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Abstract /Résumé

Abstract

This thesis is concerned with the merging of two active research domains: Knowl-
edge Discovery in Databases (KDD), more precisely the Association Rule Mining
technique, and Knowledge Engineering (KE) with a main interest in knowledge rep-
resentation languages developed around the Semantic Web.

In Data Mining, the usefulness of association rule technique is strongly limited by
the huge amount and the low quality of delivered rules. Experiments show that rules
become almost impossible to use when their number exceeds 100. At the same time,
nuggets are often represented by those rare (low support) unexpected association
rules which are surprising to the user. Unfortunately, the lower the support is, the
larger the volume of rules becomes. Thus, it is crucial to help the decision maker
with an efficient technique to reduce the number of rules.

To overcome this drawback, several methods have been proposed in the literature
such as itemset concise representations, redundancy reduction, filtering, ranking and
post-processing. Even though rule interestingness strongly depends on user knowledge
and goals, most of the existing methods are generally based on data structure. For
instance, if the user looks for unexpected rules, all the already known rules should be
pruned. Or, if the user wants to focus on specific family of rules, only this subset of
rules should be selected.

In this context, we address two main issues: the integration of user knowledge
in the discovery process and the interactivity with the user. The first issue requires
defining an adapted formalism to express user knowledge with accuracy and flexibility
such as ontologies in the Semantic Web. Second, the interactivity with the user
allows a more iterative mining process where the user can successively test different
hypotheses or preferences and focus on interesting rules.

The main contributions of this work can be summarized as follows:

(i) A model to represent user knowledge. First, we propose a new rule-like formal-
ism, called Rule Schema, which allows the user to define his/her expectations
regarding the rules through ontology concepts. Second, ontologies allow the user
to express his/her domain knowledge by means of a high semantic model. Last,
the user can choose among a set of Operators for interactive processing the one
to be applied over each Rule Schema (i.e. pruning, conforming, unexpectedness,

).



vi

Abstract/Résumé

(i)
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A new post-processing approach, called ARIPSO (Association Rule Interactive
Post-processing using rule Schemas and Ontologies), which helps the user to
reduce the volume of the discovered rules and to improve their quality. It
consists in an interactive process integrating user knowledge and expectations
by means of the proposed model. At each step of ARIPSO, the interactive
loop allows the user to change the provided information and to reiterate the
post-processing phase which produces new results.

The implementation in post-processing of the proposed approach. The devel-
oped tool is complete and operational, and it implements all the functionalities
described in the approach. Also, it makes the connection between different el-
ements like the set of rules and rule schemas stored in PMML/XML files, and
the ontologies stored in OWL files and inferred by the Pellet reasoner.

An adapted implementation without post-processing, called ARLIUS (Asso-
ciation Rule Local mining Interactive Using rule Schemas), consisting in an
interactive local mining process guided by the user. It allows the user to focus
on interesting rules without the necessity to extract all of them, and without
minimum support limit. In this way, the user may explore the rule space incre-
mentally, a small amount at each step, starting from his/her own expectations
and discovering their related rules.

The experimental study analyzing the approach efficiency and the discovered
rule quality. For this purpose, we used a real-life and large questionnaire
database concerning customer satisfaction. For ARIPSO, the experimenta-
tion was carried out in complete cooperation with the domain expert. For
different scenarios, from an input set of nearly 400 thousand association rules,
ARIPSO filtered between 3 and 200 rules validated by the expert. Clearly,
ARIPSO allows the user to significantly and efficiently reduce the input rule
set. For ARLIUS, we experimented different scenarios over the same question-
naire database and we obtained reduced sets of rules (less than 100) with very
low support.

Keywords: Data Mining, Association Rules, Ontologies, Semantic Web
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Cette these s’inscrit a la confluence de deux domaines actifs de recherche: ’Extraction
de Connaissances a partir des Données (ECD), plus précisément la technique de fouille
de Regles d’Association, et I'Ingénierie des Connaissances (KE), en s’intéressant par-
ticulierement aux principaux langages de représentation de connaissances développés
autour du Web Sémantique.

Dans le domaine de I’extraction de connaissances, I'utilité de la technique de fouille
de regles d’association est fortement limitée par la quantité énorme et par la faible
qualité des regles découvertes. Les différents tests montrent que les regles deviennent
presque impossibles a utiliser des que leur nombre dépasse 100. De plus, les pépites
(nuggets) sont souvent représentées par ces régles d’association rares (support faible)
et inattendues, surprenantes pour l'utilisateur. Malheureusement, plus le support
est faible, plus le volume des regles sera important. Ainsi, il est essentiel d’aider le
décideur avec une technique efficace de réduction du nombre de regles.

Pour réduire cet inconvénient, plusieurs méthodes ont été proposées dans la
littérature comme les représentations concises de motifs, la réduction des redondances,
le filtrage, le ranking et le post-traitement. Méme si I'intérét des regles dépend forte-
ment des connaissances et objectifs de I'utilisateur, la plupart des méthodes existantes
sont généralement basées sur la structure des données. Par exemple, si 'utilisateur
cherche des regles inattendues, toutes les regles déja connues doivent étre élaguées.
Ou, si l'utilisateur veut se concentrer sur une famille spécifique de regles, seul ce
sous-ensemble de regles devra étre sélectionné.

