Since clustering is an unsupervised process and most of the clustering algorithms are very
sensitive to their initial assumptions, some sort of evaluation is required to assess the cluster-
ing results in most of the applications. Validity indices are measures that are used to evaluate
and asses the results of a clustering algorithm.

In principle, the more information we have about each samples(pattern), the better a learn-
ing algorithm is expected to perform. This seems to suggest that we should use as many
features as possible. But, this is not the case in practice, because some variables could be
less important than others or even to represent noise in the respective dataset. The advantages
or motivation for dimension reduction are the follows:

e The identification of relevant features is very useful for knowledge data mining.

e For many learning algorithms, the training and/or classification time increases with the
number of features.

e [t’s very useful to detect noise or irelevant features in order to do a good learning/clas-
sification.

e The visualization of the data or of the clustering result is clearly in a low dimension.
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The main drawback of dimensionality reduction is the possibility of information loss by
eliminating some relevant features, but using some weighting techniques we can reduce this
risk (see the proposed weighted approaches : g/Iwo-SOM, g/lwd-SOM and diw-SOM).

In this chapter we will try to cover some aspects of the clustering problem, to present the
main categories of existed clustering algorithms, to introduce the problem of the clustering
analysis trough dimensionality reduction and weighting techniques. In the next, we’ll give
more details inclusively the algorithms for the approaches which are more closely to our
subject.
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1.2 Data pre-processing

“The capacity of digital data storage worldwide has doubled every nine months for at least
a decade, at twice the rate predicted by Moore’s Law for the growth of computing power
during the same period.” [1]

(Fayyad et al., 2002)

The real data don’t have a standart format, it can be in different formats (numerical, binary,
mixed, multimodal, etc.) with different values and different sizes. Usually the clustering al-
gorithms are not adapted for all the types of dataset and because clustering is an unsupervised
machine learning approach, the algorithms are not able to identify if the data are unbalanced
or to decide which type of standardisation to use for the data and when. That’s why in the
machine learning domain there were introduced some pre-processing research directions like
data discretization, balancing, data normalization and transformation, etc.

1.2.1 Balancing

One of the problems in pre-processing is that the real datasets don’t always have a balanced
cluster distribution, but can have clusters of different sizes (from a cluster which contains
some observations to clusters with thousands of observations) and, in this case the clustering
problem becomes difficult due to unbalance between the clusters, and usually algorithms
can’t obtain a good accuracy of clustering results [11], [121]. The are two types of Balancing
problem:

e Sample Balancing. Each cluster should contain roughly the same number of samples
and, if it is not the case, the clustering algorithms must take into account this problem
by involving some additional techniques.

e Variables Balancing. Each cluster should contain roughly the same amount of feature
values.

Strelh et al. [121] proposed to assign a weight to each object and then softly constrain the
sum of weights in each cluster. For sample balanced clustering, it is proposed to assign to
each sample x; the same weight 7; = 1/n. To obtain value balancing properties, a sample
X;’s weightis settor; = 1 37, x;; for v = "1 2izy Xi,j and the sum of all weights is 1.
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1.2.2 Data Normalization or Transformation

Preparing data for clustering requires some transformation, such as normalization or stan-
dardization. Data standardization makes data dimension less which is used to define standart
indices.

In literature there were proposed many transformation and normalization methods [45],
[701, [96]:

e Variance normalization represents a linear transformation which scales the values so
that their variance is equal to 1. This is a convenient way to use Mahalanobis distance
measure without changing the distance calculation procedure.

e Normalization of range of values which provides a linear transformation which scales
the values between [0, 1]. This is one of the most used normalizations for data cluster-
ing.

e Similar to the previous one is the logistic normalization which ensures that all values
in the future will have the range [0, 1].

e [ogarithmic normalization is a technique that provide a exponentially distribution of
the values of a vector component.

e Discrete histogram equalization. This algorithm orders the values and replaces each
value by its ordinal number. Finally, it scales the values so that they are between
[0,1]. This one is useful for both discrete and continuous variables, but as the saved
normalization information consists of all unique values of the initialization dataset, it
may use considerable amounts of memory.

1.3 Numerical and Categorical Data Measures

The first phase of any clustering algorithm is to compute a distance matrix or a dissimilarity
matrix, which is a matrix size n X n, where n is the number of samples of the dataset. The
choice of the distance is very important for the clustering method, and this choice is made
by taking into account the algorithm and the data type [33].

The table 1.1 shows the most known and used distance measures.
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Table 1.1: Distance measures

H Distance ‘ Formula
Euclidian > A —y)?
Square Euclidean | dg(x,y) = dp(x,y)* = 2 (x; — y)*.
Manhattan iy lxi =il
Maximum max|x; — yil
Average (+ 2 — y]')z)%
Minkowski Vi X = yild
Mahalanobis V=S Hx—y)T
Canberra > ﬁ

In this work we use the Euclidian distance which is the most adapted for our algorithms
and for the numerical data.
Between two data points x and y the Euclidian distance is defined as following:

1
m

dp(x,y) = [Z(xi - y,-)2>] (1.1)

i=1

where x; and y; are the ith variable value for x and y respectively.

In the learning/clustering approaches the most used is the squared Euclidian distance (d;g)
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Table 1.2: Similarity measures for binary vectors

H Measure Formula for s(x, y)

S1(xy)

Jaccard ST+ 01(5) FS 100y

Dice 2511 (x,y)+11;1((f;,y;)+s 10(x.y)
Pearson e Do) ot
VS 1S 01 S 110+ 10 01 (Ey) S 00y 10060 +S 00(x)
Yule TS,
Kulzinsky %

S11(x)+S 00(x,)
S 110e)+2(S 01 (x,y)+S 10(x,9)+S 00(X,y)

Rogers-Tanimoto

Condorcet Cit = Dy Cﬁ

k
i’

0 - otherwise

ct, = 1if x; and x; have the same modality of variable V¥,

defined as follows:

dyp(x,y) = dp(x, )’ = ) (= 3i)’, (1.2)
i=1

For some algorithms the Euclidian distance is modified into the weighted Euclidian dis-
tance by introducing the weights used during the learning process in the distance expression.

In this section we will define as well some similarity measures used for the binary data.
We will pay more attention to the Condorcet vote which is described in chapter 4. The table
1.2 shows the most interesting similarity measures used for the binary vectors.
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In this table, the symilarity S x, y represents:

S 11 represents the total number of attributes where x and y both have a value of 1;

S o1 represents the total number of attributes where the attribute of x is 0 and the at-
tribute of y is 1.

S 10 represents the total number of attributes where the attribute of x is 1 and the at-
tribute of y is 0.

S oo represents the total number of attributes where x and y both have a value of 0.

1.4 Types of clustering methods

Clustering techniques are very diversified and they have been continuously developed for
over a half century depending upon the optimization techniques, main methodology (statisti-
cal methods, system modelling, signal processing), and application areas. These algorithms
are divided into two main categories of clustering: hierarchical [38] and objective function-
based clustering.

In the next sections of this chapter we will introduce the main families of clustering algo-
rithms. We divided clustering methods in:

e Hierarchical Clustering

e Graph-based Clustering Algorithms
e Center-based Clustering

e Grid-based Clustering Algorithms

e Density-based Clustering Algorithms
e Model-based Clustering Algorithms

e Relational analysis based clustering algorithms

In the next sections, we give some clustering approaches for each category, and for the most
important (closely to our proposed methods) - the respective algorithm will be presented.
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1.4.1 Hierarchical Clustering

Clustering algorithms are generally classified as partitional clustering and hierarchical clus-
tering, based on the properties of the generated clusters ([37]; [58]; [69]; [70]). Partitional
clustering divides data samples into a single partition, whereas a hierarchical clustering al-
gorithm groups data with a sequence of nested partitions (figure 1.2).

X1 X2 X3 X4 X5

Agelomerative
asiAl(l

Figure 1.2: The principle of the Hierarchical Clustering Algorithm

As it is shown in the figure 1.2 there is two types of the hierarchical clustering methods:
agglomerative approach and divide approach. Divide hierarchical clustering method starts
from a cluster which contains all the data and divide this cluster until obtaining the desired
clusters. Contrarily, agglomerative hierarchical clustering method starts from n clusters (n
data) and will merge these clusters until obtaining a cluster containing the whole data.

1.4.1.1 Agglomerative Hierarchical Clustering

Agglomerative clustering starts with n clusters, each of which includes exactly one data
point. A series of merge operations is then followed that eventually forces all objects into
the same group. There are some extensions of this algorithm using different criteria presented
in the figure 1.3 [31].

The general agglomerative clustering can be summarized by the procedure 1.
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Agglomerative hierarchical methods

Graph Methods Geometric Methods
Single-link — ¥ Ward
Complete link + — Centroid
Group Average - —ﬁ Median
Weighted Group Average [—

Figure 1.3: Types of Hierarchical Clustering Algorithms

Algorithme 1 : HCA Algorithm.
Input: Data set X, n - number of samples, k - number of clusters

fori=1tondo
Compute the proximity matrix (usually based on the distance function) for the k clusters;
end for
for j=1tokdo
Compute/Search the minimal distance d(C;, C;) = minj <y, i<k mz d(Cp, C;) Where d(., .) 1s
the distance function
end for
forp=1tokdo
Update the proximity matrix by computing the distances between the cluster C;; and the
other clusters;
end for
REPEAT steps 2 and 3 until only one cluster remains.

For this work we used the Hierarchical Clustering algorithm with Wards criterion to avoid
merging empty cells. This procedure will allow us to avoid clustering “cleaning” by elimi-
nating the cells/clusters which have no captured samples.
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1.4.2 Graph-based Clustering Algorithms

The main idea of the graph-based clustering algorithms is that firstly they build a graph (or
hypergraph) and, secondly, they apply a clustering algorithm to partition the graph. The most
used graph-based clustering algorithms are: ROCK, Chameleon, Cactus, etc.

ROCK (Robust Clustering using links) [55], [54] is an agglomerative hierarchical clustering
algorithm that employs links to the sampled points to merge them into the clusters.

The criterion function which maximizes the k number of clusters is the following:

k link(p,, p,)
q’ r
E, = E n; X E 1+2f(9) (1.3)
i=1

Pq> precl l

where C; denotes cluster i of size n; and f(6) is a function of the parameter 8. This function
of 6 is dependent on the dataset as well as the kind of clusters we are interested in, and has
the property: each point belonging to cluster C; has approximately nf © neighbors in C;. To
determine this function is a difficult problem. One of possibility for the f(0) is — 1 +6.
In order to decide whether to merge clusters, a goodness measure was proposed:

C..C)) = lll’lk[cl, C]] 1.4
8(C:,C)) = (n; + nj)1 20 — ni1+2f(0) _ n}+2f(9) (1.4)

where link[C;, C|] is the number of cross links between clusters C; and C;, that is:
link[C,, 1= > link(pg, py) (1.5)

pq inCi,pyeC;

The general ROCK algorithm is summarized in the procedure 2.

1.4.3 Center-based Clustering

Center-based algorithms are very effective for clustering high-dimensional datasets. The
goal of these algorithms is to minimize their own objective functions. This type of clustering
methods is the most used in the machine learning applications. One of the most well-known
center-based clustering algorithm is the k-means algorithm.
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Algorithme 2 : ROCK Algorithm.
Input: Data set X, n - number of samples, k - number of clusters

fori=1ton—-1do
for j=i+1tondo
compute the link(S) (link « link(p;, p;))
end for
end for
fori=1tondo
Build the local heap g[i]: g[i] « BuildLocalHeap(link, X)
end for
Build a global heap Q that is ordered in decreasing order of the best goodness measure
and contains all the clusters:
while size(Q) > k do
u — max(Q)
v «— max(qlu])
delete(Q, v)
w < merge(u, v)
for x € g[u] U g[v] do
link[x, w] « link[x, u] + link[x, v]
delete(g[x], u); delete(g[x], v) insert(g[x], w, g(x, w)); insert(g[w], x, g(x, w))
update(Q, x, glx])
end for
insert(Q, w, g[w]) deallocate(g[u]); deallocate(g[v])
end while
REPEAT

1.4.3.1 The k-means Algorithm

The basic clustering k-means algorithm [7], [87] is summarized as follows:
1) One fixes the k partitions randomly or based on some knowledge. One computes the
matrix of cluster prototype M = [my, ..., mk];
2) One assigns each sample to the nearest cluster C;:

x; € Cy, ifllxj—myll <|lx; —ml|l for j=1,.N,i#1l, and i=1,..,K; (1.6)

3) Update of the prototype matrix is based on the new partition:

1
m = < > s (1.7)

! X]ECI'
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4) Repeat steps 2 and 3 until the stabilization.

One can treat the k-means algorithm as an optimization problem. In this sense, the goal
of the algorithm is to minimize a given objective function under certain conditions. Let
X = x1, x2, ..., X, be a dataset with n samples/observations and k a fixed integer. The k-means
objective function can be defined as follows:

k n m
Ricmeans(U,2) = 3" 3" stadp(xi j,21), (1.8)
I= j=1

1 =1 j

where

e U is an n x k matrix that satisfies the following conditions:

1) uj; € 0,1 fori =1,2,..,n, 1 =1,2,..,k, u;; = 1 indicates that the object i is
allocated to cluster /,

2) S uy=1fori=1,2,..,n.
o 7 =27,2,,..,7; s a set of objects representing the centroids of the k clusters;

e dg(x;j,z,;)1s the Euclidian distance (formula 1.1) between the object i and the centroid
of the cluster / on the jth variable.

The optimization problem Rjy_,....s can be solved by iteratively solving the following two
subproblems [65], [66]:

1) Subproblem P1 : Fix Z = 7 and solve the reduced problem Ri_eans(U, Z)

2) Subproblem P2 : Fix U = U and solve the reduced problem Rk_mm,,s(l? ,Z)

In order to solve these subproblems Huang et. al proposed the following theorems:
Theoreml1.1. In subproblem P1, let 7 be fixed. Then the objective function Ry_eqns(U, 2) 18
minimized if and only if:

W = { Lif Yde(xij,zy) <20 de(xijzy) forl <t<k (1.9)

0 otherwise
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Theorem1.2. In the subproblem P2, let U be fixed. Then the objective function Ricmeans(U, Z)
is minimized if and only if:

n
Zi: 1 WiXij

S forl <l<k and 1 <j<m. (1.10)
i=1 Ui

2 =

Based on this optimization problem, the k-means algorithm is defined as in the procedure
3.

Algorithme 3 : The k-means algorithm (optimization problem).
Input: Data set X, Number of clusters k, Dimension d:
Choose an initial U° and solve Rj_eans(U, Z) to obtain W?;
Let Iter be the number of iterations;

for r = 0 to Iter do
Let U « U" and solve Ry_neans(U, Z) to obtain Z'*!
if Ricmeans(U, Z') = Rimeans(U, Z'*") then
Output U,z
Break;
end if
Let Z «— Z™! and solve Ry_peans(U", Z) to obtain U'*!;
if Ricmeans(U", Z) = Ri-means(U"", Z) then
Output U’, 7
Break;
end if
end for
Output Ulter+1’ ther+1

1.4.3.2 x-Means Algorithm

In order to escape to fix the number of clusters for the k-means algorithm, Pelleg and Moore
(2000) [110] proposed the x-Means algorithm by optimizing the Bayesian information crite-
rion (BIC).

Using the BIC criterion and the spherical Gaussian distribution, the loglikelihood of the data
is obtained as follows:

n n 1 1 |C(i)|
(D) =lo P(x;)= ) (lo — — —|lxi — pll* + log—=). (1.11)
81:11 ; 8 gl 282 Ha 8=,
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The BIC or Schwarz [118] criterion is used to find the best model and to split the centroids.
So, during the learning process, new centroids are added by splitting some centroids using
the Schwarz criterion.

1.4.3.3 Trimmed k-Means Algorithm

The goal of the Trimmed K-means [67] approach is to estimate the centers of the k clusters
which is not explicitly stated.

Let X = xi,X,..., X, be the samples of a given population in the R¢ dimension. Let
F be the common distribution of the data, and ® : R* — R - the penalty function and
1 —vy € (0,1) be the level of trimming. So, the trimmed k-means of the set of samples X is
defined by minimizing the following function:

. . 1
min  min ——

®Cing, e = mjD. 112
Y mymy,...mcRe Ln»yJ XZE); (11Sj§k||x mj”) ( )

where | x| represent the smallest integer > x, and [ny] - data points of the set X clustered
in Y clusters.

Still, for the high-dimensional datasets, computing of all the centres is computationally
expensive, and some extension of these algorithms were proposed like Impartial trimmed
k-means (ITkM) which drops out a small proportion of the data before starting the search of
the centers of groups [29].

1.4.4 Fuzzy Clustering Algorithms

For hard partitional clustering, each data object is exclusively associated with a single cluster.
Fuzzy clustering approaches [17], [72] extends this notion to associate each data point to with
every cluster with a degree of membership.

Let X be a dataset size nxXm, and let ¢ be an integer [1....n]. The fuzzy c-partition is defined
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by a matrix U = (u;) size ¢ X n with the constraints:

w; €[0,1,1<1<e,1<i<n, (1.13)
Z:l,lsiSn, (1.14)
=1
Z>0,i515c, (1.15)

where u;; represent the membership degree between a sample i and the cluster /. There is
also a hard partition extension of this technique, which computes the w;; as follows:

(1.16)

w 1 if | =argmaxcjc Uji,
i = .
' 0 otherwise

1.4.5 Search-based Clustering Algorithms

Contrary to hard clustering algorithms, the search-based clustering approaches can explore
the solution space beyond the local optimality in order to find a global optimal clustering
which allows to fit the initial data. One of the most known and used search-based algorithms
are the Genetic Algorithms (GA) which were proposed by Hooland (1973) [62], [63], [64],
[51] inspired by the evolution and population of genes. Many extensions of classical cluster-
ing algorithms to the genetic algorithms were proposed [97], as: genetic k-means algorithm
(GKA) [78], CONCLUS [13], the hierarchical cluster merging algorithms (HCMA) [48], etc.

1.4.6 Grid-based Clustering Algorithms

The idea of the Grid-based algorithms is to use the cells from a multiresolution grid data
structures to form the clusters. So, the algorithms do firstly a quantization of the initial data
space to form the grid and then all the process is performed in the new space.

There are two types of grid-based clustering approaches using the ordinary grid or the adap-
tive grid like shown in the figure 1.4 and 1.5. A general grid-based algorithm consist in the
procedure 4.

One of the interesting grid based methods is the OptiGrid proposed by Keim in 1999 [61]
which suggests cutting the initial data space into two half-spaces and to build the grid using
the following density function which allows to cluster the data:

A 1 © X—X;
fx=%;K( ) (1.17)
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Algorithme 4 : The general procedure for the grid-based model clustering algorithm
Input: Data set X; size of the grid : M
Create the grid structure from M cells

fori=1to M do

Compute the cell density D,
end for

Sort the cells accordingly to Dy,.
for j = 1 to M (for the sorted vector) do
Identify the cluster centers and b the clusters.

end for
Figure 1.4: Ordinary Grid - based Clustering Algorithms
and
k
x€S,c(x) =) 2Hx) (1.18)
i=1
where,

1 d x> 1
Ho={ LY Z=wzl, (1.19)
0 otherwise.

where & is smoothness level and K represent the kernel density estimator.

Most of the grid-based algorithms require user’s information in order to set the grid size or
the density thresholds. So, the main difficulty of these approaches is the choose of these
parameters. To escape this problem, in literature there were proposed [98] a technique of
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Figure 1.5: Adaptive Grid - based Clustering Algorithms (figure taken from [61])

adaptive grids that automatically determines the grid size using a heuristic method based on
data distribution.

1.4.7 Density-based Clustering Algorithms

The algorithms based on the density look for more dense/concentrated data and aim at sep-
arating it from others by low-density regions. Instead of center-based algorithms, density-
based clustering algorithms do not require the number of clusters, since they can automat-
ically detect the clusters. In literature there were proposed many density-based algorithms
like: BRIDGE, DENCLUE, DBCLASD, DBSCAN, GF-DBSCAN, 1-DBSCAN, etc [30],
[86], [36], [60], [135], [126], [132].

The main idea of density-based cluster is that a density based neighborhood called Eps-
neighborhood is computed for each point of a cluster. The Eps-neighborhood (¢ > 0) has
to contain a number of points, i.e. the density in the Eps-neighborhood of points has to ex-
ceed some threshold [36]. We will show the principle of the DBSCAN algorithm and we’ll
start with the definitions of the density-reachable and density-connected points used by all
density-based algorithms.

Definition 1.1 (Density-reachable.) A point x is density-reachable from a point y if there is
a sequence of points x = X1, Xz, ..., X; = y so that x; is directly density-reachable from x;., for
[=1,2,..,i—1.
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Definition 1.2 (Density-connected.) Two points x and y are density-connected with respect
to € and N, if there is a point z such that both x and y are density-reachable from z with
respect to € and N,,;,, where N¢ is the neighborhood of the point x defined as:

N(x)=yeX:dx,y) <e, (1.20)

where X is the set of samples and d(., .) is a certain distance.

For the DBSCAN algorithm, the construction of a cluster C within an € and N,,;, for a
subset of samples X is done with the respect to the following conditions:

1) The condition of maximality:
Vx,y € X if x € C and y is density-reachable from x with respect to € and N,,;,, then
yeC.

2) The condition of connectivity:
Vx,y € C and y are density-connected with respect to € and N,,;,

. 2.
=3

s

‘ l". 1 -
-ﬂ'l
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Figure 1.6: Example of density separated dataset

The negative point of density-based clustering algorithms is that, if the dataset has no
low-density regions and contains non-spatial variables it is difficult to find the separation
between the clusters; this is the case for un-“density-connected sets”. As it is shown in the
figure 1.6 for this dataset it is easy to detect clusters using a density-based algorithm because
all the clusters are separated between them. But, if there are regions of clusters which are
intersected between them (like in the case in the figure 1.7), these algorithms will consider
this intersection like a cluster which is not the case. This is because, in literature there
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were introduced some extensions of the classical density algorithms to treat these problems,
like GDBSCAN [117] which take into account the non-spatial variables using the notion
of MinWeight. MinWeight use a weighted cardinality function wCard for the sets of objects.
The weight of a single sample x can be expressed by the weighted cardinality of the singleton
containing the x, i.e. wCard(x). So, using weighted techniques, the problem of un-*“density-
connected sets” can be resolved.

Figure 1.7: Example of density non-separated dataset

1.4.8 Model-based Clustering Algorithms

The model-based clustering approaches are developed using probability models which as-
sumes that the data are generated by a mixture of probability distributions in which each
component represents a cluster [39], [113].

The general schema for this type of clustering methods is given in the Algorithm 5. While
other clustering algorithms have the problem to select the best clustering method for a given
dataset and to determine the “correct” number of clusters, the model-based clustering ap-
proaches reduce this clustering problem to the model selection problem which could be done
automatically in the probability framework.

1.4.9 Relational analysis based clustering algorithms

Another interesting but not very known “family” of clustering algorithms is the Relational
Analysis based clustering methods which use the statistical relational notions as Condorcet
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Algorithme 5 : The general procedure for the model-based clustering approaches
Input: Data set X with the n dimension:

fori=1ton do
Apply an Agglomerative model-based clustering
Output: Dendogram
end for
Initialization for the EM algorithms: the number of components k and other initials
parameters.
for j=1tokdo
EM algorithm
end for
Determine the final model using a criterion (BIC for example)
OUTPUT: Final estimated model with the final number of components

voting measure [26] (Condorcet similarity measure in table 1.2) to cluster the data [88], [89],
[90]. This type of algorithms was proposed for the first time by Marcotorchino in 1979 [91].
This approach were developed initially for the binary data, and we have a big interest in this
approach thanks to its accuracy to cluster the data. We can mention that this technique was
used during the Infom @ gic project by the Thales Communications S.A. and it makes part of
our work in order to find the best clustering results (see Chapter 4).

Relational analysis is a statistical data analysis which can be used for large numeric datasets
in order to cluster the data. It was initiated and developed by F. Marcotorchino and P.
Michaud [91, 92] at the IBm’s European Center of Applied Mathematics (ECAM) in 1980.
The main idea of RA is the usage of Condorcet Concept in order to transform initial matrix
into a squared matrix. The similarity between the features is represented here like agree-
ment and disagreement. So, the terms c¢;» of the Condorcet’s matrix represent the degree of
agreement between the individual x; and individual x; taken into consideration all variables
measured on the population (dataset).

So, to cluster a dataset X composed of n observations (xi, x,, ..., X,,) described by m variables
(V', V2, ..., V™), the algorithm firstly starts by transforming each column V* into a relational
matrix C* with the general term ¢%, defined by:

Cip =

(1.21)

X 1 if x; and x; have the same modality of variable V*
0 otherwise

This term represents the similarity between the observations x; and x;, with respect to
variable V¥, Once all the m matrices C* are built up, we construct a global relational matrix
C called "Condorcet’s matrix" of general term ¢, representing the global similarity of x; and
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xy with respect to the whole set of the m variables: c¢;; = Z ct,. This global similarity

k=1
has the so called "self maximal similarity property defined by: c¢;; < M, Vx;, x;, where
M,;» = Min(c;;, cyi) 1s the "maximum possible similarity" between the two observations x;

and x;.

Using the global similarity ¢;» and the "maximum possible similarity" M;, between x; and
Xy, the authors [91] define their dissimilarity c;» as the complement of their global similarity
to their "maximum possible similarity":

cir = My —ci (1.22)

Two observations will be, a priori, in the same cluster of the final expected partition as soon
as their similarity will be greater than their dissimilarity i.e.: ¢;; > ¢;7. The required final
partition will be represented by a N X N binary squared matrix Y with general term y;» defined
as follows:

1 if x; and x; are in the same cluster
Vip = of the final partition (1.23)
0 otherwise

This partition will be obtained by maximizing the Condorcet’s criterion C(Y) defined here-

after:
G(Y) Z Z(Cu’yu + Cll’yu )

i=1 i'=
where:

Yir = 1=y (1.24)

Using the expressions (1.22) and (1.24), the criterion C(Y) can be rewritten as:

C(Y) = Z Z(Zc,, — M)y + Z Z Cir (1.25)

i=1 i'= =1 i'=

As the second member of the sum of expression (1.25) is a constant, maximizing the Con-
dorcet’s criterion is equivalent to maximizing the following criterion C’(Y)

C(Y) = Z Z (cu )yl,

i=1 i'=

The cost function of the criterion C’(Y) will be positive when the similarity c;» between two
observations x; and x; is greater or equal to half of their "possible maximal similarity". This
condition is sometimes very difficult to reach, especially when the number of variables (or
descriptors) is very high compared to the number of observations i.e. m >> n, this is usually
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the case when the dataset to be clustered is a set of documents. In that case, the number of
clusters of the final partition will be so high that it could deprive the clustering task of its
interest for practical purpose. As the goal of the clustering task is to summarize the amount
of data into simpler structures, to avoid this problem, a solution consists in relaxing the cost
function related to the clustering criterion. To reach that goal it is sufficient to replace the
coefficient 1/2 of M, by a parameter « such that 0 < @ < 1/2. The new formulation of the
criterion ¢’(Y) will be then:

C'(Y) = Zn: Zn: (civ — a X M) yii

i=1 i'=1

Thus, the mathematical formulation of the relational analysis clustering problem is:

max C'(Y)
under the constraints:
yir €{0,1}  V (0;,0;) € P? (binarity)
i =1 VO, e? (reflexivity)
Yir —=yiri =0 VY (0;,0;) € P? (symmetry)

Vir + Vi —xi» <1 YV (0;,0p,0p) € PP (transitivity)

One of the disadvantages of this approach is the a coefficient which is not clear to fix
because its value depends on the dataset and on the desired number of clusters. That’s why
there were proposed a heuristic version of the Relational Analysis Clustering method which
is defined in the next section.

