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Abstract

Datasets found in real world applications of machine learning are often characterized by
low-level attributes with important interactions among them. Such interactions may in-
crease the complexity of the learning task by limiting the usefulness of the attributes to
dispersed regions of the representation space. In such cases, we say that the attributes
are locally relevant. To obtain adequate performance with locally relevant attributes, the
learning algorithm must be able to analyse the interacting attributes simultaneously and
fit an appropriate model for the type of interactions observed. This is a complex task that
surpasses the ability of most existing machine learning systems. This research proposes a
solution to this problem by extending the initial representation with new globally relevant
features. The new features make explicit the important information that was previously
hidden by the initial interactions, thus reducing the complexity of the learning task.

This dissertation first proposes an idealized study of the potential benefits of globally rel-
evant features assuming perfect knowledge of the interactions among the initial attributes.
This study involves synthetic data and a variety of machine learning systems. Recognizing
that not all interactions produce a negative effect on performance, the dissertation intro-
duces a novel technique named Relevance graphs to identify the interactions that negatively
affect the performance of existing learning systems. The tool of interactive relevance graphs
addresses another important need by providing the user with an opportunity to participate
in the construction of a new representation that cancels the effects of the negative attribute
interactions. The dissertation extends the concept of relevance graphs by introducing a
series of algorithms for the automatic discovery of appropriate transformations. We use the
named GLOREF (GLObally Relevant Features) to designate the approach that integrates
these algorithms. The dissertation fully describes the GLOREF approach along with an
extensive empirical evaluation with both synthetic and UCI datasets. This evaluation shows
that the features produced by the GLOREF approach significantly improve the accuracy

with both synthetic and real-world data.
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Chapter 1

Introduction

1.1 Problem statement

Supervised machine learning is concerned with the study of computer systems that learn
models from a collection of instances. Each instance is described by a number of attributes
X1,Xo2,..., X, and a class attribute C. The goal is to learn a model that predicts the
value of C' based on the values of the other attributes. Examples of supervised machine
learning techniques to learn such a model include: decision trees, neural networks, and
k-nearest neighbors. Regardless of the technique used, it has long been recognized that one
of the best ways to optimize performance is to improve the quality of the input attributes
X1, Xs,...,Xp [Michalski, 1983; Dietterich et al., 1982; Lenat & Brown, 1984].

Examples of problematic attributes which may have a significant negative impact on
the performance are: irrelevant attributes, redundant attributes, randomly correlated at-
tributes with the label, and low-level interacting attributes. Irrelevant, redundant, and
randomly correlated attributes are useless and removing them from the analysis can im-
prove the results. A variety of feature selection techniques now exists to automatically
identify and remove these useless attributes [Liu & Motoda, 1998]. On the other hand, one
cannot simply ignore the low-level interacting attributes during the analysis because they
potentially contain useful information for classification.

As we illustrate in the next section, attribute interactions may increase the complexity
of the learning task by dispersing the instances that belong to the same class across the
attribute space. In such cases, the initial attributes, when taken individually, appear to be
only remotely related to the class attribute. To uncover the predictive power of the initial
attributes, the learning systems need to analyse the interacting attributes simultaneously
and then fit an appropriate model for the types of interaction observed. This is a complex
task that surpasses the ability of most existing machine learning systems.

Several researchers explained the disability of current learning techniques to handle
attribute interactions. In particular, Rendell & Seshu [1990] emphasizes the fact that

current machine-learning techniques rely on the assumption of simple attribute interactions



1.1. PROBLEM STATEMENT 2

which make them sub-optimal in domains with important attribute interactions. Focusing
on the attribute evaluation process, Kononenko & Hong [1997] and Bloedorn & Michalski
[1998] explain that all learning approaches that evaluate the usefulness of each attribute
individually using quality measures such as the information gain, the gini-index, the distance
measure, or the j-measure are likely to generate inaccurate or too complex models whenever
there are important attribute interactions. There have been numerous works on the naive-
Bayes classifier (also called Simple Bayes classifier) [Duda & Hart, 1973], a well-known
learning technique that assumes complete attribute independence [e.g., Kononenko, 1991;
Langley, 1993; Domingos & Pazzani, 1997]. Specific issues such as the replication and the
fragmentation problems with decision trees are also directly related to the lack of capacity
of current techniques to deal with attribute interactions [Zheng, 1996; Vilata et al., 1997].
The problem of attribute interactions is particularly important in Knowledge Discovery
in Databases (KDD) applications in which machine learning techniques are used to extract
patterns from real world data [Fayyad et al., 1995]. This is further illustrated in a recent
review by Freitas [2001] which explains that attribute interactions is the norm in KDD
applications and failing to address this problem adequately has important consequences on
the performance obtained. One approach to obtain adequate results is to reformulate the
initial data representation into a more appropriate one for the learning task. As observed
by Langley & Simon [1995], in most successful applications of machine learning, it is the
users that have to manually perform this complex and crucial task because appropriate
tools are not yet available. In addition to be difficult, manual data transformations are
generally time consuming and very expensive [e.g., Quinlan, 1983; Fayyad et al., 1993].
The lack of capacity of current techniques with respect to attribute interactions com-
bined with the practical needs of KDD applications have fostered significant research in the
area of constructive induction. Constructive induction is a sub-field of machine learning
that researches and develops techniques to enhance the power of the data representation
used in learning. Many aspects of constructive induction have been studied over the last
15 years [e.g., Matheus, 1989; Fawcett, 1993; Bloedorn, 1996; Donoho, 1996; Zheng, 1996;
Hu, 1999; Jakulin, 2002]. Some techniques have been proposed to generate new features
for domains in which there are important attribute interactions. As we will discuss in the
Chapter 2, the existing techniques are limited to attribute interactions between nominal
or binary attributes. This dissertation focuses on the generation of continuous features
that account for the interactions involving continuous attributes, which include interactions
between nominal (or binary) attributes and continuous attributes as well as interactions

between continuous attributes only.
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1.2 Attribute interactions and relevance

The concept of attribute relevance plays a central role in this research. As pointed out
by Mizzaro [1997], the term relevance has been used extensively in the literature and bears
many meanings. In this research, we use the concept of relevance or attribute relevance
to designate the usefulness of a given attribute to predict the values of the class attribute.
Unless noted otherwise, we assume that relevance is computed through a univariate measure
such as the information gain [Quinlan, 1983], the gain ratio [Quinlan, 1986], or the x? [Kass,
1980; Mingers, 1989] measures. Moreover, we use the terms local and global attribute
relevance to indicate the scope of the relevance . In particular, a locally relevant attribute
is relevant in sub portions of the instance space only, while a globally relevant attribute is
relevant over the full instance space.

To illustrate the links between attribute interactions and the potential benefits of glob-
ally relevant features, let us consider two simple examples. The first one involves continuous
attributes only, while the second example involves interactions between a nominal attribute

and a continuous attribute. The two examples represent binary classification tasks.

Example 1 Let us suppose a dataset with three attributes X, Xo, and X3 that follow a

multivariate normal distribution defined with the following parameters:

20 20
o = 30 u; = |30
15 25
650.0 0 -225
Y3=3=%1= 0 50 115

—225 —115 350

where ug and u; are the class-conditioned mean values for X7, X2, X3 and X is the variance-
covariance matrix (same for both class values). We notice that attribute X3 is the only
relevant attribute for this problem since the other two follow exactly the same distribution
regardless of the class value. As indicated by 3, X3 also interacts with the attributes X; and
Xa. Figure 1.1 shows a dataset of 100 instances generated from the above distributions.
As seen from the scatter plots of X3 versus X; and X3 versus X, (Figures 1.1 (a) and
(b), respectively), it is difficult to separate the positive from the negative instances. This
difficulty is further illustrated by the class-conditional density curves shown in Figure 1.1 (c);

the great overlap between the two curves clearly indicates that any decisions based on X3
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Figure 1.1: A dataset with continuous low-level interacting attributes.

will be highly error-proned. The null gain ratio and x? values confirm that X3 appears
powerless in predicting the class values.
To remove the effects of X; and X3 on X3, we could generate a new feature NEW _X3

NEW X3 =0.125* X1 + 0.833 * X2 + 0.362 * X3 a

where the coefficients are taken from the third row of the inverse of the root matrix for 1.

The new feature contains the information from X3 without being correlated with X; and

We explain how to derive such transformations in Section 3.4.
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New representation (NEW_X3 vs X1 and NEW_X3 vs X2)
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Figure 1.2: A globally relevant feature for the dataset shown in Figure 1.1.

Xj. Figure 1.2 (a) and (b) present the new feature versus X; and X», respectively. We
observe that the transformation removed a great proportion of the initial dispersion since
the instances of the same class are now grouped together. As illustrated by Figure 1.2 (c),
the new feature NEW _X3 is much more relevant than the initial attribute X3. The new
feature is also globally relevant since its power is observable across the full dataset. By
opposition to the initial attributes, the new feature shows a great potential for classification
even if it is analyzed independently of the other ones. This property facilitates the learning
and increases the likelihood of success of methods that assume attribute independence.
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Figure 1.3: A dataset with interactions between a continuous and a nominal attributes and
a globally relevant feature that accounts for the effects of the initial interactions.

Example 2 As a second example, let us consider the dataset shown in Figure 1.3 (a). We
observe that the nominal attribute X; interacts with the continuous attribute Y1. We also
notice that, within each group, Y7 can be used to perfectly separate the positive and the
negative examples. However, when taken individually (i.e., without considering X1), Y1 does
not appear to be relevant since the two class-conditional density curves in Figure 1.3 (b)
greatly overlap and the gain ratio and x? measures are relatively low. In other words, Y] is
locally relevant but not globally relevant.
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Figure 1.3 (c) and (d) displays the scatter plot and the density curves for a new feature
New.Y; defined as
Y1 —-250 ifX;=a
NEW.Y; =<{Y;-550 ifX;=> o
Y1 —-150 ifX;=c

This transformation increases the global relevance by cancelling the effects of X;. Both
mesures of relevance clearly report the high predictive power of the new feature. Accord-
ingly, the new feature can be analyzed independently of the other attributes, which should

simplify the learning task and improve the accuracy of the model learned.