Dans ce contexte, nous abordons deux themes principaux: l'intégration des con-
naissances de l'utilisateur dans le processus de découverte et l'interactivité avec
I'utilisateur. Le premieére probleme exige la définition d’un formalisme adapté afin
d’exprimer les connaissances de 'utilisateur avec précision et flexibilité comme les
ontologies dans le Web Sémantique. Deuxieémement, I'interactivité avec I'utilisateur
permet la mise en oeuvre d’'un processus d’exploration plus itératif ou 'utilisateur
peut tester successivement des hypotheses et des préférences différentes, lui permet-
tant ainsi de se concentrer sur les regles intéressantes.

Les principales contributions de ce travail peuvent étre résumées comme suit:

(i) Un modele pour représenter les connaissances de l'utilisateur. Premiérement,
nous proposons un nouveau formalisme de régles, appelé Schéma de Reégles, qui
permet a l'utilisateur de définir, a travers des concepts ontologiques, ses attentes
concernant les regles. Deuxiemement, les ontologies permettent a 'utilisateur
d’exprimer, a I'aide d’'un modele sémantique de haut niveau, ses connaissances
de domaine. Enfin, I'utilisateur peut choisir parmi un ensemble d’Opérateurs
de traitement interactif celui & appliquer sur chaque schéma de regles (élagage,
conforme, inattendu, ...).

(ii) Une nouvelle approche de post-traitement, nommée ARIPSO (Association Rule
Interactive Post-processing using rule Schemas and Ontologies), qui permet
a l'utilisateur de réduire le volume de regles découvertes et d’améliorer leur
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qualité. Il consiste en un processus interactif intégrant les connaissances et
les attentes de 'utilisateur a ’aide du modele proposé. La boucle interactive
permet & 'utilisateur, & chaque étape du ARIPSO, de modifier les informations
fournies et de réitérer la phase de post-traitement qui produit des nouveaux
résultats.

L’implémentation en post-traitement de 'approche proposée. L’outil développé
est complet et opérationnel, et il met en oeuvre toutes les fonctionnalités décrites
dans l'approche. En outre, il fait le lien entre les différents éléments comme
I’ensemble de régles et de schémas de régles stocké dans des fichiers PMML /XML,
et les ontologies stockées dans des fichiers OWL et inférées a ’aide du raisonneur
Pellet.

Une implémentation adaptée, sans post-traitement, nommée ARLIUS (Asso-
ciation Rule Local Interactive mining Using rule Schemas), consistant en un
processus d’exploration locale et interactive guidée par 1'utilisateur. Elle per-
met a l'utilisateur de se concentrer sur les regles intéressantes sans qu’il soit
nécessaire d’extraire toutes les regles et sans une limite pour le support mini-
mum. De cette faon, 'utilisateur peut explorer ’espace de régles progressive-
ment, une petite quantité a chaque étape, a partir de ses propres attentes et
des regles découvertes liées a ces dernieres.

L’étude expérimentale analysant I'efficacité de I’approche et la qualité des regles
découvertes. A cette fin, nous avons utilisé une grande base de questionnaires
réelle concernant la satisfaction des clients. Pour ARIPSO, I'étude a été réalisée
en coopération complete avec 'expert de domaine. A partir d’un set de pres de
400 milliers de regles d’association, ARIPSO a filtré, selon différents scénarios,
entre 3 et 200 regles validées par 'expert. En toute évidence, ARIPSO permet &
I'utilisateur de réduire de maniere significative et efficace le set de regles. Pour
ARLIUS, nous avons expérimenté différents scénarios sur la base de données
et nous avons obtenu des ensembles réduits de regles (moins de 100) avec un
support tres faible.

Mots-clefs: Extraction de Connaissances a partir de Données, Regles d’Association,
Mesures d’Intérét, Ingénierie de Connaissances, Ontologies, Web Sémantique
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2 Introduction

1.1 Research Context

Knowledge Discovery in Databases: Association Rule Mining Technique

Since the 1960s, with the apparition of computer science and databases, informa-
tion volumes stored in databases have been growing exponentially. Nowadays, we are
living in a world mainly defined by connections between people, devices and machines
managed generally through the Internet. In this context, important amounts of data
are generated in different domains such as supermarket transaction data, credit card
usage records, telephone call details, government statistics and medical records [99].

Three decades ago, this specific context motivated and encouraged the develop-
ment of a new research field, called Knowledge Discovery in Databases (KDD), which
was defined by Frawley et al. 1992 [64, 70] as the non-trivial process of identifying
valid, novel, potentially useful, and ultimately understandable patterns in data. The
main objective is to provide new information, starting from a set of information/data,
which will prove useful for the user in taking decisions/actions. The KDD process
is composed of different steps which can be summarized in three main phases: first,
the pre-processing phase cleans and prepares the database; second, the data mining
phase consists in applying mining techniques over the database in order to discover
new patterns; last, the post-mining phase deals with evaluation and visualization
techniques which help the user to validate the discovered patterns.

Association rule mining [5] is one of the most important techniques of data min-
ing. It aims to discover regularities in databases under the form of implications
if X then Y, denoted as X — Y, where X and Y are named the antecedent and
the consequent, respectively, and they are defined by conjunctions of database items.
This implication can be read as follows: if the items in X exist in a transaction, then,
it is probable that the items in Y also exist in the same transaction; in addition, an
association rule is defined by two metrics — support and confidence.