1.4.9.1 The RA heuristic

The exact solution to the problem above can be obtained by linear programming techniques
when the studied population is relatively small (few hundreds). But, in practice, the dataset
size can often exceed hundreds of thousands or millions of observations. This situation leads
to use heuristics, to get the "best" and closest partition to the exact one, in reasonable time
processing. Below we’ll give the description of the heuristics which was used by the rela-
tional analysis methodology [14], [81].

Phase 1
This step consists in initializing the clustering process by building a first partition:
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1) Initialization: take randomly a first observation which constitutes the first cluster of
the unknown partition

2) take an observation x; € P, and compute its link L,y (expression 1.26) with all the
existing clusters V.

Liv= ) Lir (1.26)
eV

where the link £, between x; and x;:
Li,‘/ =cCiyp —aX Mii/ (127)

This observation is assigned to the cluster which has the biggest strictly positive link
with. If all the links are negative, then we create a new cluster to put in this new
observation.

3) Repeat this process until all observations of population P had been assigned to a
cluster.

Phase 2
At the end of the first step, we obtain a partition with a number of clusters.

1) Merging two clusters: Now, the algorithm will take the clusters one after another and
will compute the link Ly (expression 1.28) of each cluster V with all the others V’.

L*VV/ =Ayy —a X MV\?’ (128)

where the agreement Ay between the two clusters:
‘AVV' = Z Z Cijr.
i€V i'eV
The disagreement TQVV, between the two clusters is:
Avyy = Z Z Ciirs
i€V i'eV
and the possible maximal agreement My between the two clusters:

Myy = Z Z M.

i€V eV

The algorithm will, then, merge the clusters, which have the best link (higher strict
positive value). This must be carried out as long as there is a possibility to improve the
criterion C'(Y).
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2) Transferring an observation from a cluster to another one. When no cluster’s
merging is possible, one take the observations of each cluster and compute the link £y
(expression 1.26) of each observation x; with the other clusters V. If an observation has
a better link with another cluster than its own, then this observation is transferred from
its own cluster to this new cluster. This will be carried out, as long as improvement of
the criterion ¢’(Y) occurs.

When, no observation’s transfer is possible, we turn back to the merging step to see whether
it is possible to improve the Condorcet’s criterion by merging other clusters. These four steps
will be applied, until no more improvements of the criterion occurred.

1.4.9.2 Relational Analysis based k-means Algorithm

In order to avoid the number of clusters for the k-means algorithm, Lazhar Labiod [81]
proposed a Relational Analysis approach for the k-means algorithm, introducing the next
interclass inertia:

BN i
=50 2 - wlPE (1.29)

i=1 =1
where the relational features y%, = >} yux« is the general term of the unknown equivalence’s

relationship Y; y; and y; are dummy features from partitions matrix. The term x; represent
the ith vector of the dataset X.

In place of the Euclidian distance used in the classical k-means algorithm, this formulation
allows to use another distance, or a similarity/dissimilarity or any other function which is
noted D;,. So, replacing the Squared Euclidian distance between two samples (i, i") by the
D;;, the clustering problem has the next relational form:

myin Iy(Y) (1.30)
(1.31)
where
L&A Vi
Iy(Y) = 5 Z Z Dii/y% (1.32)
i=1 i'=1 L
subject to : (1.33)

i’ (1.34)
Zl 121 ly?)y, :K

{ Y  equivalency's relation on IxI
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To manage different types of data, there is a general relational formulation of the k-means
algorithm proposed by the same authors using different criteria for each type of data. This
unified clustering approach is illustrated as follows:

N N
1 Yiir
min max)— Kii/_ 135
(Y)"r(y’%;; ” (1.35)
under the constraints 1.34.

Where K is the affinity matrix, which could be a distance matrix, a similarity matrix, or a
difference matrix. This matrix is defined as follows:

D;; € R* (Distance) — Type (1)
K S € R* (Similarity) — Type (1) (1.36)
"7 Dy —SweR (Distance — Similarity) — Type (2) '

S —Diy € R (Similarity — Distance) — Type (2)
So, one has two types of criteria:

e st category : (criterion with positive or zero cost):
This criterion is based on distance or on similarity. The cost of criterion is always
positive or zero (S, D;y € R* Vi, i');

e 2nd category : (criterion with real cost) :
The criterion of the real cost concerns the approaches which use simultaneously a
distance and a similarity measure. Depending on the profile of each sample, this cri-
terion’s cost could be positive and even negative. These criteria has Condorcet’s cost
type ((civ — ¢i) or (Ciir — Cir)Vi, T').

1.4.10 Self Organizing Maps - SOM

The self-organizing maps introduced by [76] have been widely used for unsupervised clas-
sification and visualization of multidimensional datasets [27]. There is a wide variety of
algorithms for topological maps derived from the original model proposed firstly by Koho-
nen ([18], [82], [139], [53], [127]). These models are different from each other, but share the
same idea to present the large data in a simple geometric relationship on a reduced topology
like is shown in the figure 1.8.

This model consists in unsupervised classification of a learning set A = {x € R",i = 1...N}
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where the observation x\ = (x(li), x(zi), ey x(/.i), ey xf,i)) 1s of dimension »n. This classical model
consists in a discrete set C of cells (neurons) called map. This map has a discrete topology
defined by undirected graph; usually it is a regular grid in two dimensions. The inclusion of
the proximity notion on the map size C makes it necessary to define a topological neighbor-
hood. To model the influence notion of a cell k on a cell /, which depends on their proximity,
we use a kernel function K, (K > 0 et limy_K(x) = 0). The mutual influence between

two units k and [ is defined by the function Kj () :

1 di(, j)
K= — — 1.37
= e |- L) 137
where A(?) is the temperature’s function modeling the neighborhood’s range:
/lf _t
At) = /1,.(7):»,‘” (1.38)

with 4; and A, are the initial temperature (for example 4; = 2 and A = 0.5) and the
final temperature; and t,,,, - the maximum allotted time (¢ - the number of iterations, x - the
number of learning examples). The Manhattan distance d, (., .) between two map units r and
s with the coordinates (k, m) and (i, j) is defined by:

di(r,s) =li—kl+|j—m| (1.39)

The function Kj,(.) is a Gaussian introduced for each neuron of the map with a global
neighborhood. The size of this neighborhood is limited by the standard Gaussian deviation
A(t). The units that are beyond this range have a significant influence (but not null) on the
considered cell. The range A(¢) is a function decreasing in time, so, the neighborhood func-
tion Kj,(.) will have the same trend with a standard deviation decreasing in time.

(k) . (k) (k)
LWy e W,

For each cell k of the grid is associated a reference (prototype) vector w® = (w
of size n. We note by W the set of prototypes. The learning of this model will be reached by
minimizing the distance between input pattern and prototypes of the map, weighted by the
neighborhood. A gradient algorithm can be used for this. The criterion to minimize in this

case is defined by:

k
...,wﬁ,))
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Figure 1.8: The principle of the Self-Organizing Map
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RsomOr: W) = >~ 3" Ky X = wIP (1.40)

i=1 j=1

where y assigns each pattern (observation) x”) to a single cell of the SOM.
At the end of the learning, the self-organizing map determines a data partition in [w| groups
associated with each cell k£ of the map. Each group or cell is associated with a reference
vector w® € R, which will be the representative, the "local mean" or the prototype of the
observation’s set associated with this cell.

1.5 Complexity of the clustering algorithms

If the clustering algorithms have the same goal and are similar between them, their compu-
tational time differs for each type of technique. In the table 1.3 we show the complexity of
the main algorithms presented in this chapter. n stands for the size of the observations, m is
the variable size, C means the number of clusters or cells in the case of the maps, m,, repre-
sents the maximum number of neighborhoods per data point and m,, is the average number
of neighbors per same data point.
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Table 1.3: Complexity for the clustering algorithms

H Name ‘ Computational Complexity
HCA O(c)
k-means O(Cnm)
X-means O(c)
trimmed-k-means | O(c)

ROCK On? + n.m,,.m, + n*logn)
DBSCAN O(n.logn)

OptiGrid O(n xc)

RA OnxCQC)

RA Kmeans OnxC)

SOM O(nxCQC)

For example, to compute the complexity of the classical SOM algorithm, we analyze the

complexity for each phase.

Let’s show the complexity of the case with parallel computing of the SOM proposed in [57].
If the total number of neurons is K, the minimum time to find the best matching unit is
O(k). The neighborhood is computing in O(1), independent of the neighborhood shape or
updating scheme. The updating of neurons takes place in O(m). Thus, the total time for the
SOM training is O(m + K). But, in practice, the parallelism is not always possible due to the
limitations in communication and parallel processing.

Table 1.4: Time Complexity in SOM computation (table taken from [23])

Step Ideal Shared memory Tree shape multiprocessor
(P=K) multiprocessor (P < K) | (P = K)

Broadcast ¢ = [t1, ..., 1] | O(1) O(m) O(mlog P)

Compute distances O(m) O(m x K/P) O(m x K/P)

Find local winner - O(K/P) O(K/P)

Find global winner O(K) o(P) O(log P)

Broadcast winner index | O(1) o(1) O(log P)

Compute neighborhood | O(1) O(K/P) or O(1) O(K/P) or O(1)

Update Oo(m) O(m x K/P) O(m X K/P)

Total Om+K) | OP+mxK|/P) O(mlog P + m x K/ P)
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In the table 1.4 the K is the number of cells from the map; m - the input vector dimension;
and P is the number of processors. In the respective table for each neuron there is a corre-
sponding process, but in our case we do not implement a parallel computation and we don’t
have broadcast phases. On the contrary, computation time increases to O(n X C) where n is
the number of observations and C is the map size.

1.6 Cluster Validation

Since clustering is an unsupervised process and most of theses algorithms are very sensitive
to their initial assumptions, some evaluation is required to describe/analyze the clustering
results [45, 69, 19]. Cluster validity represents the goodness measure of a clustering result
relative to others created by other clustering algorithms, or by the same algorithm using
different parameter values.

In general, there are three fundamental criteria to investigate the cluster validity: external
criteria, internal criteria, and relative criteria. In the following we show main clustering
validity indices.

1.6.1 Davies-Bouldin Validity Index

The DB index [32] is an internal index between two clusters and it’s computing as follows:
A similarity measure R;; between the clusters C; and C; is defined based on a measure of
dispersion of a cluster C;, let s;, and a dissimilarity measure between two clusters d;;. The
R;; index is defined to satisfy the following conditions:

L R,‘jZO

[ ] le :Rji

ifsi:OandsJ-:OthenR,-j:O

if s; > s and d;; = dy then R;; > Ry

if Sj = Sk and dij < d,’k then Rij > Ry

So, these conditions impose to R;; to be a non-negative and symmetric. To satisfy the above-

i 111 Sits;
mentioned conditions, we have: R;; = (sits))

d;
Then, the DB index is defined as: '
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] &
DB,. = — R; 1.41
- 21 (1.41)

and R,‘ = max,-=1,m,nc,l~¢jR,~j, I = 1, ceey e (142)

The DB, is the average similarity between each cluster ¢;,i = 1, ..., n. and its most similar
one. So, we seek clusterings that minimize the DB, and thus have minimum possible similar-
ity with the clusters. Some variants of this index were proposed in literature which are based
on Minimum Spanning Tree (MST), Relative Neighborhood Graph (RNG) and the Gabriel
Graph (GC) concepts.

1.6.2 Silhouette Validation Method

The Silhouette validation technique (Rousseeuw, 1987 [116]) calculates the silhouette width
for each sample, average silhouette width for each cluster and overall average silhouette
width for a total dataset. Using this approach each cluster could be represented by so-called
silhouette, which is based on the comparison of its tightness and separation. The average
silhouette width could be applied for evaluation of clustering validity and also could be used
to decide how good is the number of selected clusters.

To construct the silhouettes S (i) the following formula is used:

_ (60 —a®)

$@) = max a(i), b(i) (1.43)

where a(i) is the average dissimilarity of i-object to all other objects in the same cluster;
b(i) - minimum of average dissimilarity of i-object to all objects in other clusters (in the
closest cluster).

It is followed from the formula that —1 < s(i) < 1. If silhouette value is close to 1, it means
that sample is “well-clustered” and it was assigned to a very appropriate cluster. If silhouette
value is about zero, it means that the sample could be assigned to another closest cluster as
well, and the sample lies equally far away from both clusters. If silhouette value is close to
-1, it means that sample is “misclassified” and is merely somewhere in between the clusters.
The overall average silhouette width for the entire plot is simply the average of the S (i) for
all objects in the whole dataset.
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The largest overall average silhouette indicates the best clustering (number of clusters).
Therefore, the number of cluster with maximum overall average silhouette width is taken
as the optimal number of clusters.

1.6.3 Rand Index

The Rand index [114] or Rand measure is a measure of the similarity between two data
clusters.

Given a set of n objects § = {O,...,0,}, suppose U = {uy,...,ug} and V = {vy,...,v¢}
represent two different partitions of S such that UX u; = § = U/C: wiandu;Nuy =0 =v;Nv;
forl <i#i7 <Rand1 < j# j <C. Suppose that U is our external criterion and V is the
clustering result, we define the following:

a, the number of pairs of objects that are placed in the same class in U and in the same
cluster in V;

e b, the number of pairs of objects in the same class in U but not in the same cluster in
Vi

¢, the number of pairs of objects in the same class in V but different in U;

d, the number of pairs of objects in different classes and different clusters in both
partitions.

The both, a + b can be considered as agreements between U and V, and ¢ + d as the number
of disagreements between these two partitions. The Rand index [114] is computed:

a+b ‘
a+b+c+d’

(1.44)

The Rand index has a value between 0 and 1, with 0O indicating that the two data clusters
do not agree on any pair of points and 1 indicating that the data clusters are exactly the same.
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1.6.4 Class Accuracy (Purity Index)

A simple approximation of accuracy for unsupervised learning that employs external class in-
formation was described by Topchy et al. (2003) [3]. By finding the optimal correspondence
between a dataset annotated class labels and the clusters in a given partition, a performance
measure may be derived that reflects the proportion of instances that were correctly assigned.
A high value for this measure generally indicates a high level of agreement between a clus-
tering and the annotated natural classes. This measure is only applicable when the number
of clusters k is the same as the number of natural classes.

The purity index is a simple and transparent evaluation measure. To compute purity, each
cluster is assigned to the class which is most frequent in the cluster, and then the accuracy of
this assignment is measured by counting the number of correctly assigned data. Formally:

1
purity(€,C) = N Zkl mjax lwi N |l

where Q = {w;, wy, ..., wg}is the set of clusters and C = {cy, ¢a, .. ., cs} is the set of classes.
Bad clusterings have purity values close to 0, a perfect clustering has a purity of 1 .

1.6.5 Jaccard index

In this index (Jaccard, 1912), which has been commonly applied to assess the similarity
between different partitions of the same dataset, the level of agreement between a set of class
labels C and a clustering result € is determined by the number of pairs of points assigned to
the same cluster in both partitions:

Jc,Q) = —2 (1.45)
at+b+c

where a denotes the number of pairs of points with the same label in C and assigned to
the same cluster in €, b denotes the number of pairs with the same label, but in different
clusters and ¢ denotes the number of pairs in the same cluster, but with different class labels.
The index produces a result in the range [0, 1], where a value of 1 indicates that C and Q are
identical.
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1.6.6 SOM quality measures

As our approaches are based on the Self-Organizing Maps, we’ll introduce the validation
measures for the obtained map in order to be able to compare our map with other algorithms
which build the map using the same initialization parameters.

1.6.6.1 Quantization error

One of the most used criteria to assess the quality of a topological map is the quantization
error. This error measures the average distance between each data vector and its winning
neuron (BMU: Best Match Unit). It is calculated using the following expression:

1 ;
Qe =+ Dl =ty (1.46)
i=1

where N represents the number of data and w&™”) s the closest prototype to x®.

1.6.6.2 Topographic error

One can also measure the quality of the map by estimating the topological preservation. The
most used index to quantify this information is the topographic error, which was proposed
by Kohonen ([75], [74], [8], [112]). This error measures the proportion of all examples for
which the first and second winning neurons (BMU) are not adjacent vectors. The idea of this
index is to show how the granularity SOM map can preserve the topology of the data. The
topographic error is defined by:

N

Te = % Z a(x?) (1.47)

i=1
where the function a(x”) = 1 if the first and the second BMU of x are adjacent and 0
otherwise.

1.7 Cluster Characterization

As it is shown in the beginning of this chapter, in the machine learning domain there are
many clustering algorithms based on different statistical techniques which can provides dif-
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ferent clustering results for the same dataset. Usually this clustering results are analyzed and
processed by an user(expert) of the domain, but the problem appears when dealing with the
high dimensional datasets. On such dataset, the human expertise(evaluation) became diffi-
cult even impossible (ex.: How to characterize a cluster formed from 2000 observations in
a 6400 dimension?). This is why, in the last decade, the researchers in the machine learning
has give a great attention to the dimensionality reduction techniques or to the cluster analysis
automated techniques [129]. The clustering characterization doesn’t means only dimension-
ality reduction, it is an unsupervised tool which allow to detect the structure of the data. To
attempts the clustering characterization we can use or the Subspace Clustering algorithms or
the Dimensionality reduction techniques on the formed clusters. Sometimes these two types
of clustering analysis techniques are equivalent.

1.7.1 Subspace Clustering

Subspace clustering attempts to find clusters in different subspaces of the same dataset. In
other words, the subspace clustering methods finds clusters with their relevant features by
removing unrelevant features [105], [104]. This technique is closest to features selection, but
it is doing automatically for each cluster in order to not allow the lose of the information be-
cause not all the clusters has the same relevant features. There are two types of the subspace
clustering methods shown in the figure 1.9.

Subspace Clustering Algorithms

/\

Top Down Search: Bottom Up Search:
Tterative Weighting Methods Grid Based Methods
Cluster Weighting Instance Weighting Ordinary Grid Adaptive Grid

Figure 1.9: Subspace clustering algorithms



1.7 Cluster Characterization 71

1.7.1.1 Top-Down Subspace Search Methods

This type of approaches starts by finding the clusters in the all features space with equally
weighted dimensions. Sometimes the clustering process is doing simultaneously with cluster
weighting. The updated weights are then used to update the clusters. The negative points
of these approaches is that they requires multiple iterations for finding best clusters using
the entire dataset, which could be computationally very expensive. In the last decade, in
literature were proposed many Top-Down Subspace algorithms like PROCLUS, ORCLUS,
FINDIT, 6 — Clusters, COSA, etc. One of the most know of these algorithms is the PRO-
CLUS Subspace Clustering algorithm which is described bellow. COSA algorithm is also an
interesting subspace algorithm which use an variable weighting technique to find the relevant
subsets of the variables.

PROCLUS

PROCLUS (PROjected CLUStering) [4] was the first top-down subspace clustering algo-
rithm which represent an extension of the k-medoid algorithm [25] in the subspace cluster-
ing. This algorithm selects a set of kK medoids and iteratively improves the clustering.

The PROCLUS algorithm uses a three phase approach: the initialization, iteration, and the
refinement phase. The first phase uses a greedy technique [4], [105], to samples the original
dataset and to select potential medoids. The idea is that each cluster must be represented
by at least one instance in the selected set. In the iteration phase, the algorithm iteratively
compute the quality of the medoids in order to replace the bad medoids with the new ones.
Cluster quality is based on the average distance between instances and the nearest medoid.
After selecting the subspaces from each medoid, the average Manhattan distance is computed
to assign the samples to the medoids and to form the clusters. The refinement phase compute
new dimensions for each medoid and updates/reassigns the samples to the medoids based on
new clusters.

COSA

Clustering On Subsets of Attributes (COSA) [40] is an iterative Top-Down Algorithm that
assigns weights to each feature for each sample(instance). The algorithm uses a k nearest
neighbors (knn) and start with a equally weighted variables. The computed neighborhoods
are used to estimate the respective variables weights for each sample. Higher weights are
assigned to those variables that have a smaller dispersion within the groups of the knn. This
process is doing until the weights are stabilized. We show the algorithm in the procedure 6:
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Algorithme 6 : COSA algorithm
Input: Data set X, n - number of samples, m - number of variables, A - clustering
exponential parameter
Initialize the weights W = L:p = A

fori=1tondo
Compute distances d;;
¢ «— clustering algorithm (D;;[W])
compute weights W = w;*
n=n+ad

end for

until W stabilizes

OUTPUT: the new clusters ¢

The distance d;;[ W] between the samples i and j based on a weighted inverse exponential
mean of d;;;_, with the scale parameter 17 is computing using the following expression:

Dl(,;?) = -nlog {Z wkexp(—Tjk)} (1.48)

k=1

where 77 is the exponential parameter which allows to choose a larger variables set if the
exponent is increasing or less variables set if 77 is decreasing. The value « from the procedure
6 has the goal to control the increasing rate in the value of the parameter 7 for a given value
of A.

This algorithms is a well-adapted for detecting relevant features set from a data, but due to
its parameters became hardly to use for a non-expert user.

1.7.1.2 Bottom-Up Subspace Search Methods

The Bottom-Up search methods use the grids clustering approaches to cluster the data but
firstly create a histogram for each variable and select the samples with a density above a
given threshold. If there are dense samples for a k number of variables, the algorithm will
form a subspace using these samples for the corresponding set of features reducing the search
space. The disavantage of this type of methods is that obtaining good results depends on the
proper tuning of the grid size and the density threshold parameters. These can be difficult to
estimate, even to set, since they are used across all of variables in the dataset. In literature
we find some bottom-up subspace methods like CLIQUE, ENCLUS, MAFIA, DOC, Cell
Based Clustering (CBF), etc [5], [24], [50], [22]. Some of these algorithms use a static grid



1.7 Cluster Characterization 73

to divide each variable into bins (CLIQUE and ENCLUYS), and some of them use data driven
strategies to determine the cut points for the bins on each variable.

1.7.2 Techniques for Feature’s space selection

Dimensionality reduction techniques can be divided into the follows categories [69, 12]:

e Feature selection and feature weighting.
e Feature extraction.

e Feature grouping.

1.7.2.1 Feature Selection and Feature Weighting

Features selection [56] is a process used in the machine learning applications, where a subset
of features are selected for the data for application of a learning algorithm. This is an im-
portant stage of pre-processing and is a solution to escape the course of dimensionality. On
other hand, feature weighting, assigns weights to different variables to indicate if a variable
is most important than another. Most of feature selection/weighting algorithms are adapted
to supervised learning.

There are three types of approaches:

e Filters Approaches;
o Wrappers Approaches;

e Embedded Approaches;

Filter methods

The filter based algorithms is weighting the feature in the pre-processing using the dataset
alone; most of them are supervised.
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One of the supervised selection based algorithm is the Constraint Score Algorithm [140].
Given a dataset X = xi, X, ..., X;, the supervision information must-link (ML) and cannot-
link (CL) are the follows:

ML = (x;, xj)|x; and x; belong to the same class (1.49)

and the CL constraints:

CL = (x;, xj)lx; and x; belong to dif ferent classes (1.50)

Let f,; to be the feature r of the i-th example, and, to evaluate the score of the " feature
using the constraints CL and ML there are two different score functions to be minimized:

_ Z(xi,x_/)eM(ﬁi - frj)2

C! = 1.51

A T (>0

C= > G =2 ). (= f)? (1.52)
(xi,x;)eM (xi,xj)eC

where A is a regularization coeflicient, which balance the contributions of the two terms in
the equation. Usually 4 < 1.

Algorithme 7 : Constraint Score
Input: Data set X, the constraints M and C, A4

for i = 1 to n features do
compute the constraints M and C
end for
Rank the features according to their constraint scores in ascending order.
Output: The ranked features list

An example of unsupervised feature selection based algorithm is the Laplacian Score (LS)
proposed by Xiaofei He et all in 2004 [59].
Using this approach, a reasonable criterion for choosing a relevant feature is to minimize the
following objective function:

= Zili = S
" Var(f)

(1.53)
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where Var(f,) represent the variance of the feature r. The Laplacian Score algorithm is
defined in the procedure 8.

Algorithme 8 : Laplacian Score
for i = 1 to n features do
Construct a nearest neighbor graph G with m modes

if x; and x; are close, i.e. x; is among k nearest neighbors of x; then
One put an edge between the node i and j
end if

if i and j are connected then
llo =112 .
Put§S;; =e” " , Where ¢ 1s a constant

else
if Otherwise then
Sij=0
end if
end if
Compute Laplacian graph for the feature r:

fr = [frl,fI’Z’ oo frm]Ta (154)
D = diag(S1), 1=1[1,..,1]", (1.55)
L=D-S; (1.56)

Compute the Laplacian Score of the r-th feature:

Let:
- fID1

fr=tr=Trp7 ! (1.57)

S

Lf,
L, = ?TD]]; (1.58)

end for
Wrappers Approaches

One of the wrapper feature selection for estimation by the kNN algorithm is the Regression,
Gradient guided, feature Selection algorithm (RGS) proposed by Amir Navot et. al [99]
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which have the goal to find subsets of features that induce a small estimation error in a
supervised mode. The RGS algorithm involves a feature weighted version of the k-nearest-
neighbor algorithm. The evaluation function which scores weight vectors (w) using a kNN
is the follows:

1 N
ew) = 5 ) (F) = fu@) (1.59)

xeX
where f,,(x) is the value assigned to x by the weighted kNN estimator, defined as following:
7 _ 1 N ,—d(x,x')/B
fx) = fx;mx> Fxe (1.60)

where d(x,x') = |lx — X||? is the , norm, Z = Yoy € ““F is a normalization factor
with a fixed 8 parameter, and N(x) C X represent the set of the k nearest points to x in dataset
X.

Algorithme 9 : RGS: Regression, Gradient guided feature Selection
Initialization: w = (1,1, ..., 1)
forr=1toT do
Choose randomly a distance x from X
Compute the gradient of e(w):

Ve(W) = = > (f(x) = fu()Vufu() (1.61)
xinX
A _% Zx",x/EN(x) f(x”)al(x,’ X,’)M(X,, X”)
Viefuw(x) = (1.62)

2o weN(y) X, X'7)

My 112 12
where a(x’, x7) = ¢~ Rl I2/8

and u(x’, x”) € R" is a vector with u; = w;[(x; — x)* + (x; — x7/)?]
Update:
w=w +0,Vew) = w(l + 3.V, £,(x))
where 7; is a decay factor.
end for
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Embedded Algorithms

This type of algorithms represents techniques which modify the learning algorithm in order
to have the ability to perform feature selection. There is no an explicit feature selection step
before/after the clustering, but the algorithm automatically builds a classifier with a small
number of features. This kind of feature selection algorithms are similar to the subspace
clustering. One of interesting embedded approach is the LASSO algorithm (Least Absolute
Shrinkage and Selection Operator) [79], [120].

For a given loss function /, in order to find the parameter 5, LASSO minimizes the empir-
ical risk by including a constraint on the weight coefficients:

n

d
RuassoBoB) = D 1B + D X)) (1.63)
=1

i=1

subjectto |3 < A, forl=1,...,d.

The pairs (yy, x1), ..., (V», X,) represent the input/output pairs where the output are y; € Y
and the input : x; € X respectively.
One note that X = X; ® X, ® ...X,; and X; are subsets of R”, [ = 1,...,d. Finally, x; =
(Xi1, ..., Xiq) where x; € X;, and B = (1, ..., Pis) are the regression coefficients where 3, € R,

There are also another examples of embedded feature selection algorithms like MARS
(multivariate adaptive regression splines) [41], [115] which performs the variables selection
by choosing the variables used in the polynomial spline; or the ESFS approach (Embedded
feature selection method based on SFS) and SFS - Sequential Forward Selection [134], etc.
The automatic detection of the relevance in the neural networks is an another example of an
embedded approach which uses a Bayesian method to estimate the feature weights [128],
[130].

