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Resumo

U m dos problemas da extrac¢ao de conhecimento ainda sem solucdo € a descoberta de padrfes
em dados temporais. Uma das abordagens mais usadas para explorar este tipo de dados é a
descoberta de padrfes sequenciais, uma vez que os dados temporais podem ser encarados como
sequéncias de eventos. No entanto, os algoritmos existentes apresentam algumas deficiéncias,
nomeadamente a falta de foco nas expectativas do utilizador e o elevado nimero de padrdes que
descobrem. Para além disso, a utilizagcdo de restricdes, geramente aceite como solucéo para o
problema, pode transformar o processo num simples teste de hipoteses, especiamente quando se

usam restri¢cdes mais fortes, como € o caso das linguagens regul ares.

Nesta dissertacdo, argumenta-se que é possivel usar agoritmos de descoberta de padrdes
sequenciais com restricdes, para descobrir informagdo desconhecida, mantendo o processo de
descoberta focado nas expectativas e conhecimento do utilizador. De forma a demonstrar a
validade do argumento, é proposta uma nova metodologia para explorar sequéncias de eventos
baseada na utilizagdo de relaxamentos de restrigdes. Estes relaxamentos estabelecem condic¢des
mais fracas que as restricdes impostas, tornando possivel a descoberta de padrdes que ndo sdo
completamente aceites. Adicionalmente é proposta uma hierarquia de relaxamentos, indo desde

relaxamentos conservativos até a relaxamentos aproximados e ndo aceites.

De modo a facilitar a aplicagdo da nova metodologia, sd0 propostas varias extensdes aos
algoritmos de descoberta de padrfes sequenciais existentes, de modo alidar de forma eficiente com

as restri¢es-Q2, também propostas.






Abstract

One of the main unresolved problems that arises in the data mining processis treating data that
contains temporal information. A complete understanding of this phenomenon requires that
the data should be viewed as a sequence of events. Sequential pattern mining is the approach most
commonly used to explore nomina sequences, enabling the discovery of frequent sequentia
patterns. The main drawback of algorithms for this task has been their lack of focus on user
expectations and the high number of discovered patterns. However, in some cases, the solution
most commonly adopted, based on the use of constraints, can transform the mining process into a
hypothesis-testing task. This risk is even stronger when mining sequentia data, where more
restrictive constraints, like regular languages, have been used.

In this dissertation, we argue that it is possible to use constrained sequentia pattern mining
algorithms, over nominal data, to discover unknown information, keeping the process centered on
the user. In order to demonstrate the validity of this thesis, we propose a new methodology based
on the use of W/constraint relaxations. A constraint relaxation establishes a weaker condition than
the original constraint, making possible the discovery of patterns that are not completely accepted
by the original constraint. We propose a new hierarchy of relaxations that ranges from conservative

ones, to approximately accepted and non-accepted rel axations.

Additionally, we propose severa extensions to existing sequential pattern mining agorithms,

in order to dedl efficiently with constraints and, in particular with gap and W4constraints.
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Chapter 1
Introduction

"As time passes, objects are created and destroyed, and

people gain, and forget, information.” [Hayes 1995]

ime has been one of the most interesting phenomenon for men. Understanding its relation to
Tthe observed changes has been a target, for thousands of years, from complex philosophical
questions to the study of human behavior. Temporal data appears naturally in almost everything in
nature, from engineering to medicine and finance domains, and with the improvements on the
digital storage capabilities in the last decades, the interest on the discovery of hidden information,

by automatic means, has exploded.

In general, we can consider two kinds of temporal data: real-valued and nominal data. The
automatic analysis of real-valued data has deserved a considerable attention in the last decades,
especially from the seventies until now. Examples of these are the analysis and prediction of
continuous signals, like financial time series. This interest is probably due to the financial impact of

such prediction and to the challenge of being able to predict a theoretically unpredictable behavior.

However, for nominal data, traditional automatic data exploration/mining techniques usually
treat temporal data as unordered collections of events, ignoring its temporal information. They
usually center their attention on the analysis of the data that occurs at the same instant (intra-
transactional analysis), instead of analyzing the relations of data between different instants (inter-
transactional analysis). Examples of such techniques are mechanisms for data classification, data

clustering and mining frequent patterns.

As an answer to this problem, Temporal Data Mining has appeared in the last decade as an



extension to traditional data mining techniques. It provides the ability to explore the dynamic
aspects of entities, instead of only exploring its static characteristics, and simultaneously
performing inter-transactional analysis. In this manner, the classification and clustering of

temporal data, as well as the discovery of temporal patterns, is currently being addressed.

1 — Problems in Pattern Mining over Temporal Data

The most usual technique to discover tempora patterns in nominal data is known as Sequential
Pattern Mining. It was first introduced in 1995 [Srikant 1995] as an extension of the frequent
pattern mining task, and, since then, several agorithms have been proposed. Nevertheless the
advances on the performance of those algorithms, the large number of discovered patterns (usually
thousands or hundreds of thousand), has been the main drawback of these approaches. Note that the
combinatorial nature of sequential patterns is even stronger than for patterns in general, and the
simple optimization of the corresponding algorithms is not sufficient to reduce the number of

patterns, considerably.

Another issue on data mining techniques, in general, and in pattern mining in particular, is the
lack of focus on user expectations and background knowledge. In fact, most of the time, the results
are not sufficiently interesting and/or are too difficult to analyze. In order to minimize this problem,
recent approaches use constraints to restrict the number and scope of the discovered patterns.
Using constraints makes it possible to focus the mining process into areas or sub-spaces where
useful information is likely to be gained. In the last years, several categories of constraints have
been used, most of them related to the duration of sequences and the impact of the proximity
among events (gap constraint), and more recently with the content of transactions (for example
item constraints and regular languages). Despite the efforts to capture the semantics of the
application domains, they have been applied seldom, in a non-integrated way. Indeed, it was only
in the last few years, that the data mining community has understood the need for a theoretical
framework for data mining that is able to deal with the presence of background knowledge, among
other things [Mannila 2000Db].

However, the existence of such ability to represent background knowledge and efficient
algorithms to discover the hidden patterns does not solve the entire problem. As pointed by some
authors [Hipp 2002], restricting the search too much approximates the mining process to a simple

hypothesis-testing task, since the process will only find already known patterns. In fact, the use of



regular languages as constraints goes against the first goal of data mining — the discovery of
unknown information. Nevertheless, it is undeniable the adequacy of these or other formal

languages to represent the knowledge about sequential phenomena.

In this dissertation, we argue that it is possible to use constrained sequential pattern mining
algorithms, over nominal data, to discover unknown information, keeping the process centered on

the user.

2 — Main Contributions

In order to demonstrate the validity of this thesis, we propose a new methodology to mine nominal
event sequences, based on the use of constraint relaxations to guide the sequential pattern mining
process. The methodology makes use of sequential pattern mining algorithms and two concepts:

the Q-constraint and constraint relaxations.

The Q-constraint aggregates a content, a temporal and an existential constraints in a unique
object. The content constraint is composed of an item constraint, specifying the set of items
relevant for the analysis, a faxonomy for allowing generalized patterns, and a formal language to
specify the characteristics that the sequences of itemsets may have, in order to be interesting for the
analysis. The temporal constraint is defined based on the concepts of time interval and other
related concepts, defined in the "Reusable Time" ontology [Zhou 2002]. It specifies a restriction
over the timestamps of transactions. It uses a time interval that includes the period of interest, a
maximal allowed time gap to consider, and the time granularity of the data. Finally, the existential
constraint is just the minimum support threshold, as is usual in sequential pattern mining

algorithms.

While this constraint serves as a way to capture the user background knowledge, the use of a
constraint relaxation enables the discovery of unknown information. A constraint relaxation
establishes a weaker condition than the original constraint, and in this manner, makes possible the
discovery of patterns that are not completely accepted by the original constraint. Relaxations of Q-
constraints include a relaxation both over the content and the temporal constraint. While the first
one is based on the relaxation of the associated formal language, establishing weaker conditions to

accept a sequence as valid, the last one is specified as the maximal time error accepted



In particular, we make the following contributions:

We propose the use of constraint relaxations to guide the pattern mining process, enabling
the discovery of unknown information.

We propose a new type of constraints + the W-constraints, which provide a mean to represent
background knowledge about nominal temporal data. In this manner, we contribute to the
specification of atheoretical framework to deal with sequential and temporal data.

We propose a hierarchy of constraint relaxations, from conservative ones, that accept patterns
that are subsequences of accepted sequences, to non-conservative ones: the Approx accepted,
which accepts sequences that dist a pre-defined error to some accepted sequence, and the
non-accepted relaxation, which enables the discovery of completely unknown and
unexpected patterns.

We present the concretization of those relaxations when applied to Witconstraints, in the
particular case when the content constraint is based on a context-free language (represented
as a pushdown automaton). In parallel, we extend pushdown automata to deal with sequences
of itemsets.

We present an extension to the PrefixGrowth agorithm + GenPrefixGrowth to efficiently
deal with WAconstraints and constraint rel axations.

We propose an efficient algorithm + e-acceptsCFL, for verifying if a sequence is
approximately accepted by a specific pushdown automata.

We analyze and explain the sequential pattern mining problem and its two main approaches:
apriori-based and pattern-growth methods, stating clearly the advantages and disadvantages
of each approach. We propose two new algorithms. one resulting from the generalization of
pattern-growth methods to use gap constraints + GenPrefixSpan, and the other + SPaRSe,
which optimizes the apriori philosophy, by constraining the search space. In this manner, we
demonstrate that apriori-based algorithms are able to compete with pattern-growth methods,
and outperform them in dense datasets.

Finally, we show the results of the new methodology when applied to real-world problems.

3 — Dissertation Outline

The dissertation comprises eight chapters. The first chapter (Chapter 2) introduces the concepts and

the process of knowledge discovery, paying a particular attention to the problem of temporal data



mining and its main areas.

In Chapter 3 we present a detailed description of the sequential pattern mining problem,
presenting an analysis of its complexity. Additionally, we survey the proposed constraints applied
to sequential pattern mining, formally introducing the concepts of deterministic finite (DFA) and
pushdown automata (PDA), used in the rest of the dissertation. After the description of the two
main approaches and the corresponding adaptations to deal with regular languages as constraints,

we present our thesis statement, explaining the meaning of each claim in detail.

We begin Chapter 4 by presenting the generalization of PrefixSpan — GenPrefixSpan,
generalizing the first algorithm in order to be able to deal with gap constraints. We finish the first
section with a comparison between GSP and GenPrefixSpan, identifying the continuous reduction
of the search space, used by pattern-growth methods, as the first cause for their differences on
performance. In the second section, we present a new apriori-based algorithm — SPaRSe, which
combines the simplicity of the candidate generation and test philosophy with the continuous
reduction of the search space. With this new algorithm, we show that, with some specific
improvements, apriori-based algorithms can compete with pattern-growth methods, showing
similar performances on the generality of situations. Studies on performance and scalability in

synthetic datasets are presented in the last section of this chapter.

In Chapter 5, we present the Q—constraint, describing its aggregated constraints in detail. A
particular attention is given to the definition of the temporal constraint and the concept of time
interval, as defined in the "Reusable Time" ontology. Additionally, in terms of the content
constraint, we present the extension of pushdown automata to deal with sequences of itemsets. We
finish the chapter with the adaptation of existent algorithms to use Q—constraints, presenting the
GenPrefixGrowth algorithm. We demonstrate that this algorithm in conjunction with Q2—constraints

outperforms GenPrefixSpan in the generality of situations.

The description of the new methodology for mining sequential / temporal patterns is made in
Chapter 6, were a hierarchy of constraint relaxations is proposed. In particular, we propose a new
algorithm — &acceptsCFL, to verify if a sequence is approximate accepted by a given context-free
language, represented as a pushdown automaton. The chapter ends with a performance study of the

usage of each constraint relaxation.

Finally, Chapter 7 presents the results obtained by the application of the new methodology on
three real-life datasets. The thesis concludes in Chapter 8, where a summary of the dissertation and

achieved results is presented. Moreover, some guidelines for future research are suggested.
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Chapter 2
Temporal Data Mining: an introduction

In this chapter, the field of data mining is introduced, by presenting its core concepts and an
overview of the major steps of the mining process. Following this introduction, temporal data
mining is addressed, by exploring its goals, applications, techniques and related problems. A
particular attention is given to pre-processing, mining and post-processing operations over

temporal data.

r I Yhe analysis of registered data was traditionally made by statisticians, who tried to give a
precise portrait of populations. Data mining, as the natural successor of statistics, tries to go

further, providing automatic means to classify and predict future behaviors.