The association rule mining technique was first applied in the case of Wal-Mart!
supermarket basket problem in order to study purchase trends of supermarket cus-
tomers. One of the main discoveries was that if a male customer buys diapers on a
Friday afternoon, then he will be interested in buying beers. As a result, by moving
beers next to diapers, Wal-Mart noticed an important increase in beer sales. This
discovery clearly explains the interest of association rule mining technique — the dis-
covery of new surprising and useful knowledge.

But, why is this technique so popular in the data mining research field? At
least two reasons can be stated. First, the model of the extracted patterns is very
simple and comprehensible for a data mining non-specialist user. The reason is that
implications are the core of human thinking. Second, the technique extracts the
complete set of association rules without the need of an important user implication
during the process.

Nevertheless, the usefulness of association rule technique is strongly limited by the
huge amount and the low quality of delivered rules; thousands of rules are extracted
by classical techniques from a database of several dozens of attributes and several

"http:/ /www.walmart.com/
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hundreds of transactions. To reduce the rule volume, one possibility is to increase the
support threshold. But, as suggested by Silbershatz and Tuzilin 1996 [184], nuggets
are often represented by those rare - low support - and unexpected association rules
which are surprising to the user. So, the more we increase the support threshold, the
more efficient the algorithms are and the more the discovered rules are obvious and,
hence, the less they are interesting for the user.

As a result, it is necessary to bring the support threshold low enough in order to
extract valuable information. Unfortunately, the lower the support is, the larger the
volume of rules becomes, making it intractable for a decision maker to analyze the
mining result. Experiments show that rules become almost impossible to use when
their number exceeds 100. Thus, it is crucial to help the decision maker with an
efficient technique for reducing the number of rules.

To overcome this drawback, several methods have been proposed in the literature
such as itemset concise representations, redundancy reduction, filtering, ranking and
post-processing. However, most of the existing methods are generally based on sta-
tistical information in the database. Since rule interestingness strongly depends on
the user knowledge and goals, these methods do not guarantee that interesting rules
will be extracted. For instance, if the user looks for unexpected rules, all the already
known rules should be pruned. Or, if the user wants to focus on a specific family of
rules, only this subset of rules should be selected.

In this context, several approaches propose to integrate the user knowledge in
association rule mining process in order to reduce the rule number [122, 136, 154, 183].
The main limitations of these techniques can be summarized as:

e first, the models for user knowledge representation are limited and they do not
permit to define user knowledge with accuracy and flexibility. The more the
knowledge is represented in a flexible, expressive and accurate formalism, the
more efficient the rule selection is;

e second, these approaches do not address the problem of interactivity with the
user in depth. Interactivity would allow a more iterative mining process where
the user can successively test different hypotheses or preferences, and focus on
interesting rules, as stated by Blanchard et al. 2003 [28].

Knowledge Representation: Ontologies and Semantic Web

Knowledge Engineering (KE) research field attempts at describing a set of tech-
niques and concepts which aim to acquire, represent and exploit domain knowledge
in order to be integrated in Knowledge-Based Systems (KBS). KBSs are described
as systems based on knowledge and reasoning mechanisms, proposing solutions to
real-world problems. In this context, Knowledge Representation (KR) is the area of
Artificial Intelligence (AI) field which aims to propose adapted formalisms for domain
knowledge representation with important facilities for knowledge reusing, sharing and
inference [34].

In the past fifteen years, we saw an increase in the development of ontologies such
as knowledge representation formalism. In computer science, they are used in order
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to gather the information (knowledge) concerning a given domain. A first notable
definition was proposed by Gruber 1993 [89, 90] who defines an ontology as a formal,
explicit specification of a shared conceptualization. This definition gathers the most
important characteristics of an ontology: (1) it represents the concepts of a domain;
(2) it should be described in a well-defined language so that machines should be
able to interpret it; (3) it should explicitly define its elements; (4) it collects some
knowledge which is common to a community.

In the meantime, information over the Web grew more and more making the Web
search nearly impossible. The Semantic Web was introduced by Tim Berners-Lee
2001 [25] and it proposes to extend the traditional Web with well-structured anno-
tations in order to develop a content that can be understood at the same time by
humans and by machines. In the past decade, W3C aimed to propose formalisms
for meta-data representation over the Web. The simpler language, XML [212], was
introduced for data publishing and transmission via networks. Further, RDF [123]
is the first semantic-oriented language that describes resources over the Web. Nev-
ertheless, it has important limits such as the lack of axioms and of reasoning. In
this context, OWL was introduced as the most complex representation language for
ontologies taking as basis the RDF language and the class- and property-structuring
capabilities of RDF'S, but improving this formalism from different points of view.

The main advantage of OWL language is that it is based on Description Logics.
Thus, it brings important improvements to RDF like: describing classes as logical
combinations (intersection, unions, etc), describing restrictions on how properties be-
have locally on a specific class — it allows to define classes where particular properties
are restricted —, and allowing a reasoning process. The inference process has multiple
interests: first, it permits to test whether an ontology is consistent or not (i.e. two
concepts are equivalent), second, it reconstructs the taxonomy of the concepts follow-
ing the subsumption relation, and last, it checks whether an individual is a member
of a concept.