1.7.2.2 Feature Extraction

Feature extraction algorithms construct a small set of new features using a mapping tech-
nique from a high dimensional data. There are some proposed well-known algorithms for
the unsupervised techniques like the PCA (Principal Components Analysis) or the Factor
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Analaysis (FA) [28]; and PLS (Partial Least Squares) [20], [101] or LDA (Linear Discrim-
inant Analysis) [138], [6] for the supervised learning. In this section, we describe the un-
supervised technique for the feature selection, especially the PCA which is used in the next
chapters of this work.

PCA: Principal Component Analysis

The PCA algorithm is probably the most known feature extraction technique which allows to
find a hyperplane such that, upon projection to this one, the data variance is best preserved.
The PCA algorithm is doing in 4 steps:

Algorithme 10 : Principal Component Analysis
Input: Data set X

for i = 1 to n features do
Substract the mean matrix M from the data;
Compute the standart deviations from the mean (sd);
Compute the covariance matrix (C);
Calculate the eigenvector and eigenvalues of the covariance matrix:
VICV=D
Rearrange the eigenvectors and eigenvalues;
Sort the columns of the eigenvector matrix V and eigenvalue matrix D in a decreasing
order;
Compute the cumulative energy content for each eigenvector:
glml = 7", Dlp, q] for p=q and m=1,....M
Output: Select a subset of the eigenvectors;
end for

We use this technique to do the data and cluster analysis in order to compare them this our
results (Chapter 3).

1.7.2.3 Feature grouping

The idea of the feature grouping approaches is to combine several existing features in order
to obtain a new set of relevant and correlated features. The most direct way to attempt feature
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grouping is to cluster the features using a clustering method on the features (to transpose the
initial dataset).

One of the most used features grouping method is the Varclus technique available on the
SAS/STAT procedure [100]. This variable selection method is doing in two phases. The
first is a nearest component sorting phase where cluster components are computed for each
iteration and each variable is assigned to the component which has the highest squared corre-
lation. The second phase associates a search algorithm where each variable is tested to see if
assigning it to an another features cluster increases the amount of variance explained. There
are some types of feature grouping techniques which were proposed like: Bi-clustering, Co-
clustering, Double-clustering, Coupled-Clustering and Simultaneous clustering which have
the same goal to do the clustering and the variables selection simultaneously.

1.8 Weighting approaches for the clustering algorithms

Almost all the classical algorithms have situations when they doesn’t work well for a given
dataset, especially in a high dimensional space, like: the density-based clustering approaches
will give a wrong result for the density-unseparated data; the center-based algorithms - if
all the centers computed in a dataset are close; the relational analysis techniques - if the
relation of each pairwise are very similar between them. For all these types of algorithms,
in literature were proposed weighting approaches adapted for them: GDBSCAN for the
density-based approaches, w-k-means - k-means type algorithm, weighted Condorcet criteria
- for the Relational Analysis, etc. Weighting approaches allow to adjust the data for the
respective clustering algorithms during the learning process. In the next sections we will
introduce some weighting approaches which are similar to our work.

1.8.1 wLVQ2

One of the interesting weighting approach in the supervised learning is the wLLVQ?2 which
is an extension of the Learning Vector Quantization (LVQ) proposed by Y. Bennani in 1999
[16]. The wLLVQ?2 technique is an adaptive weighting approach and it is based on weighting
the features depending on their contribution to discrimination.

This approach is doing the feature weighting and the classification simultaneously as it is
shown in the figure 1.10. The first layer of this schema compute the weights and in the
second layer the standard LVQ2 is applied.

The objective function for this problem for a training vector x which belong to the class
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Figure 1.10: Weighting Learning Vector Quantization (figure taken from [16])

C, and the nearest codeword m; which belong to the class C; is the following :

W, —mjll> = W, = m|* if Cc=C;
Ruvor(x,m, W) = { 0 ! otherwise S G / (1.64)

Where W is the weighting coefficients matrix, m; is the nearest codeword vector to W, and
m; is the second nearest codeword vector to W, from the class C;.

The adaptation rules for this problem are the following:

mi(t+ 1) = mi(t) + a(®)(Wx(t) — m(1));
mi(t + 1) = m; — a(O)(Wx(1) — m1));
wLV Q2 1.65
Q wi(t + 1) = wi(t) — BO)X* @) (mk (1) - m’J‘.(t)) fork =1..n; (1.65)
m(t+ 1) =m(t) for the rest of codewords.
Where a(f) and S(¢) usually are chosen as positive reals decreasing within each iteration ¢;
and the codewords could be initialized with a clustering algorithm.

We will use this model as a start point for our proposed adaptive weighting SOM, to weight
the variables and the samples/observations during the learning of the map.
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1.8.2 The w-k-means algorithm

In order to detect the relevant variables during the learning of the k-means algorithm, Huang
and al. [65] proposed a k-means type algorithm which automatically compute the variable
weights.

Let W = [w,w,,...,w,] be the weights for m variables and 8 be a parameter for the
variable weight w;, the classical objective function of the k-means algorithm is modified as:

n

wWd(xi . 2,)) (1.66)

Ms

MMMWZWzi

=1 =1 j=1
subject to

Siiug=1, 1<i<n
wy€0,1, 1<i<n, 1<I1<k (1.67)
Yiiwi=1, 0<w; <1

Similar to solving the minimization of the objective function for the classical k-means
algorithm, the minimization of the equation 1.66 is done by iteratively solving the following
3 minimization problems:

1) Problem P1 : Fix Z = Z and W = W, solve the reduced problem R, i eans(U, Z, W),
2) Problem P2 : Fix U = U and W = W, solve the reduced problem Rw_k_meam(f] ,Z, W);

3) Problem P3: Fix U = U and Z = Z, solve the reduced problem Rw_k_mwns(f] A w).

Problem P1 is solved using the next expression:

{ wy=1if X0, Wid(xi,j,zl,j) <Xk Wid(xi,j’zt,j) for 1<t<k (1.68)

u, =0 for t#1
Problem P2 is solved in the same manner like for the classical k-means algorithm.
The solution of the problem P3 is finding using the next theorem:

Theorem2.1. Let U = U and Z = Z be fixed.
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e I.Wheng>1org<0, Ryv—i—means(U, Z, W) is minimized if:
R 0 ifD;=0
w; = S 1
! [

where

n

k
D;= Z ;. d(x; j, 21,)

=1 i=1
and £ is the number of variables where D; # 0.

e 2. When 8 = 1, Ryy—i—means(U, Z, W) is minimized if:
wy =1landw; =0, j # j, where Dy < D; for all j.

(1.69)

(1.70)

The complexity of the w-k-means increase by adding the weighting step during the learning
process. For one iteration, the computational time is O(mnk), where k is the number of

clusters, m is the number of variables, and »n is the number of observations.

1.8.3 SCAD

Frigui and al. proposed to weight the k-means algorithm using global and local weights. The
authors propose two types of weighting approaches: SCAD1 and SCAD2 which are very

similar to the w-k-means algorithm [42].

1.8.3.1 SCAD1

The SCADI1 algorithm minimizes the following objective function:

Rscapi(C,U,V; x) =

1

C n C
=1 j=1 k=1 i=1 k=1

subject to the constraints:

N C
u;; € [0, 11Vi; 0<Zuij<N Vi, j: Z:l\ﬁ
j=1 i=1
vy €[0,1Vi,k;  and Z v =1, Vi.
k=1

N n
m 2 2
E uiij,-kdijk+ E O'[Zvik

(1.71)

(1.72)

(1.73)
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and

dijk = |Xjk = Citl (1.74)

where xj; is the value of the feature k of data point x;, and cj is the k™ component of the
center vector i of the cluster. Intuitively, d;j; represent the projection of the displacement
vector between x; and the class center c¢; along the k”* dimension.
The optimization of this objective function is doing exactly as for w — k-means.

1.8.3.2 SCAD2

The SCAD?2 algorithm uses a regularization term in the objective function that results in a
tunable feature discrimination parameter. So, the objective function with the discriminant
exponent ¢ is the following:

n

c N
Rscam(B, U, V3 x) = Z Z(uij)m Z(vik)qd?jk (1.75)
=1 =1

k=1

subject to 1.73.

1.8.4 Analytical global weighting SOM (w-SOM)

The algorithm w — SOM [119] is an approach of weighting features which is based on the
optimization of a weighting function which makes it possible to evaluate the relevance of
features in dataset. Obtained weights makes possible to order the variables according to their
relevance and these weights can be used like criterion of evaluation in an feature selection
[53],[119].

The approach w—S OM is based on w — k-means algorithm proposed by Huang [65] which
optimizes the following cost function:

N n C
Ry-som(U, Z, W) = D! (xij = 2 (1.76)
i=1 j=1 k=1
. . . . 0, si Xi 9_: Ck
U=y b t th
° (ujx) 1s a binary matrix wi { I, six eC
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o W = (wy,wy,...,w,) is the vector which gathers the weight of the various attributes,

e Z=z5€R":k=1,...,C is the whole of the centers.

The extension of the w-k-means to the self-organizing maps provides to optimize the
following cost function :

Ry—som(U,Z, W)

N C

DD Y b (=2 (1.77)
C

e ) I (i = 27)° (1.78)

where /y,; is the the neighborhood function between the prototypes.
This weighted algorithm allows weighting the SOM map (prototypes) in a global
mode, and respectively can’t provide a local feature information.
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1.9 Conclusion

This chapter presented an introduction to the clustering research field and presented the most
used types of clustering approaches. One of the important conclusion is that there is no
clustering algorithm which solves all problems for all the data types. Also, usually the
clustering methods must be able to adapt itself to the learning data by using some weighting
or transformation techniques as GDBSCAN, weighted Condorcet criterion, etc.

In the context of clustering, the proposed approaches in the literature show:

e Variables weighting allows for better classification results;
e Local weighting of variables is more efficient than global weighting;

e Adaptive weights are more effective than analytic weights.

An important problem that clustering methods need to deal with is the stability and adap-
tation dilemma. A learning schema should have the capability to maintain stable cluster
structure during the entire clustering/learning process. Neural network—based clustering is
tightly related to the concept of competitive learning. In the next chapters we will introduce
some extensions of the classical SOM which will take into consideration the lose of the in-
formation during the learning process.

Another aspect of the clustering problem is the visualization which is not possible for the
most presented techniques. This is why, we give a big attention to the SOM algorithm which
allow to do the clustering, dimensionality reduction and the visualization at the same time.
The related work shown that introducing the topology assumptions during the learning pro-
cess allow to attempts a clustering visualization. An interest and new family of the clustering
methods is the Relational Analaysis type clustering which are well-adapted to the binary data
and resolve problems with a very low complexity and a high quality. One of the disadvan-
tage of this method is that it doesn’t allow the clustering visualization, because, contrarily to
the SOM approach, RA doesn’t take into the consideration any topological criterion. In the
chapter 3 we propose an adaptation of the RA to the problem of the topological learning.
We therefore wish to develop new algorithms which will be able to treat all these problems
using topological clustering technique.






Chapter 2

Memory based Weighted Topological
Clustering

2.1 Introduction

As discused in the chapter 1, we are interested in the unsupervised learning problem, and
more precisely in the clustering analysis. We use Kohonen’s Self-Organizing Maps [75]
as basic model for our approaches, which is one of the most used connectionism methods
among the unsupervised learning methods. This network has given rise to numerous practi-
cal applications in order to visualize and perform the information reduction.

At the end of this topographic learning, the “similar” data will be collect in clusters, which
correspond to the sets of similar patterns. These clusters can be represented by a more
concise information than the brutal listing of their patterns, such as their gravity center or
different statistical moments. As expected, this information is easier to manipulate than the
original data points.

In this unsupervised learning algorithm, the process of self-organization helps to focus the
adaptation of the connections weights on the most “active” map’s region. This activity area
is chosen as the area associated with the cell whose state is most active. During the competi-
tion, the criterion for selecting the most active unit is to attempt the one whose weight vector
is closest from the sample at a given moment using Euclidean distance. This choice does
not take into account the competition history of each unit during learning. This is a criterion,
which is currently used in several variations of the topological maps algorithm. The approach
proposed in this work proposes to introduce a memory effect of each unit during the learning
process. This procedure is used in the process of unsupervised learning, at the competition
stage. This memory effect will take into account the competition history of each unit during
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the learning process. This new strategy uses information from various interactions of units
with learning examples.

Our approach, called vm-SOM! increases the interaction between two concepts: memory and
learning, so closely linked that often confuses the two. These two concepts, however, have
reference to different phenomena. Learning refers to a process that will change a later be-
havior. Memory is the ability to remember past experiences. Moreover, not only the memory
depends on learning, but learning also depends on memory. Indeed, the stored knowledges
form a frame on which is joined the new knowledges.

In this chapter, we propose a new learning strategy (vim-SOM) for classification algorithms
based on topographical self-organizing maps. This new strategy consists in the introduc-
tion of a memory process into the competition phase by calculating a voting matrix at each
learning iteration. This model allows us to minimize the loss of information in the previous
iterations of the neighborhood results; especially when one have a large-scale learning with
several hundreds of iterations and a large dataset.

Another important aspect of the clustering analysis/characterization is the features selec-
tion is difficult in a high dimensional space.
One of drawbacks of the traditional SOM algorithms is that they treat all variables equally.
This is not desirable in many applications of clustering where observations are described
with a large number of variables. A cluster provided by SOM is often characterized by a
subset of variables rather to entire variables set. Hence other variables can obscure the dis-
covery of the specific cluster structure associated to each cell. The relevance of each variable
change from cluster to another. Thus, how to compute the variables relevances or weights
automatically during SOM learning process ? Variables weighting is an extension of the
variables selection procedure where the variables are assigned continuous weights which
can be considering as degrees of relevance [2].

The proposed approaches to perform SOM clustering and variables weighting is designed
to search for the optimal prototypes, and the optimal set of features weights, simultaneously.
Each prototype w; = (w}., w?, e wf) associated to cell j is allowed to have its own set of
local features weights 7; = (7‘[},7‘(?, ...,ﬂ?). We denote by I = {x;,7; € %d}gl the set of
weight vectors (|I1| = |W]).

!voting memory based Self-Organizing Map
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2.1.1 In time activation during Toplogical Clustering

Chappell and Taylor [23] proposed a topological clustering model called the Temporal Ko-
honen Map (TKM) changing the classical SOM using a LIN-type’ STM? mechanism. The
TKM maintains the activation history of each neuron i by means of variable z;(¢), called the
leaky integrator potential:

1
2i(t) = Azi(t = 1) = (F)llx(0) = wi(n)|I? 2.1)

where 0 < A < 1 is the memory depth constant. An output neuron in the TKM stores activity
at time ¢, after which this activity fades at a rate given by the time constant |%| [23]. The
wining neuron is chosen according to the following adaptation step:

meus(t) = male-(t) (22)

The update step for the weights w;(¢) and of its neighbors is the same as in the classical
SOM algorithm.

The TKM was used to detect the temporal (sequences) data, where the use of classical
SOM will favor erroneous results because contrarily to the TKM, the determination of the
winning neuron in the classical SOM depends mainly on the most recent inputs. In the
following section we propose to use another schema for preserving the activation behavior
in the topological clustering algorithms, and we propose an adaptation of it to the SOM
called voting memory self-organizing map (vm-SOM).

2.2 vm-SOM : Topographic map with Voting Memory

The use of the neighborhood concept introduces topological constraints in the final geom-
etry of the map. Topological quality of the final map depends strongly on the construction
mechanism. It is therefore important to enhance this mechanism by introducing a competi-
tion memory effect from various units of the map. This memory can take into account the
reactions history of each map’s cell with learning examples. The concept of voting mem-
ory will be introduced in the learning algorithm as a voting matrix VM (Voting Memory).

2LIN - Leaky Integrators Neurons
3STM - Short-term memory
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This principle is based on a method proposed by Dimitrios et al. [43] for a clustering fusion
scheme. This new voting matrix will give the possibility to weight the most active samples
during the learning process taking into account the adaptation history.

oy I I | 1 | I 1

(b) vm-SOM

Figure 2.1: Voting matrix (on the top - classical SOM; vin-SOM on the bottom)

The stochastic version of the learning algorithm vm-SOM takes place in three phases: the
initialization phase, where random values are assigned to the connections weight (refer-
ents or prototypes) of each map unit - initialization of voting memory matrix VM size NxC,
where each learning instance is associated with a unit of the map: one whose weight vector
is closest using the Euclidean distance; the competition phase during which, a unit of the
SOM map is selected as a winner, for all input patterns which is one of the highest vote val-
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ues (matrix VM); the adaptation phase where the weight of each cell in the map is updated
according to adaptation rules and votes updating. This adjustment process is repeated until
stabilization of self-organization.

The vim-SOM algorithm is therefore as follows:

1) Initialization phase :

1.1) Define the SOM map structure; initialize randomly the prototypes w/.

1.2) Initialize the voting memory matrix VM (NxC):
for k=1,..,N
forj=1,...C

k D2
=[x ® —w,

VMt:l(k’ .]) =

_ (2.3)
€ e lxO-wlP

2) Competition phase :

2.1) 1= 2;
2.2) Provide a learning example x* to SOM;

2.3) Select the cell whose prototype is the one with the highest vote’s value in VM
matrix (BVU : Best Vote Unit):

$p(xV) = arg max (VM- (k, /) (2.4)
<J<

where ¢ assigns each example x* to a single cell of the SOM with the highest
vote value in VM.

3) Adaptation phase :

3.1) Updating prototypes using the rule :
W;j) = Wi{)l - 8[_1Kj¢(x(k)) (x(k) - W;{)l) (25)
where Kj; is defined as following:

1 di(, j)
Kij = Eexp (— 20) )

(2.6)
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3.2) Update of voting matrix VM :

VM, (k, (")) = QVMH (k. (x®)) + 4

L @=1 . .
VMt(k’ .]) = TVMt—l(k’ .])’ J= 1’ ) C9 J * ¢(x(k))
4) Repeat steps 2 and 3 until stabilization of self-organization or up to t = t,,,, where
tax 18 the maximum number of iterations.

The updating of the Best Vote Unit allows us to give more importance to the samples which
were active during the learning process (%) and less importance if the samples are passives
during the learning. This technique allows us to construct a map accordingly to the history
of all the neurons adaptation. This process establishes an assignment principle, during which
the size of voting matrix VM is updated during learning where VM, (i, j) represents the mem-
bership degree of the observation i in unit j at time . At the end of learning, this VM matrix
can be seen as a new data encoded in the prototypes space. Each learning example is thus,
encoded as a vote’s vector of various units of the map. This is a data vector quantization
in vector of votes. Figure 2.1 shows the voting matrix in the case of classical SOM (binary
vector for each example) and in the case of vm-SOM (vector with multiple real values).

2.2.1 Experimental protocol

To validate our approach, we used two indicators: the quantization error (distortion) and
topographic error. We tested our method with several maps of different sizes. To prove the
importance and influence of competitive strategy proposed by our approach for final map
segmentation, we calculated various indices of quality, as the purity index and the Rand
index [68]. To check the stability of the proposed method, we conducted 15 experiments
on several datasets: weveform, wdbc, isolet, madelon and spambase. More details for these
datasets are given in the Appendix A.1.

One of the most used criteria to assess the quality of a topological map is the quantization
error. This error measures the average distance between each data vector and its winning
neuron (BMU: Best Match Unit). One can also measure the quality of the map by estimating
the topological preservation. The most used index to quantify this information is the topo-
graphic error, which was proposed by Kohonen ([75], [74], [8], [112]). This error measures
the proportion of all examples for which the first and second winning neuron (BMU) are
not adjacent vectors. The idea of this index is to show how the granularity SOM map can
preserve the topology of the data. To evaluate the quality of the map segmentation we used
the Rand and purity indices.
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2.2.1.1 [Illustration of the vim-SOM approach on an example: waveform

We use this dataset to show the topological structure of the dataset and of the map with the
classical SOM approach and the proposed vm-SOM approach. Learning a map size 25x25
for all observations can provide a map composed of 625 neurons (units). Then, we use prin-
cipal component analysis (PCA) on the two obtained maps to compare visually the structure
of these two maps (SOM and vm-SOM). Part (a) of Figure 2.2 shows the data distribution,
part (b) of the figure illustrates the map structure after the classical SOM algorithm, and
part (c) of the same figure represents the distribution of neurons using the vim-SOM (voting
memory).

(b) Neurons distribution using classical SOM  (c) Neurons distribution using vin-SOM

Figure 2.2: Map structure using classical SOM algorithm and vin-SOM

On part (b) of this figure, we can observe that the neurons of the SOM map are mainly
scattered at the intersection of classes. Opposite by using learning with memory vm-SOM,
the structure of neurons (Fig.2.2 (c)) is more concentrated. Indeed, with vm-SOM, the to-
pographic error decline strongly, as well as the quantization error. By better preserving the
topology of the data, our approach also allows a better segmentation of the map compared to
classical SOM. Generally, the use of topological maps is followed by a clustering of proto-
types. Often, this segmentation is limited to the use of hierarchical classification algorithm
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or k-means combined with a quality index to determine the size of the ideal map partition. In
our case, we used the k-means algorithm combined with the Davies-Bouldin internal quality
index [131], and hierarchical classification (AHC) [38]. For this map segmentation (form
groups of cells) should be used the similarities between the cells. To do this, we calculate the
unified distance matrix (U-matrix) which computes the distances between neighboring cells
of the map.

In Figure 3 the different shades of colors indicate the distances between the different proto-
types of the map, the more red (dark) - prototypes are more distant. By observing the struc-
ture of the waveform dataset, there is a better distribution of the prototypes on the unified
distances matrix provided by our approach vm-SOM (figure 2.3 (b)) compared to classical
results of SOM (figure 2.3 (a)).

To prove the stability of the vm-SOM approach, we calculated the quantization errors and
topological errors on 15 maps of varying sizes (from 10x10 to 25x25) for the waveform
dataset. Figure 2.4 shows the standard deviations of errors with the classical SOM algorithm
and vm-SOM. From all experiments, we observe a strong decrease in the topographic error
in the case of vm-SOM compared to classical SOM with an improved distortion. We note
that for the both methods one fix the same parameters (map size, number of iterations,...).
To quantify the quality of clustering, we use Rand and purity indexes. Furthermore, during
the learning process and the segmentation, the labels are not used. In figure 2.5 we can
observe an improvement in the segmentation of the map with our approach vim-SOM through
better conservation of the topology obtained after learning.

2.2.1.2 Validation of vm-SOM approach on other datasets

We used the experimental protocol for other datasets and all indices with standard deviation
that are presented in Table 2.1. On all datasets, we can observe a significant decrease in the
topographic error (Table 2.1). This shows that we obtain more relevant and meaningful maps
with our vim-SOM approach. Indeed, the segmentation of the maps obtained with vm-SOM
provides better results due to the affectation strategy of employment-based voting memory
during learning.

The analysis of these experiments results shows some characteristics of vim-SOM and some
comparisons between the classical SOM and vin-SOM:
- The voting memory used during the learning process at the competition phase will keep all
information about the neighborhood and various interactions between the learning examples
and prototypes; and promotes the preservation of the maps topology. Indeed, unlike the clas-
sical SOM algorithm, which only takes into account the previous iteration, vm-SOM enables
us to take into account the competition history of each prototype during learning.
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Figure 2.3: U-matrices: classical SOM (on the left) and vm-SOM (on the right)

- The voting memory matrix VM can be used as a new encoding data in a conceptual space:

the prototypes space.
- This memory can be easily integrated with other unsupervised learning approaches.

- Analyzing the standart deviation (Figure 2.4) we can see that the proposed method increase

the stability of the results.



Memory based Weighted Topological Clustering

T
1

0.055

SOM

Som vm-SOM

005t —— E ]

0.045

0.04] ]

0.035

T
+

vm-SOM
T

0.03 ]

erreur

o
o
N
()]
T
1

1 2 algorithm 3 4

Figure 2.4: The quantization and topological errors on the waveform dataset

Table 2.1: Validation results of SOM and vim-SOM on different datasets

Index Method Dataset

Wdbc | Isolet | Madel. | Spam
Quantiz. | SOM 2.607 | 17.444 | 21.746 | 4.128
error vm-SOM | 2.593 | 17.308 | 21.672 | 3.923
Topolog. | SOM 0.029 | 0.031 | 0.009 | 0.079
error vm-SOM | 0.015 | 0.007 | 0.002 | 0.063
Rand SOM 0.561 | 0.922 | 0.523 | 0.535
kmeans | vm-SOM | 0.565 | 0.934 | 0.527 | 0.547
Rand SOM 0.648 | 0.894 | 0.521 | 0.532
AHC vm-SOM | 0.720 | 0.909 | 0.549 | 0.571
Purity SOM 0.884 | 0.873 | 0.595 | 0.610
vm-SOM | 0.905 | 0.890 | 0.602 | 0.631
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Figure 2.5: Map segmentation: Rand and purity indexes on the waveform dataset

2.3 Unsupervised local weighting for feature selection : Pro-
posed approaches

Feature selection for clustering or unsupervised feature selection aims at identifying the fea-
ture subsets so that a model describing accurately the clusters can be obtained from unsu-
pervised learning. This improves the interpretability of the induced model, as only relevant
features are involved in it, without degrading its descriptive accuracy. Additionally, the iden-
tification of relevant and irrelevant variables with SOM learning provides valuable insight
into the nature of the group-structure.

Features selection or variables selection for clustering is difficult because, unlike supervised
learning, there are no class labels for the dataset and no obvious criteria to guide the search.
The important issue of feature selection in clustering is to provide variables which give the
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"best" homogeneous clustering. Therefore, we use the weight and prototype vector 7l/! and
wl/! provided by our proposed weighting approaches to cluster the map and to characterize
each cluster with relevance variable.
For map clustering we use traditional hierarchical clustering coupled to Davies-Bouldin in-
dex [131] to choose the optimal partition. Thus, to select variables, we use an original method
which is based on statistical criteria named Scree Test to select most important variables for
cell and cluster of cells [21].

In the following, we present two versions of local variables weighting using SOM: weight-
ing observations and weighting the distances.

Firstly, we propose an analytical weighting approach which were inspired from the w — k-
means and w-SOM algorithms.

The objective SOM function presented in the chapter 1 can be minimized based on two
methods:

e Analytical method which allows us to obtain the SOM batch version;

e Adaptive method using the three steps of the minimization based on gradient descent:
SOM stochastic version.

We will present our proposed feature weighted approaches for the both analytical and
adaptive SOM versions : observations weighting, distance weighting and double weighting.

2.4 Analytical Weighting Features SOM approach

2.4.1 Local weighting distance : lwd-SOM

This approach introduces a vector of values in the SOM objective function by weighting
the distance. The specific algorithm in this case is an extension of w-k-means and SCAD,
[42, 65]. Despite the global weighting SOM (w-SOM), a local features weighting consists
of weighting the distance between observations and prototypes. The set of parameter has to
be updated from dataset X iteratively by minimizing a cost function defined as follows :

N v

Riva-somO¢, W, II) = Z Z Kivxn (ﬂj)ﬂ lIx; — w,|I* 2.7

i=1 j=1
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We fix a constraint Z,‘f: , T = 1 and we incorporate 8 as discriminant exponent.
The minimization of R;,,(y, W, II) is run by iteratively performing three steps until stabi-
lization. At each step all observations are assigned the best match unit.