The term data mining has been overused, most of the times to mean the whole process of
knowledge discovery in databases (usually called KDD). In this context, it has been defined as “the
nontrivial extraction of implicit, previously unknown and potential useful information from data”
[Frawley 1992]. In the last decade, data mining techniques have gained acceptance as a viable
means for finding full information in data, and its use has expanded to commercial domains, like
customer relationship management, market basket analysis or credit card fraud detection, to

scientific and engineering applications.

The analysis of temporal data has been used in a variety of domains, from engineering to
scientific research, finance and medicine. In engineering matters, temporal data usually arises with
either sensor-based monitoring, such as telecommunications control (e.g. [Das 1997], [Das 1998],
[Grossman 1998]) or log-based systems monitoring (see, for instance [Mannila 1996] and
[Mannila 2000a]). In scientific research it appears, for example, in spatial missions (e.g.

[Keogh 1997] and [Oates 1999]).



In finance, the prediction of time series is the paradigmatic example of temporal data mining.
See, for instance, the work of [Fama1970], [Faloutsos 1994], [Refenes 1995], [Berndt 1996],
[Chan 1999], [Gavrilov 2000] or [Ge 2000]. Nevertheless, over the last years the analysis of
product sales or inventory consumption has also been of great importance to business planning (see
for instance [Agrawal 1995c], [Srikant 1996] and [Zaki 19984]).

In healthcare, tempora sequences are a reality for decades, with data originated by complex
data acquisition systems like ECG's (see, for instance [Grossman1998], [Ge 2000],
[Daani 2001]), or even with simple ones like the ones that measure the patient temperature or the
effectiveness of treatments [Shahar 1996], [Cara aVadente 2000]. In the last years, with the
development of medical information systems, the amount of data has increased considerably, and
more than ever, the need to react in real-time to any change in the patient behavior is crucia
[Coiera1994], [Antunes 20014].

1 — Data Mining: basic concepts

In order to understand the data mining field, some basic concepts are needed, and in particular it is
important to make the distinction between data and information. The definitions adopted here are

the most commonly accepted by the data mining community [Kohavi 1998].

The term data is used to mean the recorded facts that describe the state or behavior of some
entity, in accordance with a set of attributes, also known as fields or variables, each of which
corresponds to a particular value. These values belong to specific sets + the artribute domains,
which represent the values that can be taken by the attribute. In genera attribute domains can
belong to one of two types:

- Real-valued or continuous, subsets of rea numbers, where there is a measurable
quantity in agiven range.
- Categorical, finite sets of discrete values. There are two types of categorical attributes:
0 Nominal, denote that there is no ordering between values, such as names and
colors. These sets are usualy called alphabets.
0 Ordinal, denote that there is an ordering among the values, such as in an

attribute taking on the values low, medium, or high.

Another term commonly used is feature, which corresponds to a particular instantiation of an

attribute. However, the term feature is usually misused as attribute, like in "feature selection".



When a set of attributes describes some property, we are in the presence of a dimension. Examples

of common dimensions are space and time.

The terms instance and record denote a single object of the world. In general, they are
represented by feature vectors, which correspond to the set of features that describes them at

particular instants of time.

Unfortunately, the definition of information is not so consensual. In general, it has been used to
denote the set of patterns or expectations that underlie the data [Witten 2000], and from a
mathematical point of view, the generation of information can be seen as data compression
[Adriaans 1996], since information can be seen as a model to represent several instances. Another
way to view information is as the next step in the road of knowledge, since it corresponds to an

abstraction of the already known (recorded) data.
When dealing with temporal data, additional terms are needed.

The term transaction was inherited from the database community, and refers to the facts
recorded in a single transaction (in the sense of the operations performed on databases). In this
context, an item is one of the transacted values, and an itemset, a set of items transacted in the same

instant and by the same entity, i.e. the items belonging to the same transaction.

When dealing with transactions, two kinds of analysis can be performed:
— Intra-transactional, where the analysis is performed among the data transacted at the
same time.
— Inter-transactional, where the analysis is performed among the data transacted at

different time instants.

Note that intra-transactional analysis is particularly interesting for describing the state of some
instance and to inter-relate its static characteristics. The analysis of its behavior cannot be

performed with an intra-transactional analysis, but an inter-transactional one is able to describe it.

An event has been defined as a pair (e, f), where e is the event type and ¢t a positive integer,
called the timestamp [Bettini 1998]. In this context, the event type specifies the item transacted at

the corresponding time instant. However, this notion can be extended, as proposed below.

First, timestamps may be replaced by a set of time attributes, completely specifying the time
dimension. Second, in order to deal efficiently with simultaneous transactions performed by a
unique instance, the event type can be replaced by the set of transacted items — the itemset. In this

manner, the representation of simultaneous or parallel events is compacted in a natural way, and
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the tempora data corresponding to the behavior of some instance may be represented by a
sequence of events, called an event sequence in the rest of this text. If registered items are real-
valued, the event sequence is usually called a time series, and, if they belong to a nomina domain,

anominal event sequence.

Related to the concept of event sequence appears the notion of subsequence. A subsequence of
an event sequence s is an event sequence that contains part of the events of s, preserving the

original order among events.

In the rest of this dissertation, we will adopt the extended version of the event notion.

2 — Data Mining: process overview

With the information discovery as atarget, the knowledge discovery task receives data as input and
returns information as the result. But several questions arise:

- How to deal with datafrom severa distinct sources?

- How to represent different datatypes?

- How to treat inconsistent data?

- How to dea with noise, outliers and missing values?

- How to learn the information, that is, how to extract the patterns that underlie the data?

- How to deal with large amounts of data?

- How to evaluate the relevancy of discovered information?

- How to deal with user expectations?

- How to use background knowledge?

- How to avoid the discovery of already known information?

In order to deal with al of these questions, knowledge discovery has been seen as a process
composed by aiterative sequence of steps, asillustrated in Figure 2.1.

These steps can be classified into three main categories. pre-processing, data mining and post-
processing tasks.

In general, we can view the pre-processing stage as the preparation of data before the
application of data mining tools, and the post-processing as the evaluation and presentation of the

discovered information to the final user.
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Figure 2.1 — The knowledge discovery process

El

Nowadays, it is usual to perform the mining process directly over the data in some data
warehouse, avoiding part of the pre-processing stage. A data warehouse is a "subject-oriented,
integrated, time-variant, and non-volatile collection of data in support of management's decision
making process" [Inmon 1996]. However, and since data warehouses are mostly constructed from
the integration of multiple heterogeneous data sources, their construction involves some or all the
efforts required to prepare the data for the mining process — the pre-processing operations,

described next.
2.1 — Pre-processing
The pre-processing stage consists of a set of operations performed over data in order to improve its

quality, and, consequently, the mining results.

Recent statistics have shown that the pre-processing stage occupies about 75% of the overall
time of the data mining process (In KDnuggets Past Polls: "Data preparation part in data mining
projects”, Sep 30 — Oct 12, 2003, reproduced in Appendix A). The time spent in this stage reveals
the poor quality of the majority of the existent data, and the importance of these operations when

dealing with large datasets.

The generality of pre-processing operations can be categorized as belonging to three main

types of techniques: data integration, data cleaning and data reduction [Han 2001a].

Data Integration

Data integration operations are used to merge the data from multiple, possibly heterogeneous, data
sources. The key difficulties are related to the different schema behind the different data sources

and to the existence of duplicated records.

The first issue is one of the major problems in data integration, since it requires the
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identification of equivalencies between the entities existent in different data sources (usualy
known as the entity identification problem).

The second challenge in dataintegration is the identification and removal of redundancies. This
is not a trivial issue, but can be approached using correlation analysis between attributes. If the
correlation between two attributes is zero, then the attributes are independent and there is no
redundancy between the attributes. Otherwise, one attribute is correlated with the other, which
means that we are in the presence of some redundancy. Another problem is the remova of
duplicated records, which consists in identifying the existence of multiple records for the same data

entry.

Data Cleaning

Once the integration of the distinct data sources is achieved, data cleaning operations aim to ensure
the data quality. In general, they deal with three distinct situations: missing values, outliers or noise
and data inconsistencies.

Missing Values. A frequent problem is the existence of several instances with no recorded value
for a large number of their features. As several authors have noted, the vital attributes for an
organization are usually correctly filled, but other attributes, less fundamental for the core business,
are usually blank or incorrectly filled. In the majority of cases, this problem reflects the poverty of

the tools for gathering the data.

There are several approaches to deal with this problem, which mainly consist on ignoring the
records that contain missing values or on replacing the missing value with an accepted value. Since
the first solution implies the exclusion of alarge number of instances, it may reduce the richness of
the data, impairing the results of the mining process. The replacement of missing values has been
widely accepted as the solution for this problem. There are several strategies for choosing the new
value, ranging from the use of a new value such as "unknown", to the use of the mean value of the
attribute or the most probable value to fill in the missing value.

Outliers or Noise. Outlier values correspond to unexpected values, and are usually referred to as
noise. This problem is mostly related with continuous attributes, where there is an order relation
between values. The goal is to identify the outliers and to smooth the data, by choosing the most
adequate value to replace them.

This identification can be done by grouping the values in clusters, and recognize as outliers the



values that are outside those clusters. Again, there are several strategies to choose the new value,
and they mostly involve the analysis of the neighborhoods of the outlier, either by adopting the
mean value between the precedent and subsequent values for the outlier (binning methods), by
calculating the new value considering a function that better fits the data (regression methods) or by

discretizing the values.

Inconsistent data. Data inconsistencies mostly appear as a result of the data integration operations
and are easily corrected when functional dependencies among attributes and data constraints are
known. When this happens, automatic or semi-automatic tools can be used, but otherwise, mainly

manual processing can be applied.

Data Reduction

In general, databases contain very large amounts of data, which can result from the large number of
records, the large number of attributes per record or simply from the inherent complexity of data.
Since those characteristics can increase the difficulty of the mining process, the data reduction is a

real need.

The simplest form of data reduction is the use of a data sample obtained from the original
database. Given that this sample can be considerably smaller than the entire database, and that there
is some danger of losing interesting data records, the sample has to be selected in order to be

representative of the original data.

Another popular technique is dimensionality reduction, which consists in removing the
attributes that seem redundant and irrelevant. In this manner, each record is transformed into a
smaller feature vector. By this reason, it is commonly known as feature selection. One of the most
popular approaches is based on the use of Principal Components Analysis, but others use
transformations like the Discrete Fourier and Wavelet Transforms to compress data, as will be

described in section 3.1.

More advanced techniques try to infer some parametric model to represent the data, for
example by using linear regression to infer the line that best approximates the data points, or by

using grammatical inference methods to infer some generative model able to generate existent data.

Other Operations

As described above, when there is a large number of attributes, it is possible to choose the most

relevant ones for the task. However, sometimes, existent attributes are not able to reflect the
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structure of the domain and the construction of new attributes can help to have a new insight in the
inner nature of the problem. This construction is usualy achieved by the combination of existent
attributes, either by the Cartesian product of nominal attributes or by the conjunction of Boolean
attributes.

Additionally, there are two other important techniques usually used in order to improve the
quality of data: data smoothing and the use of concept hierarchies.

One of the most usual smoothing techniques is normalization. The normalization is made by
scaling the possible values for some attribute, so that they fall within a specified interval, usually
from 0.0 to 1.0. In this manner, similarities may be detected, ignoring scale differences. This kind
of transformation is applied to continuous values, and there are several strategies to make the

transformation.

Concept hierarchies are also used to reduce the number of possible values for some attribute,
by replacing low-level by higher-level concepts. When the attribute is continuous, this technique
corresponds to the discretization of the original values, and concept hierarchies can be constructed
automatically based on the analysis of the data distribution. When attributes are categorical, their
values are already discrete, but can belong to a large set of distinct values. In this case, a concept
hierarchy can be applied to abstract the values, loosing some detail but possibly improving the
performance of data mining techniques. Concept hierarchies for categorical attributes are usually

known as taxonomies.
2.2 — Data Mining

The term data mining aso identifies the discovery step, itself, and it mainly makes use of machine
learning algorithms to perform it. The great challenge of data mining is to adapt existent machine
learning algorithms to use large amounts of "dirty" data in an efficient way, using al known
information, to focus the discovery process in accordance with user expectations.