1.2 Contributions

In order to fulfill the drawbacks in the association rule mining, this work addresses
two issues: the integration of user knowledge in the discovery process and the in-
teractivity with the user. The first issue requires defining an adapted formalism to
express user knowledge with accuracy and flexibility. In this context, this work tries
to benefit from the research carried out in the Semantic Web field, and more precisely
from the representation languages developed in order to be used as user knowledge
representation in the discovery process. Second, the interactivity with the user al-
lows a more iterative mining process where the user can successively test different
hypotheses or preferences and focus on interesting rules.
The contributions of this thesis can be summarized as follows:

1. A model to represent user knowledge

We define a model to represent user knowledge in the discovery process. It is
composed of three formalisms of knowledge:
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(a) Ontologies permit the user to express his/her domain knowledge by means
of a high semantic model;

(b) Rule Schema is a new rule-like formalism that we propose which al-
lows the user to define his/her expectations regarding the discovered rules
through ontology concepts;

(c) A set of Operators for interactive processing can be applied over Rule
Schemas. They help the user to take several actions like pruning and
selection of conform or unexpected rules from the set. The user can choose
an Operator to be applied over each Rule Schema. For instance, if the user
chooses the Pruning Operator to be applied over a Rule Schema, all the
rules conforming to the Rule Schema are eliminated.

2. A new post-processing approach

We propose a new approach, called ARIPSO (Association Rule Interactive Post-
processing using rule Schemas and Ontologies), which helps the user to reduce
the volume of the discovered rules and to improve their quality. It consists in an
interactive process integrating user knowledge and expectations by means of the
proposed model, and different interestingness measures that assess the quality
of the discovered rules. At each step of ARIPSO, the interactive loop allows
the user to change the provided information and to reiterate the post-processing
phase which produces new results.

3. Implementation of ARIPSO tool

We implemented the proposed approach in post-processing; for this purpose,
we developed a tool which is complete and operational, and which implements
all the functionalities described in the approach. More particularly, it proposes
a visualization interface which helps the user in editing the knowledge and vali-
dating the discovered rules. From a technical point of view, the implementation
makes the connection between different elements like the set of rules and rule
schemas stored in PMML/XML files, and the ontologies stored in OWL files
and inferred by the Pellet reasoner.

4. An adapted implementation without post-processing

Called ARLIUS (Association Rule Local Interactive mining Using rule Schemas),
the new implementation consists in an interactive local mining process guided
by the user. It allows the user to focus on interesting rules without the necessity
to extract all of them and without minimum support limit. In this way, the user
may explore the rule space incrementally, a small amount at each step, starting
from his/her own expectations and discovering their related rules.

5. Experimental studies

The experimental study analyzes the approach efficiency and the discovered rule
quality. For this purpose, we used a real-life and large database questionnaire
concerning customer satisfaction. For ARIPSO, the experimentation was car-
ried out in complete cooperation with the domain expert. From an input set of
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nearly 400 thousand association rules, for different scenarios ARIPSO filtered
between 3 and 200 rules validated by the expert. Clearly, ARIPSO allows the
user to significantly and efficiently reduce the input rule set. For ARLIUS, we
experimented different scenarios over the same questionnaire database and we
obtained reduced sets of rules (less than 100) with very low support.

1.3 Thesis Organization

This thesis is organized as follows:

Chapter 2 is concerned with the Knowledge Discovery in Databases process, and
more precisely the Association Rule Mining technique. It provides formal definitions
and considers the improvements done in the frequent itemset generation and rule
discovery phases in more detail.

Chapter 3 introduces the Knowledge Engineering and the Knowledge Represen-
tation domains, and gives a brief overview of the ontology notion. More specifically,
it details the interest of the Semantic Web field, and it presents the languages pro-
posed by W3C for knowledge representation.

Chapter 4 describes interestingness measures over association rules, with a par-
ticular interest in subjective measures. It provides detailed presentations of most
important approaches proposed in the literature.

Chapter 5 is dedicated to the post-processing ARIPSO approach; in detail, it de-
scribes the model for knowledge representation along with the interactivity with the

user. Further, it presents an adaptation of ARIPSO in local mining (without post-
processing), called ARLIUS.

Chapter 6 provides the architecture of the ARIPSO tool that represents the im-
plementation of the method. Also, it details the technical choices that were made.

Chapter 7 proposes experimental studies with ARIPSO and ARLIUS in order to
analyze the approach efficiency and the discovered rule quality. For this purpose, we
used a real-life questionnaire database, and the experimentation was carried out in
complete cooperation with the domain expert.

Chapter 8 draws our conclusions and perspectives. One of the most important
perspectives is to develop an Oracle-based implementation of ARIPSO.
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2.1 Introduction

Knowledge Discovery in Databases deals with the process of extracting interesting
patterns starting from data. It consists of different steps starting with Data Cleaning
and Data Pre-Processing till Data Mining and Post-Mining of Patterns. In Data
Mining, different mining techniques can be applied among which association rule
mining is one of the most popular.

Association rule mining proposes the discovery of knowledge in the form of impli-
cation IF Antecedent THEN Consequent that we note Antecedent — Consequent. In
an association rule, the antecedent and the consequent are conjunctions of attributes
in a database. More particularly, an association rule Antecedent — Consequent ex-
presses the implicative tendency (validated by statistical metrics) between the two
conjunctions of attributes — from the antecedent toward the consequent.

The main advantage of association rules mining technique is that it extracts com-
prehensible knowledge which can be manipulated by unscientific users. Moreover,
it premits the extraction of complete sets of association rules for a given scenario.
Unfortunately, this important advantage represents also its main limit. On the one
hand, classical algorithms require important resources and time to produce the fi-
nal result. On the other hand, even when the rules can be generated, their number
increases once with the number of attributes (and/or transactions) in the database,
and it often overpasses hundreds of millions. In this context, it is impossible for a
user to manipulate the set of discovered rules.