1) Minimize Ry,q-som(x, W, 1) with respect to y by fixing W and I1. The expression is
defined as follows:

x(x) = argmin () 1x - wiP) 2.8)

2) Minimize Rya—som(, W, 1) with respect to W by fixing y and II. The expression is

the same as in [119]:
D Ko

x;€E

Z fK:J'»/\,/(Xi)

x;€E

w; 2.9)

3) Minimize R},q-som (X, W, II) with respect to I1 by fixing y and W. Here, we use the
approach suggested in [42] and adapted to our SOM model. We denote by a vector
D; = (D}, - D?) the distortion associated to cell j and written as follows :

N
D] = ZKj,)((Xi)||Xi_wj||2 (210)
i=1

(2.11)

The minimization of the subproblem 3 is doing by respecting the following proposed
theorem:

Theorem 2.2. Let y = { and W = W be fixed. For 8 > 1 or 8 < 0, the problem
Rya(%, W, TI) is minimized if:

Each component of the weight vector 7r; = (71}, 71%, N S ﬂf) associated to cell j is

o j’
computed as follows:
0, if D’;. =0

1
”ﬁ =y —,for t #1, otherwise (2.12)

1
-1

[z

t
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The demonstration of this theorem is given in the next section of this chapter.  The
learning algorithm described above allows us to estimate the parameters maximizing the
cost function for a fixed neighborhood T'. As in the traditional SOM algorithm, we decrease
the value of T between two values T,,,, and T,,, to control the size of the neighborhood
influencing a given cell on the map. In the procedure 11 we show the analytical weighting
learning process Iwd-SOM .

Algorithme 11 : Analytical Iwd-SOM learning algorithm
Input: Data set X; Iter - number of iterations
Initialization Phase:

Randomly initialize the prototype matrix W;
Randomly initialize the weight matrix II;

for r = 1 to Iter do
- Assuming that IT and W are fixed we have to optimize the analytic R,y—som (¥, W, ﬁ),
optimize Ry,q-som (X, W, f[) with respect to y. This leads us to assign each observation
x € X to the best match cell using the weighted distance defined in expression 2.34.
- Assuming that { and IT are fixed, we have to optimize R),,4_som (¥, W,). This leads to
use the expression (2.9) defined above.
- Assuming that ¥ and W are fixed, we have to optimize R;,,q_soum (Y, W, IT). This leads to
use the expression 2.12.

end for

2.4.1.1 Complexity of the analytical /wd-SOM

As we introduced another phase during the learning process, obviously, the complexity time
will increase with computing the weights. The complexity time for computing the weights
will be O(lw| X n X m) where n is the size of the observations, m - the variables size and
|w| the number of cells, the same complexity as for the classical affectation phase. Also the
computing of the distance will change, it will be O(n + ). As r is a value and the complexity
for computing the weights is linear, the total complexity of the analytical Iwd-SOM learning
process is O(|lw| X n X m + m). So, without taking into account the constant values (the value
of the x for distance computing), the complexity remains linear for the proposed weighting
approach and is O(|w| X n X m) for one iteration. Therefore, the /Iwd-SOM algorithm deserves
good scalability.
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2.4.1.2 Minimization of the cost function for lwd-SOM

After introducing the weights (7'”) in the classical cost function of SOM, we obtain:

N |wl

Riva-son 0 WD = 373" K (1), 1 = wlP (2.13)

i=1 j=1
We note by D; the distortion of the jth prototype:
N
Dj= " Kpellsi = Wil (2.14)
i=1

and for computing the weights we fix Y, W and we obtain:

[wl [wl

N
Rna-son@ WD = 3 (1) > Kyl - wilP = > D, (2.15)
i=1 j=1

=1
We have two situations for the respective distortion:

DIfD;=0=7=0

2) If D; # 0 and forgot that Z'}ﬂl mi=1

In the 2nd case we use the Lagrangian to optimize the cost function.
Lets « - the multiplier and y/(r, @) - the Lagrangian.

We obtain:

|l

Y(m@) = ) (1)'D;+a

=1

1A
D om- 1)] (2.16)
j=1

where |h| is number of variables (< [w|) for which D; # 0

So, we have:
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oyY(m, _
lgzj)@ =,B*(7rj)ﬁ_1Dj+a:O forall 1<j<h (2.17)
T
NF@a)
= ni—1=0 (2.18)
oa =
From 2.18 we obtain:
B*(T(}')B_IDJ' +a=0
_ _ g a
ﬁ* (JTJ')E 1Dj = -, and (ﬂ("))ﬁ le = ﬁ N Dj
We can express the 7 :
- 1
"= () (2.19)
We substitute 2.19 in 2.18 and we obtain:
A oy 1
( )T =1 (2.20)
- 1
(—@)F T = 2.21)

w1
[Zt:l(ﬁ*l)j)ﬁ ]

From 2.21 in 2.19 we obtain the expression of weights (7\):

1

B

75" 1

o lZ,’”A

= 1 -
L BEDYT peD)T [z',’i'l /ﬁ)ﬁ'l]*w*mﬂ‘l
1 1

T oh DL wn D
Zl:l(ﬁ*_l)j)ﬁ_l 21:1(3:)'8_1

This expression allows us to optimize variable weights in order to obtain the best clustering
by minimizing the ratio of the average within-cluster distortion over the average between-
cluster distortion.
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2.4.2 Experimentations and Validation of the analytical /wd-SOM

The analytical algorithm /wd-SOM described in the section 2.4.1 allows us to obtain on the
one hand, a two-dimensional projection data and on the other hand, a weighting of variables
specific to each region of the map. Vesanto and Alhoniemi (2000) [131] have proposed to
segment a topological map by combining the k-means algorithm and Davies-Bouldin index
which allows to automatically determine the size of the partition after segmentation. We
have applied this approach on referents and on the weights.

Using the Iris dataset, we evaluated the clustering using the traditional approach and using
the k-means on weights vectors. Figure 2.6 shows a segmentation of the 6x4 map in two
clusters, using only prototypes of the map.

Figure 2.6: Map Segmentation (6x4) with k-means (classical approach - using referents).
The DB index = 0.0776

Figure 2.7 shows a segmentation of the same map, but using in this case the weight vec-
tors that take into account the local importance of each variables provided by the vector 7 of
dimension m. There is clearly, in Figure 2.7, that this clustering provides three clusters cor-
responding to the three basic classes of Iris. This improvement is confirmed by the quality
index (Davies Bouldin), which rose from 0.0776 to 0.0556.

We will now compare the different clusterings of the map using the k-means obtained on
the waveform dataset. Figures 2.8 and 2.9 show the result of segmentation after learning the
topology map with Iwd-SOM method.

Figure 2.8 shows a segmentation of the map using the traditional approach on prototypes.
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Figure 2.7: Map segmentation (6x4 - Iris dataset) with k-means using weights vector. The
DB index = 0.0556

Figure 2.8: Map segmentation (waveform dataset) using k-means on referents vector. The
DB index = 0.49

It provides a segmentation of the map in 3 clusters with a quality index equals to 0.49. Figure
2.9 shows a segmentation of the map using the k-means with the local weights. It improves
the quality of the partition in finding a partition with 3 clusters with a quality index equals to
0.27.

By observing the results obtained using these two datasets, it is clear that the use of local
variables weights makes easier the segmentation of the topological map.

Figures 2.10 and 2.11 represent the different weights of variables associated with prototypes
of the topological map obtained with the analytical /lwd-SOM, in the form of signal. Ana-
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Figure 2.9: Map segmentation (waveform dataset) using lwd-SOM with k-means algorithm
on the weights of neuron prototypes. The DB index = 0.27

lyzing the maps, it is clear that visually, we can segment the map by combining the referents
which have close weights. Unlike the global weighting w-SOM technique, the analytical
Iwd-SOM algorithm can characterize each cluster using weighted referents of the map in-
dicating the relevance of each variable. Hence, the variables that have close weights can
identifies close referents in order to do a better segmentation.

On the Figure 2.10 which represent the local weights of the Iris dataset, we can detect a
subset of prototypes on the top left corner of the map which is characterized by the second
and fourth variables associated with very heavy weights. Looking also at the Figure 2.11,
the local weights which represent the waveform dataset, it is easily to detect three sets of
referents with varying weights. We remind that noise variables are represented in the right
part of the signal. For example, in the bottom right corner of the map there are weights which
represent more noise than the variables.

The existed weighted approaches pointed out that adaptive weighted allow a better learning
than analytical weighted methods. This is why, in the next sections of this chapter we will
introduce new adaptive local and global weighted topological approaches in order to attempts
a clustering characterization.
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Figure 2.10: The features weights of Iris dataset
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Figure 2.11: The weights of waveform dataset

2.5 Adaptive Weighting SOM

We proposed to use the principle of the wLVQ2 weighting technique and to addapt it to the
Self-Organizing Maps using the stochastic version of the SOM algorithm. The minimiza-
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tion of the objective function is doing using the gradient descent techniques looking for a
local minimum. This type of approaches is more efficient than the analytical type weighting,
and this is because we uses the adaptive weighting for the clustering characterization. We
propose five types of adaptive approaches: local weighting observations; local weighting dis-
tance; global weighting observations; global weighting distance and finally the double local
weighting. The table 2.2 summarizes the adaptive weighting SOM approaches proposed in

this work.

weighting method

adaptive

global || = 1 vector | local || = [W|

distance weighting gwd-SOM Iwd-SOM
observations weighting | gwo-SOM Ilwo-SOM
double weighting diw-SOM

Table 2.2: Notations of the adaptive proposed approaches

2.5.1 Weighting observations

SUOITEAIISO PAIYTIom

Figure 2.12: Local weighting observations
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Weighting the observations during the learning process is a technique which allows to give
more importance to the relevant features of the weighted observation. Consider the dataset
X = {x1, x2, x3, x4} as it is shown in the figure 2.12 and suppose that the observation x, has
a bigger relevance in the X. In this case the weighting approach must be able to assign a
highest weight value to this one comparing to others three observations. For this type of
approach we propose the both local and global weighting described in the next sections.

2.5.2 Local Weighting Observations : lwo-SOM

We based our method on initial work describing the supervised model w-LVQ2 [136]. This
approach adapts weights to filter the observation during the learning process. Using this
model, we weighted observations x using weight vectors 7 before computing the distance.
So, the weight matrix will be considered like a filtering process for the observations. In the
figure 2.13 this filter is the matrix IT which filters the observations before presenting it to the
Map.
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Figure 2.13: Local weighting observations filtering process

The objective function was rewritten as follows:

IN| W]
Rivo-som0 WD = " 3" Kyl — w12 (2.22)

i=1 j=1

Minimization of Ry,,(y, W, II) was performed by iterative repetition of the following three
steps until stabilization. The initialization step determines the prototype set W and the set
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of associated weights I1, at each training step (¢ + 1). An observation X; is then randomly
chosen from the input dataset and the following operations are repeated:

e Minimize Ry,,(y, W, IT) with respect to y by fixing W and I1. Each weighted obser-
vation (7;X;) is assigned to the closest prototype w; using the assignment function,
defined as follows:

x(x) = argmin (Il jxi = wiI?) (2.23)

e Minimize Ry,,(¢, W, IT) with respect to W by fixing y and IT. The prototype vectors
are updated using the gradient stochastic expression :

Wit + 1) = wi0) + €K jyx) (7% — W) (2.24)

e Minimize R;,,(¥, W, 1) with respect to I1 by fixing y and W. The update rule for the
feature weight vector 7r;( + 1) is :

7t + 1) = 700 + €DK X (0% — Wi(0)) (2.25)

As in the traditional stochastic learning algorithm of Kohonen, we denote the learning rate
at time 7 by €(¢). The training is usually performed in two phases. In the first phase, a high
initial learning rate €(0) and a large neighborhood radius 7., are used . In the second phase,
a low learning rate and small neighborhood radius are used from the beginning. So, for a
map there is a associated matrix of weights trained during the learning algorithm.

If we want to obtain a global weighting observations algorithm (gwo-SOM) one change this
matrix in a vector. In this case we do not take care of the importance of each variable for
assigned to each observations. The relevance vector do not depends on the cell and variables,
but it depends on the map C: & = (7', ..., 7). We show the adaptive local process in the
procedure 12.

2.5.2.1 The complexity for the /wo-SOM

Compared to classical SOM, for the proposed weighting algorithm, where is a new phase
that appears during the learning process: the weighting phase. Obviously, the complexity
of the Iwo-SOM will increase with the computing of the weight matrix. Due to the local
weighting vector, computing the complexity of the weighting phase will be the same like for
the affectation phase, but due to the matrix multiplication 7 ;x;, the complexity will increase:
O(W| x (\ + m)). Also, the affectation phase will take into account the weights and the
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Algorithme 12 : The Iwo-SOM learning algorithm
Input: Data set X; Iter - number of iterations

Initialization Phase:
Randomly initialize the prototype matrix W;
Randomly initialize the weight matrix I1;

for t = 1to Iter do
Learning Phase:
Present a learning example x and find the BMU computing the Euclidian distance;
Updating Phase:
Compute the new prototypes w using the expression 2.24;
Compute the weights 7 using the expression 2.25.
end for

computing the BMU will be more expensive, more exactly : O(|W| X \ X + m). As « has
the size of |W)|, the total computation complexity for the local weighting observation is:
OQ2IW| x \ x ). Therefore, Iwo-SOM algorithm deserves good scalability as the complexity
remains linear.

2.5.2.2 Minimization of the /wo-SOM objective function

The objective function to optimize is the following:

IN| W]
Rivo-som0 WD = 3" 3" K jpplix; — w12 (2.26)

i=1 j=1

where 7'/ is the weighting coefficients matrix.

Learning Rules

We use the gradient descent to optimize the objective function ??. Firstly, we compute the
gradient with respect to W:

_ aR[wo(Xa W’ ﬂ-) _

v,
aWj

a[ij,)((x,-)||71'sz' - Wj||2]/5Wj =

in,)((X,-) X2 X (7TjX,' - Wj).
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So, the adaptation for the prototypes will be:

Wj([ + 1) = Wj(l‘) — 6(1) X VW = Wj(t) — e(t)fK.,-’X(X,.)(ﬂjX,- — Wj) (227)

We compute now the gradient descent with respect to I1:

_ ORW,II)

2
37r j

= O[K ol jxi — wl*1/0m; = (2.28)
Kjeox X 2 X xi(tjx; = w (1)) (2.29)
and, respectively, the assignment step for observation’s weights will be defined as follows:

ﬂj(l + 1) = ﬂj(l) - E(I)Kj’x(xi)(ﬂjxi — WJ(I)) (230)

We use this adaptation rules iteratively for a fixed Iter number of iterations.

2.5.3 Global Weighting Observations: gwo-SOM

Weighting the clustering algorithm in a global way will allow us to weight the entire map
with the same vector of weight. This is useful when we do not see to find the relevant features
for each cluster, but we want to detect them for entire dataset or for the obtained map.

The objective function is the same like for the adaptive learning /wo-SOM, changing only
the weight matrix = in a vector of weights:

N vl

R0 W, T = 3" " Kl — w2 (2.31)

=1 j=1

For each feature we have a corresponding numerical weight, where:

m(t+1) = n(t) — €(DK yx))(7X; — W;(1)) (2.32)

The complexity of the gwo-SOM is O(2|w| x m X n). Compared to the adaptive Iwo—S OM
the complexity is the same, the only difference is in the computation of the weighted distance,
where the weigh vector will be a value, but as it is a constant value for the time computation,
the complexity will not change considerably.
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2.5.4 Weighting the distance

Despite the weighting observations approaches, a variable weighting consists of weighting
the distance between observations and prototypes. Let X be a dataset with four samples
: X = {x1,Xp,X3,X4} and assume that we are looking to compute the distances between
observations and a cell i as it is shown in the figure 2.14. Assuming that observations x; and
x, are the most closest to the cell i in the means of the Euclidian distance, thus the weighting
procedure will provide more importance to these two samples: the value of the weight which
is multiplied to the distance d4; will be bigger than ds; or ds;. This is the weighting phase
which is doing iteratively during the learning of the map.

saour)sIp FunyIom

Figure 2.14: Local weighting distance process
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2.5.5 Local weighting distance: /wd-SOM

Unlike Iwo-SOM, the local distance weighting involves weighting the distance between ob-
servations and prototypes. We propose to minimize the following objective function:

N W

RisaOt WD = > " K0 Plixi = w1 (2.33)

i=1 j=1

where £ is the discrimination coefficient.
The Iwd-SOM cost function is minimized in three steps:

1) Minimize R;,q(x, W, f[) with respect to y by fixing W and I1. The equation is defined
as follows:

x(x) = argmin () 1x - wiP) (2.34)

2) Minimize R..(¢, W, IT) with respect to W by fixing y and I1. The prototype’s vectors
are updated using the following equation:

Wt + 1) = Wi(0) + €K jy (1, (x: = (D)) (2.35)

3) Minimize Ryq(f, W, II) with respect to IT by fixing y and W. A weighting vector
mj(t + 1) is updated according to the following equation:

it + 1) = m1(1) + €DK B Y lIxi = w0 (2.36)

In addition, the parameter 3 needs to be provisionally fixed. As with the /wo-SOM algorithm,
we start with a large initial value for the learning radius which decreases during the learning
process allowing quantization of the prototypes. At the end of the learning phase, the Iwd-
SOM model represents a k-means model with simultaneously weighted features (SCAD [42]
or w-k-means [65]). The general procedure of the /wd-SOM learning algorithm is given in
the Algorithm 13.

2.5.6 Global Weighting Distance : gwd-SOM

As for the gwo-SOM technique, in this case we can extend the algorithm to a global weight-
ing distance using adaptive (stochastic) learning SOM and we obtain the gwd-SOM which
uses a weighting vector of distances (not a matrix) which depends only on the map. The
objective function for the global weighting distance will be rewritten as following:
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Algorithme 13 : The adaptive Iwd-SOM learning algorithm
Input: Data set X; Iter - number of iterations
Initialization Phase:
Randomly initialize the prototype matrix w;

Randomly initialize the weight matrix ;

for r = 1 to Iter do
Learning Phase:
Present a learning example x and find the BMU computing the weighted (/wd) squared
Euclidian distance;
Updating Phase:
Compute the new prototypes w using the expression 2.37;
Compute the distance weights 7 using the expression 2.38.
end for

N W

Rewa-som0r: Wo D) = 3" 3" K (P lixi — w2 (2.37)

i=1 j=1

2.5.6.1 Complexity of the adaptive //gwd-SOM technique

Even the [/ gwd-SOM compute the distance weighting matrix contrarily to //gwo-SOM which
compute the weighting observation matrix, the computational time for the //gwd-SOM is the
same as for the //gwo-SOM due to the same size of the computed matrix (a weight vector
for a map’s cell). So, the computational time for the //gwd-SOM is OQ2|W| X n X m). The
both local and global distance weighting approaches has a good scalability depending on the
number of iterations and the map size.

2.5.6.2 Minimization of the weighted objective function R;,,;_sou
We introduce the weights (rr;) in the classical cost function of SOM, and we obtain:

N |w]

RinaOe WID = 3 " 5000 () I: = w12 (238)

i=1 j=1
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We can note:

_ 8led(X» W» ﬂ')

A
aWj

= 0K ;0 P LK — WIP1/0W; = Ky ()P (Xi — W)

and, respectively, the adaptation phase for the observations weights will be:

Wj(f + 1) = Wj(t) - E(Z)Kj%(xi)(ﬂj)ﬁ(xi - Wj(l)) (239)

To find the expression for the weight matrix adaptation we use the gradient descend by re-
spect to I1:

_ ORyi(x, W, m)

\Y
s 87rj

= [ K jyxy (P lIx; — WP/ =
KB (xi = w))?

and, finally, the adaptation for the distance weights is:

mi(t+ 1) = 1i(0) — eOK yxp B (x = w))? (2.40)

Usually the 5 parameter is fixed on the beginning and has value from 1 to 10. This parameter
doesn’t have a big influence on the learning process, but it is used as a smoothing parameter.

2.5.7 Double local weighting SOM

The both adaptive local weighting approaches Iwo-SOM and Iwd-SOM depends on the initial
data, if one make confidence to the observations we will weight the observations using the
Iwo-SOM, contrarily we will look on the data distribution when weighting the distance us-
ing the Iwd-SOM. It is difficult to extract this information from a dataset, and sometimes
weighting the observations can give better results then weighting the distances and vice
versa, relatives to the dataset. Therefore, we introduce another weighting approach, which
integrates both adaptive local weighting methods called diw-SOM (double local weighting
Self-Organizing Map).

Let X = {xi, x2, x3, X4, X5} a set of samples which should be placed on the map which is
shown in the figure 2.15. The double weighting approach detects that x, is more important,
but x4 is the nearest observations to the cell i. So, the algorithm diw-SOM will affect a
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Figure 2.15: Double local weighting process

highest weight to the observations x, and x4. Moreover, computing the weights of the obser-
vation take into account the distance weight matrix and vice versa. It means that the double
weighting procedure allows us to weight simultaneously the observation and the distance.

For the double local weighting process, we introduce the both weights in the SOM objec-
tive function, and we obtain:

INl W
Ran-s om0, W I TI) = 37 3" 5 (3P llnxi = wlP (241)

i1 =1
where 1?9 are the distance weights and I1 - the observations weights.

As we combined two types of the weighting techniques, contrarily to precedent weighting
approaches, the minimization of the R;,—soa Objective function is doing in four steps:

1) Minimize Ry, (x, W, II®, T1©)) with respect to y by fixing W, 1@ and I1. The ex-
pression is defined as follows:

x(X;) = arg min ((ﬂ'i.d))’BHﬂ'(O)X[ -w jllz) (2.42)
J

J
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2) Minimize Ru,_son (¥, W, 114, T1°) with respect to W by fixing ¢, II® and I1). The
prototype’s vectors are updated using the following expression:

Wit + 1) = wi(t) + €DK jyo) @Y (1'% = w(0)) (2.43)

3) Minimize Ryn—son (¥, W, I, TI®) with respect to I1) by fixing {, W and I1@. The
update of the observation weights vectors 7 (¢ + 1) are made using the following
expression:

2+ 1) = 7(0) + €K 1) (7 O x: (77 (0)x; = (1)) (2.44)
4) Minimize Ran—son(f, W, II9, TI®) with respect to II by fixing {, W and I1®. The

update of the distance weights vectors 7' ;(r + 1) are made using the following expres-
sion:

7w (8 + 1) = m5(0) + €DK iy B ()P (7 (0)x; = (1)) (2.45)

The algorithm is presented in the following procedural schema:

Algorithme 14 : The dlw-SOM learning algorithm
Input: Data set X; Iter - number of iterations
Initialization Phase:

Randomly initialize the prototype matrix W;
Randomly initialize the observation weight matrix I1;
Randomly initialize the distance weight matrix I19;

for r = 1 to Iter do
Learning Phase:
Present a learning example x and find the BMU computing the double weighted
Euclidian distance (expression 2.42);
Updating Phase:
Compute the new prototypes w using the expression 2.43;
Compute the observations weights 7’ using the expression 2.44
Compute the distance weights ¥ using the expression 2.45
end for
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2.5.7.1 Complexity of the diw-SOM

As the dIw-SOM has four optimization steps it is clearly that we increase the computational
complexity compared to the both /wo-SOM and Iwd-SOM weighting approaches. Analyzing
the computational costs for all phases we can extract:

e Finding the best matching unit will take into account the weights (double weighting
distance) and it will be : O(7'? + (7© + n x m x |W)|))

e The affectation phase will use the both matrix weights, and the complexity cost is:
O + (19 + n x mx |W))) ;

e For the observations weights computing, the cost is: O(? + (7' + m x n x |W)));
e Finally, the computational cost for the distance weights is: O(n'® + 7 +nx m x [W|))
As the size of the weights matrix are the same for the map size, the total computational
cost for the diw-SOM is O2|W| + |W| X n X m). Even dlw-SOM increase with two phases
the learning of the SOM map, the algorithm is still efficient due to its linear complexity and
improves a good scalability. As we can see, the complexity depends in a bigger part on the
map size (number of |W|) because for each cell, the algorithm will compute the prototype

and the both weights, but, thanks to the usually small number of cells, the complexity time
does not grow significantly.

2.5.7.2 Minimization of the dilw-SOM objective function

In order to minimize the R;,,-son Objective function (eq. 2.41 ) we use the technique of
descent gradient for the four following phases:

1) To minimize the R;,,_som With respect to W we obtain:

VRauw-som (d)\B)[.-(0) 2 ) (0)
V—w = (ij,X(xi)(ﬂj )B||7Tj0 X; — Wj” ) = ij,X(x,«)(ﬂj )ﬂ * 2(7Tj0 X; — W));

The prototypes assignment is doing using the next expression:

Wt + 1) = wi(t) + €DK jyo) @Y (1% = w(0))
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2) The minimization of the objective function by respect to the distance weights IT1) is
doing as following:

VRin-som

(d)
Vr i

( 2 (d) (0) 2 d\B-1)7.
= 7% = WIPK [P = 1757%; = WjIPK Bl P11

Consequently, the assignment of the distance weights is:

20+ 1) = 200 + €K jy B OF (2 (Ox; — wj (1))

3) The minimization of the Rg;,_sou by respect to (I1?)) is the following:

VRin-som

\VZ
J

d 2 d .
= :Kj,,y(xi)ﬂ; ))ﬁ[”ﬂ;o)xi - Wj” I'= ij,X(x,«)(”E- ))Bzxi(ﬂi-o)xi - Wj),
So, the expression for computing the observations weight matrix is:

20t + 1) = 10(8) + €DK 0 (@ OF % (10 (0)x; = w (1))

4) Finally, the minimization with the respect to y is done by using the expression:

x(x) = argmin (7Y Irx; - wilF)

2.6 Feature selection and Cluster characterization

In this section we propose to use an automatic procedure to select the relevant features using
the weights obtained during the learning process. After obtaining the map we cluster it using
a k-means or HCA algorithm on the map prototypes. Finally, on the map clusters we apply
the variables selection procedure to detect the relevant features for each cluster separately.
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2.6.1 Automatic Variables Selection : Catell Scree Test

We propose to use an established statistical method, scree test, to select the most important
features [21].

This statistical test was initially developed to provide a visual technique to select eigenval-
ues for principal components analysis [21]. The basic idea is to generate a curve associated
with eigenvalues, allowing random behavior to be identified. The number of components
retained is equal to the number of values preceding this ’scree’. Often the ’scree’ appears
where the slope of the graph changes radically. We therefore needed to identify the point of
maximum deceleration in the curve.

Figure 2.16 shows an example of a curve generated using a weight vector. We observed
the scree on the 19th feature which means that the irrelevant features have index values lying
in the range [20 — 40]. We used an automated process to apply this technique to each weight
vector 7r; = (n}.,ﬂf, ...,ﬂff).

051

05r

Figure 2.16: An example of the automatic scree test using a particular weight vector. The
axes X and Y correspond to features and weights, respectively. The scree is indicated by the
vertical bar.

Thus we have to process the following steps presented in the procedure 15.

2.6.1.1 Complexity of the Scree Test procedure

The Scree Test acceleration procedure has four steps until finding the scree in the vector. We
will analyze all these steps:
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Algorithme 15 : The Scree Test Acceleration Factor
Input: weights vector 7 size m

fori=1tom do
Sort the weights in descending order 77!,
Thus we obtain a new order 7/l = (zl/M 7lil2  xliki® | 7lild) s where i indicates the
index order.
end for
for j = 1 to m (on the sorted vector) do
Compute the first difference df; = 7l — gl/b*1 and we obtain the vector nzjf]l
end for
for k = 1 to m (on the JTEZJ}.l
Compute the second difference (acceleration) acc; = df; — d f;+1 obtaining the vector ngj}z
end for
for / = 1 to m (on the ﬂ%],z vector) do
Find the scree: max; (abs(acc;) + abs(acciy1))
end for
OUTPUT:
Retain all the features displayed before the scree (we used the initial index values of
features before sorting).

vector) do

To made the sort of the weight vector we are using the Merge sort procedure which
has an algorithmic complexity: O(m log m);

The complexity for the first difference df; is the O(m);

For the second difference the complexity is the same as previously: O(m);

Even if the scree is in the beginning of the vector, the algorithm must look over entire
weight vector to see if there is no another bigger scree, and the complexity is O(m).