Several other challenges can be enumerated, but, among them, the analysis of complex data
types has deserved a particular attention in the last few years, in particular, the analysis of temporal
data.

The most relevant mining operations are classification/prediction, clustering and association

analysis, succinctly described below.



Classification and Prediction

The am of classification methods is to learn a classifier for predicting the value of a specific
attribute, known as the class or concept attribute. In general, a classifier ¢ can be seen as afunction
from a set of instances 7to a set of class labels £ (c: 7> £). In order to discover such functions,

classification methods use a set of already classified instances, called the training set.

Formally, a class C; is a subset of the domain S, consisting of all instances that satisfy the class
description desc;. The final goal is to discover these descriptions, which can be achieved by the
discovery of the common properties anong the set of training instances that belong to the same

class.

Whenever those descriptions are available, it is possible to define a classification rule for each
class. Those rules state that al instances that satisfy the description of a particular class belong to
that class. A ruleis said to be correct with respect to a specific training set, if its description covers
al the instances of a given class (positive instances) and none of the instances of other classes

(negative instances).

The distinction between classification and prediction is somehow diffuse. Most of the times the
only difference is that the term classification is applied to categorical domains, while prediction is
used on numerical domains. In this context, prediction methods try to discover the values for
missing or unseen features, mostly by analyzing rea-valued features and tempora data. While
prediction methods are essentialy based on the use of statistical techniques for regression,
classification use severa different models to discriminate existent concepts, such as decision trees,
neural networks, support vector machines or Bayesian models, to name a few. Given that
classification and prediction methods make use of classified instances, they are known as
supervised methods.

A detailed description of classification and prediction methods for the analysis of temporal data

is presented in section 3.2.

Clustering

Unlike classification, clustering is used when no labeled data exists, which means that it is an
unsupervised operation. Indeed, the first goal of clustering is to partition the datain natural classes,

clusters, by analyzing the similarities and dissimilarities between instances.

One of the main difficulties is to discover the number of classes. After this, it is necessary to
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identify those classes, assign a new label to each one and discover their descriptions, like for
classification methods.

In this manner, clustering is able to identify regions with different characteristics, contributing
to define the overall distribution of data. Correlations among attributes may also be found, which
may help in the feature selection pre-processing task.

Given that each instance should be similar to other instances in the same cluster, and dissimilar
to the instances on other clusters, it is usual that clustering methods make use of a similarity
measure, in order to identify the clusters. This similarity measure, also called a distance function, is
essential to perform clustering, but can be quite hard to define, especialy in the presence of
complex data types. Section 3.2 describes clustering approaches to tempora sequences, and
enumerates several similarity measures for this type of data, depending on the type of

representation used.

Association Analysis and Frequent Itemset Mining

Association Analysis is another unsupervised task, which tries to capture existent dependencies
among attributes and its values, described as association rules. An association rule is an
implication of the form A B, where A and B are propositions (sets of pairs attribute/value), and
expresses that when A occurs, B also occurs with a certain probability. This probability is known as

the rule confidence and is given by the conditional probability P(B|A).

In basket analysis, one of the major applications of association anaysis, A and B correspond to
itemsets, and therule A B meansthat if A istransacted, then B will also be transacted at the same

time, with a certain probability.

Thiskind of discovery is usually applied to the transactions on a given database, performing an
intra-transactional analysis, and, in its pure form, it is not able to perform inter-transactional
analysis.

The most well known approach to discover association rules is the apriori agorithm
[Agrawal 1994]. It acts in two steps: first, it discovers the frequent itemsets (this task is usually
known as frequent itemset mining) and then it generates the rules. The notion of the frequency of
an itemset is defined using a minimum support threshold: an itemset is frequent if its support is
greater or equa to the minimum support accepted. The support of an itemset A is given by the
probability of its occurrence in the database P(A).



In order to discover frequent itemsets, apriori acts iteratively: first, it generates possible
different itemsets (candidates) and then it chooses the frequent ones by scanning the database. It
begins by trying the itemsets composed of one item, then of two items and so on, until there are no
eligible candidates. The task of counting the support for each candidate is the most costly operation

in apriori-based approaches, since it involves several database scans.

In the last few years, several other algorithms for association analysis have been proposed. For

an overview of such methods, see for example [Zaki 1999].

The main drawback of association analysis is the huge number of discovered associations.
Indeed, most of the times they are uninteresting and useless to the final user, mostly due to the lack

of focus and the general inability to represent background knowledge in the discovery process.
2.3 — Post-processing

The mining operations performed in the data mining stage develop models to explain or describe
the data. Nevertheless, as seen above, most of the times there are several hypotheses to describe the

data, and naturally, it is necessary to choose the "best ones" to present to the final users.

The post-processing stage aims to perform the analysis of the achieved results, and to present
the best ones to the final user. In this manner, there are two core tasks to perform: the evaluation of
results and their presentation. Despite the fact that the presentation of the models is extremely
important, the research on visualization has been almost exclusively concerned with data
visualization [Fayyad 2002]. An exception to this general panorama is the system PEAR

[Pocas 2003], which permits the manipulation and analysis of the discovered association rules.

On the contrary, the choice of the best results to present to the users has motivated a large
number of researchers. In essence, the evaluation of models is concerned with four aspects: its

simplicity, its certainty, its utility and its novelty.

Simpler explanation models are usually preferred because they are easier to understand and
because they are more suitable for generalizing beyond known instances. This simple principle is
known as the Occam's razor. The difficult is on choosing between models with different
certainties. The Minimum Description Length gives an answer to the challenge of choosing the best
and simpler model, minimizing the sum of the description length of the explanation model and the

description length of the data given the model [Mitchell 1997].

The certainty of a model can be stated as the measure of the trust that an user should put on the
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model. In the case of classification models, this certainty is the accuracy or precision, which is the
probability that the model correctly classifies unseen instances. For association rules, this certainty

isgiven by its confidence, as described before.

Utility measures determine the interestingness of models. In general, it is concerned with two
aspects: the usefulness and the novelty of the models. Again, utility measures are different for

classification and association models.

While the support of an association rule (as previously defined * section 2.2) measures its
usefulness, the coverage indicates the usefulness of a classification model. In particular, the
coverage of a class description is the probability that an arbitrary instance, belonging to that class,

Is covered by that description.

Novelty measures define the contribution of models to increase the knowledge about the
domain. An example of such measures is the [ift of an association rule, which reflects the strength
of the effect, by measuring the ratio between the confidence of the rule and the support of the
basket on the consequent of the rule. Several other interestingness measures exist, for both
classification models and association rules. A survey of those measures can be found in
[Hilderman 1999].

3 — Temporal Data Mining

Since the great majority of phenomena occur over time, the analysis of temporal data has been one
of the data mining goals, from its beginning. However, traditional data mining operations are not
able to deal with their intrinsic dynamic nature, since they usually treat temporal data as unordered
collections of events, ignoring temporal information. As seen before, they usually center their
attention into the analysis of the data transactions (intra-transactional analisys), instead of
analyzing the relations between different transactions (inter-transactional analisys).

In the last decade, the exploration of tempora data, usualy caled temporal data mining,
achieved a considerable attention in the data mining community. Its main goal is to provide the
ability to explore the dynamic aspects of entities, instead of only exploring its static characteristics.
In particular, with this kind of analysis, it is possible to infer some cause-effect relations, alowing

for the understanding of the evolution of analyzed entities [Roddick 2002].

Given that, the analysis of tempora data has been a reality for centuries, any overview of the



techniques used is necessarily incomplete. The next sections do not aim to describe all these
techniques, but simply to survey the approaches mostly used by members of the data mining
community in the analysis of temporal data. It is clear that many other approaches have been used,
for example, in the signal processing and pattern recognition areas, but amost al of them were not
used in the knowledge discovery process, and are unknown for the mgjority of "data miners'. Since
those techniques were mostly applied in the analysis of continuous signals or images, and the god

of this dissertation isto deal with nominal data, we do not survey them.
3.1 — Pre-processing of Temporal Data

The pre-processing of event sequences can be roughly seen as the selection of the most adequate
representation for data. This choice is especialy important when dealing with time series, since
direct manipulation of continuous, high-dimensional datain an efficient way is extremely difficult.

The representation of event sequences, in general, can be addressed in several different ways.
One first possibility is to use the data with only minimal transformations, either keeping it in its
original form or using windowing and piecewise linear approximations to obtain manageable sub-
sequences. A second possibility is to use a reduction that maps the data to a more manageable
space, either continuous or discrete. Another possibility is to use a generative model, either
statistical or deterministic, inferred from the data. While the three first approaches deal directly

with time series, parametric models have been mostly applied to nominal event sequences.

One issue that is relevant for al the representation methods addressed is the ability to discover
and represent the subsequences of a sequence. The method mostly used to find subsequences is to
use a dliding window of size w and place it at every possible position of the sequence. Each such
window defines a new subsequence, composed by the elements inside the window
[Faloutsos 1994].

Measuring the Similarity between Temporal Sequences. After representing each sequence in a
suitable form, it is, in general, necessary to define a similarity measure between sequences, in order

to determineif they are closely related.

An important issue in measuring similarity between two sequences is the ability to deal with
outlying points, noise in the data, amplitude differences (scaling problems) and the existence of
gaps and other time axis distortion problems (translation problems). As such, similarity measures
need to be sufficiently flexible to be applied to sequences with different lengths, noise levels, and

time scales. There are many proposals for similarity measures, but the model used to represent
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sequences clearly has a great impact on the similarity measure adopted. In this manner, after the
description of each category of representation models, we present the similarity measures usually

used.

Time Domain Continuous Representation

The simplest approach to represent a time series consists in using it without any pre-processing

[Agrawal 1995a] [Lin 1998]. Figure 2.2 illustrates this situation.

time

Figure2.2 + Time seriesrepresentation in time domain

However, as been said, mining operations do not deal efficiently with this kind of data. An
alternative consists in finding a piecewise linear function able to approximately describe the entire

sequence.

In this way, the original sequence is partitioned in several segments and each segment is
represented by a linear function. Despite the fact that sequence partition can be achieved using
different approaches, all of them first have to define or discover the number of segments, and then
partition the original data [Das 1997], [Guralnik 1999]. The objective is to obtain a representation

that can be used to detect significant changes in the sequence.

A proposal to discover the number of segments consists on segmenting a sequence by
iteratively merging two similar segments. Choosing which segments are to be merged is done
based on the squared error minimization criteria [Keogh 1997]. An extension to this model consists
on associating a weight value to each segment, which represents the segment importance relatively
to the entire sequence. In this manner, it is possible to compare sequences mainly by looking at

their most important segments [Keogh 1998].

With this representation, a more effective similarity measure can be defined, and consequently,
mining operations may be more easily applied. Figure 2.3 exemplifies a time series using linear

segments, presenting the original with grey and the approximation with solid lines.
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Figure 2.3 — Representing a time series using linear segments

While this is a relatively straightforward representation, not much is gained in terms of the
ability to manipulate the generated representations. One possible application of this type of
representations is on change-point detection, where the goal is to identify the points where a
significant change in behavior takes place. One significant advantage of these approaches is the
ability to reduce the impact of noise. However, problems with amplitude differences (scaling

problems) and the existence of gaps or other time axis distortion are not addressed easily.

Similarity Measures. When no pre-processing is applied to the original sequence, a simple
approach to measure the similarity between two sequences consists on comparing the i element of
each sequence. The similarity measure most used with time-domain continuous representations is
the Euclidean distance, by viewing each sub-sequence with n points as a point in R". Figure 2.4
illustrates the use of this method to compare two time series, where the illustration on the right

assumes n=3.

Figure 2.4 — Comparing two time series with the Euclidean distance

This simple method, however, isinsufficient for many applications. In order to deal with noise,
scaling and translation problems, a ssimple improvement consists on determining the pairs of
portions of sequences that agree in both sequences after some linear transformation is applied. A
concrete proposal [Agrawal 1995a] achieves this by finding one window of some fixed size from
each sequence, normalizing the values in them to the [-1, 1] interval, and then comparing them to
determine if they match, asillustrated in Figure 2.5.
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Figure 2.5 + Comparing two time series using time windows

After identifying these pairs of windows, several non-overlapping pairs can be joined, in order
to find the longest match length. Normalizing the windows solves the scaling problem and

searching for pairs of windows that match solves the trandlation problem.