In order to fulfill these drawbacks, several techniques were proposed in the liter-
ature. First, for the rapidity problem, different algorithms were developed with the
aim to reduce the execution time and the resources that are used. Second, to increase
the efficiency of the rule generation process — to reduce the number of discovered rules
— different methods were proposed with the aim to filter the rules. In this chapter
we will study two of them — constraint-based association rule mining and redundancy
rule reduction techniques —, and in Chapter 4 we will discuss interestingness measures.

The discovery of association rules using constraint-based techniques represents a
first method for the reduction of the number of rules. Constraints are here provided by
the user in different formalisms — user knowledge, data, dimensional, interestingness
or rule-based. They permit to determine the content of extracted rules and to reduce
the rule volume. The main characteristic of constraint-based association rule mining
techniques is that the constraints are generally integrated in the mining algorithm
permitting an execution time reduction also.

A second technique to reduce the rule volume consists of pruning the redundant
rules from the entire set of discovered rules. A redundant rule is informally defined
as a rule which does not bring important information to the complete set of rules,
and thus, pruning it does not decrease the quality of the rules set. Further, we can
consider that a rules is redundant regarding one or several rules.

This chapter starts with a brief presentation of Knowledge Discovery in Databases
Process and, afterwords it goes deeply in the association rule mining technique —
definitions and notations are presented. The second part of this chapter is dedicated
to the improvements made in generating frequent itemsets and/or association rules.
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Further, constraint-based association rule mining techniques and the reduction of rule
redundancy are studied.

2.2 Knowledge Discovery in Databases Process

Knowledge Discovery in Databases process (KDD) was defined by Frawley et al. 1992
[70], and revised by Fayyad et al. 1996 [64], as the non-trivial process of identifying
valid, novel, potentially useful, and ultimately understandable patterns in data.

This definition regroups the main elements of the process. First, a data is defined
as a set of facts, F', describing the application domain. Next, a pattern is formalized
as an expression E over a language L defining facts (relationships) among a subset
Fr C F, such as E is simpler than the enumeration of all facts in Fg.

The KDD process is a multi-step task with the aim to extract patterns from data.
It is characterized as being a non-trivial process because it can decide which actions
to perform and whether the results are interesting enough. This defines the degree of
pre-processing and evaluation autonomy.

Four notions characterize the extracted patterns: validity, novelty, usefulness and
comprehension by users. First, the extracted patterns should be wvalid on new data
with some degree of certainty described by a set of metrics. Second, the nowvelty of
patterns can be measured with respect to previous or expected values, or knowledge.
Next, the patterns should be useful to the user, i.e. they can help the user to take
benefic actions. The utility can be measured using dedicated metrics. Last, the
extracted patterns should be comprehensible to humans in order to be able to use
them to take actions.

The notion of interestingness is employed in order to describe the interest of a
pattern. This notion is defined as a general measure over the 4 features described
above: the validity, the novelty, the utility and the comprehensibility. Thus, a pattern
which is interesting, i.e. it has the interestingness measures greater than a certain
threshold, is called knowledge.

The four characteristics reveal a direct user implication in the discovery process.
The interactivity in the KDD process outlines the importance of the user decisions
along the KDD process. Figure 2.1 presents the main steps of the KDD process:
Data Cleaning and Data Integration, Data Pre-Processing, Data Mining, and Post-
Processing.

KDD is a multi-disciplinary field, being integrated in areas such as artificial intelli-
gence, machine learning, neural networks, data base technology, information retrieval
and data visualization. Furthermore, the KDD process is applied overs different re-
search domains. In 1990s, there were only a few examples of discovery in real data.
Nowadays, more and more domains benefit from the utilization of KDD techniques,
such as medicine, finance, agriculture, social, marketing, military, and many others.

2.2.1 Data Cleaning and Data Integration

This step consists of two pre-mining tasks: Data Cleaning used in order to remove
noise and inconsistent data, and Data Integration focused on bringing data from



10 Data Mining and Association Rules

Intelpretaﬂon /
Evaluauon

Data Mining
| I

Transformation

Preprocessing

Selection

Patterns

W Transformed

Preprocessed Data Data

Target Date

FIGURE 2.1: An overview over the steps of the KDD process [64].

multiple sources and represented in different formats.

In most of cases, real-life data contains noise and missing values, so they are con-
sidered inconsistent. Applying the knowledge discovery process over this data may
extract unreliable knowledge. The Data Cleaning step consists in correcting incon-
sistencies in data appeared during the insertion phase. If it is possible, some types
of inconsistencies are corrected manually by the user, but in lot of cases, automatic
systems are needed in order to check the range of the attribute values.

For example, if values are missing for some attributes, this step tries to compute
them by using some heuristics or to insert them manually, always keeping the same
statistical information over data.

Another example is the case when some values are inserted into the data by error.
In this case, a set of methods can be applied in order to determine which values are
not in the range (i.e. clustering).

Data Integration step assesses the process of combining data from different sources
(databases, external sources, etc). The problem consists in the incoherency of the
resulting database. A valuable example for this step is the redundancy: if an attribute
A can be determined from another attribute B, we can say that A is redundant
comparing to B. Another type of redundancy is the existence of two attributes with
different names and from different sources, but which have the same meaning. The
Data Integration step proposes solutions for this type of problems.

In conclusion, the goal of this two pre-mining tasks is to generate datawarchouses
and/or datamarts containing modified data making easier the futures analysis pro-
cesses.