In both examples, the initial relationships between the attributes decrease the global
relevance. However, it is also possible that some interactions have a positive effect on
the global relevance. In such cases, it is best not to transform the initial data. Before
attempting a transformation to cancel the effects of a given interaction, it is important
to assess the actual effect of this interaction on the learning problem at hand. To resolve
this issue, this dissertation introduces a technique to evaluate the interactions observed in
terms of their effects on the global relevance. Using this information, the transformation
process can focus on the interactions that negatively affect the learning process. The data
transformation approach we propose in this dissertation produces transformations like the
ones presented in the examples above as well as more complex transformations involving
many attributes. The technique is also general in the sense that it requires no information
about the underlying distributions of the data. The framework proposed allows the user to

participate in both the identification of interactions and the construction of new features.

1.3 Related areas of research

Figure 1.4 provides an overview of research areas related to learning with attribute interac-
tions. There are two types of solutions. The first one, as advocated above, is to develop a
new representation that is appropriate for the existing learning systems. The second type
of solution focuses on the learning methods. There are already learning methods that try to
account for interactions by analyzing several attributes simultaneously. Examples include
the SVM and NN methods. These methods have other drawbacks and are not guaranteed
to properly handle all kinds of interactions but they are known to be generally more robust
with respect to attribute interactions. One might also try to enhance existing methods by

adding the required functionality to deal with attribute interactions. Such enhancements
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Learning with attribute interactions

Generation of new features
suitable for existing methods
(GALA, PCA, ICA, FFT,..))

Integration of appropriate functionality
in learning methods

Constructive induction

In the original As extensions to This research

design existing methods

(NN, SVM, ..)) (FRINGE, RELIEF,
Lookahead, ...)

Figure 1.4: Related research.

may or may not include internal data re-representation mechanisms.

The field of constructive induction includes all research related to the data representa-
tion. This is illustrated in Figure 1.4 with the oval that encloses all research on generation
of new features and part of the research on enhancement of existing learning systems (the
enhancements accomplished through data re-representation). These two types of research
follow different objectives. The research on generation of new features targets the creation
of a new dataset that could be used independently at a later stage for learning or for other
purposes. On the other hand, the research on enhancements of existing methods may create
new features during the learning process but without the intent of using these new features
independently. Accordingly, they do not generate a new dataset.

As indicated in Figure 1.4, this research focuses on the creation of a new representation,
in particular, a representation that is helpful with respect to the current learning task.
As we shall discuss in the literature review (Chapter 2), existing constructive induction
techniques are limited to boolean attributes or nominal attributes and very little research
has been performed on the generation of continuous attributes. Also discussed in Chapter 2,
the existing statistical techniques to deal with continuous attributes mostly ignore the
class attribute which make them sub-optimal with respect to classification learning tasks.
This research addresses an important need by providing techniques to analyse interactions
involving continuous attributes in terms of their effects on learning and by generating new

globally relevant continuous features that can be used with any standard learning system.
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We use the name GLOREF (GLObally RElevant Features) to designate the approach that

integrates the proposed techniques.

1.4 Thesis statement and Contributions

The central idea of this dissertation is:

Augmenting the data representation with globally relevant continuous features,
derived from the analysis of interactions between nominal and continuous at-
tributes (or only between continuous atiributes), improves the performance of

several learning systems.
and the contributions are:

e A method and a large-scale experiment to study the effects of attribute interactions

in learning.

¢ A novel method to assess attribute intcractions that takes into account the effects on

learning.

e An interactive tool to visualize the effects of interactions and to explore possible

transformations.

e A new data transformation technique that gencrates globally relevant continuous fea-

tures.

The conclusion chapter describes these contributions in more details.

1.5 Structure of the dissertation

This dissertation has six additional chapters. The next chapter discusses related work and
identifies the need for this research.

Chapter 3 proposes an empirical evaluation of the robustness of various learning al-
gorithms with respect to attribute interactions. The study presented also provides an
estimation of the potential benefits of globally relevant features. The chapter concludes by
presenting the challenges of this research.

Chapters 4 and 5 describe the GLOREF approach. First, Chapter 4 introduces the

method to analyse the attribute interactions in terms of their effects on learning. Chapter 4
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also presents the Relevance Graphs and Interactive Relevance Graphs which are two tech-
niques we have developed to visualize the effects of the interactions and investigate potential
transformations. Chapter 5 describes how the information computed in Chapter 4 is used
to generate the new features. The feature generation method produces globally relevant
continuous features that account for univariate and multivariate relationships.

Chapter 6 proposes an extensive evaluation of the GLOREF approach. The exper-
iment includes the artificial datasets described in Chapter 3 and 12 real world datasets
publicly available. This chapter also compares the GLOREF approach with two other
approaches (Principal Component Analysis and Independent Component Analysis).

Chapter 7 summarizes the dissertation and discusses future work.

A list of notations and a glossary are provided at the end of the dissertation.



Chapter 2

Literature Review

2.1 Introduction

As explained in Section 1.3, previous attempts to learn from domains with important at-
tribute interactions can be broadly classified in two categories: those that incorporate
appropriate functionality in the existing learning methods and those that transform the
data representation. In turn, extensions to existing methods may or may not involve con-
structive induction. We first review enhancements proposed to enhance existing methods
that do not rely on constructive induction. Then we discuss research on enhancing the data

representation.

2.2 Enhancements of existing learning approaches

This section reviews enhancements proposed to improve the robustness of existing learning
techniques without modifying the initial data representation. The enhancements discussed

relate to the decision tree and the naive-Bayes learning approaches.

2.2.1 Improving decision trees

One of the most important tasks in the decision tree learning algorithm is the selection of
the attributes used to partition the data in the nodes of the tree. Commonly-used heuristics
for this task assume that the attributes are conditionally independent given the class value
and evaluate the usefulness of each attribute independently. This approach is efficient but
may lead to complex and inaccurate trees in domains with strong attribute interactions.
One possible strategy to solve this problem is to use a more sophisticated measure that
evaluates each attribute in the context of the other attributes. The next two sub-sections

describe techniques that implement this strategy.

11
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Lookahead mechanism

The idea of the lookahead mechanism is to select for a given node the attribute that will
lead to the most suitable tree at some further point in the process. This strategy allows
the selection of an attribute that does not optimally partition the current set given the
promise that it will eventually lead to a better tree. Interacting attributes that need to
be considered together in order to be useful for classification are therefore more likely to
be selected. Unfortunately, the complexity of the search increases exponentially with the
number of lookahead steps. In most applications, it is not practical to look at more than
two levels ahead. This prevents the detection of relationships involving several attributes.

Murthy & Salzberg [1995] analyzed empirically the usefulness of the limited lookahead
strategy. They concluded that limited lookahead is not particularly helpful. Furthermore,
they reported that limited lookahead can lead to inferior results in a number of applications.

Local measures

Commonly used impurity measures such as the information-gain-ratio [Quinlan, 1993] and
gini-index [Breiman et al., 1984] are named global measures since they estimate the quality
of a given attribute using all instances in a given partition. An alternative approach is to
perform this evaluation based on subgroups of instances. This alternative approach works as
follows. First, it divides the instance space into sub-regions and then it estimates the quality
of a given attribute by measuring its ability to discriminate instances that belong to the same
sub-region. The idea is that a good attribute for classification should be able to separate
the instances that are similar (i.e., that are close to each other in the instance space). Since
the measure of usefulness is limited to part of the data, these measures are named local
measures. Local measures are expected to be more robust against the problem of attribute
interactions because each attribute evaluation takes into account several attributes. The
RELIEF family of systems [Kira & Rendell, 1992; Kononenko, 1994; Robnik-Sikonja &
Kononenko, 1997] and the CI measure [Hong, 1997] propose two different local attribute
quality measures. These approaches can be used to perform feature selection in a pre-
processing step or inside a decision tree system as a replacement of the standard attribute
evaluation mechanism. The last strategy seems to be more promising, in particular when
the target is a symmetric function of some attributes (e.g., a majority function) [Kononenko
& Simec, 1995).

We note that the strategy we follow in this research goes into the opposite direction.

Instead of trying to adapt the measure to the local relevance of the data, we try to make
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the data globally relevant through appropriate transformations such that global measures

of relevance lead to accurate results.

2.2.2 Improving naive-Bayes

Naive-Bayes is a natural candidate to consider when studying the problem of attribute
interactions. The assumption of independence plays a key role in the algorithm and it is
commonly thought that naive-Bayes is extremely sensitive to attribute interactions. Ac-
cordingly, a number of researchers proposed extensions to naive-Bayes in order to reduce
the effects of attribute interactions.

A first approach is to use the technique of feature subset selection. Langley & Sage
[1994] experimented with a forward feature selection technique and six datasets from the
UCI repository [C. Blake & Merz, 1998]. They observed some improvements on three of
them. However, it is not clear that there were significant attribute interactions in any of
the datasets used. Pazzani [1995] also used feature selection but in conjunction with feature
joining. In Kononenko [1991], the attributes are first partitioned into groups and inde-
pendence is assumed only between attributes from different groups. Experimental results
provided by Kononenko [1991] showed slight improvements only.

Other approaches focus on the extension of the algorithm itself. Langley [1993] suggests
dividing the instance space in sub-regions and building a naive-Bayes classifier for each of
these regions. Kohavi [1996] introduces the NBTree algorithm which learns a decision tree
with a naive-Bayes classifier for each leaf node. The author argues that this combination
is particularly useful with large data sets. Less restrictive forms of naive-Bayes have also
been explored [Sahami, 1996; Cheng & Greiner, 1999; Friedman et al., 1997].

The experiment we propose in Chapter 3 allows us to evaluate the sensitivity of the
naive-Bayes with respect to attribute interactions and to compare it with other learning
approaches. The results confirm that the naive-Bayes is indeed sensitive to attribute inter-

actions but not necessarily more sensitive than other popular machine learning techniques.

2.3 Constructive induction

Michalski [1983] introduced the term constructive induction (CI) to describe the process by
which new potentially more powerful features are added to the representation space. Other
names for constructive induction include: feature generation, feature construction, feature

extraction, and bias shift [Utgoff, 1986]. Recent constructive induction frameworks extend
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the initial definition by including both the addition and the removal of attributes [Fawcett,
1993;: Wnek & Michalski, 1994; Bloedorn & Michalski, 1996].

Constructive induction systems may be designed to solve different problems with the
representation space. Two examples are the problem of indirectly relevant attributes [Bloe-
dorn & Michalski, 1998; Rendell & Ragavan, 1993] and the problem of low level represen-
tation [Rendell & Seshu, 1990]. Constructive induction systems address these problems by
trying to automatically create new features that combine the initial attributes. The aim
is to find features that are more appropriate for learning than the initial attributes. As
explained in Section 1.3, constructive induction might be integrated with a given learning
approach to extend its initial ability or developed as a separate technique to transform the
data representation independently of the learning system used to construct the models. Al-
though this research fits in the later category, we also review related work on enhancement
of existing learning approaches.