A more complex approach consists on determining if there is a linear function f, such that a
long subsequence of one sequence can be approximately mapped into a long subsequence of the
other [Das1997]. Since, in this approach, the subsequences do not necessarily consist of
consecutive original elements but only have to appear in the same order, this similarity measure

allows for the existence of gaps and outlying points in the sequence.

In order to surpass the high sensibility of the Euclidean distance to small distortionsin the time
axis, the Dynamic Time Warping (DWT) technique has been used [Berndt 1996]. This technique
consists on aligning two sequences so that a predetermined distance measure is minimized. The
goal isto create a new sequence, the warping path, whose elements are (i, j) points with i and j the
indexes of original sequence elements that match. Algorithms for using dynamic time warping
techniques have been proposed in [Keogh 1999] and [Yi 1998]. Figure 2.6 illustrates this method.

fime

Figure 2.6 + Comparing two time series using Dynamic Time Warping

A different similarity measure consists on describing the distance between two sequences using
aprobabilistic model [Keogh 1997].

The general idea is that a sequence can be ‘deformed’, according to a prior probability
distribution, to generate the other sequence. This is easily accomplished by composing a global
shape sequence with local features, where each one is allowed some degree of deformation. In this



way, some elasticity is allowed in the global shape sequence, allowing for stretching in time and
distortions in amplitude. The degree of deformation and elasticity are governed by the prior

probability distributions. Figure 2.7 exemplifies the usage of this type of measure.
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Figure 2.7 + Comparing two time series using a probabilistic measure

Compression Based Representations

The main idea of Compression Based Representations is to transform the time series, from time to

another domain, and then to use a point in this new domain to represent each original sequence.

The simplest compression is to represent each sequence as a point in the n-dimensional space,
with n being the sequence length. Another possibility is to map each subsequence to a point in a
new space with coordinates that are the derivatives of each original sequence point (the derivative
at each point is determined by the difference between the point and its preceding one

[Gavrilov 2000]).

However, with these methods almost no reduction is performed. The most usual reduction
approach is to use the Discrete Fourier Transform (DFT) to transform a sequence from the time
domain to a point in the frequency domain [Agrawal 1993]. Choosing the k first frequencies, and
then representing each sequence as a point in the k-dimensional space, achieves this goal. The DFT
has the attractive property that the amplitude of the Fourier coefficients is invariant under shifts,
which allows for extending the method to the problem of finding similar sequences ignoring shifts.

This technique is illustrated in Figure 2.8.

Hz .
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Figure 2.8 + Representing atime series using the Discrete Fourier Transform, with k=2



A more recent approach uses the Discrete Wavelet Transform (DWT) to translate each
sequence from the time domain into the time/frequency domain [Chan 1999]. The DWT is alinear
transformation, which decomposes the original sequence into different frequency components,
without loosing the information about the instant of the occurrence of elements. Its features,
expressed as the wavelet coefficients, represent the sequence. Again, only a few coefficients are
needed to approximately represent the sequence. Figure 2.9 exemplifies the usage of wavelets for

representing time series.
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Figure 2.9 — Representing a time series using Discrete Wavelet Transform, with k=3

With these kinds of representations, time series became a more manageable object, leading to
the definition of efficient similarity measures and an easier application of common data mining

operations. However, these methods do not solve either amplitude differences or time distortions.

Similarity Measures. WWhen Compression Based Representations are used, a simple approach is to
compare the points, in the new domain, which represent each sequence. For example, the smilarity
between two sequences may be reduced to the similarity between two points in the frequency
domain, again measured using the Euclidean distance [Agrawal 1993], [Chan 1999], as Figure 2.10
illustrates.

fime Hz Hz

Figure 2.10 — Comparing two time series in frequency domain
In order to allow for the existence of outlying points in the sequence, the discovery of

sequences similar to a given query sequence is reduced to the selection of points in a neighborhood

of the query point. However, this method may allow for false hits, and after choosing the neighbor



points in the new domain, the distance in the time domain is computed to validate the similarity
between the chosen sequences (for instance, using the Euclidean distance as described in the

previous section).

Notice that this method implies that sequences have the same length. In order to be able to deal
with different lengths, the method was improved to find relevant subsequences in the origina data
[Faloutsos 1994]. Another important issue is the fact that to compare different time series, the
number of Fourier coefficients chosen to represent the sequences must be the same for al of them,

which may not be the optimal one for each sequence.

Representations Achieved by Discretization

A third approach to deal with time series is the tranglation of the original sequence to a sequence
composed of nominal symbols. There are two problems related with this trandation: choosing the
domain of the new symbols + alphabet, and making the translation from the real-valued elements
to new symbols.

The aphabet definition is sometimes simplified by assuming that digits or characters are used.
However, this decision implies that the new sequence is an artificia transformation of the original

one, potentially more difficult to analyze and understand.

Automatic Conversion Methods. The simplest way to define the alphabet is to choose a set of
nominal symbols (alphabet) without any special meaning, and then proceed with the trandation
itself. This kind of approach introduces some level of artificiality but is especially useful when

there is no knowledge about the series domain.

A simple method to discretize time series is to segment a sequence by computing the change
ratio from one time point to the following one, and representing al consecutive points with equal
change ratios by a unique segment. After this partition, each segment is represented by a symbol,
and the sequence is represented as a string of symbols [Huang 1999]. A particular case occurs
when change ratios are classified into one of two classes: large fluctuations (symbol 1) or small
fluctuations (symbol 0). This way, each time series is converted into a binary sequence, which can

then be manipulated in a natural way by genetic algorithms [ Szeto 1996], for example.

Clustering is another approach to convert a sequence into a discrete representation. First, the
sequence originates a set of sub-sequences with length w, by sliding a window of width w. Then,
the set of all sub-sequencesis clustered, originating k clusters, and a different symbol is associated
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with each cluster. The nominal version of the initial sequence is obtained by substituting each sub-

sequence by the symbol associated to the cluster that it belongs to [Oates 1999].

Figure 2.11 illustrates the translation of one sequence, if we associate the symbol a to
ascending segments (solid lines), symbol b to descending segments (dotted lines) and symbol ¢ to

flat segments (grey lines). Its final representation would be <bcacbcacbcacbcacbca>.

time

Figure 2.11 — Representing a time series using clustering as a discretization method

Another method to convert time series into a sequence of symbols is based on the use of self-
organizing maps — SOM [Giles 2001], [Guimaraes 2000]. This conversion consists on three steps:
first, a new series composed by the differences between consecutive values of the original time
series is derived; second d-sized windows over the series are given as input to the SOM, which
finally outputs the node closer to the input. Each node is associated with a symbol, which means

that the resulting sequence may be viewed as a sequence of nominal symbols.

The advantage of these methods is that time series are partitioned in a natural way, depending
on their values. These transformed time series are more amenable to manipulation and processing
than the original time series, since the number of possible different values is reduced. However, the
symbols of the alphabet are usually chosen externally, which means that most of the times users

impose symbols in some artificial way.

Alphabet Specification Languages. A way to define the alphabet without loosing the original
meaning is to define a language able to describe all different entities relevant to the domain, and

simultaneously, to provide some similarity measure between different sequences.

One such language is the Shape Definition Language (SDL) proposed by Agrawal
[Agrawal 1995b], which is able to describe shape queries to pose to a sequence database and is able
to perform ‘blurry’ matching. A blurry match is one where the important thing is the overall shape,
therefore ignoring the specific details of a particular sequence. The first step in the representation
process is defining the alphabet of symbols and then translating the original sequence to a sequence

of nominal symbols. The translation is done by considering transitions from an instant to the



following one, and then assigning a symbol of the alphabet to each transition.

Figure 2.12 presents the new sequence (s =< zero stable Up Up Up down stable Down down
disappears >) corresponding to sequence s=< 0005246545 1.5 0.5 0 >, using the aphabet
S={ zero, stable, Up, down, Down, disappears} .
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Figure 2.12 — Representing a time series using SDL

Another language used to specify patterns is the Constraint-Based Pattern Specification
Language (CAPSUL) [Chakravarty 2000], which like SDL describes patterns by considering some
abstraction over the values at each time interval. The key difference between these two languages
is that CAPSUL uses a set of expressive constraints upon tempora objects, which alows
describing more complex patterns, for instance, periodic patterns. Finaly, to perform each of those

abstractions the system accesses an ontology, where relations among values are defined.

Similarity Measures. When a sequence is represented as a sequence of nomina symbols, the
similarity between two sequences is, in general, achieved by comparing each element of one
sequence with the corresponding one in the other sequence, as proposed in the first similarity
measure described above. However, if the categorical symbols are not ordered some provisions
must be taken to allow for blurry matching.

One possible approach is to use the Shape Definition Language, where a blurry match is
automatically possible. This is possible because the language defines a set of operators, such as
any, noless or nomore, which allows describing overall shapes, solving the existence of gapsin an
elegant way [Agrawal 1995D].

Figure 2.13 exemplifies two cases of similarity between two pairs of sequences. Both pairs are

considered similar since they verify the query

(in 5 (and (noless 2 (any up Up)) (nomore 1 (any down Down))))
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Figure 2.13 — Comparing two time series using the blurry matching [Agrawal 1995b]

Another possibility is to use well-known agorithms for approximate string matching
[Navarro 2001] to define a distance over the space of strings of discrete symbols [Huang 1999],
[Mannila 1997]. This distance, usually known as edit distance, reflects the amount of work needed
to transform a sequence to another, and is able to dea with different sequence lengths and the
existence of gaps. Insertion, deletion, replacement and transposition are the operations usually
accepted to transform a string into another one. The edit distance will be formally defined in
Chapter 6, section 3.

Generative Models

A significantly different approach consists on applying data reduction techniques in order to obtain
amodel that can be viewed as a generator for the sequences, as described in section 2.1. There are
different types of models, to represent event sequences, in general, and nominal ones, in particular.
These models can be classified into two main categories. graph-based models and formal

languages.

Graph Based Models. One possible approach is based on the use of acyclic graphs that define
partial orders or constraints between basic events + episodes. In this context, an event isa pair (A,
t), with A asymbol to describe the event type [Mannila1995] [Guralnik 1998]. Note that with this
kind of model, it is possible to represent events that occur either in sequence or in parallel. Further
developments were proposed: one for dealing with events that occur during a set of different
instants [Laxman 2002] and other for building a mixture model that generates, with high
probability, sequences similar to the one that one wishes to model [Mannila 2000a].

DRSO

Figure 2.14 — Example of an episode



Figure 2.14 shows an example of an episode, with four events: first A occurs, second B and C

occur in parallel and then A occurs again.

In order to deal with different time granularities (for example hours, days or weeks), TAGs
were proposed [Bettini 1998]. A TAG (Timed Finite Automaton with Granularities) is essentially a
standard finite automaton with a set of clocks, each of which as an associated granularity. Instead
of each transition being conditioned only by the input symbol, it also depends on the values of the
different clocks. In this manner, the transitions are constrained both by the content and by the

temporal information contained in the sequence of events.

These models can be viewed as graph-based models, since one or more graphs that describe the
rel ationships between basic events are used to model the observed sequences.

Formal Languages. An alternative approach to describe the relations between events is based on
the use of aformal language. A formal language is a set of nominal sequences generated by some

grammar.

Grammars may belong to a variety of classes[Hopcroft 1979], ranging from regular
[Lang 1998], [Juill 1998], [Oliveira 2001], to context-free [Sakakibara 1997], [Sakakibara 2000],
context-sensitive and natural grammars. Given that regular grammars are equivalent to finite
automata, context-free grammars to non-deterministic push-down automata, context-sensitive to
linear bounded automata, and grammars for natural languages to Turing machines, formal
languages can aso be seen as a kind of graph-based models. We choose to distinguish them,

because they have been exhaustively studied and their properties are well known.

Extensive research in grammatical inference methods has led to many interesting results
[Miclet 1996], [Honavar 1998], [Oliveira2000] but has not yet found its way into a significant
number of rea applications. Usualy, grammatical inference methods are based on discrete search
algorithms that are able to infer complex grammars. Neura net-based approaches have also been
tried (see, for example [Moody 1992]) but have been much less successful when applied to
complex problems [Horne 1995], [Giles 1992]. However, some recent results have shown that
neural-network based inference of grammars can be used in redistic applications with some
success [Giles 2001] and regular languages can be used to represent background knowledge in
some mining operations [Garofaakis 1999], [Han 2001b].