2.2.2 Data Pre-Processing

Data Pre-Processing step deals with two important problems. The first one is the
verification if the datawarehouse was well developed during the data cleaning and data
integration phase; if needed, data are re-cleaned. The second goal of this step is to
transform (or to reduce) the data in order to be able to apply a knowledge discovery
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technique. Once the datawarehouse is well-developed, this step make possible the
improvement the results proposed by the data mining phase.

2.2.3 Data Mining

Data Mining step is essential in the KDD process. Using intelligent methods applied
over data, it extracts interesting patterns. Several techniques were developed in the
literature in order to extract interesting patterns:

o Predictive modeling - supervised classification or regression. The classification
builds a model in order to predict the class of an object whose class label
is unknown. The classification is composed of two phases. The first one is
represented by a learning phase - description of a set of classification rules
called learning model. The second phase is the classification one - testing data
are used in order to verify the precision of the classification rules generated
during the first phase. The main classification techniques are: Decision Trees,
Bayesian Classification, Neural Networks.

e Descriptive modeling - clustering. The clustering technique partitions the data
into classes so that the intraclass similarity be maximized and the interclass
similarity be minimized. In a first step, all the adequate classes are discovered,
and then the data are classified according to the discovered classes. We can note
that, comparing to classification, the classes are not known from the beginning,
they are discovered using a set of observations. Different methods of clustering
were developed among which we remind K-means.

e Discovering patterns and association rules. This technique proposes to find reg-
ularities in data, revealed to be useful in many domains, as business, medicine,
etc. Finding association rules consists in finding frequent implications in data
of the type IF X THEN Y; X and Y represent the antecedent and, respectively,
the consequent, and they are propositions constructed using attributes from a
database. The main advantage of this model is that association rules are easily
exploitable and comprehensible by humans.

2.2.4 Post-Mining of Discovered Patterns

Usually called post-processing [15] or post-mining, this phase is the last one of the
KDD process. It is composed of three important steps which make it possible for a
discovered pattern to be considered as a knowledge: the validation, the evaluation
and the visualization (a complete state of art of visualization is presented by Ben
Said et al. 2010 [23]).

In a first step, after proposing for evaluation the results of a certain model, it
is important that the user validates the proposed model. The validation should be
made from the point of view of the comprehensibility of the extracted patterns and
their possible utility.

The mining process discovers a list of patterns with a given level of interestingness.
In the evaluation step, the user is able to evaluate the patterns, i.e. to determine the
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importance of the extracted patterns, using several user-driven methods or statistical
database oriented methods. Another method of pattern evaluation is the visualiza-
tion, which is related to the model of extracted patterns.

2.3 Association Rule Mining Technique

This section will outline the main motivations of association rule mining technique
and it will formally describe the main notions as they are at the very foundation of
this thesis. Then, the most important algorithms are detailed and the most important
improvements that were proposed in the literature.

2.3.1 Motivations

The idea of discovering relationships in data started with the well-known problem of
the supermarket basket discussed for the first time by Agrawal et al. 1993 [5]. At that
moment, the supermarkets found themselves with a huge stock of shopping tickets
and using KDD techniques could help them to improve the supermarket layout and,
thus, to increase their sales. But, how could a set of shopping tickets produce some
modifications in the supermarket layout?

In a first analysis of shopping basket data frequent itemsets were extracted, for
example {nappies, beer} which expresses that nappies and beer appear together in
a great part of shopping baskets.

Later, association rule technique proposes the extraction of implications, and a
valuable information was discovered, that nappies — beer, which specifies that if a
man customer buys nappies, it is very probable that he will buy beer too. Thus, plac-
ing beer products next to nappies products the sales of beer increased considerably.

2.3.2 Problem Definition

In general, association rule mining technique is applied over a database D = {I, T'}.
Let us consider I = {i1,i2,...,%m} a set of m binary attributes, called items. Let
T = {t1,ta,...,t,} be a set of n transactions, where each transaction ¢; represents
a binary vector, with t;[k] = 1 if ¢; contains the item iy, and ¢;[k] = 0 otherwise. A
unique identifier is associated to each transaction, called TID. Let X be a set of items
in I. A transaction t; satisfies X if all the items of X exist also in ¢;, formally, we
can say that Vi € X, t;[k] = 1. In conclusion, a transaction t; can be viewed as a
subset of I, t; C I.

Definition 2.3.1

An itemset X = {iy,i2,...,1;} is a set of items X C I. We can denote the
itemset X by iq,19,...,1k, the comma being used as a conjunction, but most commonly
it 1is denoted by 1142 . . .1, omitting the commas. |

Example 2.3.2 The set X = Milk Pear Apple (or X = Milk, Pear, Apple) is an
itemset composed by three items: Milk, Pear and Apple. |
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Definition 2.3.3
An itemset X is a k-itemset if X is an itemset X C I and if it contains k items:
| X| = k. |

Example 2.3.4 The itemset Milk, Pear, Apple is a 3-itemset. |

Definition 2.3.5
Let X C I and t; € T. We say that the set of all transactions which contain
the itemset X is defined by:

t:P(I) =T, t(X)={t; €T | X Ct;}.