Our discussion is divided into three sections. The first one discusses constructive in-
duction techniques developed to deal with the problem of contextual normalization. The
second section proposes a classification of constructive induction techniques based on their
use of information about attribute interactions. The last section summarizes the various

techniques discussed based on their characteristics.

2.3.1 Contextual normalization

The problem of attribute interactions is related to the notion of context which received
significant attention over the last decade in the machine learning community [Widmer &
Kubat, 1998; Matwin & Kubat, 1996]. Context can be informally defined as any information
that surrounds the event or object of interest. The context is usually not involved in the
final model but may help improving performance by complementing the information that
is directly relevant.

Most of the research on learning with context deals with applications for which the con-
textual information is known to be important, but not made explicit to the learner. These
applications require systems that can detect hidden changes and adapt the classification
strategy accordingly. Examples are the FLORA family of systems [Widmer & Kubat, 1996]
and the SPLICE system [Harries et al., 1998]. Our focus is on applications in which the con-
text is partially available through at least one of the initial attributes. This situation is not
uncommon; examples are from speech recognition, medical, and engineering applications in
which we have attributes such as sex, age, living area, ambient temperature, pressure, and

humidity. These attributes are often named conteztual attributes by opposition to primary
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or relevant attributes which contain more task specific information. Contextual normal-
ization [Katz et al., 1990; Turney & Halasz, 1993] tries to improve the representation by
cancelling the effects of the contextual attributes.

Contextual normalization plays a key role in several real world applications. For in-
stance, in medical domains, normalization techniques are used, among others, with elec-
tromyographic data [Knutson et al., 1994], VO, data [Toth et al., 1993], and magnetic
resonance data [Sled et al., 1998]. Nonlinear normalization is utilized in character recog-
nition [Lee & Park, 1994] and speaker normalization [Watrous, 1993]. Normalization is
also applied to reduce variability in pollution data [Delbeke et al., 1995] as well as in fi-
nancial [Horrigan, 1978] and industrial applications [Sola & Sevilla, 1997]. Although the
normalization techniques vary considerably from one application to another, the objective
is common; transforming the initial measurements in order to take into account the inter-
actions with the contextual attributes.

Researchers in the machine learning community have proposed frameworks and tech-
niques for domain independent contextual normalization. The next sub-section describes
these contributions. The following two sub-sections discuss the related issue of the automatic
identification of contextual attributes and some alternative approaches to use contextual

information.

Eliminating the effects of contextual attributes

The goal of contextual normalization is to transform the relevant attributes such that the
influence of the contextual attributes is canceled. The advantage is that the new normal-
ized relevant attributes allow meaningful comparisons between the observations or subjects.
Only the new normalized attributes should be needed for learning. The models obtained
from the new attributes should be more general than the ones obtained without normaliza-

tion, since they are independent from the variations in the contextual attributes.

Donoho and Rendell Donoho & Rendell [1996] explain that contextual normalization is
generally very difficult to perform because it requires in-depth knowledge of the interactions
between the contextual attributes and the relevant attributes. They propose the use of ratios
to address the problem of attribute normalization. In their approach, each relevant attribute
is divided by the product of all potentially influencing contextual attributes. The ratios
obtained are used instead of the initial attributes during learning. Background knowledge
is used to determine which contextual attributes influence a given relevant attribute. The

authors suggest using this approach only in domains where more sophisticated normalization
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formulas cannot be obtained from domain experts [see Donoho & Rendell, 1996, page 119].

Turney and Halasz Turney & Halasz [1993] describe a contextual normalization tech-
nique and apply it to the diagnosis of aircraft engine faults. The normalization proposed

transform each relevant attribute z; into a new attribute z} using the following formula

2 = Ty — /Li(c)
! ai(C)

where 1;(C) and 0;(C) represent the expected value and expected variation of z; given
the values of contextual attributes in C, respectively. The authors propose two techniques
to estimate the parameters p;(C) and 0;(C). One relies on instance-based learning and
the other is based on multiple linear regression. Both techniques require the availability of
baseline instances (i.e., instances representing healthy engines) collected over a wide range
of ambient conditions (i.e., context).

With the instance-based approach, p;(C) is equal to the mean of z; considering only the
k closest baseline instances. The closest instances are found using the contextual attributes
in C and a standardized distance measure. To estimate o;(C), the algorithm finds the next
ko closest instances and, for each of these instances, it computes the root squared difference
between x; and p;(C). Then o;(C) is set to the average of these differences.

With the multivariate linear regression approach, a global linear model is built for
each relevant attribute z;. The p;(C) are the response variables and the contextual at-
tributes in C are the predictors. Step-wise variable selection is used to discard unrelevant
contextual attributes. They use a standard technique in linear regression for calculating
variation [Fraser, 1978]. The authors report that the instance-based and multivariate linear

regression normalization approaches lead to similar results.

Letourneau and al. In Létourneau et al. [1998], we have observed that the existing
contextual normalization techniques are very restricted. In particular, the use of ratios as
proposed by Donoho & Rendell [1996] is not flexible enough to take into account the various
forms of interactions that may exist. The two approaches by Turney & Halasz [1993] are
more powerful but are restricted to domains in which one can find appropriate baseline
instances covering a wide range of contextual conditions. Moreover, none of the techniques
can be applied if there is no prior knowledge to identify the contextual attributes. Ac-
cordingly, we have proposed a new technique that automatically identifies the contextual

attributes and derives transformations that remove the effects of the contextual attributes
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on the relevant attributes. The proposed approach works as a pre-processor and can be used
with any standard learning algorithms. The approach relies on the ANOVA to assess the
interactions along with particular discretization and clustering techniques. The approach
showed great potential in reducing the variability in commercial aircraft engine data. How-
ever, when applied to the task of predicting engine component failures [Létourneau et al.,
1999], the new features did not seem to help improve the accuracy. The fact that the ap-
proach does not use the class information may explain the obtained result. The techniques
presented in this dissertation overcome the above limitations by focusing on the generation

of highly relevant features.

Identification of contextual attributes

One of the prerequisites to the elaboration of normalization models is the identification
of the contextual and relevant attributes. This is typically done using domain knowledge.
Automatic methods are highly desirable for this task because they may help simplifying the
elaboration of normalization formulas. They may also lead to the identification of new con-
textual attributes. Turney [1996a] approaches this problem by providing formal definitions
for primary and contextual attributes. These definitions are based on earlier work by John
et al. [1994] on the problem of feature subset selection. The author proposes an adaptation
of the formal definitions in order to make them applicable in practice. However, the actual
usefulness of the approach has not been demonstrated using real world applications. We
note that the contextual normalization approach introduced by Létourneau et al. [1998] can
automatically determine the contextual attributes but can also use knowledge of attribute’s

role (i.e., contextual or primary) to reduce computations.

Alternative approaches to use contextual attributes

There are four approaches that can be used in addition to contextual normalization to
exploit contextual attributes [Katz et al., 1990; Turney, 1996b]:

Contextual expansion The contextual attributes are used to expand the representation

space. The learning algorithm treats them as any other attributes.

Contextual classifier selection Classifiers are build for each context. During classifi-
cation, a meta level mechanism is used to decide which classifier(s) should be used
based on the values of the contextual attributes. Various voting schemes can be used

to efficiently combine results from more than one classifier.
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Katz et al. [1990] uses classifier selection with neural networks and shows improve-
ments on an automatic target recognition problem. This technique has also been used
with decision trees in speech recognition [Kubat, 1996] and tonal music harmoniza-
tion [Widmer, 1996].

Contextual classifier adjustment The contextual attributes can be used in a post-
processing step to adjust the prediction made by the classifier. [Watrous, 1991] de-

scribes such an approach with decision trees.

Contextual weighting The relevance of each attribute may be a function of context.

Contextual weighting is used by Turney [1993] in a vowel recognition task.

Combinations of these approaches may also lead to interesting results. Turney [1993]
obtained significant improvements in a vowel recognition task by combining contextual
normalization, contextual expansion, and contextual weighting. Kubat [1996] successfully

combines contextual selection and contextual adjustment.

2.3.2 Use of attribute interactions in Constructive Induction

Constructive induction systems are generally not designed for domains in which there are
significant interactions among the attributes [Pérez & Rendell, 1996b]. However, infor-
mation about attribute interactions may be used to guide the search towards meaningful
attribute combinations. Because attribute interactions are the central theme of this re-
search, we emphasize the role of attribute interactions in various constructive induction
approaches. The next four sections examine constructive induction from the following per-
spectives: techniques that do not consider attribute interactions, techniques that consider
attribute interactions at the knowledge level, techniques that consider attribute interactions
at the model level, and finally, techniques that exploit attribute interactions found at the

data level.

Without considering attribute interactions

The methods described in this section are the ones that do not rely on any information
about attribute interactions during the search for new useful features. These approaches
typically need some forms of heuristics to constrain the search space. For example, they
may use only a very small number of operators and/or consider only few attributes for

potential combinations.
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AQ17-DCI The AQ17-DCI [Bloedorn & Michalski, 1998] system combines a data-driven
constructive induction method and a rule learning system. The data-driven constructive
induction method can create new attributes and remove irrelevant ones. It includes rela-
tional, arithmetic, and various functional operators (e.g., minimum, average, count). The
user can select a subset of operators to apply among an initial list provided by the system.
AQ17-DCI exhaustively applies the selected operator(s) to combine the attributes. Only
the new attributes that have an information gain ratio [Quinlan, 1993] greater than a user
specified thresholds are kept for learning. AQ17-DCI performs discretization of numerical
attributes using the ChiMerge approach [Kerber, 1992]. The output of AQ17-DCI is a set
of rules and not a new representation to be used independently. The type of features it pro-
duces are limited by the set of operators implemented and augmenting the set of operators

is likely to make the search intractable.