When there are probabilities associated to the relations between the occurrences of events, we
are in the presence of a probabilistic model. Either Sochastic Grammars [Carrasco 1994],
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[Stolcke 1994], [Higuera 1998], [Smyth 1999] or Hidden Markov Models [Ge 2000], [Smyth 1997]

are examples of such models.

Similarity Measures. When a generative model is obtained from a dataset, the similarity measure
between sequences can be obtained by verifying how close the sequence fits one of the available

models.

For deterministic models (graph-based models, regular grammars or context-free), verifying if
a sequence matches a given model provides a yes or no answer, and, therefore, the distance

measures are necessarily discrete, and, in many cases, only take one of two possible values.

For stochastic generative models, it is possible to obtain a number that indicates the probability

that a given sequence was generated by a given model.

In both cases, this similarity measure can be used effectively in classification problems,

without the need to resort to complex heuristic similarity measures between sequences.

It is clear that formal languages obtained by induction from examples can be used for
prediction and classification, since it is possible to verify if the model can generate a given
sequence, and what is the most likely event after the observed ones.So far, however, these methods
have not been extensively applied to actual problems in data mining, mainly due to the difficulties

inherent to the inference process.
3.2 — Mining Operations on Temporal Data

As has been noted, temporal data mining methods perform inter-transactional analysis, discovering
information related to dynamical behavior of target entities. In this context, prediction and

association analysis have deserved more attention than classification and clustering.

In particular, while prediction of event sequences allows for the identification of trends,
association analysis is able to provide a set of relations among events, identifying the impact of

some occurrences over others.

In this section, it is presented a small overview of the several approaches to temporal mining
operations.
Classification and Prediction

In the specific domain of prediction, care must be taken with the domain where prediction is to be

applied. Well-known and generally accepted results on the inherent unpredictability of many



financial time series [Fama 1970], [Weigend 1994] imply that significant gains in prediction
accuracy are not possible, no matter how sophisticated the techniques used. However, financid
time series forecasting has been the focus of research on prediction on the last decades. As such,
several authors have presented work that aims specifically to obtain agorithms that can be used to
predict the evolution of time series using genetic agorithms [Cortez 2001], [ Szeto 1996], recurrent
neural networks, or available background knowledge on economics and finance [Levitt 1996],
[Mannila1999].

In the vast literature on computer-assisted prediction of time series, alarge fraction is based on
neura networks. In order to deal with this kind of data, two main types of neura networks are
used: time delay neural networks (TDNN) and recurrent neural networks (RNN).

A TDNN receives an entire input sequence as a single input, using delay units to hold the past
values of the origina sequence. On one hand, this kind of networks imposes that the length of the
sequence cannot be variable and too long, because of its nature and the resulting unmanageable
size of the TDNN, respectively. On the other hand, it only performs a static association mapping
between the input and output patterns, since for each input sequence it retrieves the output pattern
associated with the prototype of the most frequent input vector configuration [Berthold 1999]. A
neural network is called recurrent (RNN) if cross, auto and backward connections are allowed.
These networks have shown to be adequate to dynamic learning tasks and can be used to learn a
mapping function from the space of input sequences to the space of output sequences. The main
drawback of these networks resides on the complexity and computational costs of their training

algorithms, mainly because of their complex topologies [Berthold 1999].

Applications of RN networks can be found in the financial and medical fields [Giles 2001],
[Guimar es2000]. A good example of such applications is the work by Giles et a., which
combines discretization with grammar inference, and applies the resulting automaton to explicitly

predict the evolution of financial time series, using recurrent neural networks.

Classification is one of the most typical operations in supervised learning, but only recently has
deserved some attention in temporal data mining.

Since traditional classification algorithms are difficult to apply to sequences, mostly because
there are a vast number of potentially useful features for describing each example, an interesting
improvement consists on applying some data reduction technique to extract relevant features. One
approach to implement this idea consists on discovering frequent sub-sequences, and then using

them, as the relevant features to classify sequences with traditional methods, like Naive Bayes or
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Winnow [Lesh 1999]. Another possibility is to use support vector machines (SVMs), with some
improvements, that may include the incorporation of non-linear time alignments into the kernel
function, extending the original method to the case of variable length sequences
[Shimodaira 2001]. Applications on the analysis of electroencephalograms [Blankertz 2002] or on

speech recognition [Shimodaira 2001] using SVMs have already been proposed.

Another classification method that deals specifically with nominal event sequences is based on
the merge operator [Keogh 1998]. This operator receives two sequences and returns a sequence
whose shape is a compromise between the two original ones. The basic idea is to iteratively merge
a typical example of a class with each positive example, building a more general model for the
class. Using negative examples is also possible, but then is necessary to emphasize the shape
differences. This is accomplished by using an influence factor to control the merge operator
function: a positive influence factor implies the generalization of the input sequences, and a

negative reinforces the differences between the positive and negative shapes.

Classification and prediction are relatively straightforward if generative models are employed
to model the data. Deterministic and probabilistic models can be applied in a straightforward way
to perform classification [Lesh 1999] since they give a clear answer to the question of whether a

sequence matches a given model, but have not been used widely.

Clustering

There are two central problems in clustering temporal data: choosing the number of clusters and

initializing their parameters, and defining a similarity measure among event sequences.

Considering that the number of clusters (say K) is known, and that a sequence is viewed as
being generated according to some probabilistic model (for example, a Markov model), clustering
may be viewed as modeling the data sequences as a finite group of K sequences in the form of a
finite mixture model. Using the EM algorithm [Dempster 1997] their parameters could be
estimated and each group would correspond to a cluster [Smyth 1999]. Learning the value of K, if
it is unknown, may be accomplished by a Monte-Carlo cross validation approach as suggested by

some authors [Smyth 1997].

A different approach proposes to use a hierarchical clustering method to cluster temporal
sequences [Ketterlin 1997]. The clustering algorithm used has been the COBWEB [Fisher 1987]
and it works on two steps: first, it groups the elements of the sequences, and then it groups the

sequences themselves. Considering a simple time series, the first step is accomplished without



difficulties, but to group the sequences is necessary to define a generalization mechanism for
sequences. Such mechanism has to be able to choose the most specific description for what is

common to different sequences.

Association Analysis

One possible modification to the formulation of association rules, when dealing with temporal data,
consists on extending the notion of a typical rule A B to be a rule with a new meaning: A 'B
(which states: if A occurs then B will occur within time interval T) [Das 1998]. Stating a rule in this
new form allows for controlling the impact of the occurrence of an event in the probability of the
occurrence of another event, within a specific time interval. An easy way to find temporal
association rules is to adapt the algorithms for discovering sequential patterns, imposing some
constraint (a gap constraint) on the notion of contained in when the support of each sequence is

counted — this is usually called sequential pattern mining.

There are several sequential pattern mining algorithms from which GSP [Srikant 1996] is the
best-well known apriori-based algorithm. Like apriori, it acts iteratively: first it generates possible
different sequences and then it chooses the large ones, by scanning the database, until there are no
candidates. Given that the task of counting the support for each candidate is the most costly
operation, another possibility is to avoid the candidate generation step. Two examples of such

proposals are the PrefixSpan and SPADE algorithms.

PrefixSpan (PREFIX projected Sequential PAtterN mining) [Pei 2001] acts recursively
reducing the search space at each step, avoiding the generation of non-frequent sequences. SPADE
(Sequential PAttern Discovery using Equivalence classes) [Zaki 1998a] scans the database only
three times, by transforming the initial database into a vertical database, where each entry is an
item id-list (a list of customer and transaction id pairs). This new layout allows for the restriction of

the search-space like PrefixSpan.

A more recent method to find sequential patterns is SPAM [Ayres 2002], a depth-first
algorithm which maintains the entire database in memory, represented as a bitmap. SPAM uses a
lexicographic sequence tree to generate candidate sequences and uses candidate pruning techniques
like GSP, to reduce the number of candidates. The use of bitmaps simplifies the support counting
procedure, which becomes a simple check of the bitmap values: if all bits for the specified
sequence are set, then the candidate is supported by the current database sequence. However,

SPAM assumes that the entire database and all used data structures completely fit into main
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memory, and the use of any constraint was not introduced.

As pointed before, one of the main problems of algorithms for mining patterns is the lack of
focus or user control [Ng 1998]. An interesting family of algorithms, named SPIRIT (Sequential
Pattern mining with Regular Expressions) [Garofalakis 1999] adapt apriori-based algorithms to use
regular expressions (embedded in the algorithm as finite automata) to constrain the generation of
candidates, which reduces the acceptable candidates for which support counting is needed.
PrefixGrowth is a pattern-growth method that like SPIRIT uses regular languages to constrain the
mining process [Pei 2002b], and cSPADE expands SPADE to use several constraints [Zaki 2000].

A similar task is the discovery of frequent episodes in a unigue event sequence. The god is
essentialy the same: to find all frequent episodes in the given event sequence, given a class of
episodes (which can be seen as a constraint). A description of algorithms for this task can be found
in [Mannila 1995], [Mannila1996] and [Guralnik 1998].

When applied to temporal data, association analysis has two additional goals: to identify time
periodicities anong data (known as periodicities analysis) and to find valid time periods during
which association rules hold [ Chen 2000].

In order to discover periodicities or cyclic rules between temporal data, it is necessary to search
for frequent patterns in a restricted portion of time, since they may occur repeatedly at specific
regular time instants but on a little portion of the global time considered. A method to discover
such rules is based on the application of an agorithm similar to apriori that, after having obtained
the set of traditiona rules, detects the cycles behind the rules. A more efficient approach to
discover cyclic rules consists on inverting the process: first, it discovers the cyclic patterns and then
generates the rules [Ozden 1998]. A natural extension to this method consists on allowing the
existence of different time units, such as days, weeks or months, and is achieved by defining
caendar algebras to define and manipulate groups of time intervals. Rules discovered are
designated calendric association rules [Ramaswamy 1998]. A similar idea was applied in the
search of periodicities in time series [Han 1998]. The main idea is to look for the discovery of

periodic segments, recognizing that only some segments have cyclic behavior.

An approach to determine time periods during which association rules hold, is also apriori-
based and consists on partitioning the initial data in several time periods and then applying the
pattern mining process to each partition [Lee 2001].



3.3 — Post-processing for Temporal Information

In general, the evaluation criteria for discovered temporal patterns apply to temporal data with a
particular emphasis, given the complexity of this kind of data. Again, simpler models are preferred
and the trade-off between accuracy and coverage remains unchanged. Furthermore, to our
knowledge, there are no specific interestingness measures for discovered temporal patterns, except

for the definition of support, as stated above.

4 — Open Issues in Temporal Data Mining

From the survey presented, it is clear that there are several approaches to explore temporal data.
However, the number and the diversity of solutions reflect the small consensus among what the
best solutions are, and shows that the key problems of dealing with real temporal data are not

resolved yet.

In particular, the analysis of nominal event sequences has deserved relatively little attention,
when compared with the exploration of time series. Sequential Pattern Mining is one the few
approaches specifically designed to deal with nominal sequences, but even state of the art
sequential pattern mining algorithms are still likely to discover large amounts of patterns, many of

them useless when applied in real problems.

Summary

In this chapter, we have introduced the data mining field, presenting its fundamental concepts
and techniques, and motivating the need for special procedures when dealing with temporal
data.

We have presented an overview of the pre-processing, mining and post-processing techniques
applied to this type of data. In terms of pre-processing, we have categorized and described
the existent models to represent temporal data: time-domain continuous, and compression
based representations, models achieved by discretization and generative models.

For mining temporal data, we have succinctly explained the existent methods to perform the
main tasks of data mining: classification, prediction, clustering and pattern mining. The

existence of so many different approaches reflects the small consensus among them.
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Chapter 3
Related Work and Thesis Statement

In this chapter, we review related work, presenting the sequential pattern mining problem
and the approaches to deal with it. After identifying the open issues in sequential pattern
mining and its application to temporal data, we make our thesis statement, posing the
research questions that have driven this work, and giving an overview of how these questions

are answered.

The exploration of nominal sequences in general, and of nominal event sequencesin particular,
has deserved some attention only in the last decade. Among the few existent approaches to

this problem, sequential pattern mining is the one that has been most explored.