As there is no nested loops, the total computational time for the Scree Test accelera-
tion algorithm is the sum of the complexity of the four steps, and for a weight vector it
is O(mlogm + 3m).
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2.6.2 Automatic cluster characterization trough features selection

Feature selection for clustering or unsupervised feature selection is used to identify the fea-
ture subsets that accurately describe the clusters. This improves the interpretability of the
induced model, as only relevant features are involved in it, without degrading its descriptive
accuracy. Additionally, the identification of relevant and irrelevant features with SOM learn-
ing provides valuable insight into the nature of the cluster-structure.

Feature selection for clustering analysis is difficult because, unlike supervised learning,
there are no class labels for the dataset and no obvious criteria to guide the search [133].
Feature selection in clustering must provide features that describe the "best" homogeneous
cluster. Here, we used the weight set I1 and prototype set W provided by the adaptive Iwo-
SOM, Iwd-SOM and diw-SOM. We then clustered the map and used features selection to
characterize the resulting clusters associated with cells and group of cells. For map cluster-
ing we used traditional hierarchical clustering combined with the Davies-Bouldin index to
choose the optimal partition [131]. Thus, to select the relevant features, we use the Scree
Test Acceleration Factor (algorithm 15).

Algorithme 16 : The Clustering Characterization Procedure
Input: Dataset X size n X m

fori=1tondo
Build a weighting map size |W)| using one of the weighting approaches (Iwd-SOM or
Iwo-SOM)
end for
for j=1toCdo
Cluster the map using a clustering method (k-means or HCA) obtaining k numbers of
clusters
end for
for [ = 1 to k (for each cluster) do
for j = 1 to |[W]| (for each prototype) do
Find the relevant subset of features using the ScreeTest procedure (for each cell of the
cluster)
end for
end for
OUTPUT: The relevant subset of variables characterizing the k clusters of the map |W)|

To attempts the clustering characterization, we integrate the weighting SOM proposed
approaches, the clustering of the map and variables selection schema (Scree Test) in one
procedure which is presented in the algorithm 16.
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2.6.2.1 The complexity of the Clustering Characterization Procedure

Let n be the number of observations; m -the size of variables and C - the size of the map, the
clustering characterization procedure is composed from three phases:

1) Weighting. If we use Iwo-SOM weighting approach, the complexity for this phase is
OQ2IWI X\ x);

2) Clustering. The complexity of the k-means algorithm is O(|'W| x x) which cluster the
map size C in k clusters;

3) Selection. The computational time of the Scree acceleration Test procedure for the k
clusters is : O(mlogm X k).

So, the total complexity time for the proposed clustering characterization technique is
ORIW| x\ X +|W|Xx x + log x). This complexity depends on the size of variables which
is the case for all the variables selection algorithms, and on the size of the map, because the
proposed methods are using the map prototypes to weight and to cluster the dataset.

2.6.3 Experimental Results for the Cluster Characterization (using the
adaptives approaches: [/gwo-SOM and [/gwd-SOM)

We have performed several experiments on five known problems from the UCI Repository of
machine learning databases : waveform, spambase, madelon, isolet and Wisconson cancer
database [9]. For more details on the datasets, the lecture can find out in the Appendix A.1.

To evaluate the quality of clustering, we compared results to a "ground truth". We used the
clustering accuracy for measuring the clustering results. In general, the results of clustering
are usually assessed on the basis of some external knowledge about how clusters should be
structured. The only way to assess the usefulness of a clustering result is indirect validation,
whereby clusters are applied to the solution of a problem and the correctness is evaluated
against objective external knowledge. This procedure is defined by [69] as "validating clus-
tering by extrinsic classification”, and has been used in many other studies. To use this
approach we therefore need labeled datasets, where the external (extrinsic) knowledge is the
class information provided by labels. Thus, the identification of significant clusters in the
data, by Iwo-SOM, Iwd-SOM or diw-SOM will be reflected by the distribution of classes. A
purity score can thus be expressed as the percentage of elements in a cluster that have been
assigned a particular class.
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We also validated our approaches in supervised case learning paradigms. We used the
K-fold cross validation technique, repeated s times for s = 5 and K = 3, to estimate the
performance of g/lwo-SOM, g/Iwd-SOM and dlw-SOM. For each run, the dataset was split
into three disjoint subsets of equal size (15 runs for each dataset). We used two subsets for
training and then tested the model on the remaining subset using all features and selected
features (selected on the cells or on clusters). The labels generated were compared to the
real labels of the test set for each run.

We used the purity index to evaluate the quality of map segmentation. This index shows
the correspondence between the class of data and cluster label, which is computed using the
majority vote rule. A high value for this measure indicates a high level of homogeneous
clustering. A purity index value close to 0 is indicative of poor clustering, whereas an index
value close to 1 is indicative of a good clustering result.

2.6.4 Results on the waveform dataset for g//wo-SOM and g/Iwd-SOM

We used this dataset to show a good level of performance for both algorithms (Iwd-SOM and
Iwo-SOM) for simultaneous clustering and feature weighting. All observations were used to
generate a map with 26 X 14 cells dimension. Both learning algorithms provided two vectors
for each cell: the referent vector w; = (w}, w?, s W?) and weight vector 7r; = (ﬂ}., ﬂ?, nj?),
where d = 40. Preparing data for clustering requires some preprocessing, such as normal-
ization or standardization. In the first experimentation step, we normalized the initial dataset
(Figure 2.18(a)) to obtain more homogeneous data (Figure 2.18(b)). We used variance nor-
malization, representing a linear transformation that scales the values such that their variance
is equal to 1.

We created 3D representations of the referent vector and weight vector provided by clas-
sical SOM and by our methods (g/lwd-SOM and g/Ilwo-SOM). The axes X and Y indicate
the features and the referent indexes, respectively. The amplitude indicates the mean value
of each component. Examination of the three graphs (2.18(c), 2.19(b), 2.20(b)) shows that
the noise represented by features 19 to 40 may be clearly detected with low amplitudes.
This visual analysis of the results clearly shows that /wo-SOM algorithm provides the best
results. Both graphs of weights IT and prototypes W show that features associated to noise
is irrelevant with low amplitude. Visual analysis of both weight vectors (figure 2.19(d) and
figure 2.20(d)) showed the weight vectors obtained with Iwo-SOM to give a more accurate
representation of the data structure (features relevance) than the weight vectors obtained with
Iwd-SOM.

The Iwo-SOM algorithm provides good results because the weight vectors work as a filter
for observations and estimates the referents that result from this filtering. We applied the
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selection task to all parameters of the map before and after map clustering to check that it
was possible to automatically select the features using our algorithms. This task involves
detecting major changes for each input vector represented as a signal graph. We used hierar-
chical classification [131] for clustering the map.

After Iwo-SOM map clustering, we obtained three clusters with a purity index equal to

0.7076. Using Iwd-SOM resulted in six clusters. However, in Iwd-SOM map, clustering
with the product [TW led to the generation of three clusters (purity index equal to 0.6803),
which were significant in our example. This demonstrates that when there is no cluster
(labels) information, feature weighting can be used to find and characterize homogeneous
clusters.
The importance of this index is that it can give us information about each clusters in a visual
mode. Using only referents of Iwd-SOM we find 5 clusters and analyzing the figure 2.17 we
detect some errors on 4th and 5th clusters because the waveform dataset has only 3 clusters.
The plot founded on the left part of the figure shows the wrong labeled observations.

In the case of both global weighting algorithms, we can see that some noise features has
a high value, and even for the gwo-SOM the first features (1-20) do not describe well the
waves. This disadvantage compared to local weighted approaches is because the global
weighting technique uses only a vector of weights for all the data, and respectively each
sample vector will be weighted with the same vector of weights. The weights obtained
with gwo-SOM (Figure 2.19(a)) gives better results than using gwd-SOM (Figure 2.20(a))
because that the observations in this dataset is more significant that the distances computed
during the learning process.

After Iwo-SOM map clustering with the referents W, which are already weighted, we ob-
tain 3 clusters. Using Iwd-SOM, the clustering of the map with the referents W provide 6
clusters, but the clustering of the map using the product ITW leads to 3 clusters which is
significant for our example. This means that when where is no cluster (labels) knowledge,
the variable weighting helps to find the pureness clusters, and to characterize them.

The characterization of clusters with the "Scree Test" algorithm is provided in Table 2.3.
For each algorithm, we present the features selected for each cluster. Both techniques (Iwo-
SOM, Iwd-SOM) provided three clusters characterized by different features. By contrast,
segmentation of the map using classical SOM provided six clusters with a purity index value
of 0.662. Map segmentation was performed using hierarchical clustering with all the fea-
tures. For clusters cly, cl, and cls, the features selected using Iwd-SOM were also selected
using /wo-SOM. We found that both algorithms /wo-SOM and /wd-SOM identified relevant
and informative features, giving more accurate results than classical SOM. The new and clas-
sical methods were compared after segmentation of the map. We investigated the effect of
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Figure 2.17: Visualization of silhouette index using lwd-SOM

selected features before and after, or without segmentation by testing this selection process
in the supervised paradigm and computing the accuracy index for each method.

In the case of global weighting approaches (gwd/gwo-SOM) we are not able to charac-
terize each cluster because the weight vector are the same for all the prototypes, but we can
detect the relevant features for the whole map (dataset). We can see that the set of selected
features using these global weighting algorithms (Table 2.3) represent the union of relevant
features obtained with the local weighting approach for all the clusters.

In order to evaluate the relevance of variable selected, we compute purity score by run-
ning a 3-fold cross-validation five times. Figure 2.23 shows the box plot indicating the pu-
rity scores calculated for each run with learning dataset, using SOM, gwo-SOM, Iwo-SOM,
gwd-SOM and Iwd-SOM. We show also the result after clustering the corresponding map
using hierarchical clustering. We observe that the lwo-SOM method has significantly better
score compared to traditional SOM and the second proposed method lwd-SOM. The score
is degraded after clustering the map, but Iwo-SOM and Iwd-SOM are still significantly bet-
ter than traditional SOM. In the second time we evaluate the variable selected by assigning
the dataset (test part) during the cross validation task. Figure 2.24 shows the purity score
using traditional SOM, Iwd-SOM and Iwo-SOM. The classification task are tested using all
variables, the variables selected by cell and the variables selected after clustering map. We
observe that using Iwo-SOM and Iwd-SOM improve the performance and reduce the vari-
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Données waveform

(a) Waveform dataset (b) Normalized waveform dataset

(c) (W provided by SOM)

Figure 2.18: Waveform dataset

ance of the results. Among the performed tests, /Iwo-SOM had the best performance (high
level of accuracy and low variance) in the three cases.
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Figure 2.19: 3D visualization of the referent vector and weight vector. The axes X and Y
indicate features and the referent index values, respectively. The amplitude indicates the
mean value of each component of map 26 x 14 (364 cells).

Table 2.3: Comparison of the selected variables using traditional and our approaches (g/Iwo-
SOM, g/lwd-SOM ). [i — j] indicates the set of selected variables

Db #real | gwd-SOM | Iwd-SOM | gwo — SOM | Iwo-SOM

cluster Imw W
wave- | 3 cly: [6-15] cli: [3-8; 11-16]
form [4-19] cly: [4-10] | [3-20] cly: [8-11; 14-19]

clz: [7-19] clz: [3-20]
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(a) W provided by gwd-SOM (b) W provided by Iwd-SOM

(c) II provided by gwd-SOM (d) II provided by Iwd-SOM

Figure 2.20: 3D visualization of the referent vector and weight vector of both local and
global distance weighting SOM. The axes X and Y indicate respectively the variables and
the referent indexes. The amplitude indicates the mean value of each component of map
26 X 14 (364 cells).

Feature selection for cluster characterization and visualization

In this section we use our model for feature selection. We propose here to use the statis-
tical scree test presented above to select automatically the informative variables. In order
to simplify this step we cluster the map provided by the both models. For this task we use
the traditional hierarchical clustering [131]. With waveform dataset we obtain three clusters.
Figure 2.21 display the 2D visualization of three clusters. Color graduation indicates the rel-
evance of the features (red - important; blue - non important). We compare our results with
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a visual cross-clustering technique presented in the figure 2.22. As we can see the ’cross-
clustering” method obtain a 4 class clustering and the 4th cluster is represented by all the
relevant features from the waveform dataset.

200

250

300

Figure 2.21: Cluster characterization of the map obtained using /wo-SOM and Iwd-SOM
after hierarchical clustering of waveform data set. Color graduation indicate the importance
of the features (red - important; blue - non important). Left map : lwd-SOM, right map:
Iwo-SOM

After applying the scree test, we obtain the selected variables: first cluster: {4567 8 9 10};
second cluster: {6 7891011 12 13 14 15}; third cluster: {789 1011 121314151617 18 19}.
So, Iwd/Iwo-SOM combining to acceleration test select variables for all dataset the selected
features: {4567 89 1011 12 13 14 15 16 17 18 19}. The same results are also founded
with supervised technique HVS [137].
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Figure 2.22: Cluster characterization of the map obtained using cross classification of wave-
form dataset.

2.6.5 Results on others datasets

We tested our algorithms on additional datasets with different characteristics. To demon-
strate the potential benefits of simultaneous clustering and feature weighting, we used the
referent and weight vector for map clustering. For both algorithms proposed, we showed the
feature selection results obtained for the Isolet, Madelon, WDBC and SpamBase datasets.

For WDBC dataset, lwo/lwd - SOM algorithms select the features 4 et 24 like the most
pertinent variables with a big importance for the first and 9th class (we find 9 clusters).
The approach of cross classification (Bar-Joseph et al., 2001) make possibility the visual
validation of this result obtaining the same features except a less importance for class 1
(Figure 2.25). For the clustering characterization and visualization we don’t use the global
weighted approaches, as these ones doesn’t show the local importance of each variable.

For the Isolet dataset we found out an accord of the selection of non pertinent features. The
algorithms Iwo/Ilwd-SOM associated on statistical selection test found the features in interval
300 - 500 like non important variables. This result is visual confirmed by the visualization
of the cross classification of this data set.

Table 2.5 shows the comparison between the results obtained from the four datasets: we
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Figure 2.23: Comparison of purity score (classification accuracy with learning dataset) using
SOM, Iwd-SOM and Iwo-SOM before and after clustering map

Table 2.4: Comparison of the selected variables using traditional and our approaches (g/Iwo-
SOM, g/lwd-SOM ). [i — j] indicates the set of selected variables

Db. # clu-. | gwd-SOM Iwd-SOM gwo-SOM Iwo-SOM

ster using [TW using W
wdbc 2 [4;24] cli-cly:[4;24] [4;24] cli-cly:[4;24]
Made- | 2 cli:[1] cli:[1]
lon [403-424] cly: [91, 281, [242, 417-452] cly: [242, 417-452]

403-424]

26 cli-clys: cli-clis:

Isolet [1-330, 450-617] | [1-330, 450-617] | [5-302, 434-488] | [5-302, 434-488]
[545-551, 586-593]

SpamB | 2 [56,57] cly: [56]; cl:[57] | [56,57] cli:[56]; cly: [57]
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Figure 2.24: Comparison of purity score using SOM, g/Iwd-SOM and g/Iwo-SOM before
and after clustering map

compared the characteristics of all clusters for each dataset and found that our two methods
Iwo-SOM and Iwd-SOM provided similar results. We recall that lwo-SOM and Iwd-SOM
characterize clusters in an automated unsupervised manner. Validation of the results ob-
tained was difficult because these methods used unsupervised learning. Therefore, we com-
pared our methods using supervised validation techniques.

Table 2.6.5 provides a comparison of the accuracy of classification for various datasets
after running a 3-fold cross-validation five times. We compared different situations in which
the features were selected using our methods (lwo-SOM, Iwd-SOM) or classical SOM. We
found that our methods performed better than SOM for the various situations (using all fea-
tures, features selected by cell and features selected by cluster). In all cases local weighting
observation /wo-SOM gave a significantly higher classification accuracy than other algo-
rithms. Means and standard deviation (SD) for the accuracy index values were computed for
15 independent runs.
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Figure 2.25: WDBC dataset: Cluster characterization of the map obtained using Iw(o/d)-
SOM after hierarchical classification (left figure) and using cross classification (right figure).
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Figure 2.26: Cluster characterization of the map obtained using Iw(o/d)-SOM after hierar-
chical classification on Isolet dataset

Figure 2.27: Cluster characterization of the map obtained using cross classification on Isolet
dataset.
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Table 2.5: Comparison of purity score with +SD after running a 3-fold cross-validation five
times (15 runs for each). b/a - before and after segmentation; Sel f. - selected variables by
the cell; Sel cl. - selected variables by cluster

Db. b/a method
sel/cl | SOM Iwo-SOM Iwd-SOM
b. 0.779+0.05 0.802+0.04 | 0.78+0.047
Isolet | Self. | 0.741+0.052 | 0.786+0.043 | 0.761+0.041
Selcl. | 0.679+0.061 | 0.782+0.047 | 0.781+0.048
b. 0.894+0.042 | 0.92+0.037 | 0.905+0.041
wdbc | Self. | 0.892+0.047 | 0.915+0.04 | 0.902+0.043
Selcl. | 0.891+£0.046 | 0.915+0.041 | 0.901+0.042
b. 0.861+0.041 | 0.867+0.041 | 0.857+0.043
Spam | Sel f. | 0.858+0.039 | 0.875+0.04 | 0.873+0.043
Selcl. | 0.618+0.044 | 0.856+0.041 | 0.853+0.042
made- | b. 0.654+0.041 | 0.68+0.04 0.676+0.039
lon Sel f. | 0.661+0.038 | 0.702+0.041 | 0.691+0.04
Selcl. | 0.6524+0.052 | 0.716+0.042 | 0.709+0.047

Table 2.6: Global Weighting - Comparison of purity score with £SD after running a 3-fold
cross-validation five times (15 runs for each). b/a - before and after segmentation; Sel f. -

selected variables by the cell; Sel cl. - selected variables by cluster

Db. method

SOM | gwo-SOM | gwd-SOM
Isolet | 0.779+0.05 | 0.785+0.04 | 0.762+0.042
wdbc 0.894+0.042 | 0.867+0.041 | 0.874+0.048
Spam | 0.861+0.041 | 0.845+0.043 | 0.753+0.023
madelon | 0.654+0.041 | 0.598+0.05 | 0.549+0.046
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Table 2.7: Selected variables with /wo-SOM technique compared to the bi-clustering tech-

nique (clustergram)

Database Nb. of | bi-clustering lwo-SOM
clusters
waveform 3 cll: [3-12] cll: [4-10]
cl2: [7-15] cl2: [6-15]
cl3: [10-18] cl3: [7-19]
cl4:[5-17]
Wisconsin D. || 2 cll-5 [4;24] cl1-9 [4;24]
Breast Cancer
Madelon 2 cll: [445-450] cll:1
cl2: [450-460] cl2: [91, 281, 403, 424]
Isolet 26 cl1-15: cl1-13:
[1-300, 450-620] | [1-330, 450-617]
SpamBase 2 cll:56 cll: 56
cl2:57 cl2: 57
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2.6.6 Evaluation of the double local weighting SOM (diw-SOM)

We show here the impact of the simultaneously observations and distance weighting (dlw-
SOM) on the waveform dataset. The prototypes of the map changes and one can see that the
variables [1 — 20] has a bigger importance compared to variables [21 — 40] that means that
dlw-SOM detect easy the relevant variables. Also, compared to Iwo-SOM prototypes and
Iwd-SOM prototypes for the same dataset (Figure 2.19(b) and 2.20(b)) in the figure 2.28 one
can detect the impact of the distance weighting (form of the weights) and of the observations
weighting (filtering the observations) because the highest values of the prototypes are not
dense.

Figure 2.28: double local weighted SOM : prototypes of the map

Analyzing the distance weights (Figure 2.29) we can detect the influence of the observa-
tions weights (Figure 2.30) on the distance: the distance weights is bigger where observa-
tions weights are more important. The distance weights depend on the observations weights
because the observations computation phase is doing before the assignment of the distance
weights during the learning process.

In order to attempts the cluster characterization using the diw-SOM map we apply the
feature selection ScreeTest on the prototypes matrix. The test shows that the relevant features
are [2—21] and irrelevant are 1 and [22 —40] which are representatives for waveform dataset.
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Influence of the
observations weights on
the distance weights

Figure 2.29: double local weighted SOM : distance weighting matrix

¥ 10

25

Figure 2.30: double local weighted SOM : observations weighting matrix



140 Memory based Weighted Topological Clustering

o —
= —= ]
100 e —— | e— b
e — L —
o ———_ul—
150 - ol
200 - 4
250 " — 4
T —
T ——
T T ———
300 F  —— T — i
T —
R ——
————
350 b

(S}
-
o
-
o
N L
o

25 30 35 40

Figure 2.31: Cluster characterization using double weighting SOM

The figure 2.31 shows the relevance of each corresponding cluster of the map. Compared to
Iwo-SOM and Iwd-SOM, we can detect easily the form of waves and the variable’s relevance
for each prototype a more clearly in this case. This is due to the combination of the both
local weights.
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2.7 Conclusion

In this chapter, we introduced new learning approaches that takes into account all neighbor-
hood information during the competition phase and thus allows the memory learning. We
used the SOM algorithm as a basic learning algorithm by introducing a voting matrix for
taking into account the competition history. The different topographic errors that we have
calculated on several maps show a strong improvement in the quality of the topological maps
retaining a good distortion. Also, the segmentation of the maps with vm-SOM offers finer
(homogeneous) clusters compared to conventional SOM.

Also, we have described a process for selecting relevant features in unsupervised learning
paradigms using these new weighted approaches. These new methods are based on the SOM
model and feature weighting. Both learning algorithms /wo-SOM and Iwd-SOM provide
cluster characterization by determining the feature weights within each cluster. We described
extensive testing using a novel statistical method for unsupervised feature selection. Our
approaches demonstrated the efficiency and effectiveness of this method in dealing with high
dimensional data for simultaneous clustering and weighting. The models proposed in this
chapter were tested on a wide variety of datasets, showing a better performance for the
Iwo-SOM algorithms than for the /Iwd-SOM or classical SOM algorithm. We also showed
that through different means of visualization, Iwo-SOM and Iwd-SOM algorithms provide
various pieces of information that could be used in practical applications.

The global weighted approaches are used in the case of analysis of the entire clustering
result and not for each cluster separately. The last proposed weighted method is the double
local weighted SOM (diw-SOM) which allow us to weight the observations and the dis-
tances simultaneously and avoid the user to choose the confidence criteria for the weighted
approach: observations or distances during the learning process.

This work offers several perspectives for future work. We can extend these models to take
into account possible correlations between features and the robustness to noise. We can also,
extend the algorithms to treat other types of features (categorical, mixed features) using an
appropriate measure or distance. For the wm-SOM approach, one of the perspectives is to
use the estimated vote matrix during the learning process, to build a neighborhood matrix
that can serve as input to clustering algorithms.






Chapter 3

Modular and Hybrid Clustering

3.1 Introduction

As is mentioned in Chapter 1, in literature exist different clustering algorithms and new clus-
tering algorithms continue to appear. But, many of clustering algorithms require additional
user-specified parameters, such us the optimal number of clusters (k-means), stopping cri-
teria, similarity parameters, smoothing parameter (8 in /wd-SOM or gwd-SOM), and others
parameters. There are also, some algorithms which use random initializations and due to
this they give different results for each replication, so there is no clear indication for the best
partition result. So, it is evident, that a combination scheme between clustering algorithms
could give a better result: number of clusters, purity of segmentation, etc. To resolve this
challenge, some approaches for Multi-Clustering Fusion Scheme were proposed in literature
as [47, 123, 109]: “Consensus Models”, “LSEC - Least Square Error Combination”, “HCE
- Heterogeneous clustering ensemble”, etc.

In this chapter we propose a Multi-Clustering Fusion Scheme based on Relational Analysis
[91] and Iwo/Iwd-SOM.

The aim of this chapter is to expose an original approach to merge different partitions,
related to the same data set, which are obtained either by applying different clustering tech-
niques or by the same clustering technique with different parameters. Fusing partitions has
been broadly studied and has been given several names, depending on different scientific
fields, like machine learning or bioinformatics [34, 95, 73]. Among these names we can
quote: consensus clustering, clustering aggregation, clustering combination, fusion of clus-
tering, ...etc. Several studies [125, 124, 44, 122, 93] have pioneered clustering data sets as
a new branch of the conventional clustering methodology. In [124] the authors propose a
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probabilistic formalism of clustering concensus using a finite mixture of multinomial distri-
butions in a space of clustering. The approach proposed in [44] is designed for combining
runs of clustering algorithms with the same number of clusters. In [122] the authors pro-
posed combiners based on a hyper-graph model to solve the cluster fusion problem. The
authors discuss two manners of consensus clustering: (1) Feature Distributed Clustering
(FDC): a set of clustering are obtained from partial view of variables using all observations
(2) Object-Distributed Clustering (ODC): with this technique the ensemble clustering has
limited to subset of observation with access to all variables. The authors provides three
techniques (CSPA!, HGPA?, MCLA?), but indicate that HGPA delivers poor scores for the
both data sets used in this chapter. Our work is in FDC category. In [10] authors propose
a modification of k-means for clustering a multiple runs of k-means. It’s named intelligent
k-means, which is especially defined for clustering ensembles. All these models assume that
the correct number of clusters is given as parameter of model. In [49] the authors give a
formulation of ensemble clustering titled clustering aggregation, which does not require a
number of clusters. The authors give a nice review of algorithm dedicated to ensemble clus-
tering.

In this chapter, we offer a representation of consensus clustering as a set of new variables
characterizing the observations. This leads to a formulation of the fusion problem as categor-
ical clustering problem. We propose to use Relational Analysis (RA) as consensus method for
unsupervised learning. The consensus clustering is provided as solution of the minimization
of the objective function for a given consensus clustering. The main idea, shared with other
algorithm is : If many clustering algorithms assign two observations in the same cluster, it
will not benefit to consensus clustering to split these observations [14].

There are several advantages of RA consensus function: first we have low computational
complexity, and second ability to deal with huge data set. Another purpose of our algorithm
is not to neglect the weak clustering result. Often in the ensemble/aggregation/fusion clus-
tering we combine only the best results. Given observations and m clustering result proposed
with categorical variables, the purpose is to produce a single clustering that agree as much as
possible with all results of clustering algorithms. The algorithm we propose for the problem
of consensus clustering take advantage of statistical formulation.

Another problem for clustering algorithms is the deal with multimodal datasets (images,
text, video, sound) which are widely requested by users, and there is a strong need for effec-
tive ways to process and to manage it, respectively.

Concerning the images libraries, most of existed algorithms/frameworks are doing only im-

ICluster-based Similarity Partitioning Algorithm
2HyperGraph Partitioning Algorithm
*Meta-Clustering Algorithm
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ages annotations and the search is doing by this annotations, or combined with some clus-
tering results, but they do not allow a rapid browse of these images. Even if the search is
very quickly, but if the number of images is very large, the system must give the possibility
to the user to browse this data. In the context of this problem, we propose in this chapter a
multimodal fusion schema using a real images dataset (wikipedia).

As the Relational Analysis approach doesn’t allow a topological view of the clustering re-
sults, for the hybrid clustering we propose an iterative algorithm associated with this model,
which, contrarily to the SOM technique, the proposed RTM (Relational Topological Map)
has the advantage of not setting a priori the number of neurons and helps to develop the
topological map in automatically adjusting its size.

The rest of the chapter is structured as follows: In section 3.2 we describe in detail the
proposed model for consensus clustering. In section 3.2.2 we present a special case of global
fusion based on self-organizing map and we present experiments on public data set in the
section 3.2.3. In section 3.3 we introduce the proposed RTM hybrid clustering method.