GALA GALA [Hu, 1999] is a pre-processing system that can be used with any standard
learning algorithm. The first version of GALA creates boolean features. GALA follows
an iterative approach. At each step it generates new boolean attributes by combining the
existing ones. These attributes are then evaluated using a relative measure. Only the
attributes that lead to a significant increase in gain ratio with respect to their parents will
be kept for the next step. The author reports that the attributes generated by GALA
can improve the performance of C4.5 [Quinlan, 1993], CN2 [Clark & Boswell, 1991] and
various neural networks. Some of GALA’s limitations are: (i) it uses only two operators
“AND” and “NOT”, (ii) it needs to “booleanize” the input attributes, and (iii) cannot
remove useless attributes. On the other hand, the simplicity of the operations ensures
that the new features are comprehensible. The second version of the system, GALA 1II,
is designed to learn more complex concepts such as the m-of-n and majority rules as well
as the binary features learned by the first version of GALA. GALA II uses the multi-layer
neural network technique to extract the prototypical structures. Once the neural network
is trained, the features are extracted and presented in a comprehensible manner. Although
it uses the neural network technique, GALA II is not designed to recognize various forms

of relationships between continuous attributes.

STAGGER STAGGER [Schlimmer, 1987] uses constructive induction in applications
for which its concept description language does not allow perfect predictions. STAGGER
uses a set of feature/value pairs to describe the target concept. A weight is assigned to

each element in the set. During classification, these weights are combined to compute the
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predicted class. The weights are updated after each classification in order to reflect the value
of each feature/value pair. Whenever there is a prediction error, STAGGER creates new
attributes by combining the existing ones with boolean operators (i.e., “NOT”, “AND”,
and “OR”). The new feature will then compete with the initial ones. In the long run,
only the new attributes that outperform the initial ones will stay in the description of the
concept. We note that the output of STAGGER is a description language and not a new

data representation that can be used for learning.

Attribute creation in decision trees There has been a number of efforts on trying to
incorporate the creation of linear combinations of attributes with the decision tree learning
approach. OC1 [Murthy et al., 1994], CART [Breiman et al., 1984], and LMDT [Utgoff
& Brodley, 1990] are examples of systems that perform this integration. At each node,
these systems search and evaluate various linear combinations of attributes. If one of these
combinations appears to be more powerful than the initial attributes, then it can be used as
test attribute for that node. Limiting the search to linear combinations allows a reasonable
efficiency. None of these systems explicitly rely on information about attribute interactions
to guide the search. Like AQ17-DCI, all of these systems extend existing algorithms and

are not generating new features to use with other learning systems.

Considering attribute interactions at the knowledge level

Constructive induction methods can exploit various forms of domain information provided
by the user to guide the search. The format and extent of domain knowledge vary con-
siderably from one application to another. In some applications, complete domain theories
exist and can be used to construct new relevant attributes that have high classification
power. Examples of systems that can use complete domain theories include LAIR [Elio &
Watanabe, 1991], TGCI [Donoho & Rendell, 1995], and AQ15 [Michalski et al., 1986].

In practice, complete theories are rarely available. What is available are fragments of
knowledge. Donoho [1996] examines twelve types of knowledge that might be available in
real world applications and discuss how they can help in the creation of new features. Three

of them are related to the problem of attribute interactions:

Contingency knowledge Contingency knowledge gives information that the effect of one
feature is contingent upon the value of another feature. This highlights the relation-
ships between the attributes and may help, for instance, identifying the contextual

and primary attributes.
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Normalization knowledge Normalization knowledge provides information about the ef-
fect of a group of intermediate concepts (some relevant, others not) on a given relevant
attribute. This knowledge can be used to normalize the given attribute to eliminate
correlations with irrelevant intermediate concepts. The techniques described in Sec-
tion 2.3.1 are examples of constructive induction methods that rely on normalization
knowledge. We also note that contingency knowledge provides intermediate informa-

tion useful for the development of normalization knowledge.

Dimensional analysis Dimensional analysis may prevent creation of illegal feature com-
binations. For instance, one would not try to add an attribute with unit meters to
another attribute with unit kilograms. Knowledge about units may also help identify-
ing attributes that may depend on other attributes. For instance, it is quite reasonable
to suspect attributes with unit Celsius (a temperature) to be related to other dimen-
sions such as geographical location, and time of the day. The COPER [Kokar, 1986]
system, a system for the discovery of empirical laws, uses dimensional information to

guide constructive induction.

Considering attribute interactions at the model level

They are systems that try to identify potentially useful attribute interactions by analyzing
patterns in previously induced hypotheses. These systems are tied to a specific hypothesis
language. We discuss four systems, the first two are for decision trees while the last two

work with decision rules.

FRINGE and CITRE FRINGE [Pagallo & Haussler, 1990] and CITRE [Matheus &
Rendell, 1989; Matheus, 1989] are two systems that create new attributes based on the
analysis of previously induced decision trees. An initial tree is first induced using the initial
attributes. The focus is on the paths that lead to positive leaves. The idea is to create
new attributes that combine the attributes that appear on each of these paths. The new
attributes are added to the existing attributes. There are several versions of FRINGE (i.e.,
Symmetric FRINGE [Pagallo, 1990] and DCFringe [Yang et al., 1991]), each of them uses a
specific heuristic to combine the attributes on a given path. The simplest strategy creates
a new attribute that is equal to the conjunction of the last two tests on a given path.
FRINGE appears to be useful only in a small number of domains. CITRE relies on user
input to decide which attributes on a path should be combined. At the limit, CITRE will

create a new attribute for each pair of tests on all paths leading to positive leaves. CITRE
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and FRINGE performances are similar.

CIPF CIPF [Pfahringer, 1994a] works with propositional decision rules. It is also an
iterative approach that creates and adds new attributes in each step. CIPF takes a rather
eager approach by generating, at each step, all possible combinations of attributes from the
selected rules and a pre-defined list of operators. All new attributes are made available to
the next iteration. The growing of the attribute space is controlled be a filtering mechanism
applied at the end of each iteration. This mechanism analyzes the rule set and removes at-
tributes that are not involved. CIPF keeps track of removed attributes and never introduces
the same attribute again. The process stops when no new attributes can be created. The
Minimum Description Length (MDL) principle [Quinlan & Rivest, 1989] is used to select the
best subset of rules used to build the new attributes. The use of MDL allows CIPF to use all
the data during the constructive induction process. Other measures such as accuracy would
have required the splitting of the data into a test and training sets [Bloedorn et al., 1993].
CIPF combines the attributes that appear in the selected rules using various commonly
used operators similar to the ones used by AQ17-DCIL. CIPF 2.0 [Pfahringer, 1994b] uses
C4.5 as rule inducer. CIPF 2.0 lead to some improvements over C4.5 on artificial domains

with various levels of noise.

CN2-MCI CN2-MCI [Kramer, 1994] represents an alternative to CIPF. It is also designed
for propositional decision rules, but works in a fairly different manner. As indicated by its
name, CN2-MCI uses CN2 [Clark & Boswell, 1991] as rule inducer. Only one new attribute
is created at each iteration. CN2-MCI also uses only one operator to combine the attributes.
Each iteration has four steps. First, CN2-MCI analyzes the relevant rules of the existing
hypothesis. Second, it selects m pairs of features that tend to co-occur in these rules
(m being a user specified parameter). Third, it creates a new feature from each of these
pairs. Finally, it keeps only the best of the m potential new features and adds it to the
existing attributes. As in CIPF, the assessment of each hypothesis takes into account the
complexity of the new features used. CN2-MCI stops after a user specified number of
iterations without improvement. CN2-MCI returns the attributes representation that lead

to the best hypothesis among all iterations.

Considering attribute interactions at the data level

We now examine data re-representation techniques in which the information about potential

attribute interactions is found from the data itself. These techniques are particularly rele-
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vant since our research assumes that such interactions exist between the initial attributes.
The techniques discussed in this section have been mostly developed outside the area of

constructive induction but can be used for that purpose.

BACON and FAHRENHEIT BACON [Langley et al., 1986] and FAHRENHEIT [Zem-
bowicz & Zytkow, 1991] are two systems for automatic discovery of empirical laws. They do
not address the classification task problem, but they closely rely on attribute interactions
to discover useful relationships. The goal of these systems is to analyze the interactions
among the attributes in order to discover empirical rules that explain the behavior of the
data. There are two types of attributes: independent and dependent attributes. Indepen-
dent attributes can be controlled or adjusted while dependent attributes are only observed.
Both systems assume that all dependent attributes are numeric. To find relationships among
a set of attributes, the systems try to simulate the scientific discovery process by perform-
ing experiments. Each experiment is designed to study the effects of a specific independent
parameter in the context of the partial theory already developed. In each experiment, they
systematically vary the parameter under study while holding constant the other indepen-
dent terms. At the end of each experiment, the systems try to build a model explaining the
behavior of the given parameter. If the obtained model is acceptable, then it is integrated
in the theory under development. The process iterates until all independent parameters
have been analyzed.

FAHRENHEIT extends BACON in various manners. In BACON, the data should
be globally described by only one law while FAHRENHEIT allows the discovery of sev-
eral equations to explain various regions of the data. The equation finder (EF) used in
FAHRENHEIT allows the discovery of more complex equations than BACON. EF also

adopts a more flexible treatment of errors in parameters which makes it more general.

Principal component analysis Principal component analysis (PCA) [Johnson & Wich-
ern, 1992] is a multivariate statistical technique used in various situations (e.g., exploratory
analysis, data summarization, multivariate outliers detection, and factor analysis). PCA,
also known as the Karhunen-Loeve expansion [Watanabe, 1969; Devijver & Kittler, 1982], is
used as a pre-processing technique to transform the initial attributes into a new potentially
smaller set of attributes. Given a dataset with p numeric attributes, PCA computes p new
attributes called principal components. Each principal component is a linear combination
of the original attributes with coefficients equal to the eigenvectors of the correlation or co-

variance matrix. Since the eigenvectors are orthogonal, the principal components represent
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perpendicular directions in the original representation space. The certainty of uncorrelation
between the principal components lead to believe that learning should be easier with the
principal components than with the initial attributes. Moreover, the number of attributes
may be reduced by selecting only the principal components that have the highest eigenval-
ues. This is equivalent to selecting the dimensions along which the largest variabilities are
observed.

Although the principal components have many desirable properties, several researchers
conclude that PCA is not particularly useful in the context of supervised classification
learning [Rakotomalala, 1997; Delisle et al., 1998; Richeldi & Lanzi, 1996]. The inappropri-
ateness of PCA may be explained by the fact that the PCA transformation is not optimal
with respect to class separability [Fukunaga, 1990].

Canonical Discriminant Analysis Canonical discriminant analysis (CDA) is a data
summarization technique related to PCA and canonical correlation. Like PCA, canonical
discriminant analysis derives attributes that are linear combinations of the initial attributes.
The attributes created using canonical discriminant analysis maximize the distance between
the centroids of different classes. The number of new attributes created is equal to the min-
imum between the number of classes minus one and the number of attributes. Yip & Webb
[1994] show how canonical discriminant analysis can be used as a constructive induction
technique in classification learning. They also introduce a constructive induction technique
that combines clustering and canonical discriminant analysis. This latter approach allows

a greater robustness when the initial attributes are not normally distributed.