In general, we can see sequential pattern mining as an approach to perform inter-transactional
analysis of nominal event sequences. Indeed, sequential pattern mining was motivated by the need
to perform thiskind of analysis, mostly in the retailing industry, but with applications in other areas
like the medical domain.

This dissertation focuses on the problem of pattern mining over nomina tempora data,
presenting a new mining methodology based on the use of the sequential pattern mining approach.
For thisreason, a detailed review of the related work in thisareais presented below.

1 — Related Work: sequential pattern mining

Sequential Pattern Mining agorithms address the problem of discovering the existent maximal

frequent sequences in a given database. Algorithms for this problem are relevant when the data to
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be mined has some sequential nature, i.e., when each piece of data is an ordered set of elements,
like event sequences in the case of temporal information, or nucleotides and amino-acid sequences

for problems in bioinformatics.

The problem was first introduced by Agrawal and Srikant, that established the basic concepts
involved in pattern detection [Agrawa 1995c]. Some interesting issues were added in subsequent
work [Srikant 1996], like the use of taxonomies and the introduction of time constraints. In the last
years, several sequential pattern mining algorithms have been proposed, but not al of them assume
the same conditions. Despite the fact that the use of constraints is somehow orthogonal to the
genera philosophy of pattern mining algorithms, the use of gap constraints (the ssimplest form of
time constraints) has a great impact on their design and efficiency.

In this section, we will introduce the problem of sequentia pattern mining formally, describing

its adaptations to deal with nominal tempora data.
1.1 £ Problem Statement and Analysis

In order to introduce the problem formally, we will begin by giving the definitions of sequence and

its related concepts.

Definition 1- An item is an element from a totaly ordered set S, called the item

collection.

Items represent the objects under analysis, e.g., the objects manipulated in a given transaction.

They correspond to the atomic entities in sequential pattern mining.

An itemset, also called a basket, represents the set of items that occur together. If the data is
time dependent, an itemset corresponds to the set of items transacted at a particular instant by a

particular entity. Formally,
Definition 2-  An itemset is an ordered set of non-repeated items.

The itemset composed of items a and b is denoted by (a,5). The i item of the itemset ay, is
denoted by .

The assumption that the items in an itemset are in a specific order facilitates the design of
sequential pattern mining algorithms, avoiding the repetition of some operations (such as the
generation of repeated sequences). This assumption also enables the definition of two predicates

over itemsets.



Definition 3 - Given two itemsets a=(ay,...,a,) and b=(by,...,b,), with n<m: a is a
prefix-itemset of b iff for all 1<i<n &; is equal to b;.
Definition 4 - Given two itemsets a=(ay,...,a,) and b=(by,...,b,), with n<m: a is a

suffix-itemset of b iff for all 1<i<n & is equal to by p4i.
Moreover, we can define the notion of contained in for itemsets:

Definition 5 - Given two itemsets a=(ay,...,a,) and b=(by,...,b,), a is contained in b

(denoted by ach) iff there exist integers 1<i;<i,<...<i,<m such that a,= bi1’ = biz,

cees an=bin.
Finally, we are able to define the concept of sequence.

Definition 6 - A sequence is an ordered set of itemsets. A sequence is maximal, with

respect to a set of sequences, if it is not contained in any other sequence of the set.

A sequence with K items is called a k-sequence. The number of elements (itemsets) in a

sequence S is the length of the sequence and is denoted by Isl. The i™ itemset in the sequence is

represented by S and <> denotes the empty sequence. The result of the concatenation of two

sequences X and Y is a new sequence denoted by Xy.

The set of considered sequences is usually designated by database or dataset (DB), and the

number of sequences by database size (IDBI).

Definition 7- A sequence a=<a;&...a,> is contained in another sequence
b=<b,b,...b,>, or a is a subsequence of b, if there exist integers 1<i;<i><...<i,<mM

such that algbil, angiz, e angbin.

If s is a subsequence of Sis, this relationship is denoted by ScS, and by Scsif S is a proper

subsequence of s, i.e. if S is a subsequence of Sbut is not equal to S.

Prefixes and suffixes are subsequences with specific meanings.

Definition 8 - A sequence a=<aj&...a,> is a prefix of another sequence
b=<b,b,...b,> if n<m and a;=b; for i<n and a, is a prefix-itemset of b,. The prefix is
said to be a proper maximal prefix if it is equal to the original sequence without the

last item on the last itemset.

39



Definition 9- A sequence a=<aa,...a,> is a suffix of another sequence b=<b;bs...b,,>
if n - m, and a=bm.n+i for 2 1 nand a; isasuffix-itemset of by,n+1. The suffix is said
to be a proper maximal suffix if it is equal to the original sequence without the first
item of the first itemset.

In order to define the sequential pattern mining problem, two other notions are needed:

frequent sequences and sequential patterns.

Definition 10 - Given a database D of sequences and some user-specified minimum
support threshold ¢, a sequence is frequent in the database D, if it is contained in at
least 6 sequences of D. A sequence is called a sequential pattern in adatabase D, if

it isamaximal sequence with respect to the set of frequent sequences.
Finally, the sequentia pattern mining problem may be stated in its entirety.

Definition 11 - Given a database D of sequences and some user-specified minimum
support threshold, the sequential pattern mining process aims to discover the set of
sequential patternsin D.

Sequential Pattern Mining over Nominal Temporal Data

When applied to nominal temporal data, the problem of sequential pattern mining can be restated,
by redefining some of the previous definitions and introducing the formal definition of event,

according to the notion introduced in Chapter 2 , section 1.

Definition 12- An event is a pair e=(a, t), where a is an itemset and t a positive
integer, called the timestamp.

As before, the itemset represents the set of items transacted at a particular instant, in this case
at instant t. The itemset of an event e is denoted by e.set and the timestamp by e.time. Additionally,

a sequence is now composed of events.

Definition 13- An event sequence, or just a sequence, s=<e;e,¥4€e,> is an ordered list
of events, whose timestamps respect the following order:

VieM:1 i<n=etimg <etimg:

Therest of the definitions remain valid when applied to tempora data.



Problem Analysis

What makes the problem of sequential pattern mining more challenging than frequent itemset
mining? It is clear that frequent itemset mining isjust a particular case of sequential pattern mining,
since frequent itemsets are a particular case of sequentia patterns + 1-sequential patterns.
Sequential pattern mining requires, in addition to the discovery of frequent itemsets, the

arrangement of those itemsets in sequences and the discovery of which of those are frequent.

To understand why there exists a significant increase in the number of potential patterns,
assume that there is a database to be mined with the minimum support threshold (the minimum
number of sequences in the database that have to contain the pattern) set to s and with n =S|
different items in the item collection S. The goal of frequent itemset mining is to find which
itemsets are frequent from the | I | different possible existent itemsets, where 1is the powerset of S

(excluding the empty set), and its value is given by equation (1).

n N

|||=ZU-1=2“-1 L)
=1 j

To understand the sequential pattern mining problem, |et® begin by considering that the

database has sequences with at most m itemsets and each itemset has at most one item. In these

conditions, there would be n™ possible different sequences with mitemsets and

m m+l m+l
an:n 1_1:n n @
i n-1 n-1

different arbitrary length sequences.

Similarly, if each itemset has an arbitrary number of items, there would be S, possible frequent
sequences with mitemsets, with the value of S;, given by equation (3).

Sm=|| |m=(2n_1)m ©)

In this case, there would be S sequencesin genera (equation 4).
(2" - 1™ - 1 1= (2"- 1™ - 2" +1
2"- 2 2"- 2

s=3(2"- 1 = =Q@™) @
k=1

The number of different items and the average length of frequent sequences are tightly
connected: a large number of items in a short sequence may imply a reduced number of frequent
patterns, since the probability of the generality of items has to be small. In this way, algorithms will
run efficiently. The opposite situation is a large sequence with a reduced number of items, where
the probability of each element to occur in alarge number of sequences is high. This leads to the
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existence of many patterns, and consequently a large amount of processing time. The concept of
database density, proposed here, quantifies this relationship.

Definition 14 - (Density) The database density () is the ratio between the number of
existing frequent sequences (F) and the number of possible sequences (S).
_F_F
p S 2nm
The database density depends on the support considered, since the number of frequent

©®)

sequences (F) depends on the minimum support threshold accepted. The density is higher when the
minimum support thresholds are low, since alarger number of frequent sequences exist.

One parameter that has impact on the density is the number of different items existent in the
database (n). On one side, a large number of items allows for a potentially large number of
different sequences. Since with many distinct sequences, their probability to be frequent is low,
there will exist (all other conditions being equal) a smaller number of patterns and the database
density will be low. On the other side, more reduced number of items generates a smaller number
of potential sequences, which will be more frequent in the database, increasing the number of

patterns and consequently the density of the database.

Despite the potentially large number of sequences (given by expression (4)), only a small
fraction will be, in general, supported by the database. In particular, at most there only exist [DBJ/c

sequences of length m that are frequent.

Given the discrepancy between the number of different sequences and frequent ones, the
difficulty of the data mining process resides in figuring out what sequences to try and then

efficiently finding out which of those are frequent [ Srikant 1996].

Like in frequent itemset mining, one of the most common techniques used to minimize the
number of sequences that should be tried is the exploration of the anti-monotonicity
property [Ng 1998].

Definition 15 - (Anti-Monotonicity) Given any set S, aconstraint C is anti-monotone if
and only if
VSO(S@S A S satisfies C = S&tisfies C).

In particular, the frequency of a sequence is an anti-monotone constraint, which means that a

sequence cannot be frequent unless al its subsequences are frequent. The generality of sequential



pattern algorithms use this property to avoid testing the majority of possible sequences, minimizing
their processing times. In general, they discover the 1-frequent patterns, then the 2-sequence

patterns and so on, until there are no k-sequence patterns.

Interestingness Measures for Sequential Patterns

As noted before, to our knowledge and to date, no interestingness measure was proposed

specifically for event sequences, except the notion of support, which can be stated by equation (6).

I{sT DB:si s'}I
|IDB (6)

sup(s) =

Other interestingness measures used in pattern mining are applied to association rules and not
to the patterns themselves. In this manner, in order to use them in sequential pattern mining, a

definition of a sequential rule is needed.

Definition 16 - A sequential rule is an association rule S 7, where S and T are

sequences.

In this manner, a sequential rule is similar to an association rule, and the adaptation of the
existent interestingness measures is possible. The confidence of the sequential rule S T can be

defined as the conditional probability of the sequence 7 given S as in equation (7).

P(ST) _ sup(ST)

S T)= 7
conf ) PS)  sup(S) (7N

Similarly, the [ift can be defined by equation (8).
LIS T)= P(ST) _ conf(S T) )

CP(S)” P(T) sup(T)

As happens with association rules, the discovery of sequential rules can be achieved by
discovering the sequential patterns and generating all possible sequential rules for each sequential
pattern. For example, from the sequential pattern S;S,S3S4 it is possible to generate the sequential

rules 515253 S4, 5182 S3S4 and Sl SzS3S4.
1.2 + Constraints for Sequential Pattern Mining

Despite the reasonable efficiency of pattern mining algorithms, the lack of focus and user control

have been factors that have impaired their generalized use, since the usually large number of
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discovered patterns makes the analysis of novel information a difficult task.

In order to solve this problem, several authors proposed the use of constraints [Pei 2002a].
Definition 17 - A constraint is a predicate on the set of finite sequences.
In this manner,

Definition 18 - Given a database D of sequences, and some user-specified minimum
support threshold s and constraint C, a sequence is frequent if it is contained in at

least S sequences in the database and satisfies the constraint C.

This approach has been widely accepted by the data mining community, since it gives the user
the possibility to control the mining process, either by introducing his background knowledge
deeply into the process or by narrowing the scope of the discovered patterns. The use of constraints
also reduces the search space, which contributes significantly to achieve better performance and

scalability levels [Srikant 1997], [Pei 2002a], [Garofalakis 1999].

The simplest constraint is to impose that only some items are of interest — item constraints,
permitting the reduction of the discovered patterns. Examples of such constraints are Boolean
expressions over the presence or absence of items [Srikant 1997] and the naive relaxation

[Garofalakis 1999], as explained in section 1.4.

Another constraint involves the specification of the maximum distance between consecutive
elements — gap constraints, either in temporal or non-temporal data. It consists on imposing a limit
in the maximum distance between two consecutive elements in the sequence. This simple
constraint is very useful to reflect the impact of some itemset on another one, in particular, when
each transaction occurs at a particular instant of time. In this manner, it is possible to specify that
an event has greater impact on near events than on distant ones. When using gap constraints, the

notion of contained in has to be adapted.