3.2 Modular Topological Clustering

As mentionned, it is well-know that there is no perfect clustering method, some cluster-
ing approaches could give better results than other clustering methods depending on the
dataset’s size, features distribution, correlation between the observations, and vice versa.
For classification or regression problems, it has been shown that the gains, from using modu-
lar clustering approaches (ensemble methods), are directly related to the amount of diversity
among the individual component models. Strehl et al. [121] shown that combining multiple
clustering methods to find a consensus at the end of the learning can be used to introduce
robustness, speed-up superlinear clustering algorithms, and dramatically improve ‘sets of
subspace clusterings’ for a large variety of domains. In the context of this motivation we
will adapt proposed weighted SOM approaches and Relational Analysis technique to a new
clustering fusion schema.

Relational Analysis in the context of a modular clustering can be applied in various set-
tings. Multiple runs of clustering algorithm, like self-organizing map, generate a new vari-
ables space, which is significantly better than pure or normalized variables space. Therefore,
running a simple clustering algorithm on generated variables space can obtain the consensus
cluster significantly better than pure observations. In this chapter we present another features
of our framework:
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e Clustering categorical variable: Consensus clustering provides a natural method for
clustering categorical data.

e Determining the correct number of clusters: The formulation we propose don’t require
as parameter the number of clusters. The only parameter needed by RA is the similarity
threshold.

o Clustering mixed data : The clustering fusion method can be particularly effective
in the cases where data are defined over heterogeneous variables that contain incom-
parable values. We consider in this chapter a particular case with continuous and
categorical variables. In such cases the data set can be divided vertically into sets of
homogeneous variables. Thus we apply an appropriate clustering algorithm and then
combine the individual clustering into single clustering using categorical data cluster-
ing method.

o Clustering a multimodal dataset (we uses an images dataset for experimentations).

3.2.1 Clustering Fusion Scheme for binary/mixed data

In order to improve the strong points of the RA technique for the clustering fusion, we intro-
duce in this section a global fusion scheme for the mixed data. The proposed fusion schema
(figure 3.1), initially, uses different clustering methods for the data adapted to them. If the
dataset contains binary, numerical and mixed data, the schema will contain three different
methods which are able to deal with each type of data respectively. After obtaining different
clustering results for each part of the dataset (type of data) the RA technique is applied on
these results and will find a consensus which will represent the clustering result for the entire
dataset.

3.2.2 Example of a global fusion for mixed data

A specific SOM (Self-Organizing Map) model has been developed for mixed data using the
similar cost function as the model presented in [76, 84]. The model dedicated to binary and
continuous data is called MTM (Mixed Topological Map) proposed by Lebbah et al. in 2005
[84]. As with a traditional self-organizing map, we assume that the lattice € (map) has a
discrete topology defined by an indirect graph. Usually, this graph is a regular grid in one
or two dimensions. For each pair of cells (c,r) on the map, the distance 6(c, r) is defined as
the length of the shortest chain linking cells r and c. Let X = {x;,i = 1..n} the learning data
set where each observation x; = (xl.l, xl.z, - xf.‘, ..., x[") is made of two parts: continuous part
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Data

Pre-processing  global vs local

Figure 3.1: General Scheme of Fusion Clustering
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where the kth component xf’[k] is binary variable (xf.’ X1 e B = {0, 1}) such as each observation
x; is thus, a realization of a random variable which belongs to R% x%. With these notations a
particular observation x; = (x:[‘], xf[']) 1s a mixed subvector (continuous and binary variables)
of dimension m = d, + d,.
Since for binary vectors the Euclidian distance is no more than the Hamming distance I,

then the Euclidian distance can be rewritten by:
2 . 2 L1 bl
[l = well? = It = wiH )P + HOH, witd)

where H(x11, w’l) the complement of global similarity between a binary part of an obser-
vation x and referent Wf[']).

Using this expression, the cost function of the traditional SOM algorithm which is dedi-
cated to mixed data can be expressed as:
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Where ¢ assigns each observation x; to a single cell in €. X is a particular kernel function
which is positive and symmetric ( lim K(y) = 0).

|y]—c0

The first term is the classical cost function used by the Kohonen Batch algorithm [76], and
the second term is the cost function used in BinBatch model [83]. The cost function (3.1), is
minimized using an iterative process with two steps.

1) Assignment step, which leads to the use of the following assignment function:

. . 12 bl (bl
Yx, ¢(x) = arg mgn (”xr[] _ WZ[]|| + H(x []’Wc[]))
2) Optimization step: It is easy to see that this two minimizations of two terms allow to
define:

e The continuous part w.! of the referent vector w, as the mean vector as:

PR CRTEN)A
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e The binary part w2l of the referent vector w, as the median center of the binary
part of the observations xf’[‘] e P weighted by K(d(c, ¢(x;))). Each component

Wf['] = (wf“], wf[k], wf[d”]) is then computed as follows:
0 if 2,0 K(S(e, o1 = 2] >
blk]

= [ 2er K(6(e, ™| ,

1 otherwise

3.2.3 Experimental evaluation

In the following, the RA is used as the clustering consensus/fusion based algorithm for cat-
egorical and mixed data. First, the original data set is divided into two sub-data sets: pure
categorical data set and pure continuous data set. Next, existing well established clustering
algorithms designed for different data types are employed to provide corresponding clusters.
We can run many algorithms or the same with different parameter using the same data. Fi-
nally the clustering results are combined as categorical data set to provide a consensus single
clustering.

As quality evaluation criterion we use purity index. However, when class labels are avail-
able for each observation, we can use purity measure to indicate the match between cluster
labels and class labels. The purity assess clustering quality from 0 (worst) to 1 (best).
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Artificial data sets for fusion

We illustrate the cluster consensus applications on two artificial data sets downloaded from
http://strehl.com/ and used by [122] : 2D2K and 8D5K.

For this experiment we take several clustering results provided by Strehl in his website
http://strehl.com/. The authors give two simulations of clustering ensemble: (FDC, Expl)
Feature-distributed Clustering (ODC, Exp2): Object-distributed Clustering. Table 3.1 in-
dicates different results provided by Strehl and Ghosh adding the result obtained with our
consensus clustering technique RA in both experimentations. Our purpose through this com-
parison, is not to assert that our method is the best, but to show that RA method can obtain
quite the same good results as the two previews ones, without making any arbitrary assump-
tions about the number of clusters to be found. Indeed, as shown in the table bellow, we can
see that RA method give similar results and quite comparable to the ones obtained by both
proposed techniques (FDC, ODC). The main difference between these three methods is that,
unlike the two other methods, RA doses not require a priori knowledge of the number of
clusters.

8D5K RA
FDC (Expl) | 0.9970 | 0.9930
ODC (Exp2) | 0.9480 | 0.9330

2D2K RA
FDC (Expl) | 0.9440 | 0.9440
ODC(Exp2) | 0.9680 | 0.9700

Table 3.1: Comparison of consensus clustering. FDC: Feature-Distributed Clustering; ODC:
Object-Distributed Clustering; RA: Relational Analysis; Exp: Experimentation

In the first experiment we simulate such clustering result by running several clustering
algorithms, each one having access to only a restricted categorical or continuous variables.
Thus, each clusters has a partial view of the observations. The clusters are found using
subspaces and adapted clustering technique. In the consensus clustering, cluster labels are
clustered using RA technique. In order to compare our result, we cluster the data using the
MTM method which provides a small cluster organized as map (see section 3.2.2). Often
we use hierarchical clustering to reduce the number of the clusters [131]. The combining
method is indicated by MTM+HC and the number of clusters between bracket.

The figures 3.2 and 3.3 show the comparative results in term of number of clusters and the
purity index. As can be seen, the both figures indicate that RA provides the high scores when
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Figure 3.2: Credit data set. Purity scores for consensus clustering. RA : Relational Analysis;
MTM: Mixed Topological Map. HC: Hierarchical Clustering. The number between brackets
indicates the number of clusters provided automatically
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Figure 3.3: Heart disease data set. Purity scores for consensus clustering. RA : Relational
Analysis; MTM: Mixed Topological Map. HC: Hierarchical Clustering. The number between
brackets indicates the number of clusters provided automatically

compared for the same number of clusters. Note in this case for the both data set we have, a
priori, two classes, and the RA (2) provides high purity for this case. We note also that RA
don’t require two steps of clustering, comparing to the MTM and other clustering ensemble
algorithms found in the literature which needs an agglomerative clustering technique to re-
duce the number of clusters. The only parameter needed by RA is the similarity threshold.
In this second experiment we use Handwritten data set. The purpose is to use RA as con-
sensus clustering of several runs of the same clustering algorithm. In this case we simulate
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16 cluster results obtained with Self-organizing map dedicated to categorical data and hier-
archical clustering, using different parameters [84, 131]. We use 5 cluster results with purity
score lower than 0.4, and 4 results lower than 0.72, and the rest results are between 0.74 and
0.76. Thus the RA consensus clustering provide a stable purity with 0.76.

The figure 3.4 shows the distribution of each class of digit in all 15 consensus clusters.
The figure 3.5 shows the best map obtained among the 16 maps used for consensus cluster-
ing. We visualize this figure in order to interpret the results of consensus. We note that RA
grouped in a cluster numbered 12, 13, 15, the mix of digit 7, 9 and digit 5. It is clear to see
on the map (Fig.3.5) that some figures such as "9" are written in the same way as "5" and
"7". The same analysis could be done with the other clusters.

4 5 6 7 8 9 10 1 12 13 14 15

Figure 3.4: Consensus clustering with RA. Each bar shows the distribution of each cluster.
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Figure 3.5: 16 X 16 map using MTM with only categorical data
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3.2.4 The fusion technique for a multimodal dataset

The multimodal data has properties which made difficult it’s exploitation using statistical
classical methods:

e Hetrogenous data : some physical image characterization are associated to some words
extracted from a text jointed to the image, or sound and image which came from a
video, or sound and text derived from an audio record;

e The data are usually mixed : one can have at the same time quantitative data (im-
ages characterization/features), and binary data (the words which correspond to the
images);

e The number of features to describe this data is usually very important/big and can be
in order of some thousands features;

Images datasets are becoming more common and widely used as visual information is pro-
duced at a rapidly growing rate. Creating images and storing its became an easily and very
used process for general use. Consequently, the digital visual libraries are growing and there
is a strong need of adequate solutions to process this data and to extract relevant informations
from it.

The traditional text-based approaches to image retrieval have proven out to be inadequate
for many purposes. On some occasions, image databases have associated captions or other
text describing the image content and these annotations can be used to greatly assist image
search. Manually annotating large databases takes, however, a lot of effort and raises the
possibility of different interpretations of the image content. As a result, content-based image
retrieval (CBIR) has received considerable research and commercial interest in the recent
years. One of the challenge is to automate the process of image retrieval and to make it sepa-
rately from text annotation [77]. The most interesting and used technique for data reduction
and visualization in machine learning are the Self-Organizing Maps (SOM). This approach
was used for image retrieval system called PicSOM [80] which use the tree structured SOM
(TS-SOM) [103].

We propose a novel technique which propose to use the Iwo-SOM [102] [52] to attempt a
3D visualization and browsing of the dataset. Also, we incorporate an interactive learning
approach based on the users/experts information and on the computing of the Euclidean
distances matrix. This technique is similar to the annotation which was used in different
way, like in [71] that compute mixture models for each image and uses the Mallows distance
to construct a matrix to be used by the clustering algorithms.
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Contrarily to the most of the feature extraction techniques where the main access to the
images is made through query, we will use an autonomous approach which auto-organize
the structure of the dataset using the learned map. The system is also capable to receive new
data after the clustering and to place it in the computed space in the map.

In this work, we will study a specific image collection of 17812 images extracted from
Wikipedia pages. The images are accompanied with keyword-type annotations which spec-
ify a subset of available keywords for each image.

The general schema for the fusion of images maps result is given in figure 3.6.

Pre-processing
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using the final consensus H

Figure 3.6: General Schema of the Fusion Procedure
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3.2.5 Images and Features extraction

The images (17812) were extracted from the wikipedia web site from the tourism compart-
ment by the Xerox Research Center [111] during the Infom@gic project. Each image has
a web link and a set of words attached to it. The pre-processing technique is an important
step for clustering a multimodal dataset. From a multimodal dataset we can extract different
types of features as shown in the figure 3.7.
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Figure 3.7: Pre-procession of the images dataset

The Fisher Kernels approach was used to obtain a numerical transformation of images.
The used technique is an approach which was inspired by the bag-of-words used in text cat-
egorization referred to as the bag-of-keypatches or bag-of-visterms (BOV). Given a visual
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vocabulary, the idea is to characterize an image with the number of occurrences of each vi-
sual word. The gradient of the log-likelihood transforms a variable length sample X into a
fixed length vector whose size is only dependent on the number of parameters.

Perronnin F. and Dance C. proposed to apply Fisher kernels on visual vocabularies, where
the vocabularies of visual words are represented by means of a GMM (Gaussian Mixture
Models). All the images were resized to contain approximately the same number of pixels,
so, the same number of features were extracted from all images (between 500 and 600 for
each feature type). First features are based on local histograms of orientations and the sec-
onds ones are simple local RGB statistics [111]. After obtaining these features vectors, the
features dimension were reduced to 6400 using an GMM algorithm and the Fisher Kernel
described bellow.

Fisher kernels have been introduced to combine the benefits of generative and discriminative
approaches. Let p be a pdf whose parameters are denoted A. Then one can characterize the
samples X = x,,t = 1...T with the following gradient vector:

v log p(X12) (3.2)

We note that in this work we used the numerical data for each image, the transformation
was made by the Xerox Research Center.

3.2.6 The Framework for images self-organizing map

In the next sections of this chapter concerning the modular topological learning we will use
the wikipedia images dataset which will allow us to propose a new image retrieval system
for browsing an images dataset or searching in it.

One of the well known browsing/search images techniques is the google search engine
which uses the ranking method to classify the web pages containing the corresponding im-
ages. The rank of a page depends numerically on the pages that are pointing to it [46]. For
a given document v from a set of documents V (v € V), let I""(v) be the set of documents
pointed to v, and I""(v) - the set of documents to which v is pointing respectively, the rank
p(p) of a page p is given by the following formula:

p(q) N

pp)=Kla ), o

gel~(p)

(I —a)p(p) (3.3)

where K is a normalization constraint that assures that p is a probability, « is a weighting
factor that allows to gives more importance to a page - the PageRank method. A sensitive
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point of the PageRank is the importance that is given to the pages rank pointed to ¢, that
is the value of the parameter . Moreover, the result of a search/query will not be allways
the best, because by searching an image containing a flag (drapeau in french) we can detect
some images which doesn’t correspond to the user query like some people’s images which
has the name ’Flag/Drapeau’. So, making a test, searching the flags on search engine based
on rankpage, we have 182000 result’s images that means that the user need approximately
45 minutes to browse the resulted images which is not confortable. Based on these problems
we will introduce a new original topological learning system for images datasets in order to
attempt a faster browsing and a well-clustered topological map composed from images.

For each coded set of variables, all the different maps are learned (figure 3.8) in order to
obtain a reduced matrix for each type of the coding technique respectively. We used the
classical SOM and weighted SOM approaches presented in the chapter 2 in order to learn
different maps of images (figure 3.8). So, from a dataset size 17812x6400 we reduced the
dimensionality to 17812x10 where variables were recoded using cells number for each map.

After obtaining the lwo-SOM map, we construct the distance matrix Nx|W|, computing the
Euclidean distance between each sample (image) i = 1...N and each prototype j = 1...|W| of
the map:

X(Dy) = (Il xi = wil?)

The matrix D, is sorted in order to have all the samples(images) structured by levels :
from the best matching unit until the last unit. Using this sorted matrix, we can construct
now the map and visualize images which correspond to these units. For each unit there is a
corresponding image from the data set. Each map unit/cell has several images/samples/ob-
servations which were captured during the learning process. So we have two ways to manage
this images dataset: to cluster it and to browse it, presented in the next sections.

3.2.6.1 Clustering the images

Firstly, we learn a map size 13 x 13 (169 cells), and secondly, for each cell we display the
corresponding image from the dataset. Also, the framework give the possibility that when
choosing the interest image, the map will show all others images which were captured by
this cell/neuron (Figure 3.9).

On the obtained /wo-SOM map (Figure 3.9), we can detect 6 clusters: one in the top
left corner which correspond to the clear blue images (like images which sky); a cluster
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Figure 3.8: Dimensionality Reduction
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Figure 3.9: Images SOM Map (13x13 size)

in the left bottom part of the map - images with the more darkly blue color. We observe
that these two clusters are neighborhoods on the map because they are correlated (clear blue
and dark blue). Another correlated cluster to these two is the cluster situated on the bottom
which contains images with blue/black color. On the right bottom corner of the map there
is a cluster which contains red/yellow images represented the flags. The right top cluster
has more white images characterizing graphs and geographical maps; and the last cluster is
situated in the middle of the map and is representing by brown color images. As we can
see, the topology of the map is well defined and the neighborhoods cells on the map are
correlated between them. This technique gives the possibility to the user to have a small-
space representation for the entire dataset.

Now, we will analyze captured images by the cells 169, 91 and 32 as we can see on the
figure 3.9. For the cell 169 (Figure 3.10) we can observe that all the captured images are
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reds and represents flags (only one image are green). The 91th cell captured all white images
representing the graphs presented in the figure 3.11.

Figure 3.10: Captured images by the 169th cell

W = g
T

Figure 3.11: Captured images by the 91th cell

More difficult is to find the correlated images for the 32th cell there the images are not
highly similar between them, this means that the expert annotation could not coincide with
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our result. In this case, the system(framework) must be able to use the user/expert informa-
tions and to change its results after the learning process - the interactive learning.

-
|
vi

Figure 3.12: Captured images by the 32th cell

3.2.7 Fusion

We use the Relational Analysis method to fusion the results, in order to obtain a consensus
between all these maps.

The fusion schema (figure 3.13) is used for all types of coded variables matrix: color,
texture, text or combined them as shown in the figure 3.13. The fusion’s result of the obtained
images maps gives a new clustering result (figure 3.14). On this new clustering result we
can find out new formed clusters as black color images cluster located in the middle of the
clustering. Another new cluster is the set of the green images situated on the left of the
black images cluster. These new forms of clusters means that the clustering fusion technique
found out new clusters, or in other words, founded the 'real’ clustering result by combining
multiple topological clustering approaches.

The figure 3.14 shows the clustering fusion results on the wikipedia maps. Visually, one
can detect the well-defined images clustering: there are a cluster composed only from white
flags, a cluster with blue images, with green images, etc.
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Figure 3.13: Fusion of the SOM maps

3.2.7.1 Browsing

After obtaining the RA consensus for each type of coded data, we process a second fusion
presented in the figure 3.15 in order to find out the best map from the initial ones.

To browse the images dataset, we firstly visualize the map with the best matching units
(the most representative images) and then, we can chose the next level to visualize (or to skip
some levels) until we are satisfied of the result. This process is doing in a 3D visualization
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Figure 3.14: Fusion of the wikipedia maps

by displaying the maps with the corresponding captured images step by step as shown in
the figure 3.16. Most of the image retrieval systems do not support browsing, likely because
it is difficult to define and implement. Rather, these systems force/ask the user to specify
what they are looking for with a query. If the user’s task is not compatible with the images
annotations made by another users/experts, the system will not be able to help the user learn
what kind of images can be found. So, the problem, in this case is the text annotations,
and the no-organizations between images during this task. Our approach, is to automate the
browsing task using not only the annotated text, but also the similar images founded during
the unsupervised learning. The idea, is to present an images map to the user in order to detect
not only the searched image, but also the similar images from the map (neighborhoods cells
using the Euclidean distance) (Figure 3.16(a)). Furthermore, a cell from the map (the best
matching unit) can be used to represent many others similar pictures, and will accurately
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Figure 3.15: Fusion of the RA clustering results

suggest the kinds of pictures that will be found by exploring that cluster.

The figure 3.16 shows the map with the best matching units (first level), and the next 3 levels
of the maps. For each map the neighborhoods displayed images are correlated between them,
and one can detect also some cells which are empty, because there are cells which captured
only 1, 2, or 3 images. So displaying the map level which is greater than the size of the
captured images vector for a cell, the respective cell will display an empty (white) image to
show that there are no more correlated images to the last one.

The figure 3.17 shows the best map of images (Iwo-SOM map). The 3D blue bars show



164 Modular and Hybrid Clustering

level 1

Figure 3.16: Images dataset browsing using Iwo-SOM technique. Four levels of the 3D map.

the approximative dimension of each cell of the map. Images in each map’s cell are sorted
by means of the Euclidian distance in order to display foreword the most relevant images.
Dropping on the others map’s levels, the map could have empty cells as not all the cells
captured the same number of observations (images) as is displayed in the figure 3.18 and
3.19.
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Figure 3.17: Browsing: level O

Fusion of the weighting methods //gwo-SOM and [/gwd-SOM

In order to find the best structured map obtained with the classical SOM, Iwd-SOM and Iwo-
SOM on the wikipedia dataset we use the Relational Analysis technique which compute the
contribution measure for each map and we obtain the following results:

e For the classical batch SOM the contribution is 0.874;
e For the Iwd-SOM : 0.914;

e Finally, for the Iwo-SOM this index increases to 0.979.
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As we can see, the Iwo-SOM approach provides a higher contribution measure, and re-
spectively this map highly corresponds to the fusion results compared to classical SOM and
to Iwd-SOM. This results confirm the performance of the weighting process during the map
learning.

set level (4] Recherche projection

L photao: (39)
ancien: (52
galerie: (44) &

= rue: (27)

Figure 3.18: Browsing: level 120

The figure 3.19 shows one of the last level of the Iwo-SOM map and, as, we can see,
even in this case there are two correlated images on the corresponding map’s level. These
images are situated in the middle of the map. The browsing process shows against the strong
importance of the topological knowledge for the learning/clustering task.
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308

3.2.7.2 Search

set level
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Figure 3.19: Browsing: level 308

A second important facility for the images libraries is the images retrieval based on user
queries. In literature exists many algorithms to resolve this problem, like computing the
probability of each candidate image of emitting the query items, computing the images rank,
and many others. Our goal is to use the attached images words, but instead of displaying
all the images which has this word jointed, our system will display to the user, the level of
the map where is situated the searched image. With this, the user will have the possibility to
choose another correlated image even if it doesn’t has the searching word corresponded to it.

The figure 3.20 shows the /Iwo-SOM map where each cell is bordered by a circle or a
square in order to show cells which contains the searched word *flag” ("drapeau’ in french).
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Figure 3.20: Searching : level O

The border color indicate the frequency of the searched word in the corresponding cell: red
color is representatively to the cell which have more images with the corresponding word;
respectively, the blue color represent the less number of images within this word. The square
border corresponds to the attached words and the circle form border - to the web link attached
to each image. If the first map’s level doesn’t satisfy the user/expert, the level can be moved
to other level and to search the corresponding image or to choose another cell if the image is
correlated with the desired ones.

Figures 3.22 and 3.23 shows examples of the wikipedia web pages which correspond to the
Los Angeles flag image and to the earth map image respectively, extracted from the obtained
map.
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Figure 3.21: Searching: level 75

3.2.8 Interactive Learning

As already stated, sometimes we can have images that don’t correspond to the user/expert
criteria, and, in this case, the framework gives the possibility to the user to choose the class/-
cell where the image should be placed. Our system will compute the minimum Euclidean
distance between the image i and the corresponding cell/prototype j:

Xx(x;) = argmin (||7TjX,' - wj||2)
The new image is placed in the respective cell and to find it’s place in the cluster j the

corresponding vector of images is re-sorted.
This process is useful also to cluster the new images which arrives in a real-time to the
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Figure 3.22: Web link of a image (1)

x| W Galerie des ar... x

Figure 3.23: Web link of a image (2)

dataset/framework by computing the corresponding distance: firstly between it and all the

prototypes/cells, and secondly - to compute the distance inside of the cell between it and all
the images to find its place.
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3.3 Hybrid topological clustering

3.3.1 Relational Topological Map: Batch algorithm

As the Relational Analysis based clustering techniques doesn’t allow clustering visualiza-
tion, we propose a relational formalism approach for the binary topological maps called
RTM.

Using the batch version of the Self-Organizing Maps we will introduce the notion of the
topology in the classical relational analysis objective function presented in the Chapter 1.
In this case, the affectation phase of the learning algorithm will change, and will take into
account the neighborhoods relations in computing the contributions(links):

RZ{)nd(QO’ W) =

N
cont” (X, W) (3.4)
=1

1

Suppose that during this phase, the set of prototypes is fixed and constant, so, one have to

maximize the objective function R!

(¢, W) with respect to ¢, and we obtain:

Vi, @(i) = arg mlax cont’ (X;, W) 3.5)

As for the traditional model of self-organizing map, for the RTM model we use a two
layer neural network with a entry layer for the observations and an exit layer representing a
topological map C. The proposed RTM model use the same vector quantization where each
cell of the map which is the index of the required quantization’s prototype will be represented
by a vector of the same size of observations.

The quantization is done by means of the assignment function ¢ adapted to binary data.
The choice of prototypes and the assignment function is done by maximizing the following
objective function:

N N L
Cii + Ciryr
Rldpx) = ), ) leir = a 7 2 Kl (3.6)

i=1 i'=1 =1

The maximization of the R’ objective function must preserve the topology of the map
and carry out a partition of a dataset into homogeneous subsets.
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By rewriting the objective function in terms of the observations X; of each object and the
prototype W, of each neuron of the map C, the R” (¢, x) has the following form:

RZond((p’X) =

N
i=1

L N
T Cii + Ciry
Z K s Z[Cii' —a( 2 Wxin (3.7)
=1 i’=1

We note the contribution between an observation i and its prototype / by cont(i, [) which is
defined as following:

Cii + Ciriv
2

N
cont(i, 1) = ) [ew — e (3.8)
i'=1

Changing the contribution cont(i, /) which will be noted cont(X;, W)) in the expression 3.7,
we obtain the following objective function:

RZ{)nd (QD’ W) =

1

N L
|Gl (X, Xi) + Xiec, Xy Xir)
Z K ) [<Xi’ W) —a 5 ' (3.9)
=1

=1

= > cont” (X, Wyp)  (3.10)

N
i=1

where cont” (X;, W,;) is the regularized contribution of the observation i to his winner

neuron ¢(7) and is defined as following:

ICil (Xi, Xi) + Zirec, (Xir, Xir)
2

L
cont” (Xi, W) = D Kisiuin) [(Xi, W) - a (3.11)
=1

The regularized contribution of the observation i to ¢(/) (expression 3.11) represent a
weighted sum of contributions of the i to all prototype vectors W, taking into account the
neighborhood of influence of the corresponding winner neuron.

In order to obtain the expression to compute the prototypes we will rewrite the contribution
between an observation and a prototype in the following simplified form:
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|CIl{Xi, Xi) + Xiec, (Xirs Xir)
T L
cont” (X;, th(z’)) = < Z (8(e(i), ) > Z (S(p(i),D) 2 l

or

Z i |Cl|<XlaX> + Z i Zi’ C <Xi’9Xi/>
cont’ (X;, Weiy) = <X Wg(l)> =l (5(“’()1)) 2’ 1 (5(¢()l)) €C

Zr 1 (5(1 r))lcr| (Xi, Xi) + Z ((5(1 ) Zi'eC, (Xir, Xir)
2

cont’ (X;, W) = <Xi’ W1T>

where W;(i) is the regularized prototype of the winner neuron ¢(/) and is defined as follow-
ing:

W = ZKW(,) Wi = Z oy D X (3.12)

i/ECI

The maximization step consists in the maximization of the objective function with respect
to W by fixing the affectation function ¢, and we obtain:

N
cont” (g, W) = >~ Kisuiop,cont(Xi, W) (3.13)

The objective function is rewritten using the following contribution:

L
cond(go’ W) - Z CO’”T(SD, Wl) (314)
I=1
and
W, =arg mvex com‘T(cp, w) (3.15)

This technique allows to find the profiles |G| from I which have bigger value of the
cont™ (¢, W;). More explicitly, this process will update the prototypes for each ¢ iterations
based on the following expression:

VI, W) = ZKT((S(r D) ). Xi (3.16)

i’eCL
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3.3.1.1 RTM heuristics

For the proposed Relational Binary Topological Map (RTM), we consider the batch SOM
where the update step of the learning consist to maximize the objective function 3.9 by con-
sidering all prototypes Z fixed; the representation step maximize the same function consider-
ing the set of clusters to be fixed (the assignment function ¢ fixed). So, after the initialization
step, for a temperature 7 fixed, the minimization occurs in two alternating steps during the
learning process: the assignment and maximization steps.