Independent Component Analysis The Independent Component Analysis (ICA) is a
recent but very popular technique to discover structure in the data [Hyvarinen et al., 2001].
Like PCA, and CDA, ICA produces new features that are linear combinations of the initial
ones. However, unlike the other techniques presented above, the ICA is also appropriate
with non-gaussian distributions since it relies on higher-order statistics (not just the second-
order statistics). The objective is to generate independent components (or as independent
as possible). This can be seen as a generalization of the PCA’s task which is to produce
uncorrelated components. The blind source separation problem is often used to present the
ICA method. Let us assume that there are three persons in a room talking independently
of each others and three devices located across the room to record the sounds generated
by the speakers. We also assume that, at any point in time, the devices record some linear

combinations of the signals produced by the speakers. If we use s1(t), s2(t), and s3(t) to
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denote the signals emitted by the three speakers and x;(t), z2(f), and z3(t) to denote the
sounds recorded at time £, then we have

z1(t) s1(t)
i) (t) =A S92 (t)
x3(t) s3(%)

where A is some unknown matrix. The ICA problem is to estimate the s;(¢) and the matrix
A given only the x;(#). This problem is resolved through an optimization routine that
selects the coefficients in the matrix A in a way that maximizes the independence of the
resulting s;(¢). This explains why the s;(t) are named the independent components. In
general, the number of components must be equal to the number of attributes observed.
Also, there are situations for which there is no solution to the ICA problem. In particular,
this is the case when the signals s;(t) are normally distributed. In turn, the absence of
solution may prevent the optimization process from converging. In practice, one would deal
with such situations by forcing the optimization procedure to stop after a given number of
iterations. Finally, we note that like the PCA and CDA methods, the ICA does not rely of

the class information.

2.3.3 Summary of Constructive Induction

Table 2.1 summarizes the various constructive induction systems discussed. The three
systems that deal with the discovery of empirical laws (i.e., COPER, BACON, FAHREN-
HEIT) are not presented in this summary table since they cannot be compared with the
other approaches. The first three columns display the types of information used and the
last two columns characterize the types of information returned by the various approaches.
Regarding the input information, the table presents the type of information about attribute
interactions that is used, the type(s) of attributes that can be processed, and whether or not
the class information is used. As for the output information, the table specifies if a model
of the interactions between attributes is returned and the type(s) of the new attributes
created (if any). To specify the type of the attributes, we use B for binary, N for nomial,

and C for continuous.
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Input information Output information
Method Attribute Class Attribute Models of Feature
interact.  attribute  type(s) interact. type(s)
AQ17-DCI None Yes BNC No None
GALAII None Yes BNC No B
STAGGER None Yes B No None
0C1 Model Yes C No None
CART Model Yes C No None
LMDT Model Yes C No None
FRINGE Model Yes B No None
CITRE Model Yes B No None
CIPF Model Yes BNC No None
CN2-MCI Model Yes B No None
Turney & Halasz [1993]  Know No C No C
Létourneau et al. [1998] K + D No BNC Yes C
PCA Data No C Yes C
CDA Data No C Yes C
ICA Data No C Yes C

Table 2.1: Summary of techniques to re-represent the data.

We first observe that a large proportion of the techniques developed are designed to be
integrated with existing learning approaches and are not producing a new representation.
With these systems, the focus is on the improvement of the accuracy of existing methods
by opposition to be on the assessment and removal of attribute interactions. As a result,
these systems do not produce a model describing the attribute interactions observed and
their effects on learning. Hu [1999] noticed the lack of general data pre-processing systems
that are independent of existing learning systems. Their solution was to propose the GALA
systems. The GALA systems generate highly comprehbensible features but the types of
interactions that it can handle are limited to either prototypical relationships of boolean
expressions. The GALA systems do not directly assess the interactions observed in the data

and do not produce a model that describes the effects of these interactions.
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The methods that can cope with continuous attributes are either from research in con-
textual normalization or from the statistical and pattern recognition fields. These methods
tackle the problem of attribute interactions more directly and generally produce a system
of equations or a model that helps understand the nature of the relationships among the
attributes. On the other hand, all of these methods do not use the class information which
limit their usefulness for classification tasks. We also notice that most of them can only
handle continuous attributes.

This review of literature reveals the lack of supervised constructive induction techniques
that emphasize on attribute interactions, in particular the interactions involving numerical
attributes, that can be used with any standard learning systems. This observation guided us
during the development of the GLOREF approach described in Chapters 4 and 5. Finally,
we also noticed that most methods described fail to include the user into the analysis. This
prevents them from making use of additional information that the user could provide and
also limit the quality of the experience for the user. The technique of relevance graphs,
also introduced in Chapter 4, addresses this need by including the user in the analysis of

interactions and, optionally, during the search for transformations.



Chapter 3

Empirical evaluation of the
usefulness of globally relevant

features

3.1 Introduction

This chapter proposes a study to assess the potential improvements that could be achieved
by augmenting the initial representation with globally relevant features. The study considers
an idealized situation where complete and perfect knowledge of the relationships between
the initial attributes can be used to construct the new globally relevant features. The study
relies on 13 learning systems to evaluate the potential improvements in accuracy due to the

new features. There are three objectives:

1. Provide an estimation of the maximal improvements that could be achieved through

globally relevant features.

2. Characterize various learning approaches based on their abilities to handle attribute

interactions.
3. Generate gold standard performance results.

The first two objectives are important to justify the need for research on the problem
of attribute interactions in machine learning. The third objective will help evaluate the
method we propose to reduce the negative effects of attribute interactions (Chapter 6).
The results from this study could also help with the algorithm selection problem. For
instance, in domains where strong attribute relationships are expected, knowledge about
the robustness of each approach could help in selecting the most appropriate one.

The study involves 12 artificial datasets with pre-determined attribute interactions. To
maximize the applicability of the results, we constrained the experiment to relatively simple

interactions that are likely to be found in real-world applications. The datasets considered
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include both functional and stochastic interactions. The study also integrates a feature
selection technique to help avoid difficulties related to non-relevant attributes.

This chapter has 6 additional sections. The first one explains how this study extends
earlier work on the effects of attribute interactions. Section 3.3 reviews the notation of belief
networks which is used in Section 3.4 to explain the data generation process. Section 3.5
presents the experimental methodology and the results obtained. Section 3.6 describes the

challenges for this research. Finally, the last section summarizes this chapter.

3.2 Related Work

In the recent years, we have seen a number of research projects focusing on the problem of
attribute dependencies with the naive-Bayes learning method. Most of these efforts propose
extensions that may help improving the results of the naive-Bayes in presence of attribute
dependencies. The resulting approaches are collectively called semi-naive Bayesian classi-
fiers. The semi-naive Bayesian classifiers typically follow one of two strategies: manipulation
of the data prior to the application of the naive-Bayes algorithm [Kononenko, 1991; Lang-
ley & Sage, 1994; Pazzani, 1996] or enhancement of the induction algorithm [Langley, 1993;
Kohavi, 1996].

Domingos & Pazzani [1997] explains that these extensions to the naive-Bayes approach
usually lead to moderate success. The paper suggests that this is due to the fact that
naive-Bayes is actually more robust to attribute dependencies than is commonly thought.
They support their claim through a large-scale experiment as well as a theoretical analysis
of the optimality of the naive-Bayes. The goal of the experiment performed by Domingos
& Pazzani [1997] was to empirically study the effects of attribute dependencies on the
naive-Bayes.

To conduct their experimental study, Domingos & Pazzani [1997] compared the per-
formance of the naive-Bayes with three other learning systems (C4.5 [Quinlan, 1993|, PE-
BLS [Cost & Salzberg, 1993], and CN2 [Clark & Niblett, 1988]) over 28 datasets from the
UCI repository [C. Blake & Merz, 1998]. They also estimated the degree of dependencies
in each domain using a measure of pairwise attribute dependence [Kononenko, 1994]. They
report that on average the accuracy of the naive-Bayes is significantly superior to the other
systems. They also report that the naive-Bayes outperforms the other learning approaches
in some domains in which the degree of attribute dependencies appears to be high. From
these observations, they concluded that the naive-Bayes is not much influenced by attribute

dependencies or interactions.
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Our study also evaluates the effects of attribute interactions but from a different per-
spective. Instead of adopting a comparative approach with other learning algorithms, we
control the levels of attribute interactions and observe the consequences on the performance
of several learning systems. We control the attribute interactions by regulating the data
generation process and by adding new features that account for these interactions. The
observations obtained provide direct estimations of the impacts of attribute interactions on
various learning approaches. At the same time, they indicate the magnitude of improve-
ments that could be achieved by extending the initial representation. Such information

cannot be extracted from a purely comparative study.

3.3 Graphical notation of attribute dependencies

We rely on the notation of belief networks [Pearl, 1988] to represent the interactions among
the attributes. A belief network is a directed acyclic graph (DAG). Each node (or vertex)
represents an attribute. In this chapter, we use a diamond to represent the class attribute
C and circles for all other attributes. We note that the arcs are oriented. The attribute at
the origin of an arc is named the parent while the attribute at the destination is named the
child. The general rule for interpreting the relationships states the each attribute is said to

be independent of its non-descendents given its immediate parents.

Figure 3.1: A simple Belief Network.

Figure 3.1 presents a belief networks for a simple domain with three input attributes

Xi, X9, and X3. This graph indicates that the attributes X5 and X3 are independent given
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the value of attribute X;. Similarly, the target attribute C is independent of X, given
the values of the attributes X and X3. On the other hand, the attributes X; and X»
are assumed to interact and similarly for the attributes X; and X3. We shall specify the
nature of the interactions during the data generation process, which is explained in the next

section.

3.4 Data generation

The importance and nature of attribute interactions are likely to change over different do-
mains. To efficiently study the potential effects of attribute interactions (and the benefits of
the new representation), one must try to experiment with various scenarios. Our experiment
includes the six attribute interaction structures shown by the belief networks in Table 3.1.
The data generation step produces two datasets for each belief network. The first dataset
contains functional interactions while the second dataset contains stochastic interactions.
We complete the data generation process by adding, to each dataset, new globally relevant
features that eliminate the necessity of considering attribute interactions. We name these
new features theoretical features to stress the fact that they are based on complete and
perfect knowledge of the relationships among the initial attributes. This section is divided
in three parts. The first two explain the generation of the datasets with functional and
stochastic attribute interactions, respectively. The third part discusses the creation of the
theoretical features.