Definition 19 - A sequence a=<aay...ap> is a O-distance subsequence of

b=<b\b,...by> if there exist integers 1 i<ix<...<iy m such that ail b, al by, ...,

ayl bin and i—ix.; d. The sequence a is a contiguous subsequence of b if a is a 1-

distance subsequence of b, i.e., the items of a can be mapped to a contiguous

segment of b.



Note that a contiguous subsequence is a particular case of d-distance subsequence and is the
most restrictive notion of subsequence. A d-distance subsequence S of S is denoted by S C5S.
Using 0=1 eliminates the possibility of having gaps between consecutive items. In the rest of this
text this is designated by gap=0. When applied to event sequences, the gap may reflect the time

interval allowed between consecutive events

More recently, regular languages have been proposed [Garofalakis 1999] and used to constrain

the mining process [Zaki 2000], [Pei 2002b], reducing the number of discovered patterns.

Next, the concepts related to regular and context-free languages are introduced.

Regular Languages

In order to define the term regular language we make use of the notion of finite automaton, among

others.

Definition 20 - A Finite Automaton is a tuple 4=(Q, 2., 8, qo, F), where: Q is a finite
set of states; 2 is a finite set of symbols, called the alphabet; qoe Q, designates the
initial state; FcQ, the set of accepting or final states; and & is the transition

function mapping Qx> to Q.

An automaton can be viewed as composed by a set of states and a set of transitions from state
to state that occur on symbols chosen from an alphabet [Hopcroft 1979]. Finite automata are
usually represented as directed graphs, where the vertices correspond to states and arcs to

transitions, as illustrated in Figure 3.1.

Figure 3.1 — A deterministic finite automaton

We can consider two kinds of finite automata: Deterministic Finite Automata (DFA), where
there is one and only one transition for each pair (state, symbol), and Nondeterministic Finite
Automata (NDFA), where it is possible to exist none, one or more than one transition for each pair

(state, symbol). Any language accepted by any NDFA can also be accepted by an equivalent DFA.

A language is a set of finite sequences of symbols from some alphabet; those sequences are
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usually called strings. A language is accepted by an automaton if it corresponds to the set of strings
accepted by the automaton. A string is accepted by an automaton if its symbols define a path in the
graph that represents the automaton, beginning in the initial state and reaching an accepting state.
Examples of strings accepted by the DFA represented in Figure 3.1 are bb (beginning on state g;
and going to state g, with the first b and then achieving state g, with the second b), abb, add and

aaabcd; a, aa and abca are examples of non-accepted strings.
Definition 21 - A languageisregular if it isaccepted by aDFA.

When applied to sequentia pattern mining, strings are replaced by sequences (as defined in the
previous section), and symbols are replaced by itemsets. In this new context, the transition function

maps QXP (2.) to Q, with @ (%) representing the powerset of ..

Context-Free Languages

Despite the fact that regular languages provide a ssmple and natural way to model sequential
patterns, there are interesting patterns that these languages are not powerful enough to describe.
Consider, for example, the following problem: a company wants to find out typica billing and
payment patterns of its customers, but wants to restrict the search to customers, who have paid al
their bills. Thisis equivaent to the requirement that an equal number of invoices and payments are
registered. Additionally, it is known that an invoice always precedes a payment. In a semi-formal
way, if aninvoiceis represented by an a and a payment by a b, the model has to be able to describe
sequences that have the same number of a®and b®, and the number of b’s that have occurred at a
given instant never exceeds the number of a's that have occurred until that moment. Therefore, it
has to be able to accept sequences like abab as well as aabbab, and regject strings like aabbb or
baab.

Note that no finite automata can be used to model this constraint, because they have finite
memory. Since regular languages are not expressive enough to describe some interesting
constraints the simplest approach to this problem is to climb one-step up on the Chomsky hierarchy
[Chomsky 1956].

Context-free languages (CFLs) are at the next level in this hierarchy, and are strictly more
powerful than regular languages. This type of languages represents a formalism of great
importance, since it is powerful enough to describe the structure of many interesting problems

while remaining simple enough to alow for the construction of efficient parsers [Allen 1995].



CFLs have been widely used to represent programming languages and, more recently, to model
biological sequences [Searls 1992] [ Searls 1995].

In this thesis, we propose the use of context-free languages instead of regular languages for

constraining the mining process, and for this reason, they are introduced next.

Unlike regular languages, context-free languages are not equivalent to the languages generated
by deterministic finite automata. However, DFAS can be extended with a stack memory in order to

recognize these new languages. These automata are known as Pushdown Automata (PDA).

Definition 22 - A pushdown automaton isatuple =( , S, G d, o, Zo, ), Where:
is afinite set of states; S is an aphabet called the input alphabet; Gis an aphabet
called the stack alphabet; d is a mapping from xSE{e}xG to finite subsets of

xGt: ol isthe initial state; Zol Gis a particular stack symbol called the start
symbol, and | istheset of final states[Hopcroft 1979].

The language accepted by a pushdown automaton is the set of al inputs for which some

sequence of moves causes the pushdown automaton to empty its stack and achieve afinal state.
As an example, the following PDA accepts the language exemplified above:
M =({au a2}, {a b}, {S, X}, d o, S {az})
d(aw, & S) ={(d2, XS)}, d(qz, &, S) = { (0, X},

d(d, a, X) = {(02, XX)}, d(gz, b, X) ={ (02, €)} and d(qz, €, S) = { (0, €)}

This automaton is represented in Figure 3.2.

(a, S)—push X
(a X)—push X

(b, X)—pop

Figure 3.2 + A pushdown automaton

As an example, the “(a, S) push X” transition label is used to indicate that when the input
symbol is a and the top stack symbol is S, then X is pushed into the stack. When applied to
sequences instead of strings, pushdown automata have to be redefined. In Chapter 5, section 3.1
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these adaptations are described in detalil.

Generalized Patterns

A complementary proposal to the use of constraints was based on the idea of generalized patterns.
This proposal makes use of taxonomies, which capture the existent is-a relation between items, as
introduced in Chapter 2, section 2.1. Like constraints, taxonomies facilitate the introduction of
background knowledge into the mining process, by representing known relations between items

(for example, the knowledge that two items belong to the same category).

Generalized patterns include items across different levels of the taxonomy, and their goal isto
find rules about infrequent items at low abstraction levels, but that are frequent at higher-levels.

Since algorithms that find generalized patterns discover more patterns, their final step involves
filtering redundant patterns. This is achieved by pruning al the patterns deemed non-interesting
using an interestingness measure, which considers a pattern as redundant if it does not convey any
more information that another pattern, and is less general than the second pattern. A detailed

description of an algorithm to discover generalized patterns can be found in [ Srikant 1995].
1.3 £ Unconstrained Algorithms

There are two main approaches to the sequential pattern mining problem: apriori-based and
patter n-growth methods. We are going to study these two different philosophies by analyzing their
best-known implementations, GSP [Srikant 1996] and PrefixSpan [Pel 2001], respectively. There
are severa implementations of apriori-based methods. However, most of them assume some
specific conditions (for example that the entire dataset fits in memory), allowing for significant
improvements. Although GSP considers time constraints and uses taxonomies, if no taxonomy is
provided, and time constraints are not set (min-gap assumes 0, max-gap assumes ¥ and the dliding
window size is 0) both algorithms have similar goals. to discover sequential patterns, without
considering any constraints and without any database restrictions.

Apriori-based Methods

Like the original approach to sequentia pattern mining (AprioriAll [Agrawal 1995c]), GSP follows
the candidate generation and test philosophy, used by the apriori algorithm (as described in
Chapter 2 , section 2.2). It begins with the discovery of frequent 1-sequences (k=1), and then
generates the set of potentially frequent (k+1)-sequences from the set of frequent k-sequences, as



presented in Algorithm 1. Potentially frequent sequences are usually called candidates.

The generation of potentially frequent k-sequences (k-candidates) uses the frequent (k-1)-
sequences discovered in the previous step, which may reduce significantly the number of

sequences to consider at each moment, as shown in candidateGeneration pseudocode.
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Algorithm 1 — GSP pseudocode (without taxonomies and only with max_gap=d)

In this procedure, any two frequent (k-1)-sequences, such that the proper maximal prefix of one
is equal to the proper maximal suffix of the other, are combined to create a k-candidate by joining
the last item of the second sequence to the first sequence, in accordance to the procedure join
(Algorithm 2). In this pseudocode, the following notation was used: a, represents the n™ itemset of

the sequence a and a;" represents the n™ item of a;; the symbol “\” denotes the difference operation

amongsets.
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Algorithm 2 — Pseudocode for the join procedure

In order to illustrate the joining procedure consider three sequences: x=(a,b)cd, y=bc(d,e) and

z=c(d,e,f). Joining x and y will create the sequence (a,b)c(d,e), and joining y and z will generate
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c(d,ef). Note that x and z cannot be joined.

Note that to decide if one sequence s is frequent or not, it is necessary to scan the entire
database, verifying if sis contained in each sequence in the database. This check is performed by

the procedure suppor t Pr uni ng.

In order to reduce the time needed to scan the database and count the support for each
candidate, GSP adopts a particular scheme: it maintains al candidates in a hash-tree and for each
sequence s in the database, it increments the counter of the candidates contained in s. In this

manner, GSP only scans the database once per step.

Knowing that the frequency of a sequence is an anti-monotone property, GSP adopts two other
optimizations. The first is that it only creates a new k-candidate when there are two frequent (k-1)-
sequences with the prefix of one equal to the suffix of the other (j oi n procedure). The second one
is that, before counting their support, it eliminates all candidates that have some non-frequent
maximal subsequence (candi dat ePr uni ng procedure), in accordance with the anti-monotonicity
property (verified by i sPossi bl eFr equent procedure). By using these strategies to reduce the
number of candidates, GSP reduces the time spent in scanning the database, increasing its general

performance.

In general, apriori-based methods can be seen as breath-first traversal algorithms, since they
construct all k-patterns simultaneously. Consider a database that is composed of sequences with
items belonging to the set S={a, b}. If al possible arrangements of these two elements are

frequent, GSP works asillustrated in Figure 3.3.

O
1st step e Q

‘6% e G 6l

3rd step

Figure 3.3 — Illustration of GSP behavior

At the end of the first iteration, GSP would have found a and b as frequent 1-sequences. At the
end of the second step, it would have found {aa, (ab), ab, ba, bb}. Finally, at the end of the third
iteration, GSP would have found all arrangements of 2 items taken 3 at atime, including the basket



(ab): {aaa, a(ab), aab, (ab)a, (ab)b, aba, abb, baa, b(ab), bab, bba, bbb} .

Note that, at each step GSP only maintains in memory the already discovered patterns and the

k-candidates.

Pattern-growth Methods

Pattern-growth methods are a more recent approach to deal with the sequential pattern mining
problem. The key idea is to avoid the candidate generation step altogether, and to focus the search

on a restricted portion of the initial database.

PrefixSpan [Pei 2001] is the most representative of the pattern-growth methods and is based on
the recursive construction of the patterns, while simultaneously restricting the search space to

projected databases, as shown in Algorithm 3.

PrefixSpan (DB, s)
return run(<>,0, s, DB) createProjDB (a, DB)
for each si DB do
run (a, k, s, DB) ifal s
f_list  discoverFlist(a,s, DB); n s.firstOccurrenceAfter(a, 0)
for each bl f_list do b s. suffix(a, n)
a' ab; a-projDB a-projDB E {b}
L LEa' return a-projDB
L LErun(a',k+1,s, createProjDB(a',DB))
return L

Algorithm 3 + PrefixSpan pseudocode

Its main loop consists on recursively constructing each sequential pattern by joining another
frequent item to the already known frequent prefixes, as shown in procedure run (the

di scover FLi st procedure finds the items that frequently appear after a).

An a-projected database is the set of subsequences in the database, which are suffixes of the
sequences that have prefix a. Each a—projected database is constructed by registering which
sequences on the database contain a (cr eat eProj DB procedure). At each step, the algorithm
looks for the frequent sequences with prefix a, in the corresponding projected database. In this
way, the search space is reduced at each step, allowing for better performance in the presence of
small support thresholds, since the support counting operation is performed in specific portions of

the original database.