Algorithme 17 : Heuristic RTM algorithm
Step 1. Initialization: Initialize the greed C using the classical RA approach
for t = 1 to Ny, do
Step 2. Assignment: For an observation i € X compute its contribution for each neuron
of the map C using the expression 3.11.

It is assumed at this stage that all prototypes are fixed and remain constant by

T

maximizing the objective function R,

(¢, W) compared to ¢, and it is easy to see that
this maximum is reached for an assignment function defined by:

Vi; @)(t) = argmax cont’ (X;, Wi(t — 1)) (3.17)
l

Step 3. Maximization: The maximization step consists in maximizing the objective
function over W by fixing the assignment ¢. In other words, maximization step consists
in updating each regularized prototypes X/ (r) of the neuron C; at each iteration ¢
according to:

L
VI W0 =) K@ Y X (3.18)
r=1

i’eCy(1)

end for

The proposed algorithm combines the relational analysis for clustering a dataset X and the
neighborhood function for the SOM model to construct the grid and to take into account
the topological information during the map learning. The algorithm starts by building an
empty grid of size C initially fixed. During the first iteration, filling the map will be done
incrementally using the classical relational analysis without taking into account the topo-
logical information. Then, we apply the topological relational analysis which will allow
a self-organization of clusters (map’s cells) produced by the RA technique during the first
RTM iteration.
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In the procedure 17 the heuristic version of the RTM algorithm it is shown.

To computing the contributions between an observation X; and a prototype W,, the algo-
rithm is presented in the procedure 18.

Algorithme 18 : PROCEDURE ComputeContribution
for/=1to Ldo
ComputeContribution() conttT_l(X,-, W) =:

L T L T
Zr=1 K((s(r’l))lerl < Xia Xi >+ Zr=1 K((s(,’l)) 21”66, < Xi’aXi/ >

[< X, W > —a 5

] (3.19)

end for

More detailed, the RTM algorithm is presented in the procedure 19.
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Algorithme 19 : RTM batch Algorithm
Inputs:
Initialization : €= initial map with L cells. N;,,= number of iterations. N= observations
number. a= similarity threshold. K”= neighborhoods matrix

- Randomly choose an observation i € [ to be the first cell element C,
- [ =1, where [ is the corresponding cell number
- Initialize the profile of the first constant cell

W/ (0) = X; (3.20)

Consider KT = I, for the iteration ¢ = 1, I, is the identity matrix.

for r = 1 to Ny, do
for i = 1 to N (Affectation) do
ComputeContribution()

I' = argmax cont! | (X;, W)) (3.21)

contlT_l(Xl-, W) < the computed contribution
if 1 # 1 then
Affect i to G
else
if conttT_l(Wl-, Wr) <0 and [ < L then
Build a new cell where i is the first affected observation for this cell
[=1+1
Compute We,,,: Wg () = Yice Xi
Randomly place the cell C;,; on the map C
else
Affect i to G
end if
end if
end for

for [ = 1 to L (Update of the profiles) do

L
W =) Kl D, X (3.22)
r=1 i'eCL
end for
end for
OUTPUT:

A map with L cells.
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3.3.2 Experimentations and Validations

We use the zoo dataset to show the good performane of the RTM algorithm. This dataset
contains 101 animals described with 16 qualitative variables: 15 of the variables are binary
and one is numeric with 6 possible values. Each animal is labelled 1 to 7 according to its
class. Using disjunctive coding for all variables with 6 possible values for the numerical
variable, the data set consists of a 101x36 binary data matrix. All 101 animals are used
for learning a map with the dimension 5x5 cells. At the end of the learning step, each
observation, corresponding to an animal, is assigned to the cell with the highest contribution
by taking into account the neighborhood relation.
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Figure 3.24: Initialization map using Relational Analysis algorithm

The RTM algorithm start with the initialization of the grid by distributing the observations
using the classical relational analysis approach. The figure 3.24 shows the class of animals
distributed after the initialization step of the RTM algorithm. We used the animals names
used in original dataset. To visualize the coherence of the map with the labelling of an-
imals, this figure shows the class number corresponding to each cell after the application
of the majority rule in each cell. We remind that during this learning step, the neighbor-
hood information is not considered (the neighborhood function K is not computed). On the
initialization grid (figure 3.24) the observations are not well distributed, there is two set of
observations labeled with 7 which are separated by 2 empty cells; we can find also four sets
of animals labeled as 1 which are dispersed on the map: two sets on the left top corner, one
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set is situated on the left bottom corner, and the last one - on the right bottom part of the map.
This map demonstrate that the classical RA doesn’t use a topological information during the
clustering process which could allow a good distribution of the observations.

After the initialization step, the RTM algorithm will continue the learning process by tak-
ing into account the neighborhood relation between all the cells. Figure 3.25 shows animals
names collected by each cell. The map shows that the same class of animals is assigned to
cells close to each other.

Clam Hamster (1) chicken dolphin bass
Crab Ladyhbird (6) dove leopard catfish
Crayfish Scorpion (T) flamingo pony chub
lobster parakeet dogfish
octopus (1.5) sparrow (1) haddock
Seawasp i vulture herring
slug pike
starfish @) piranha
warm stingray

tuna
)

“)
flea Toad (3) antelope gnat mink
honeybee Tortoise (3) hare housefly oryx
moth vole termite pussycat
wasp (3.5) seal

(D (6
(6) (D
aardvark giraffe frog Frog (5) crow
gorilla puma newt Penguin (2) hawk
lion wallaby pitviper ostrich
reindeer (2.5) pheasant
(1) &)
(1 @
seasnake porpoise slowworm carp duck
squirrel sealion tuatara seahorse qull
vampire deer sole kiwi
(1) skua

(n 3 e

@
girl boar bear buffalo lark
opossum calf cavy fruitbat rhea
platypus elephant cheetah mole skimmer
raccoon goat mongoose swan
walf lynx (1) polecat wren
(1 (1) (1) (2)

We can observe that the animals corresponding to the class 1 are clustered in the cells
situated on the left bottom part of the map (figure 3.25); the birds which correspond to the

Figure 3.25: Relational Topological Map : zoo dataset
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class 2 are in the right bottom part of the map. Also, we can analyze that fruitbat from the
class 1 situated nearest to the cell containing the birds (class 2) is explained that the fruitbat
has nearest characterization with the birds even it comes from the insects family.

On the middle of the map there is a cell containing 2 observations from two different
classes : the frog (class 5) and penguin (class 2). The RTM algorithm put these two observa-
tions in the same cell because the frog and the penguin has very closest specifications even
the penguin belongs to birds family and frog - from the amfibia family. Moreover, on the left
of this cell there is a cell containing the animals from class 5, and on the right - a cell labeled
as class 2. We have the same situation for the cell labeled as 3.5 where the toad and the
tortoise has highly correlated features, and the both cells labeled as 5 and 1 are bordered on
the right from this cell. The same type of analysis can be applied to the remaining clusters.
To give a global view of homogeneous clustering, we compute the classification rate for all
animal dataset and we obtain a classification rate of 97.84%.

We compare our map with the map obtained using the BeSOM (Bernoulli on Self-Organizing
Map) [85] which use a probabilistic reformulation of the classical SOM. The map obtained
using the BeSOM method is presented in the figure 3.26. Analyzing both maps obtained with
BeSOM (figure 3.26) and with the proposed RTM approach (figure 3.25) we can detect some
correlations between them: class 5 and 2 are situated in the middle of the map, the majority
of the cells containing animals forming the first class are situated on the left bottom corner of
the map. Comparing with the BeSOM zoo map, we can observe that RTM zoo map provides
more finer cells: in the case of the BeSOM map there are three cells which contains only
one observation which respectively will attribute to these ones a 100% of purity, and 8 cells
containing by two observations which is also easy to have a high purity score. The RTM map
has no cell which contains only one observation an has only 3 cells with two observations
that means that our map has cells with a better distribution of observations.

In order to show the good performance of the Relational Binary Topological Map (RTM)
approach we use several binary datasets of different sizes. For each dataset we learned a map
of different sizes (from 4x4 to 10x10) and we indicate in the table 3.2 the purity of clustering
after the first iteration using the classical relational analysis and the map purity at the end of
the map learning with the RTM technique. The results illustrate that the proposed technique
increase the purity index compared to the classical RA and allow to obtain a topological map
by computing the neighborhood function between the cells.

The datasets used for the experimentations are described in the Appendix of this work.
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Figure 3.26: 5x5 BeSOM map taking from [85]

3.4 Conclusions

We introduced in this chapter the problem of the modular and hybrid clustering. For the
modular based clustering, we presented an original and new approach of fusion/ensemble/-
consensus/aggregation clustering. The main idea was to find a clustering (or partition) of
observations that represents the best consensus between several other clustering related to
the same data set. The goal of the proposed algorithm is the improvement of confidence in
cluster assignments by evaluating a history of cluster assignments for each observation. If we
compare our algorithm (or method) to some recent clustering algorithm, we can assert that,
unlike these new algorithms, our method is scalable, linear, has a small computational time
and can handle data represented as observations cross attributes or as similarity matrix. Our
clustering method handles missing values without replacing them by values that could be
very far away from the true ones. It also contains a preprocessing module that, among other
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Table 3.2: Experimentation results on different datasets using RTM approach

H Dataset Dataset size | Map size | AR purity | RTM purity
Zoo 101x21 5x5 69.08 97.84
Car 1728x21 10x10 70.31 80.17
Nursey 12960x29 6x6 50.47 78.69
SPECTF 80x1127 4x4 57.14 81.82
Pos-operative | 90x24 5x5 71.59 78.21

processing, can compute how discriminant are the attributes measured on the observations
to be clustered. Finally we verified the intuitive appeal of the proposed approach and we
studied the behavior of our algorithm on real and synthetic heterogeneous data sets. We ob-
served that the proposed method increases performance as more as iterations of the process
are performed. Another advantage of our method is that, neither do we need to re-process
the data; nor do we need to fix the same cluster numbers for each application or clustering
algorithm. For the application of the proposed fusion schema we presented a novel solution
for manage and process visual datasets. This process has been patented by us and Thales
S.A. [15]. We proposed two scenarios: a clustering and a browsing schema which could be
done simultaneously with the interactive learning. Also, we propose an original solution for
the searching on the images libraries using the annotated text only to find the corresponding
level of the map, and then to use the correlation between images on the map and inside the
cell to display the information, in order to avoid the eventual noise (worst annotated text).
The perspectives of the proposed fusion schema is to perform a more detailed analysis in-
volving huger data set, and to attempts this model to characterize clusters after the fusion, by
using some weighting/memory techniques during the learning process from the beginning
(local learning) until the fusion.

In order to attempts a hybrid based clustering, we proposed a new model for clustering and
visualization of binary data based on the neighborhood relation from the classical SOM but
using the formalism of the relational analysis approach. The proposed hybrid RTM approach
combines the advantages of both methods, indeed it allows a natural clustering identification
without fixing the number of clusters (or cells). However, this model addresses in the same
manner variables describing the data by ignoring their internal structures, the number of
modalities per variable and the size of each modality. One of the perspective of the RTM
approach is to ameliorate the learning process by weighting the Condorcet criteria used in
this model.






Chapter 4

Collaborative Clustering

4.1 Introduction

In an industrial context of increasing competition, companies are constantly called upon to
work together (to collaborate) to face up to this strategic issue and to be able to provide the
level of required service for their customers. To benefit from this collaboration, the tasks
of Data Mining (Clustering, mining and knowledge management ...) should consider all
the datasets associated with these collaborating companies although they are distributed on
several different sites.

Obviously, for confidentiality reasons (ex. medical or bank data), sharing data between
collaborating companies is not allowed. So, centralizing their data by combining them into
one dataset and then performing the task of Data Mining is not appropriate.

In this work, we are interested in the problem of clustering and specifically in collaborative
clustering preserving data confidentiality and using self-organizing maps of Kohonen.

The rest of this chapter is organized as follows: we’ll present our vertical and horizontal
collaboration approaches in section 4.3 and 4.4, after introducing the problem of collab-
orative clustering. In Section 4.5, we’ll present different results. Finally, the chapter is
completed by the conclusion and some perspectives of the proposed methods.



184 Collaborative Clustering

4.2 Collaborative Clustering

Collaboration between the companies has intensified in recent years and has become one of
the usual corporate strategies. Often, large local companies outsource the manufacture of
certain parts or the provision of certain services to small businesses. Moreover, there are
small companies in the same activity sector or even in the same industry forming between
them strategic organizations which favors flexible specialization and collective efficiency.

In both cases, to better take advantage of collaboration and clustering, the collaborating
companies must have a global clustering result considering all their data. Obviously, for rea-
sons of confidentiality, data sharing between these companies is forbidden, which prevents
centralizing their data by combining them into one database and perform clustering on the
latter. Thus, in literature. some studies have been proposed which allow collaboration of
several distributed datasets over several different sites while preserving the confidentiality of
these data. According to the structure of collaborated datasets, there are three main types
of collaboration: horizontal, vertical and hybrid collaboration [106]. In this work, we are
particularly interested in horizontal and vertical topological collaborative clustering.

In the chapter 3, we introduced our approach in the dimensionality reduction, but imagine
the case when we have a very large data set and all the features a pertinants and no reduction
can be made. In this case, to accelerate the data mining of these data sets we can separate
the data in some subsets (using a separate collaborative function) and then we can use the
collaborative clustering to cluster this data.

Collaborative clustering was first investigated by Pedrycz [106, 107, 108, 94, 109], using
a fuzzy k-means algorithm. The fundamental concept of collaboration is : “the clustering
algorithms operate locally (namely, on individual data sets) but collaborate by exchanging
information about their findings” Pedrycz.

4.3 'Topological unsupervised horizontal collaborative clus-
tering

In the case of horizontal clustering, all datasets describe the same observations. So, all these
collaborative datasets have the same number of observations but a different number of vari-
ables. What we would like is that after the collaboration, if an observation of the i-th dataset
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is projected onto the j-th neuron of the ii-th SOM map, then the same observation of the
Jjj-th dataset is projected on the same neuron j in the jj-th map or on one of the neighboring
neurons. In other words, neurons that correspond to different maps should capture the same
observations. That’s why we have added a term to the objective function of the classical
SOM learning algorithm in order to approximate the neurons to which an individual belongs
on all the maps. We weighted this function by the collaboration parameter @ which is set by
the expert depending on the confidence of the collaborated map.

Formally, we have achieved the following new objective function:
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Where P is the number of datasets, N — the number of observations on the dataset and ii is
the same for all bases, |w| is the number of prototype vectors of the map ii. This function is
minimized for each dataset during the collaboration step.

Figure 4.1 shows the schema of horizontal collaboration between multiple maps from sev-
eral datasets.

The minimization of the horizontal collaborative clustering

In the case of the horizontal collaborative clustering, the function to optimize is the follow-
ing:
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So, we have x; = (x;1, X2, ... Xin) €t w; = (Wj1, Wp, .., wj,) and the RES¢![ii] function can be
re-written as following:
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Figure 4.1: Horizontal collaborative SOM
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The topological horizontal collaboration clustering algorithm is summarized in the proce-
dure 20. In this procedure the two steps: local and collaborative are indicated. We note, that
in case of collaborating of existed maps (clustering results) the algorithm escape the local
phase because the map existed already and will start directly the collaboration step.
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Algorithme 20 : Topological horizontal collaboration Algorithm
Initialization:
Initialize all the map prototypes W randomly. Set the matrix of collaboration «f[ii, j ]
1. Local step:
for each DB, X[ii],ii=1a P do
Minimize the objective function of the classical SOM:
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for t = 1to T,,4x (T,na, indicates the number of iterations) do
1.A. Learning step:
At each iteration ¢ choose an input x(7) in general, randomly, and present it to the map.
1.A.1 Competition step:
Choose the best matching unit (BMU) ix by computing ||x; — w.,-(t)ll2
1.A.2 Updating step:
Update the winner neuron i* and its neighbors:
wit+1) =w; + @)K (xi —w;(?))
Decreasing the size of the bmus neighborhood area and the learning coefficient
g(r) =0.
end for
end for
2.Collaborative step:
for each DB X[ii], ii = 1 to P do
Minimize the horizontal collaborative learning objective function 4.1.
Compute prototypes of the new ii-th map:
for s = 1to |w| do
fort =1to|x| do
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end for
end for
end for
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4.4 Topological unsupervised vertical collaborative cluster-
ing

Unlike horizontal clustering, in the case of vertical clustering, all datasets have the same
variables.

Data sets Clustering

Figure 4.2: A general schema of vertical clustering

Therefore, all observations of these datasets have the same size and the size of prototype
vectors of all SOM maps is the same. We would like a neuron j in the i-th SOM map be
similar to the same neuron j of the jj-th map in terms of Euclidean distance. In other words,
neurons that correspond to different maps represent similar classes. This is why we have
changed the objective function of the classical SOM algorithm to approximate the similarity
of vectors corresponding to different maps. We weighted this function by the collaborative 8
parameter. Formally, we have achieved the following new objective function:
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Where P is the number of datasets, N[ii] - the number of observations of the ii-th dataset,
|w| is the number of prototype vectors of the map ii which is the same for all the maps. This
function is minimized for each dataset ii during the collaboration step. Figure 4.2 shows the
general schema of vertical collaboration between several SOM maps.

Minimization of the vertical collaborative objective function

For the vertical collaborative objective function, the objective function to optimize is the fol-

lowing:
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So, we have x; = (xi1, Xp2, .., Xin) €t w; = (Wj1,Wp, .., w},) , and, we can re-write the R{S%,

function as following:
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The vertical collaborative clustering approach based on self-organizing maps is presented
in the procedure 21 containing two steps: the local step and the collaboration step. As
for the horizontal collaboration, the vertical collaborative based clustering algorithm will
start directly with the collaboration phase if the maps are already known (protypes matrix is
computed).
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Algorithme 21 : Topological vertical collaboration Algorithm
Initialization:
Initialize all the map prototypes W randomly. Set the matrix of collaboration S[ii, jj]
1. Local step:
for each DB, X[ii],ii=1a P do
Minimize the objective function of the classical SOM:
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for t = 1to T,,4x (T,na, indicates the number of iterations) do
1.A. Learning step:
At each iteration ¢ choose an input x(7) in general, randomly, and present it to the map.
1.A.1 Competition step:
Choose the best matching unit (BMU) ix by computing ||x; — w.,-(t)ll2
1.A.2 Updating step:
Update the winner neuron i* and its neighbors:
wit+1) =w; + @)K (xi —w;(?))
Decreasing the size of the bmus neighborhood area and the learning coefficient
g(r) =0.
end for
end for
2.Collaborative step:
for each DB X[ii], ii = 1 to P do
Minimize the horizontal collaborative learning objective function 4.4.
Compute prototypes of the new ii-th map:
for s = 1to |w| do
fort =1to|x| do
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end for
end for
end for
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4.5 Experimental results

To validate our approach, we computed the quantization error (distortion) on several maps
of different size. To show the importance of our approach to the clustering problem, we
calculated the purity index of each map.

The purity of a neuron is the percentage of data belonging to the majority class. Assuming
knowledge of all classes of data L = (/;, l», ..., /|L|) and all the neurons C = (cy, ¢2, ..., C|¢)),
the term which expresses the purity of a map is defined as follows:

ICl
max C
puriy = 13 e ] @)

Where |c;| represents the total number of data associated with the neuron ¢y, |c;| represents
the number of data class /; which are associated with neuron c¢; and » the total number of
data. The purity of the map is equal to the average purity of neurons. A good SOM map
should have a greater purity.

4.5.1 Results on the waveform dataset

We use the waveform dataset (Appendix A.1) in order to show the improvement of the col-
laborative topological clustering approaches because this dataset has twenty noise features
added to the data, and allows us to provide a visualization of each results. We note that the
analysis of these results must be made in a color mode. The computed validation indices
are shown in tables 4.1 and 4.2, and are discussed in the chapter only those which changes
significantly.

4.5.1.1 Improvement of the horizontal approach

In order to have four datasets with the same observations but described by different variables,
we divided the Waveform dataset size 5000 x 40 into four databases: the first and the second
part of the dataset (5000 x 10; 5000 x 10) which corresponds to all the relevant variables -
variables [1, 2, ..., 20]; the second and third part (5000 x 10; 5000 x 10) containing the noise
of the base - the set of variables [21,22,...,40]. We use these datasets to show the entire
process that will enable collaboration of all datasets in a horizontal manner.
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The collaboration matrix a was set initially at @ = [11, 11]. We selected maps of dimension
10x10, and then we execute the local step of the collaboration clustering algorithm on the
first dataset which is to learn a SOM map for all the observations of this dataset. Another
map has been used to learn the observations of the second dataset during the local learning
step. Figure 4.3(a) and Figure 4.3(b) present respectively the prototype vectors obtained
on the first and second map after the local learning step. The two axes X and Y represent
respectively the indices of variables and prototypes. We, then construct another map for the
Ist dataset by collaborating with the second map (SOM2) and obtained a map presented in
the figure 4.3(c). The same collaboration was done for the 2nd dataset in collaboration with
the first map (SOM1) and we obtained the SOM21 map which is shown in the figure 4.3(d).

If we compare the first local map (SOM1) which has a purity index equal to 75.71% and
the one obtained after the collaboration (SOM12), we can notice that the second local map
has influenced the latter. It is thus that, due to the influence of the high important variables
from the second local map (SOM2) having 79.61% purity index, the variables [1 — 4] of
the collaborated SOM12 map has more importance (red color) compared to the SOM1 map
obtained from the same dataset. The collaborated SOM12 map purity increase to 76.21%
compared to the first local map thanks to the SOM2 map with which the map collaborated.
And similarly, the first four variables from the collaborated SOM21 map has less importance
compared to the local SOM2 map due to the collaboration with the first map (SOM1) where
the variables [1 — 4] has less importance compared to the SOM2 local map, and respectively
the accuracy index decrease to 78.72% as a result of the collaboration with a map which has
a smaller accuracy. The same analysis can be done for the learning quantization errors of
these maps. The respectives purity indexes and quantization errors can be find in the table
4.1 from this chapter.

Table 1 summarizes the evaluation criteria associated with these maps.

The local step of the collaboration approach was done also for the third and fourth datasets
which contains noise variables. The figure 4.4 shows the both local maps SOM3 and SOM4
issued from these dataset which shows the noise features for all the prototypes. Due to the
features noise in these datasets, the purity indices are very small compared to the first two
maps, and are equals to 47.19% for SOM3 map and to 51.26% for SOM4 map (table 4.1).

Now, we will collaborate the local SOM1 map (figure 4.3(a)) with local the SOM3 map
(figure 4.4(a)) in order to see the influence of the noise features on the important features
and viceversa. On the SOM13 map (figure 4.5(a)) obtained after the collaboration with the
SOM3 map, we can see that the high important variables [6 — 10] reduced the importance due
to the collaboration with the noise variables compared to the local SOM1 map and the purity
index decrease considerably to 62.47% (from 75.71%). Contrarily, the collaborated SOM31
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(a) The map of the 1st dataset before collaboration (b) The map of the 2nd dataset before collabora-
: SOM1 tion : SOM2
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(c) The map of the st dataset after collaboration (d) The map of the 2nd dataset after collaboration
with SOM2 : SOM12 with SOM1 : SOM21

Figure 4.3: Horizontal collaboration for datasets 1 and 2

map (figure 4.5(b)) has increase only a little the importance of the features [1 — 4] compared
to the local SOM3 map (the accuracy index increase to 54.63% from 47.19%). Therefore,
these results confirm that the noise features has a big influence on other features and should
be eliminated before the learning process by using a features weighting/selection algorithm
as that presented in the Chapter 2.

We will made the same collaboration process between the SOM1 local map containing
relevant variables and the local SOM4 map containing noise variables. As for the SOM13
map, the noise SOM4 map influenced the SOM1 map but a little less than collaborating with
the SOM3 map. The relevant features decreased their importance after the collaboration due
to the noise features presented in the local SOM4 map (figure 4.6 (a)). Relevant variables
can’t increase the importance of features from the 4th map, to do this we need to increase the
confidence parameter « for the 1st map. The purity indices and quantization errors which
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(a) The map of the 3th dataset before collaboration (b) The map of the 4th dataset before collaboration
: SOM3 : SOM4

Figure 4.4: SOM maps for the dataset 3 and 4 before collaboration
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(a) The map of the 1st dataset after collaboration (b) The map of the 3th dataset after collaboration
with SOM3 : SOM13 with SOM1 : SOM31

Figure 4.5: Horizontal collaboration between the datasets 1 and 3

explain this results are shown in the table 4.1.

In the figure 4.7 we shows the collaboration between the two maps SOM14 and SOM21
obtained after the collaboration between 1st and 4th maps; and between the 2nd and 1st
map respectively. This result shows that in the case of collaborating of two maps containing
relevant variables, the obtained collaborated map will contains high relevant variables which
will increase the map accuracy (table 4.1). We remind that red color represent important
variables for each map’s prototype. We note obtained map SOM14-21.

As, the SOM14-21 map contains high relevant features, we will collaborate this one with
the SOM41 map containing noise variables, but increasing the confidence parameter « to 8
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(a) The map of the st dataset after collaboration (b) The map of the 4th dataset after collaboration
with SOM4 : SOM 14 with SOM1 : SOM41

Figure 4.6: Horizontal collaboration for datasets 1 and 4
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Figure 4.7: The SOM14 map after collaboration with SOM21 : SOM14-21

for the SOM14-21 map and decreasing « to 0.2 for the SOM41 map in order to weight the
importance of the SOM14 map. As we can see on the figure 4.8, the collaborated obtained
map changed its structure by increasing the importance of features [4 — 9], that means that
the important features from the first map high influenced on the noise features, and increase
the purity index to 66.84%, and decreasing the quantization error to 2.01.
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Figure 4.8: The SOM14-21->41 map after collaboration of SOM14-21 with SOM41 :
SOM14-21->41

Table 4.1: Experimental validation of the horizontal collaboration

Measures H Purity \ Quantization error
SOM1 75.71 | 1.98
SOM2 79.61 | 1.87
SOM3 47.19 | 2.64
SOM4 51.26 | 2.41
SOM12 76.21 | 1.93
SOM21 78.72 | 1.81
SOM13 62.47 | 2.14
SOM31 54.63 | 2.27
SOM14 64.17 | 2.05
SOM41 56.18 | 2.35
SOM14-21 69.67 | 1.94
SOM14-21->41 | 66.84 | 2.01
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From table 4.1, we can notice that then collaborating a map with a higher purity index with
another which has a smaller purity, the accuracy of the first one will decrease and viceversa.
The same situation can be analyzed for the quantization error, where it will increase while
collaborating a map with another which has a bigger quantization error. This is the main
enigma of the collaborating technique: to know when the collaborating process will increase
clustering validation indices; but in the unsupervised learning, computing these indices are
not usually possible, so, the main goal remains to attempts the collaborating between maps.

4.5.1.2 Improvement of the vertical approach

In order to have datasets with the same descriptive variables, the base waveform size 5000 x
40 was divided into four databases size 1250 x 40. So these datasets has the same variables
but different observations labeled in three classes. We will use these four datasets to show the
entire process of vertical collaborative SOM. The collaboration matrix  has been set at [0.8
0.8, 0.8 0.8]. We selected maps of dimension 10 X 10. Then we execute the local learning
step on the first dataset which is to learn a SOM map (SOM1) for all the observations of the
corresponding dataset. Another map (SOM?2) has been used to learn the observations of the
second dataset during the learning local step.