Before discussing the data generation, let us mention that all datasets comprise con-
tinuous attributes only. This restriction will make it possible to re-use the same data in
Chapter 6 to compare oiir solution with statistical techniques that can only handle con-
tinuous attributes. For simplicity, we assume binary classification problems where the two
possible values (0 and 1) have equal probability. All datasets have 1000 instances. Through-
out this section, we shall use A to represent the set of all initial attributes { X1, Xo,..., Xp}
for the given dataset. We use € to denote the set of attributes that are influenced by at
least one other attribute. The attributes in € correspond to the child nodes in the belief
network. We say that an attribute is relevant if there is a path between this attribute and
the class attribute. We use R to represent the set of relevant attributes.

We observe that almost all relevant features in the belief networks considered (Table 3.1)
are also child attributes. Moreover, except for the network N2, all child attributes have
at least one non-relevant attribute for parent. As we shall discuss while we introduce

the interactions between the attributes in the next two sections, these characteristics are
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Table 3.1: Graphical representations of the interactions in the synthetic datasets.
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required to ensure that the initial attributes are not already highly globally relevant.

3.4.1 Functional attribute interactions

This section describes the generation of the dataset for a given belief network where the arcs
in the network represent functional dependencies. The presentation assumes that the class
values have been generated in a pre-processing step. The data generation process starts by

creating the relevant attributes. Precisely, each attribute X; € R is defined as:

N{ o, o ifC=0
x; ~ 4 N0 00) (3.1)
N(uil,o”“) fC=1

where
N(p, o) refers to the normal distribution with mean p and variance o;

C is the class value;

fi0 is random number between 0 and 1000 to represent the mean of X; for all observations

with class value equals 0 ;

0;0 is a random number between 0 and 10 * u;y to represent the variance of X; for all

observations with class value equals 0 ;

i1 = o + a+/Ti0, With a a random number between -2 and 2, is the mean of X; for all

observations with class value equals 1;

o;1 is a random number between 0 and 10 * u;; to represent the variance of X; for all

observations with class value equals 1.

As illustrated in Figure 3.2, the constraint on p;; ensures that the distance between
the means of the negative and positive instances (class values 0 and 1, respectively) for a
given attribute X; is never greater than two times the standard deviation of X; over the
negative instances. This limits the relevance of the attributes by forcing some overlap over
the two distributions. Without such a constraint, the attributes could be so relevant that
the learning would be trivial (and therefore not realistic).

The second step generates the values for the remaining attributes (i.e., all attributes

X; € A\ R). These attributes are not linked to the class attribute. Accordingly, we specify
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Negative (class = 1)

(class = 0)
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Figure 3.2: Illustration of the parameters controlling the relevance on the initial attributes.

the distributions of these attributes without using the class attribute. Precisely, we define

each attribute X; € A\ R as:
Xi ~ N(ps,04) (3.2)

where p; is a random number between 0 and 1000 and o; is a random number between 0
and 10 * ;.

The last step introduces the functional interactions between the child nodes and their
parents in the given belief network. We introduce these interactions by updating each
attribute X; € € as follow:

X=X, + Z winj (33)
Xj€Parents(X;)

where Parents(X;) represents the set of parent(s) of attribute X; in the given network and
w;; a random number indicating the strength of the interactions between the attributes X;
and X;. This formula combines the initial values for X; with the ones from its parents in
a linear manner, producing linear interactions. To avoid potential issues with recursivity,
it is important to start by updating the child nodes that are the immediate descendants of
the roots in the graphs and then follow the direction of the arcs.

As mentioned earlier, the graphs have been designed such that almost all attributes in
R are also included in €. In turns, the attributes in C tend to have at least one non-relevant

parent. This means that Equation (3.3) affects almost all relevant attributes computed with
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Equation (3.1) by forcing them to interact with one or more non-relevant attributes gen-
erated by Equation (3.2). This process systematically introduces interactions that increase
the dispersion of the instances and reduce the univariate relevance of the attributes. We
expect the learning algorithms that are based on the assumption on weak interactions to
have difficulties achieving high accuracy with such attributes.

It is clear that many other types of attribute interactions could have been introduced.
For instance, one might also consider higher order polynomials and non-linear constructs
involving exponential or logarithmic functions. We limit the experiments to the simplest
form of interactions because they are predominant in real world applications. We also
want to keep a conservative approach to evaluate the potential benefits of a new data

representation by keeping the initial attribute relationships as simple as possible.

3.4.2 Stochastic interactions

This section describes the generation of the dataset for a given belief network where the arcs
in the network represent stochastic interactions. Again, the presentation assumes that the
vector of class values, noted C, is readily available. We introduce the stochastic dependen-
cies through a multivariate distribution for which we can parameterize the dependencies.
In particular, we focus on the multivariate normal distribution.

A multivariate normal distribution is completely specified by two parameters p and 2.

The parameter p represents for the mean vector defined by

H1

2]
H=1.
Hp

where p; is the mean of attribute X;. The parameter X is the variance-covariance matrix
defined as

011 012 ... O1p

021 022 ... O2
3=

Opl Op2 ... Opp

where o;; is the variance of X; and o;; represents the covariance between attributes X;
and X;. The covariance o;; indicates the association between attributes X; and X;. The

variance-covariance matrix is a symmetric matrix (i.e., oy; = 0j; for all ¢ and j).
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In addition to p and X, it is often useful to consider the correlation matriz R defined

as
1 2 ... Tip
21 1 e Ty
R =
™o)1 Tp2 .- 1

where each coefficient of correlation r;j is defined as
Jij

Each coefficient of correlation r;; measures the strength of the linear association between

Tij = Tji =

the attributes X; and X;. The coefficient of correlations are usually easier to interpret than
the covariance because they are bound between -1 and 1. When r;; = 0, we say that there
is a lack of linear association between the attributes X; and X;. When it approaches 1 or
-1, then we say that there is evidence of linear interactions.

To generate the desired data from the multivariate normal distribution, we proceed
as follows. First, we randomly generate the variances o11,...,0p and two mean vectors
Mo = [0, 120, - -, tpo] and py = [p11, po1, - -, pp1], where py and p, are for the first
and second classes, respectively. We use the same constraints for o;; and p; as with
the previous approach (Equation (3.2)). Then, we generate the correlation matrix R by

assigning a random real number to each r;; with the following constraints:

1. |ri;| €]0.5,1.0] if and only if attributes X; and X; are conditionally dependent accord-
ing to the given belief network (i.e., there is an arc between X; and X; in the belief

network).
2. 1y € [-0.2,0.2], otherwise.

These constraints ensure a relatively high coefficient of correlation between interacting at-

tributes and a low coefficient of correlation between independent ones.
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From R, we compute the corresponding covariance matrix
1 1
3 =Dz2RD>

where

Vo1l 0 0
0 AV/O29 ... 0

S.
fl

0 0 cor \/Opp

One additional constraint must be satisfied. To be valid the covariance matrix needs
to be positive definite. Without that condition, one would not be able to find the roots of
the covariance matrix, which are required to generate the multivariate normal data. Our
approach is to randomly generate a new correlation matrix until we get a valid covariance
matrix. Finally, we apply the algorithm shown in Figure 3.3 to generate the multivariate
normal data for the given variance-covariance matrix ¥ and mean vectors pg and p,.
As shown in this figure, we use the Choleski factorization [Johnson, 1987] to introduce the
covariance effects. The last loop accounts for the effects of the mean vectors. The algorithm

GenerateMVN returns the dataset with the specified interactions.

3.4.3 Generation of the theoretical features

The previous two sections described the generation of datasets with attribute interactions.
This section presents the generation of globally relevant features that account for the initial
attribute interactions. We assume an ideal situation in which perfect knowledge of the rela-
tionships among the attributes is available. We use this perfect knowledge to create the new
features, which we named the theoretical features. The theoretical features are computed
for each dataset. The process requires one technique for the functional interactions and
another one for the stochastic interactions.

The attribute interactions in a given dataset are specified by the arcs entering the child
nodes in the corresponding belief network. Also, let us recall that the set of attributes for
these child nodes is noted €. To eliminate the necessity of taking into account the initial
relationships, we define, for each X; in G, a new feature Theo_X; that encodes the joint
information from X; and its parent(s). For example, let us consider the first belief network
for this experiment, which is represented by network N1 in Table 3.1. There are three child
nodes in this network and the corresponding attributes are X, X3, and X4. These three
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Algorithm GenerateM VN

Input: Two p x 1 mean vectors p, and g, a p X p variance-covariance 3,
and a 1000 x 1 class vector C.

Output: A multivariate normal datasets X 1000xp-

For : =1 to 1000
Forj=1top
Zli,j] < N(0,1) /* A normal value between 0 and 1 */
L « cholesky_root(X)
X —LZ
For i =1 to 1000
Forj=1top
IfCli)=0
X[i, ] = X[i, 5] + pols]
Else
X[i,j] — X[i, 5] + m ]
return X

Figure 3.3: Algorithm GenerateMVN generates a multivariate normal dataset given a covari-

ance matrix and a mean vector for each class.

attributes interact with X;. As shown in Figure 3.4, the new feature Theo_X3 eliminates the
need to take into account the interaction between X3 and X by combining the information
from these two initial attributes. Similarly, the features Theo_X3 and Theo_X4 account for
the interactions between X3 and X, and between X4 and X, respectively. As we shall see
below, the theoretical features combine the initial attributes in such a way as to maximize
their global relevance.

In the case of functional attribute interactions, the global relevances of the initial at-
tributes were limited by the application of Equation (3.3). To maximize the global relevance,

we need to reverse the effects of this equation. We achieve this by creating a new feature
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Figure 3.4: The belief network N1 augmented with the theoretical features. There is one

theoretical feature for each child node in the initial network.