In general, pattern-growth methods can be seen as depth-first traversal algorithms, since they
construct each pattern separately, in a recursive way. If we consider the same database as

previously, PrefixSpan would work as illustrated in Figure 3.4.



Figure 3.4 + Illustration of PrefixSpan behavior

At the first recursion step, PrefixSpan, like GSP, would have found a and b as frequent 1-
sequences. Before encountering the first frequent sequences with three items, it would have only
found {aa, (ab), ab} as frequent 2-sequences, since it expands only one branch at a time. Then,
PrefixSpan would find { aaa, a(ab), aab} . Only after it has discovered the maximal patterns with aa
as prefix, would it expand the (ab) branch in order to discover the patterns with (ab) as prefix. In
this manner, PrefixSpan is able to deal efficiently with projected databases, since at each step it has
only afew projected databases in memory.

PrefixSpan outperforms GSP in the generality of situations, with much better performances in
the presence of very low minimum support thresholds. The reasons for this difference are not well
understood and will be studied in Chapter 4.

1.4 £ Algorithms for Sequential Pattern Mining with Constraints

From the constraints used in sequential pattern mining, the use of regular languages to restrict the
discovery process is the one that has deserved more attention among the community. Again, there
are essentially two approaches to this problem: an apriori-based + SPIRIT, and a pattern-growth
method + PrefixGrowth.

SPIRIT

SPIRIT [Garofalakis 1999] is a family of apriori-based algorithms that uses a regular language
(expressed as a finite automaton) and a gap constraint to restrict the mining process. Given that
most of the interesting regular languages do not represent anti-monotone constraints, the algorithm
uses constraint relaxations (weaker constraints) to manage the candidate generation and pruning

procedures, as described in Algorithm 4.
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Algorithm 4 — SPIRIT pseudocode

In this manner, the great differences between SPIRIT and GSP reside on the generation of
candidates that have to be accepted by the constraint relaxation (candidateGeneration
procedure) and on the candidate pruning step, which only accepts sequences that have all maximal
accepted subsequences frequent (isPossibleFrequent procedure). (The join procedure

remains identical to the one presented on Algorithm 2).

There are two other differences: the terminating condition on the main loop
(holdTerminatingCond) and the use of the set of all frequent sequences (L) instead of the set of
frequent (k-1)-sequences (L. ;) as parameters to the candidate generation. Both differences are due
to the fact that even the proposed constraint relaxations may not be anti-monotone, and different

relaxations impose different terminating conditions and candidate generation procedures.

Four relaxations, representing a natural progression on imposing stronger relaxations in the
mining process and the corresponding SPIRIT implementations, have been proposed: naive —

SPIRIT(N); legal — SPIRIT(L); valid — SPIRIT(V); and the regular language itself — SPIRIT(R).

Naive relaxation only prunes candidate sequences having elements that do not belong to the
constraint alphabet (the alphabet of the finite automaton), which simply corresponds to an item
constraint. Since naive relaxation is anti-monotonic, the terminating condition and the candidate
generation procedures are equal to the corresponding ones in GSP. The process ends when there is
no frequent (k-1)-sequence and the candidate generation procedure uses L, ; elements to generate

the k-candidates (C,).

53



The legal relaxation requires that every pattern is legal with respect to some state of the
automaton. A sequence is said to be legal with respect to q (with q being a state of the automaton)
if there is a path in the automaton, which begins in state q and is composed by the sequence
elements. The process ends when there are no legal k-sequences with respect to the initial state, and

the candidate generation step remains similar to the corresponding one in GSP.

The valid relaxation only accepts sequences that are valid with respect to any state of the
automaton. A sequence is said to be valid with respect to q if it is legal with respect to q and
reaches an accepting state. Given that this relaxation does not impose an anti-monotone constraint,
the candidate generation step has to be different: each frequent k-sequence is extended (at the
beginning) with a frequent element (an element that belongs to L;). The terminating condition
remains equal to the corresponding one in GSP. Note that the term valid was somewhat misused,
since the relaxation considers suffixes of accepted sequences. In the rest of this dissertation, this

relaxation is called valid-suffix.

Finally, the regular language itself imposes the most different terminating condition and
candidate generation procedure. Consider, for example, the automaton in Figure 3.1. Despite the
fact that a, ab and abc are not accepted, abcd is accepted. This show that it is possible to have
accepted sequences whose prefixes are not accepted. In order to deal with this situation, the process
only ends when it achieves the n™ iteration (where 7 is the number of states in the automaton) and
there is no frequent sequence (all Ly are empty). Additionally, at each step, the candidate
generation procedure creates each candidate by enumerating all possible k-sequences accepted by

the automaton.

PrefixGrowth

Like SPIRIT, PrefixGrowth [Pei 2002b] uses regular languages, expressed as finite automata, to

constrain the mining process.
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Algorithm 5 — PrefixGrowth pseudocode



It is a pattern-growth method, similar to PrefixSpan, but it only generates sequences that
potentially satisfy the constraint, this is, it only extends sequences that are prefixes of accepted
sequences. Algorithm 5 presents the pseudocode for PrefixGrowth. Another difference to
PrefixSpan is that the di scover FLi st procedure in PrefixGrowth also removes the sequences
that do not contain any accepted subsequence from the database.

Note that PrefixGrowth deals with non-monotonic constraints in an easier way than SPIRIT.
Indeed, it only requires that relaxed constraints are prefix-monotone. A constraint is prefix-

monotoneif it is either prefix anti-monotonic or prefix-monotonic.

Definition 23 - (Prefix anti-monotonicity) A constraint is prefix anti-monotonic if for
each sequence a satisfying the constraint, so does every prefix of o Pei 2002b].
C is prefix anti-monotonic <> V[3: B is prefix of a A o satisfies C = B satisfies C)
Definition 24 - (Prefix monotonicity) A constraint is prefix monotonic if for each
sequence o satisfying the constraint, so does every sequence having o as a prefix
[Pei 2002b].
Cisprefix-monotonic < (Vo o satisfiesC = (V: avisprefix of B = B satisfies C))

An interesting issue is to note that neither PrefixSpan nor PrefixGrowth are able to deal with
gap constraints without some adaptations. Moreover, the differences on the performance of
PrefixSpan and GSP may be explained by this difference on goals. In order to clarify thisissue, in
the next chapter we will propose a new pattern-growth method able to deal with gap constraints
(GenPrefixSpan), and we will compare the performance of this new agorithm with the

performance of GSP.
1.5 + Review of Related Work

The recent interest in performing inter-transactional analysis has lead to the definition of the
sequentia pattern mining problem and the devel opment of new algorithms to address it. However,
like for pattern mining, those algorithms "produce" a large number of patterns, most of them
useless and uninteresting for the final user.

In order to focus the discovery on user expectations, some authors have proposed the use of
constraints. On one hand, they introduce some difficulties in the mining process, and, as been
shown, it is necessary to use some constraint relaxations (with specific properties) to maintain the

efficiency of the agorithms. On the other hand, constraints have rarely been applied and have not
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been able to represent the user background knowledge, in an integrated form.

Another important issue related with the use of constraintsis the inability to discover unknown
information. Some authors have pointed out that when used incautiously, constrained pattern
mining may reduce the data mining process to a hypothesis-testing task. Note that, when blindly
applied on the first step of the process, it prevents the discovery of unknown and unexpected
patterns, which is the first and foremost goal of data mining [Hipp 2002].

2 + Thesis Statement

We may formulate the central statement of the present thesis as:

It is possible to efficiently use constrained sequential pattern mining
algorithms over nominal temporal data to discover unknown

information, keeping the process center ed on the user.
An analysis of the thesis statement leads to six questions that need further discussion:

What does "unknown information" mean? Information is used as a synonymous of pattern
and the term unknown designates both the novel information in the reference frame of the
information system or of the user himself [Frawley 1992].

What does "to center the process in the user” mean? Centering the process in the user has
essentially two aspects. the management of user expectations and the use of user background
knowledge in the mining process [Brachman 1996]. By expectation management, we mean
that the results of the process have to be in accordance with user expectations. This
management is done by constraining the discovery process using his background knowledge.
How is the discovery performed? The discovery is performed by sequentia pattern mining
algorithms (described in detail in Chapter 4 and Chapter 5).

Which constraints may be used? As described in the above section, the problem of pattern
mining implicitly uses an existential constraint + the minimum support threshold, to identify
which are the frequent patterns. Additionally, other kinds of constraints have been used to
focus the discovery process, such as tempora constraints, taxonomies [Srikant 1995] and
formal grammars [Garofalakis 1999]. Despite the more recent efforts to study these
constraints, they have been used in a non-integrated way. This thesis proposes a new set of

constraints £ W-constraints, which combine the most interesting currently existent constraints



with new ones, in an integrated way. These constraints are defined in Chapter 5, in detail.

® How is the discovery of unknown patterns possible? The use of constraints helps on focusing
the search in accordance with user expectations, but prevents the discovery of unknown
patterns. In this thesis, we propose the use of constraint relaxations, instead of constraints by
themselves, for guiding the mining process. This approach will be proposed in Chapter 6,
where several relaxations are defined.

e What does efficiently mean? Sequential pattern mining algorithms show an acceptable
performance exploring large sparse datasets. However, in the presence of dense datasets or
very low support thresholds, their performance suffers a considerable degradation. In this
work, we argue that the use of constraints and constraint relaxations improve the performance
of those processes. In this manner, efficiently means that in the majority of situations,
constrained sequential pattern mining can be performed in less time than unconstrained

sequential pattern mining.

The validation of this thesis will be performed by comparing the number and interest of
discovered patterns, using unconstrained and constrained sequential pattern mining, with
constraints and with constraint relaxations. These evaluations will be conducted using synthetic

data (presented at the end of each chapter) and two real-life datasets, presented in Chapter 7.

Summary

In this chapter, we have presented a detailed description of sequential pattern mining and the
proposed solutions to it. Additionally, we have presented our thesis statement, which
corresponds to a new data mining methodology. This methodology relies on the notion of
constraint relaxation, and aims to keep the focus on user expectations allowing for the
expression of existing background knowledge. This is done without compromising the main
goal of data mining: the discovery of unknown information. With the conjunction of a new
mining process and the use of constraint relaxations, the user is able to choose the level of

knowledge that he wishes to incorporate on the process.



Chapter 3 + Related Work and Thesis Statement
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Chapter 4
Sequential Pattern Mining: new algorithms

In this chapter, PrefixSpan is generalized in order to deal with gap constraints —
GenPrefixSpan. A comparison between GSP and GenPrefixSpan is performed and the results
presented. Section 3 presents a new apriori-based algorithm — SPaRSe, which combines the
simplicity of apriori-based algorithms with the efficiency of pattern-growth methods. With
this new algorithm, we show that with some specific improvements, apriori-based algorithms
can compete with pattern-growth methods. Studies on performance, scalability and memory

requirements in synthetic datasets are presented in the last section of this chapter.

he rapid growth of the amount of stored digital data and the recent developments in data
Tmining techniques, have lead to an increased interest in methods for the exploration of data,
creating a set of new data mining problems and solutions. Frequent Structured Mining is one of
these problems, whose target is to discover hidden structured patterns in large databases. Sequences
are the simplest form of structured patterns, while trees and graphs are other examples of structured

patterns.

The main approaches to sequential pattern mining, namely apriori-based and pattern-growth
methods, are being used as the basis for other structured pattern mining algorithms. However, and
despite the fact that pattern-growth algorithms have shown better performance in the generality of

situations, its advantages over apriori-based methods are not sufficiently understood.

In this chapter, we present a comprehensive comparison of these approaches to sequential
pattern mining, in order to explain the main reasons why pattern-growth methods outperform
apriori-based approaches. However, a fair evaluation of the methods requires that they have exactly

the same goals, which is not true for the best-known algorithms, GSP and PrefixSpan. In order to
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accomplish our goal, we present a generalization of PrefixSpan (GenPrefixSpan) that deals with
gap constraints, and maintains the pattern-growth philosophy. Finally, we analyze the conditions
under which apriori-based methods become as efficient as pattern-growth methods, presenting a
new apriori-based algorithm £ SPaRSe (Sequential PAttern mining with Restricted SEarch).

1 + Pattern-Growth Methods with Gap Constraints

In Chapter 3, section 1, we have described the two well-known algorithms for sequentia pattern
mining. In this section, we will study the effectiveness of these algorithms when dealing with g