In the figure 4.9, the two axes X and Y represent respectively the variables and prototype
indices. Figure 4.9(a) represents the 100 prototype vectors associated with neurons of the
first SOM1 map with a purity index equal to 88.33% and a 5.64 quantization error. Figure
4.9(b) represents the 100 prototype vectors associated with neurons of the second SOM?2
map which has an accuracy of 87.75%, and a quantization error to 5.83. It is clear from
the two above-mentioned figures that the prototype vectors associated with these two maps
are different because on the SOM map in 4.9(a), each vector w; is regarded as the average
of observations in the first dataset which has been projected onto the j-th neuron. Also, in
figure 4.9(b), each vector w; is considered as the average of all the observations of the second
dataset which has been projected onto the j-th neuron.

After obtaining these two maps, the collaboration/cooperation learning step is initiated. As
mentioned earlier, we can’t assemble both databases for reasons of confidentiality that pre-
vents the clustering of the entire dataset (the set of both datasets) on a single SOM map.
Thus, we will use the collaborative process of collaborating the first dataset with the second
map and the second dataset with the first map. This would allow repartition of observations
of the first dataset to a new SOM map in order to obtain a similar map to the one which we
would have got if datasets had collaborated since we use the information (prototype vectors)
of the first map associated with the second dataset and similarly for the observations of the
second map. Therefore the two maps after the vertical collaboration step must have similar



200 Collaborative Clustering

(a) The map of the 1st dataset before collaboration (b) The map of the 2nd dataset before collabora-
: SOM1 tion : SOM2
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(c) The map of the 1st dataset after collaboration (d) The map of the 2nd dataset after collaboration
with SOM2 : SOM12 with SOM1 : SOM21

Figure 4.9: Vertical collaboration for datasets 1 and 2

prototype vectors. Figure 4.9(c) and figure 4.9(d) represent respectively the prototype vec-
tors obtained on the first and second map after the vertical collaboration step. Figure 4.9(c)
represents the 100 prototype vectors (SOM12) associated with the first SOM1 map after the
collaboration of the first dataset and the second SOM?2 map of the local learning step. Figure
4.9(d) represents the 100 prototypes vectors (SOM21) associated with the second map after
collaboration of the second dataset and the first SOM1 map of the local learning step. It is
clear from the two above-mentioned figures that the prototype vectors associated with these
two maps are similar. This proves that the collaboration actually happens and that two neu-
rons j corresponding to the two collaborated maps represent similar classes/cells. The purity
indices of these collaborated maps doesn’t change radically: SOM12 has a 88.06% purity
and SOM21 - 87.93%. The same situation is for the quantization errors: 5.62 for SOM12
and 5.79 for SOM21.
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(a) The map of the 3st dataset before collaboration (b) The map of the 4th dataset before collaboration
: SOM3 : SOM4
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(c) The map of the 3st dataset after collaboration (d) The map of the 4th dataset after collaboration
with SOM4 : SOM34 with SOM3 : SOM43

Figure 4.10: Vertical collaboration for datasets 3 and 4

We attempt a learning of another two maps using the third and fourth datasets during the
local step of the collaborative learning approach, and the figure 4.10(a) and 4.10(b) show the
corresponding two maps. The SOM3 map obtained from the third dataset has the important
features [1 — 21], and the most important variables (red color) were captured by the cells
[70 — 100]. The quantization error of this map is equal to 5.24 and the accuracy of this one
is 90.04%. Contrarily to this map, the SOM4 map (88.76% of purity and quantization error
equal to 5.57) obtained from the 4th dataset, the most important variables ([15 — 25]) were
captured by the cells [1-40] because of using different observations from the original dataset.
The SOM34 map was learned using the information from the SOM4 map and as we can see
in the figure 4.10(c) the most relevant features ([1 — 22]) were captured by almost all the
cells except some neurons [40 — 60] which demonstrate that the collaboration between these
two maps allowed to change the information and to give more importance to the features
[1 —40] thanks to the SOM4 local map. The similar situation there is for the collaborated
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SOM43 map which uses the fourth dataset and the SOM3 local map to collaborate. The
variables [10 — 25] for the cells [S0 — 100] are less important compared to the SOM34 map
due to the SOM4 local map there the corresponding variables are less important compared
to the variables for the cells [1 — 40]. As is shown in the table 4.2, the accuracy indices of
these maps increase to 90.12% for the SOM34 map and to 89.57% for the SOM43 map, that
means that during the collaboration step, the map accuracy can be increased if collaborating
well-fined maps (high accuracy index).

We execute the vertical collaboration between the first (SOM1) and fourth (SOM4) and
the results are shown in the figure 4.11. The SOM14 map (figure 4.11(a)) take the same
structure as SOM1 4.9(a) by giving more importance to the variables [10 — 22] captured by
cells [20—60] due to the collaboration with the SOM4 local map. Contrarily, the SOM41 map
has a structure more similar to the SOM4 local map and the variables [15 — 22] for the cells
[80—100] increase compared to the SOM4 map (figure 4.10(b)) due to the collaboration with
the 1st map were these features are the most important. The purity indices and quantization
errors doesn’t change significantly, and can be analyzed in the table 4.2
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(a) The map of the 1st dataset after collaboration (b) The map of the 4th dataset after collaboration
with SOM4 : SOM 14 with SOM1 : SOM41

Figure 4.11: Vertical collaboration for datasets 1 and 4

As for the first and fourth maps, the same analysis can be done for the collaboration be-
tween the SOM?2 local map and SOM3 local map. As the features [10 —22] are important for
the both local maps SOM2 (figure 4.9(b)) and SOM3 (figure 4.10(a)) but for different cells,
almost all the cells of the both collaborated maps: SOM23 and SOM32 represented in the
figure 4.12 give a high importance of these features. In this case, for the both maps, as in the
case of the SOM34 and SOM43 maps, the purity indices increased compared to SOM3 and
SOM4 maps, as well as quantization error decreased for the both maps (table 4.2).

Finally, we will made a collaboration between a local map and an already collaborated one.
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(a) The map of the 2nd dataset after collaboration (b) The map of the 3th dataset after collaboration
with SOM3 : SOM23 with SOM2 : SOM32

Figure 4.12: Vertical collaboration for datasets 2 and 3

We will use the collaborated SOM23 map (figure 4.12(a)) obtained from the SOM2 (figure
4.9(b)) and SOM3 (figure 4.10(a)) maps, to change the information with the local SOM4 map
(figure 4.10(b)). Obtained two maps presented in the figure 4.13 have similar characteristics
(important variables) as the maps SOM23 and SOM32, although, the variables are more
correlated between them for these new maps. The purity indices and quantization errors can
be find in the table 4.2, which in this case doesn’t change significantly.

(a) The SOM map after collaboration between (b) The SOM map after collaboration of the SOM
SOM4 and SOM23 : SOM4-23 23 and SOM4 : SOM23-4

Figure 4.13: Vertical collaboration between the maps SOM4 and SOM23

The results of this vertical collaboration experiment on the waveform dataset are summa-
rized in table 4.2.
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Table 4.2: Experimental validation of the vertical collaboration

Measures H Purity ‘ Quantization error

SOM1
SOM2
SOM3
SOM4
SOM12
SOM21
SOM34
SOM43
SOM14
SOM41
SOM23
SOM32
SOM4-23
SOM23-4

88.33
87.75
90.04
88.76
88.06
87.93
90.12
89.57
88.46
88.57
89.02
90.97
89.14
88.83

5.64
5.83
5.24
5.57
5.62
5.79
5.07
5.16
5.59
5.51
543
4.96
5.03
548
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4.5.2 Results on others data sets

We applied the experimental protocol for other datasets and all indices are presented in table
4.3 and 4.4 for the horizontal and vertical collaboration respectively.

Table 4.3: Experimentation results on different datasets for the horizontal collaboration

Dataset DB.. Purity QE

wdbc SOM1 | 94.9550 | 1.9993
SOM2 | 97.2777 | 2.0749
SOM12 | 95.7798 | 1.8477
SOM21 | 97.3262 | 1.9438
isolet 5x5 | SOM1 | 81.2081 | 12.6149
SOM2 | 95.1220 | 14.4591
SOM12 | 81.3953 | 12.2188
SOM21 | 96.0674 | 14.1876
madelon | SOM1 | 60.8879 | 15.5896
SOM2 | 62.6402 | 15.5065
SOM12 | 61.0132 | 15.4871
SOM21 | 63.5744 | 15.4092
spam SOM1 | 83.8603 | 3.4582
SOM2 | 85.7205 | 2.5580
SOM12 | 83.1774 | 3.2398
SOM21 | 83.5983 | 2.4108

Concerning the other datasets, we will point out in this part the results obtained after
applying our algorithm. All used maps have size 10x10 except the map for the isolet dataset
which has the size 5x5. From Table 3, we note that the purity of SOM maps after horizontal
collaboration increases for each dataset and the quantization error decreases. This is due to
the use of map’s information associated with the collaborative dataset.

For the wdbc dataset, we may note that the purity of the first map after vertical collab-
oration has improved. Contrarily, the purity of the second map after the collaboration has
decreased. We also note that the quantization error of the first and second map was improved
after the collaboration. For the isolet dataset, we do not notice any improvement on maps ob-
tained from the collaboration compared to those before. For the database Madelon, we may
note that the map’s purity after the collaboration and the quantization error are improved.
For the spambase dataset, quantization error has improved. These results show that the pu-
rity of the maps and the quantization error is not always improved during the collaboration.
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Dataset DB.. Purity QE

wdbc SOM1 | 96.7153 | 90.5413
SOM2 | 97.8723 | 67.6035
SOM12 | 96.9925 | 71.4997
SOM21 | 97.4910 | 61.4791

isolet 5x5 | SOM1 | 98.8506 | 8.1904
SOM2 | 98.4615 | 8.7671
SOM12 | 79.5455 | 8.3419
SOM21 | 98.3051 | 8.7805

madelon | SOMI1 | 69.7198 | 612.3251
SOM2 | 69.8718 | 611.5365
SOM12 | 74.5704 | 595.9780
SOM21 | 70.7182 | 595.5441

spam SOM1 | 76.2624 | 61.8324
SOM2 | 70.4306 | 48.2763
SOM12 | 72.2861 | 45.9831
SOM21 | 69.7861 | 36.7421

Table 4.4: Experimentation results on different datasets for the vertical collaboration

In this section, we have found out that our vertical collaborative SOM approach improves
the similarity between prototype vectors. If the vectors of the two map prototypes after the
collaboration are similar and they have the same attributes in both datasets, then every two
corresponding neurons on the map represent two similar classes.

We showed as well that our two approaches,: horizontal and vertical collaborative topolog-
ical clustering, often improves the quality of maps (purity index and quantization error) after
the collaboration. Even when it does not improve the purity or the quantization error of a
map after the collaboration, they remain close to the values obtained on their corresponding
local maps. In order to increase the collaboration results, the directional based clustering
should be taken in consideration.

4.6 Conclusion

In this study, we have proposed two approaches for clustering of multiple databases derived
from several datasets using Kohonen’s self-organizing maps: horizontal collaborative SOM
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and vertical collaborative SOM. The horizontal collaborative SOM approach is adapted for
horizontal collaboration datasets that describe same observations but with different variables.
The vertical collaborative SOM approach is appropriate to the problem of collaboration of
several datasets containing the same variables as in the case of collaboration between several
banks.

Thanks to the principle of these two approaches, data confidentiality is preserved. During
the collaboration phase, each dataset is collaborated with all the maps obtained during the lo-
cal phase. Thus, each site uses its dataset and the information from other SOM maps, thereby
learning a new map that is similar to the map that would be obtained if we had centralized
datasets and then clustering it. Thus, the SOM maps obtained after the collaboration step are
similar. Both approaches have been validated on multiple datasets and experimental results
have shown very promising performance. Several goals can be achieved, such as: automat-
ically learn the matrices @ and S together instead of fixing them, combine the horizontal
and vertical collaborative SOM approaches to work out a new hybrid collaborative SOM ap-
proach; fusion all SOM maps obtained after the collaboration and construct a common map
for all sites.






Conclusion

Contributions

In this dissertation, cluster analysis was extended in several directions driven by the complex
data. The contributions are organized along four areas of clustering analysis techniques:
memory based weighted topological learning, modular, hybrid and collaborative topological
clustering, which are grouped in two main research axes: single model and multiple models
based clustering approaches (figure 4.14).

For the memory based weighted topological clustering, we proposed several approaches of

variable analysis during the clustering process. Ours methods are based on Self-organizing
Map and the estimation of features weights is done in conjunction with the automatic cluster-
ing. These weights are global or local and associated with each referent of the self-organizing
map. They reflect the local(global) importance of each variable for clustering. The weights
are used for a local segmentation of the topological map, giving also the richest clustering
taking into account the relevance of the variables. We introduced new learning approaches
that takes into account all neighborhood information during the competition phase and thus
allows the memory learning. We used the SOM algorithm as a basic learning algorithm by
introducing a voting matrix for taking into account the competition history. To take into
consideration the memory during the learning process, we proposed the wm-SOM algorithm
which compute a voting matrix for each iteration.
Also, we have described a process for selecting relevant features in unsupervised learning
paradigm using these new weighted approaches. These new methods are based on the
SOM model and features weighting. Local weighted learning algorithms (/lwo-SOM and
Iwd-SOM) and double weighting SOM (dIw-SOM) provide cluster characterization by de-
termining the feature weights within each cluster. We described extensive testing using a
new statistical method for unsupervised feature selection. Our approaches demonstrated the
efficiency and effectiveness of this method in dealing with high dimensional data for simul-
taneous clustering and weighting.
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Figure 4.14: Summary of contributions in this dissertation
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Concerning the modular based clustering, we presented an original and new approach of

fusion/ensemble/consensus/aggregation clustering. The main idea was to find a clustering
(or partition) of observations that represents the best consensus between several other clus-
tering related to the same dataset. The goal of the proposed algorithm is the improvement
of confidence in cluster assignments by evaluating a history of cluster assignments for each
observation. If we compare our algorithm to some recent clustering algorithm, we can assert
that, unlike these new algorithms, our method is scalable, linear, has a small computational
time and can handle data represented as observations cross attributes or as similarity matrix.
Another advantage of our method is that, neither do we need to re-process the data; nor do
we need to fix the same cluster numbers for each application or clustering algorithm. For
the application of the proposed fusion schema we presented a new solution to manage and
process visual datasets. This process has been patented by us and Thales S.A. [15]. We
proposed two scenarios: a clustering and a browsing schema which could be done simulta-
neously with the interactive learning. Also, we propose an original solution for searching
in images libraries using the annotated text only to find the corresponding level of the map,
and then to use the correlation between images on the map and inside the cell to display the
information, in order to avoid the eventual noise (worst annotated text).
In order to attempts a hybrid based clustering, we proposed a new model for clustering and
visualization of binary data based on the neighborhood relation from the classical SOM but
using the formalism of the relational analysis approach. The proposed hybrid approach com-
bines the advantages of both methods, indeed it allows a natural clustering identification
without fixing the number of clusters (or cells).

Two approaches were proposed for clustering of multiple databases derived from several
datasets using self-organizing maps: horizontal collaborative SOM and vertical collaborative
SOM. The horizontal collaborative SOM approach is adapted for horizontal collaboration
datasets that describe the same observations but with different variables. The vertical col-
laborative SOM approach is appropriate to the problem of collaboration of several datasets
containing the same variables as in the case of collaboration between several banks.

Thanks to the principle of these two approaches, data confidentiality is preserved. During the
collaboration phase, each dataset is collaborated with all the maps obtained during the local
phase. Thus, each site uses its dataset and the information from other SOM maps, thereby
learning a new map that is similar to the map that would be obtained if we had centralized
datasets and then clustered them. Thus, the SOM maps obtained after the collaboration step
are similar.

Collaborative clustering is useful to achieve interaction between different sources of infor-
mation for the purpose of revealing underlying structures and regularities within data sets.
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The introduced models of horizontal and vertical clustering achieve an active form of collab-
oration.

Future Work

This thesis offers several perspectives for future work. We can extend these models to take
into account possible correlations between features and the robustness to noise. We can also,
extend the algorithms to treat other types of features (categorical, mixed features) using an
appropriate measure or distance.

For the vim-SOM approach, one of the perspectives is to use the estimated vote matrix during
the learning process, to build a neighborhood matrix that can serve as input to the clustering
algorithms.

The perspectives of the fusion schema is to perform a more detailed analysis involving huger
dataset, and to attempts this model to characterize clusters after the fusion, by using some
weighting/memory techniques during the learning process from the beginning (local learn-
ing) until the fusion.

Concerning the hybrid clustering, the proposed RTM model addresses in the same manner
variables describing the data by ignoring their internal structures, the number of modalities
per variable and the size of each modality. One of the perspective of the RTM approach is to
ameliorate the learning process by weighting the Condorcet criteria used in this model.

For the collaborative clustering, several goals can be achieved, such as: automatically learn
the matrices @ and 8 together instead of fixing them, combine the horizontal and vertical col-
laborative SOM approaches to work out a new hybrid collaborative SOM approach; fusion
of all SOM maps obtained after the collaboration and construct a common map for all sites.
As the collaboration step depends on the maps between which collaboration is performed,
the directional based clustering could be applied to detect the correct collaborating direction.

Finally, as all these proposed approaches are based on self-organization, they require some
parameters during the learning/clustering process (learning step, size of map, § parameter
for the g/lwd-SOM, a parameter for the RTM) and we want to extend these approaches to
the autonomous machine learning techniques.



Appendix A

A.1 Data Sets

o Waveform data set: This data set consists of 5000 instances divided into 3 classes.
The original base included 40 variables, 19 are all noise attributes with mean 0 and
variance 1. Each class is generated from a combination of 2 of 3 "base" waves.

Figure A.1: Waveform dataset. 3 classes of waves

e Wisconsin Diagnostic Breast Cancer (WDBC): This data has 569 instances with 32
variables (ID, diagnosis, 30 real-valued input variables). Each data observation is la-
beled as benign (357) or malignant (212). Variables are computed from a digitized
image of a fine needle aspirate (FNA) of a breast mass. They describe characteristics
of the cell nuclei present in the image.
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e Isolet data set: This data set was generated as follows. 150 subjects spoke the name

of each letter of the alphabet twice. Hence, we have 52 training examples from each
speaker. The speakers are grouped into sets of 30 speakers each, and are referred to as
isoletl, isolet2, isolet3, isolet4, and isolet5. The data consists of 1559 instances and
617 variables. All variables are continuous, real-valued variables scaled into the range
-1.0to 1.0.

Madelon data set: MADELON is an artificial dataset, which was part of the NIPS
2003 feature selection challenge. This is a two-class classification problem with con-
tinuous input variables. MADELON is an artificial dataset containing data points
grouped in 32 clusters placed on the vertices of a five dimensional hypercube and
randomly labeled +1 or -1. The five dimensions constitute 5 informative features. 15
linear combinations of those features were added to form a set of 20 (redundant) infor-
mative features. Based on those 20 features one must separate the examples into the 2
classes (corresponding to the +-1 labels). The order of the features and patterns were
randomized. The original data set was splitting in three parts (learning, validation and
test), but we used only 2600 observations from learning set and from validation for
which the classes was known.
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Figure A.2: Madelon data distribution

e SpamBase data set: The SpamBase data set is composed from 4601 observations

described by 57 variables. Every variable described an e-mail and its category: spam
or not-spam. Most of the attributes indicate whether a particular word or character
was frequently occurring in the e-mail. The run-length attributes (55-57) measure the
length of sequences of consecutive capital letters.
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o Heart disease data set: this data set, which is D. Detrano’s heart disease data set,
was generated by the Clevlande Clinic. It consists in 303 observations, described by
6 numerical and 8 categorical variables. The observations are also classified into two
classes: healthy class (buff) and with heart-disease class (sick).

e Credit data set : The data set has 690 instances, each being described by 6 contin-
uous and 9 categorical variables. The observations were classified into two classes,
approved class and rejected class.

e Handwritten data: this data set consists of the handwritten numerals ("0"-"9") ex-
tracted from a collection of Dutch utility maps. There are 200 samples of each digit
such that there is a total of 2000 samples. Each sample is a 15 X 16 binary pixel im-
age. The data set is represented as a 2000 X 240 binary data matrix. Each categorical
variable is a pixel with two possible values "On=1" and "Off=0".

o Wikipedia Dataset. The dataset contains 17812 images extracted from wikipedia
pages, each of which is described by it colors and texture. The images are accompanied
with keyword-type annotations which specify a subset of available keywords for each
image, and a web link on the wikipedia pages. The Fisher Kernels approach was used
to obtain a numerical transformation of images by the Xerox Research Center [111]

e 2D2K (http://strehl.com/). The 2D2K data set was artificially generated and contains
500 observations each of two 2-dimensional (2D) Gaussian clusters.

e 8D5SK. The 8D5K dataset contains 1000 observations from multivariate Gaussian dis-
tributions (200 observations each) in 8D space.

e Nursery Database

Nursery Database was derived from a hierarchical decision model originally developed
to rank applications for nursery schools. It was used during several years in 1980’s
when there was excessive enrollment to these schools in Ljubljana, Slovenia, and the
rejected applications frequently needed an objective explanation. The final decision
depended on three subproblems: occupation of parents and child’s nursery, family
structure and financial standing, and social and health picture of the family. The model
was developed within expert system shell for decision making DEX.

The Nursery Database contains examples with the structural information removed,
1.e., directly relates NURSERY to the eight input attributes: parents, hasnurs, form,
children, housing, finance, social, health.
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This dataset has 12960 observations and 8 variables labeled in 6 classes.

Car Evaluation Database. Car Evaluation Database was derived from a simple hier-
archical decision model originally developed for the demonstration of DEX (M. Bo-
hanec, V. Rajkovic: Expert system for decision making. Sistemica 1(1), pp. 145-157,
1990.). The model evaluates cars according their concept structure. The dataset repre-
sent a 4 classes problem containing 1728 observations and 6 variables.

Postoperative Patient Data. The classification task of this database is to determine
where patients in a postoperative recovery area should be sent to next. Because hy-
pothermia is a significant concern after surgery (Woolery, L. et. al. 1991), the attributes
correspond roughly to body temperature measurements. The dataset has 90 observa-
tions and 8 variables classified in 3 classes.

SPECTF heart dataset. The dataset describes diagnosing of cardiac Single Proton
Emission Computed Tomography (SPECT) images. Each of the patients is classified
into two categories: normal and abnormal. The database of 267 SPECT image sets
(patients) was processed to extract features that summarize the original SPECT im-
ages. As a result, 44 continuous feature pattern was created for each patient. This
dataset contains 267 observations and 45 continuous variables

Zoo dataset. This dataset contains 101 animals described with 16 qualitative vari-
ables: 15 of the variables are binary and one is numeric with 6 possible values. Each
animal is labelled 1 to 7 according to its class. Using disjunctive coding for all vari-
ables with 6 possible values for the numerical variable, the data set consists of a 101x36
binary data matrix.
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A.2 Implimentation details

For imlpimentation of the procedures described in this work we used Java and Matlab lan-
guages. The Java UIMA platform was used to implement the anlytical /wd-SOM technique,
and for the Cluster characterization procedure we use Matlab with the Statistical and SOM
tolboox. The image browsing technique were implemented in Matlab in the 2D; for the 3D
browsing the procedure were implemented in Java language with PHP and SQL by Thales
S.A.
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1) GROZAVU N., BENNANI Y. (2009), «A new competitive strategy for Self Orga-
nizing Map Learning», Proceedings of the (ICMLA’(09), International Conference on
Machine Learning and Applications, 13-15 Dec. 2009, Miami Beach, Florida, USA.

2) GROZAVU N., BENNANI Y. (2009), «Voting Memory based Self-Organizing Map»,
TopoLearn’09: International Workshop on Topological Learning, ISMIS’09, Interna-
tional Symposium on Methodologies for Intelligent Systems, Prague, September 14 -
17, 20009.

3) GROZAVU N., BENNANI Y., LEBBAH M. (2009), «Cluster-dependent feature se-
lection through a weighted learning paradigm», Invited Book Chapter, Accepted, to
appear in Advances in Knowledge Discovery and Management, Springer Publisher.

4) GROZAVU N., ROGOVSCHI N. (2009), «Mining Visual Data», Proceedings of the
ICMCS’09, 1-3 Oct. 2009, Chisinau, Moldova.

5) BENHADDA H., BENNANI Y., LEBBAH M., GROZAVU N. (2008) «<SYSTEME
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7) LEBBAH M., BENNANI Y., BENHADDA H., GROZAVU N., (2009), «Relational
Analysis for Clustering Consensus», Invited Book Chapter, Accepted, to appear in
Machine Learning, ISBN 978-953-7619-X-X, IN-TECH Publisher.
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Editions Cépadues.
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Résumé

Cette these est consacrée d’une part, a I’étude d’approches de caractérisation des classes décou-
vertes pendant 1’apprentissage non-supervisé, et d’autre part, a la classification non-supervisée mod-
ulaire, hybride et collaborative. L’étude se focalise essentiellement sur deux axes :

1) la caractérisation des classes en utilisant la pondération et la sélection des variables pertinentes,
ainsi que I’utilisation de la notion de mémoire pendant le processus d’apprentissage topologique non-
supervisé; 2) 'utilisation de plusieurs techniques de clustering en parallele et en série : approches
modulaires, hybrides et collaboratives.

Nous nous intéressons plus particulierement dans cette thése aux cartes auto-organisatrices de Ko-
honen qui constituent une technique bien adaptée a la classification non-supervisée permettant une
visualisation des résultats sous forme d’une carte topologique. Nous proposons plusieurs techniques
de pondérations de I’apprentissage de ces cartes ainsi qu’une nouvelle stratégie de compétition per-
mettant de garder en mémoire I’historique de I’apprentissage. En utilisant un test statistique pour la
sélection des variables pertinentes pondérées, nous répondons au probleme de la réduction des di-
mensions, ainsi qu’au probléme de la caractérisation des classes découvertes.

Concernant le deuxieme axe, nous utilisons le formalisme mathématique de 1’analyse relationnelle
(AR) pour combiner plusieurs résultats de classification. Les avantages de I’ AR sont combinés avec
ceux des cartes auto-organisatrices pour proposer un nouvel algorithme RTM (Relational Topological
Map) alliant les points forts des deux approches.

Enfin, nous proposons une nouvelle approche congue pour faire collaborer plusieurs classifications
topologiques entre elles, en préservant la confidentialité des données. Cette approche est basée sur
un formalisme d’apprentissage collaboratif qui dérive ses régles d’adaptations a partir d’une nouvelle
fonction de colit composée de deux termes : un terme de quantification et un autre de collaboration.

Abstract

This thesis is focused, on the one hand, to study clustering anlaysis approaches in an unsupervised
topological learning, and in other hand, to the topological modular, hybrid and collaborative cluster-
ing. This study is adressed mainly on two problems:

1) cluster characterization using weighting and selection of relevant features, and the use of the mem-
ory concept during the unsupervised topological learning process; 2) and the problem of the ensemble
clustering techniques: modular, the hybrid and collaborative approaches.

We are particularly interested in this thesis in Kohonen’s self-organizing maps which have been
widely used for unsupervised classification and visualization of multidimensional datasets. We of-
fer several weighting approaches and a new strategy which consists in the introduction of a memory
process into the competition phase by calculating a voting matrix at each learning iteration. Using a
statistical test for selecting relevant features, we will respond to the problem of dimensionality reduc-
tion, and to the problem of clusters characterization.

For the second problem, we use the relational analysis approach (RA) to combine multiple topological
clustering results. The benefits of RA will be combined with those of self-organizing maps in order
to obtain a new algorithm called RTM (Relational Topological Map). Finally, we adapt the classical
algorithm of self-organizing maps to enable the collaboration between them.