Theo_X; for each X; € C such that

Theo_Xi = Xi - Z winj (3.4)
X jE€Parents(X;)

where Parents(X;) is the set of parent(s) of attribute X; and w; is the weight used to repre-
sent the strength of the relation between X; and X for the given dataset (Equation (3.3)).
In the case of stochastic dependencies, the attribute interactions have been introduced

with the following operation in the algorithm GenerateMVN (Figure 3.3):
X~ LZ (3.5)

The other operations in the algorithm further transformed X to take into account the mean
values. To optimize the global relevance, we need to remove the interactions caused by the
pre-multiplication with L. Let us assume that X contains the final data returned by the

algorithm GenerateMVN. We create a new data matrix Theo_ X as
Theo X = L™'X’ (3.6)

where L' is the inverse of L in Equation (3.5). The resulting data matrix Theo X
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contains p columns named Theo_X1,TheoXs,...,Theo_Xp. These columns correspond to
the initial attributes Xy, X», ..., X, with the exception that they are uncorrelated (i.e., all
coefficients of covariance equal 0). As explained above, we only need to keep the new features
that correspond to the child attributes in the initial network. Therefore, we keep the feature
Theo_X; if and only if X; € €. The others features are disregarded. We note that this last
step ensures that we have the same number of new features for both datasets (functional

and stochastic) generated for a given belief network.

3.5 Experimentation

This section has two sub-sections. The first one describes the methodology used while the

second one discusses the results of the study.

3.5.1 Methodology

We assess the usefulness of the theoretical features by comparing the performances with the
initial attributes only and with both the initial attributes and the theoretical features. We
use A to represent the initial set of attributes and F to represent the augmented set which
also includes the theoretical features.

The presence of irrelevant attributes or features may deteriorate the performance of
learning algorithms. Since the datasets generated contain irrelevant attributes, we decided
to try to minimize the potential effects of irrelevant attributes by incorporating a feature
subset selection technique in the experiment. We apply the feature selection technique to
select a subset of A, noted FS(A), and a subset of F, noted FS(F). For each dataset and
classifier system, we evaluate the expected accuracy of models learned using the full and
reduced feature sets (ie., A, FS(A), F, and FS(F)).

We evaluate the accuracies through a 10-fold cross-validation procedure. We repeat
the procedure for all combinations of datasets and learning systems. Since all artificial
datasets have 1000 instances, the training dataset in any given fold has 900 instances and
the remaining 100 instances are kept for testing. In each fold, the procedure performs the

following tasks:

Feature selection We use feature selection to produce the two feature subsets FS(A) and
FS(F). This step uses 30% of the training datasets for the current fold®.

!This means that the feature selection step uses 270 instances (.3* 900 = 270). We did not utilize the full
training dataset during feature selection for consistency with the other experiments described in Section 6.2.
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Learning the models We run the given learning system four times, varying the input

attributes as follow:

1. All initial attributes (A).
2. Subset of initial attributes (FS(A)).
3. All initial attributes and all theoretical features ().

4. Using subset of all initial attributes and all theoretical features (FS(F)).

This step produces four models; one for each feature set. All the training data for the

current fold is used to learn these models.

Evaluation of the models We evaluate the accuracies of the four models generated above

on the test data for the current fold.

Upon completion of the 10** fold, we obtain the final estimations of accuracy by averaging
the results from the 10 folds. We obtain four accuracy estimations; one for each set of
models. In addition to the average accuracies, we also record the corresponding standard
deviations.

We use the same feature selection method across all experiments. It is a filter method
based on ID3 and a forward search [Liu & Motoda, 1998]. The method works as follow. The
search starts with an empty feature subset, then it builds an ID3 model for each feature (or
attribute) independently. The feature associated with the most accurate model is added to
the selected feature subset. To select the second feature, the search considers all models
using the first selected feature and one of the remaining features. The remaining feature
that maximally increases the accuracy, over the previous best model, is added to the selected
feature subset. The process stops when no feature further increases the accuracy of the best
model obtained or when all features have been added to the set of selected features.

We applied this procedure to the 12 artificial datasets considered and 13 learning systems
described in Appendix A. All learning systems have been used with their default settings.

The next section discusses the results obtained.

3.5.2 Results

Tables B.1 to B.12 in Appendix B provide the detailed results of the experiments. There
is one table for each dataset. We named the artificial datasets using four characters. The
first two represent the corresponding belief network in Table 3.1 and the last two indicate

the type of the interactions among the attributes. We use the letters ‘F1’ for functional
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attribute interactions and ‘MN’ for the multivariate normal stochastic interactions. For
example, the dataset ‘N1F1’ indicates that the structure of the interaction is given by the
belief network named N1 and that the arcs in the network represent functional interactions.

Each row in Tables B.1 to B.12 displays the results for a given classification system.
There are six columns. The first one gives the name of the classification algorithm consid-
ered. The four following columns present the average accuracy and standard deviations for
the four models learned. In particular, the first two columns present the results for models
learned from all initial attributes and from a subset of the initial attributes, respectively.
The other two columns present the average accuracies and standard deviations when the
learning systems also use the theoretical features, without and with feature selection, re-
spectively. Finally, the last column displays the average difference in accuracy between the
best model using the theoretical features and the best model using the initial attributes
only for the current classifier. The best model with the initial attributes is the one with
maximal accuracy between the run involving all initial attributes and the run involving
a subset of them only. Similarly, the best model with the theoretical features is the one
with maximal accuracy between the two runs involving the theoretical features (with and
without feature selection) for the current classifier. A positive difference indicates that the
models using the theoretical features perform better for the given classifier, and vice versa.
A star besides the difference denotes significance at the 0.05 level using the standard t-test
to compare group means.

Figure 3.5 offers a quick view of all the results combined. There is one point for each
combination of datasets and classifiers for a total of 156 points (12 datasets * 13 classifiers).
The horizontal position represents the accuracy of the best model based on the initial
attributes only while the vertical position denotes the accuracy of the best model that also
involves the theoretical features. The points located above the diagonal line indicate that
the theoretical features have had a positive effect on accuracy. All points below the diagonal
line represent experiments in which the use of the theoretical features resulted in a decrease
in accuracy. Points on the diagonal line stands for the experiments with identical accuracy
between models with and without the theoretical features.

We notice that almost all the points are located above the line. This clearly demonstrates
the overall positive effect of the theoretical features on the accuracy. We also observe that
the few points located below the reference line are actually very close to it, which means
that using the theoretical features never caused an important decrease in accuracy. On the
other hand, the importance of the positive effects of the theoretical features is much greater

since we find many points located far above the reference diagonal line. We now specialize
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Accuracies with theoretical features vs initial attributes
(All artificial datasets, all classifiers)
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Figure 3.5: Accuracies using theoretical features and initial attributes versus accuracies

with initial attributes only.

the analysis of the results by dataset and by classifier.

Table 3.2 summarizes the results by dataset. Each row summarizes the results from
all classification systems for the dataset specified in the first column. The following four
columns report statistics on the difference between the best theoretical model and the best
model with the initial attributes only. These statistics are computed from the values in
the last column of Tables B.1 to B.12. The next three columns report the number of times
that the theoretical features increased accuracy, decreased accuracy, and did not change the
accuracy, respectively. The sum of these three columns is 13 since we used 13 classification
algorithms. The last two columns provide the number of times we obtained a statistically
significantly better accuracy and a statistically significantly worse accuracy, respectively (at
level 0.05).

The overall average of accuracy improvements due to the use of the new features is 8.01.
As indicated by the last two lines in Table 3.2, the average improvement with the datasets
having stochastic interactions is 9.43 and the average improvement with the datasets having
functional interactions is 7.20. The larger gain for stochatic interactions may be partially
explained by the two datasets for the second belief network which lead to improvements of
.13 (N2F1) and 12.9 (N2MN). This dataset is the only one which has a relevant attribute
that is not affect by any other attributes (this is attribute X;). As explained in Section 3.4,
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Theoretical vs initial features by dataset

Accuracy improvement Significantly
Dataset . Better Worse Equal

Avg Std Min Max Better Worse
N1F1 405 432 040 139 13 0 0 6 0
NIMN 3.75 2,67 020 109 13 0 0 5 0
N2F1 0.13 050 -50 1.40 5 5 3 0 0
N2MN 129 849 -23 257 11 2 0 11 0
N3F1 1.27  1.84 -30 6.90 12 1 0 2 0
N3MN 3.68 334 -30 129 11 2 0 0
N4F1 11.3 106 1.80 39.6 13 0 0 13 0
N4MN 144 149 0.10 464 13 0 0 12 0
N5F1 7.75 570 210 25.1 13 0 0 12 0
N5MN 16.3 14.1 0.00 488 12 0 1 12 0
N6F1 11.6 7.36 3.00 33.8 13 0 0 13 0
N6MN 9.06 459 0.50 155 13 0 0 11 0
All 801 922 -23 488 142 10 4 104 0
Functional 720 7.62 -30 39.60 69 6 3 46 0
Stochastic 9.43 10.67 -30 488 73 4 1 58 0

Table 3.2: Comparison, by dataset, of accuracies between models with theoretical features

and models with initial features only.

because of this characteristic, the initial attribute X; may have been already highly globally
relevant. This would explain why the the addition of other globally relevant features did
not produce any advantage for dataset N2F1. This explanation is not inconsistent with the
result for N2MN since the relevance of X; in N2MN might be different than the relevance
of X; in N2F1. Also worth noting, is the fact that the stochastic datasets appear to
represent harder problems than the functional ones since the initial accuracies with the
stochastic datasets were systematically lower than the accuracies obtained with the datasets
having functional interactions. This is verified by looking at the accuracy estimations in
Tables B.1 to B.12.

If we make abstraction of N2MN, it becomes clear that the improvements with the
last three dependency structures (N4, N5, and N6) tend to be higher than with the first

three structures (N1, N2, and N3). This result was expected since the interactions are
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slightly more complex with the last three networks than with the first three networks.
The standard deviations are relatively high in comparison with the average improvements.
This indicates that the usefulness of the new features is also a function of the classification
system employed. We will further investigate this aspect with Table 3.3, which summarizes
the results by classification system.

The ‘Min’ and ‘Max’ columns in Table 3.2 clearly indicate that adding the theoretical
features can lead to great improvements in accuracy (up to 48.8 for the datasets considered)
while the potential negative effects on accuracy are negligible (no more than 0.5 decrease
in accuracy for the datasets considered). The potential benefits are further illustrated by
the last five columns in Table 3.2. Among the 156 cross-validation experiments performed,
the theoretical features helped increase the accuracy in 142 cases (= 91.0%), reduced the
accuracy in 10 cases (~0.06%), and did not affect the accuracy in 4 experiments (~0.03%).
When considering only the statistically significant differences, we find that the theoreti-
cal features helped increase the accuracy in 104 cases (/66.7%) while never reducing it
significantly.