Similarly, the set of items contained by all the transactions in T C T is described
by:

i:T—>P(I), ’i(T/):{ij €I|\V/tk€Tl, ij Gt}. |

Definition 2.3.6

The support of an itemset X s defined as the number of transactions in T
that support X. Thus, the fraction of transactions in T that satisfy the itemset X
represents the support of X. This is denoted by:

_ H{teT|X ct}

supp(X) = M5

Definition 2.3.7
Un itemset X is defined as a frequent itemset if the support of X is greater than
a given threshold minsupp: supp(X) = |[t(X)| > minsupp. |

The model of association rules was for the first time introduced by Agrawal et al.
1993 [5], and revised, one year later, by Agrawal and Srikant 1994 [6].

Definition 2.3.8
In a first attempt, an association rule was defined as an implication of the form

X =>i;, where X is an itemset X C I and i is an item i; € I with {i;} N X =0
[5].

Later, the definition was extended to an implication of the form X =>Y, where
X and Y are itemsets and X NY =0 [6]. The former, X, is called the antecedent of
the rule, and the latter, Y, is called the consequent of the rule.

A rule X =Y s described by two important statistical factors:

o The support of the rule which is defined as the support of the itemset created by
the union of the antecedent and the consequent of the rule

supp(X = Y) =supp(X UY) = [t(X UY)|.

It presents the ratio of the number of transactions containing XUY . If supp(X —
Y) = s, s% of transactions contain the itemset X UY .



14 Data Mining and Association Rules

e The confidence of an association rule is defined as the probability that a trans-
action contains Y knowing X. In other words, the confidence is the ratio (c%)
of the number of transactions that, containing X, contain also Y :

supp(X —Y)  supp(X UY)
supp(X) supp(X)

confidence(X —Y) =

Definition 2.3.9

If we provide the minimum thresholds provided by the user for the support, and
respectively for the confidence as minsup and minconf, an association rule X —'Y
1s valid if:

e the support of the rule is greater than minsupp: supp(X — YY) > minsup;

e the confidence of the rule is greater than minconf: conf(X — Y) > minconf.

Definition 2.3.10
X is denoted as a maximal itemset if the itemset X is frequent and no supersets
of X are frequent. |

Definition 2.3.11

Let us consider two association rules Ry and Rs. The rule Ry is more general
than the rule Ra, denoted Ry = Ra, if Ry can be generated by adding additional
items to either the antecedent or consequent of Ri. Then, a rule R; is denoted as
redundant by Zaki 2004 [220] if there exists some rule R;, such that R; < R;. Thus,
the non-redundant rules in a collection of rules are those rules that are most general,
i.e. those having minimal antecedents and consequents. |

Definition 2.3.12

A rule set is defined as optimal by Li 2006 [130] with respect to an interesting-
ness metric if it contains all rules except those with no greater interestingness than
one of its more general rules. An optimal rule set is a subset of a non-redundant rule
set. |

2.3.3 CHARADE System

Long before the introduction of the association rule notion, Ganascia 1987 [73] pro-
posed a system, named CHARADE, which aims to learn automatically a rule system.
CHARADE is applied over a training set of examples described by means of con-
junctions of descriptors; in our notation we can consider that examples correspond
to transaction, and descriptors to items. In this context, the author argues that, if a
set of examples has a conjunction of descriptors D and it has also the descriptor d,
then there is possible to have an implication D — d.

For this purpose, two covering functions are suggested — they describe the set of
examples that covers a conjunction of descriptor (T'R), or vice versa (SUB).
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Example 2.3.13 Let us consider the following set of examples:

FE1 :malk, pork, pear, apple
FEs : milk, pork, grape, pear
FEs : pork, pear

E, . milk, pork, pear.

If we consider milk and pork descriptors, using TR and SUB functions we are able
to find the descriptors associated to milk and pork through their common examples,
as follows:

SU BoT R(milk, pork)
= SUB(E1, Es, Ey)
= {milk, pork, pear}.

In this context, we can say that pear can be associated with milk and pork descriptors,
and, moreover, to generate the following rule:

milk, pork — pear. R

The system proposes an exploration of the descriptor space from the more general
to the more specific, and it uses a measure in order to assesses the wuseless of a set
of descriptors which permits to reduce the exploring — in the case of a useless set of
descriptors, the system does not access the more specific sets of descriptors.

2.3.4 Apriori — Classical Association Rule Mining

Generally, the problem of discovering association rules from database is composed of
two main subproblems [5]:

e The first one consists in generating all frequent itemsets;

e Starting from frequent itemsets produced above, the second problem deals with
the generation of the association rules having the confidence greater than min-
conf.

For the first problem which is generally known as frequent itemset generation a
first algorithm, named Apriori, was designed by Agrawal and Srikant 1994 [6] and it
has its bases on the CHARADE System. Apriori algorithm is presented in the Table
2.1.

The algorithm gradually generates the set of itemsets from 1-itemsets to 2-itemsets
to ...etc. In the first pass over the data (line 1 in the algorithm), supports for the
1-itemsets are computed in order to select only the frequent ones.

In the next steps (lines 2 to 10), starting from the (k-1)-itemsets and using the
downward closure property k-itemsets are generated. Thus, starting from the frequent
(k-1)-itemsets already generated in the previous step, the function apriori-gen (line
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TABLE 2.1: The frequent itemset generation in Apriori algorithm [6].

Input: Database D
Output: The set L of itemsets

1. Ly = {l-itemsets}

2. forall (k =2; L1 # 0;k+ +) do begin
3.  Cy = apriori-gen(Ly—_1)

4 forall transactions t € D do begin
5 Cy = subset(Cy, t)
6 forall candidates c € C; do

7. c.count+-+

8 endfor

9 Ly, = {c € Cy | c.count > minsup}
10. endfor

apriori-gen(Ly_1)
12. forall itemsets ¢ € Cy do begin
13.  forall (k-1)-subsets s of ¢ do begin

14. if (s € Ly_1) then
15. delete ¢ from C},
16. endfor

17. endfor

3) generates new potentially frequent k-itemsets, called candidates. The candidates
are validated during a new pass over data when the support of each candidate is
computed (lines 4 to 8). The particularity of the algorithm comes from the support
counting method; in fact, the function subset (line 5) receives the set of candidates
and a transaction t of the database and returns the set of candidates satisfying the
transaction. In line 7 the support of each candidate is increased. In line 9, the
frequent k-itemsets are selected and they become the entry for the next step of the
algorithm. The algorithm ends when no frequent itemset is generated.

The Apriori algorithm is based on a bottom-up, breadth-first search method which
enumerates every single frequent itemset. Moreover, the algorithm uses the downward
closure property. The latter is defined as the property that every frequent itemset
is composed of frequent subsets (sub-itemsets). For the frequent itemset generation
step the algorithm uses lattices!.

Example 2.3.14 Let us consider a sample of the supermarket transaction database

LA lattice is an ordered set with several specific properties. A detailed description will be given
in section 2.4.3
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(Table 2.2) and a minimum support threshold of 50%.

TABLE 2.2: Supermarket database sample for the Apriori algorithm example.

Tuple | Transaction

1 milk, pork, pear

milk, pork, apple

2
3 pork, pear
4 milk, pork, pear

In Figure 2.2, we present the process of generating frequent itemsets by using the
Apriori algorithm. The algorithm starts with an empty list of candidates, and, during
the first pass, all I-itemsets are generated, but only those satisfying the support
constraint (50%) become candidates. Therefore, the itemset {apple} with the support
of 25% does not satisfy the support constraint, and, thus it is not frequent and it is
not considered in the following as a candidate.

In the next passes, the k-itemsets which include no frequent (k-1)-itemsets are de-
noted as not frequent; thus, they are not computed in order to reduce time execution.
For instance, {pork, apple} itemset is not generated.

In this figure the itemsets not containing {apple} itemset are potentially frequent.
For instance, the itemset {milk, pork, apple} is not frequent because {milk, apple}
and {pork, apple} itemsets are not frequent. On the contrary, the {milk, pork, pear}
itemset is frequent because the three 2-itemsets composing it are frequent ({milk,
pork}, {pork, pear} and {milk, pear}), and its support is 50%.

{milk} 0.75 {pork} 1 {pear} 0.75 {apple) 0.25

{pork, pear} 0.75 {pork, Vapple) {pea{, apple}
- \ e

{milk, pork} 0.75 {milk, pear} 0.5 {milk, apple}

\
{pork, pear, apple}

{milk, pork, pear} 0.5 {milk, pork, apple} {milk, pear, épple}

{milk, pork, pear, apple}

FIGURE 2.2: An example tree of the frequent itemset generation.

The second problem in the association rule mining technique is the generation of
rules; the objective is to create association rules from the frequent itemsets generated
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above. The algorithm for rule generation integrated in Apriori is presented in Table
2.3.

TABLE 2.3: Rule generation step in Apriori algorithm [6].

Input: Set of itemsets [
Output: Set of association rules Rules

1. forall itemsets I, kK > 2 do
call genrules(lg, Ig);

N

3. procedure genrules(ly: k-itemset, a,,: m-itemset)
4. A = {(m — 1)-itemsets am—1 | Gm-1 C am, }

5. forall a,,_1 € A do begin

6. conf = support(ly)/support(am—1)

7 if (conf > minconf) then

8 R=a,-1= (lk — am_l)

9 if (m —1>1) then

10. call genrules(ly, am—1)

11. Rules = RulesU R

12. return Rules

The method of rule extraction is very simple. Let us consider the set L of frequent
itemsets. Considering [; € L, the method finds all subsets a of [;, a C [;, and proposes
a set of rule candidates of the form a — (I; —a) which are tested against the confidence
measure.

In lines (1-2) the recursive procedure genrules is called for each set of k-itemsets.
genrule generates recursively the sub-itemsets level by level (line 4) in order to pro-
duce the rules which are further tested against the confidence.

Example 2.3.15 Let us consider the itemset 1 = {milk, pork, pear} [S = 50%]. One
of the rule that we could generate is R: milk, pork — pear. To compute the confidence
of this rule we use only the support of the complete itemset and the support of the
lo = {milk, pork} itemset:

supp(ly) 0.5

conf(R) = supp(lz)  0.75

=0.67. 1

In this section, we saw that the Apriori algorithm is able to extract a set of
association rules starting from a database. In this context, two problems concerning
the quality of the Apriori algorithm emerge: the rapidity and the efficiency.

The first one, the rapidity, deals with the capacity of the algorithm to generate the
expected results in a reasonable execution time without using important quantities
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of resources. The generation of frequent itemsets is an exponential problem, because
the search space to enumerate all the frequent itemsets is 2™, where m is the number
of items. Furthermore, the algorithm makes several passes over data depending on
the length of the generated itemsets. These tasks imply an exponential growth of the
resources employed during the rule mining process and an important increase of the
execution time.

Rule generation is an exponential problem depending on the number of items in
the frequent itemsets; for example, for a k-itemset, the number of possible association
rules is 2¢ — 2. In this context, we can note that the execution time is not very high.
First, because there is no need for new 