Table 3.3 stratifies the results by classification system instead of by dataset. Each
row summarizes the results from all datasets for a given learning system. The statistics
computed to summarize the results are the same as with Table 3.2. We observe that
the theoretical features greatly helped with the following classifiers: HyperPipes (21.7),
OneR (14.1), DecisionTable (10.4), and NaiveBayes (10.0). All of these classifiers are very
limited with respect to attribute interactions, it is therefore not surprising to see that their
performance greatly increase when we provide them with globally relevant features. We also
note that the theoretical features boosted the accuracies of all other classification systems.
In particular, the number of datasets with statistically significant increase in performance
varies from 3 out of 12 (25%) to 11 out of 12 (~91.7%). These results show that even
the most sophisticated learning systems are likely to benefits from highly globally relevant

features.

3.6 The challenges of this research

The results of the study performed in this chapter suggest that performance of many ma-
chine learning algorithms could be improved by adding globally relevant features to datasets
composed of low level interacting attributes. Actually, the study shows that significant
improvements are expected even with learning algorithms that do not assume attribute

independence. Moreover, there is a great potential applicability for such a technique since
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Theoretical vs initial features by classifier

Accuracy improvement Significantly
Dataset . Better Worse Equal

Avg Std Min Max Better Worse
BaggingDT 320 339 -1.1 820 10 2 0 6 0
BoostingDT 228 271 23 7.10 10 2 0 5 0
DecisionStump  12.9 11.1 0.00 32.9 11 0 1 11 0
DecisionTable 10.4 747 -50 220 11 1 0 9 0
HyperPipes 21.7 17.3 0.50 48.8 12 0 0 11 0
IB1 522 459 -20 113 11 1 0 7 0
IB5 447 390 0.00 123 11 0 1 7 0
J48 6.74 411 -20 127 11 1 0 10 0
KernelDensity  4.79 4.14 -20 10.3 11 1 0 7 0
NaiveBayes 10.0 648 0.20 19.1 12 0 0 9 0
OneR 141 11.9 0.00 35.3 11 0 1 10 0
PART 6.42 4.10 -30 123 11 1 0 9 0
SMO 1.93 3.15 -30 11.2 10 1 1 3 0
All 8.01 9.22 -23 488 142 10 4 104 0

Table 3.3: Comparison, by classifier, of accuracies between models with theoretical features

and models with initial features only.

low level interacting attributes characterize many real world datasets [Rendell & Seshu,
1990; Langley & Simon, 1995]. As discussed in Section 2.3.1, there are a number of areas of
research that propose techniques to enhance the initial data representation. However, none
of the existing techniques can generate continuous features that are optimized for learning
tasks.

It is important to mention that the technique used in this chapter to generate the
globally relevant features cannot be considered as a potential solution since it relies on
the unrealistic assumption of perfect and complete knowledge of the interactions among
the initial attributes. Now that we have a better appreciation of the potential benefits of
globally relevant features, we need to conceive, implement, and evaluate an approach that
can generate such features for datasets for which we may not have any prior information

about attribute interactions.
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3.7 Summary

This chapter presented an empirical study to evaluate the potential improvements that
could be achieved by augmenting the initial representation with globally relevant features.
We first explained how this study complements earlier work on the analysis of the effects of
attribute interactions. The study, which is entirely based on synthetic datasets, proposed a
direct mean to evaluate the effect of various types of attributes interactions. The automatic
generation of datasets with pre-determined attribute interaction characteristics is a difficult
problem. We provided two general techniques to solve this problem. One of them generates
datasets having functional interactions among the attributes while the other one generates
datasets with stochastic interactions. We used the standard notation of belief networks
to specify the interaction structures for the various domains considered. We described the
computations of the new globally relevant features. We refer to these as theoretical features
since their computations relied on perfect knowledge of the initial attribute interactions.
We described the methodology followed to evaluate the expected effects of the new globally
relevant features and then discussed the results. These results clearly demonstrated that
globally relevant features can significantly improve the accuracy with all of the 13 learning
systems considered. The results also indicated that the use of highly globally relevant
features is very unlikely to reduce the accuracy. Finally, the last section explained that the
main challenge for the other parts of this dissertation is to develop a general pre-processing
approach to generate globally relevant continuous features. The next two chapters address

this challenge.



Chapter 4

Analysis and visualization of the
impacts of attribute interactions

on relevance

4.1 Overview of the GLOREF approach

As explained in the introduction, the objective of this research is to enhance the performance
of learning systems in domains with attribute dependencies. The approach we proposed is
to improve the data representation by generating globally relevant features. We named this
approach GLOREF (GLObally RElevant Features).

GLOREF works as a pre-processor and can be used with any standard learning algo-
rithm. This is important as the problem of attribute dependencies affects several learning
paradigms (see chapter 3). The approach can make use of available background informa-
tion about possible attribute dependencies but does not require such information. The
input is the initial dataset which contains at least one numerical attribute. The output is
an augmented dataset composed of the initial attributes plus zero or more new numerical
features.

As shown in Figure 4.1, our approach to generate globally relevant features has two
phases: the analysis of relevance and the feature generation. The first phase computes
information to characterize the interactions among the attributes in terms of their impact
on learning. This information is stored in data structures named relevance matrices. The
second phase uses the relevance matrices to search for transformations that will produce
new useful features. These features are computed and added to the initial data. Finally,
the usual learning steps such as feature selection and learning are applied to induce the
classification models. We use two chapters to describe the GLOREF approach; this chapter
focuses on the analysis of relevance and the next chapter presents the feature generation

phase.

4%
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Initial data

GLOREF

Analysis of Feature
Relevance Generation

Augmented
dataset
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Figure 4.1: Overview of the GLOREF approach for feature generation.

As part of the analysis of relevance, we introduce a new visualization technique called
relevance graphs. These graphs efficiently summarize all important information contained
in the relevance matrices. This helps during exploratory analysis to better understand the
nature and strength of the interactions among the attributes. With this understanding, it
becomes easier to develop adequate transformations to generate the new features.

As we will see in the next chapter, the GLOREF approach is completely automated in
the sense that it performs all the steps from the identification of important interactions to
the generation of the new features without requiring human intervention. The relevance
graphs complement this process by providing an efficient way for the researcher or analyst
to visualize the numerical information computed during the analysis of interactions. They
help understand how the attribute interactions observed affect the complexity of the learning
task. Moreover, they can be used to extend this research or develop alternative solutions.
The second part of this chapter details the relevance graphs and illustrates their use in the

analysis of attribute interactions.
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There are four additional sections in this chapter. The first one describes the analysis
of relevance along with the computation of the relevance matrices. Section 4.3 introduces
the relevance graphs. Section 4.4 presents the interactive relevance graphs system we have
developed to allow the researcher to investigate various transformations interactively. The

last section summaries this chapter.

4.2 Analysis of relevance

Most real applications are characterized by low level attributes with important interactions
among them [Pérez & Rendell, 1996a]. However, not all of these interactions are necessarily
detrimental to learning. To derive useful features, we first need to identify the interactions
that are going to interfere with the learning algorithms. We perform this by evaluating the
attribute interactions in terms of their effects on the relevance of the attributes involved.
In this chapter, we limit the discussion to the analysis of interactions between two
attributes. One is named the response attribute and the other is the explanatory attribute.
Explanatory attributes can be numeric or nominal while response attributes have to be
continuous. For each pair (response-explanatory), the analysis of relevance computes the
effect of the explanatory attribute on the relevance of the response attribute. The process
has two steps: data partitioning and computation of relevance matrices. These two steps
are described in Sections 4.2.3 and 4.2.4. However, before explaining these steps, we first
introduce the notation used and discuss the importance of attribute relevance in the analysis

of interactions.

4.2.1 Notation

Consider a training data S = {s1,$9,...,sn} composed of N instances. Each instance s;
is described by a finite set of variables or attributes {X1, Xo,...,Xp, Y1,Ys,...,Y,, C}. We
use capital letters, such as X, Y, for attribute names and lowercase letters z,y for specific
values taken by these variables. Unless noted otherwise, we use the attribute names X; for
nominal attributes and Y; for numerical attributes. The attribute C is the class attribute.
The domain of a nominal attribute X is noted Dom(X) = {X (1), X(2),...,X(n)} where
X (i) denotes the " value of attribute X. The cardinality of the Dom(X) is |Dom(X)|. The
value taken by attribute X in instance s is valx(s). Similarly, the class value for instance

s is valp(s). Finally, the k possible class values for C are {c,ca,..., ¢k}
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Figure 4.2: Examples of two domains with attribute interactions. The two domains are
identical except for the values of the class variable.

4.2.2 The role of attribute relevance

The analysis of variable interaction is a classical topic in statistics and many techniques
have been developed for this task, including: ANOVA, Regression Analysis, Analysis of
Correlation, and PCA. Based on machine learning terminology, all of these techniques are
called unsupervised since they do not make use of the class information during the analysis
of the structure among the variables. Because of this particularity, these techniques cannot
differentiate the attribute relationships that increase the complexity of the learning task
from the ones that are harmless with respect to learning.

To illustrate the limitation of unsupervised techniques in the analysis of attribute inter-
actions, let’s consider the following example. Suppose, we have two datasets, D; and D,
each having three attributes. The attributes in the first dataset are named: X, Y;, and C;.
The attributes in Dy are: X», Y, and Cy. Attributes Y7 and Y3 are continuous, X; and X»
are nominal with the following possible values {a, b, c}, and C; and Cj are the binary class
variables for each domain. Moreover, suppose that the two datasets are identical except for
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(@) (b)

The ANOVA Procedure The ANOVA Procedure

Dependent Variable: yl Dependent Variable: y2

2|10617.84007] 5308.92004 53.10| <.0001 2(10617.84007; 5308.92004 53.10] <.0001

The ANOVA Procedure The ANOVA Procedure

Tukey’s Studentized Range (HSD) Test for yl1 Tukey’s Studentized Range (HSD) Test for y2

Figure 4.3: Output from ANOVA analysis of interaction for two domains.

the class values. Precisely, we have

|D1| = |Dsf = N
Dom(X1) = Dom(X3) = {a,b, ¢}
Dom(Y;) C R,Dom(Y3) C R,
Dom(C1) = Dom(C3) = {0,1}
valy, (s;) = valx,(s;) fori,j€ {1,2,...,N} and i = j
valy, (s;) = valy,(s;) for i,j € {1,2,...,N}andi=j

Figure 4.2 presents the scatter plots for two datasets satisfying these constraints. The left
side of the figure is for the first domain and the right side is for the second domain. Each
dataset has 100 instances. Different symbols are used to differentiate the negative and
positive instances.

The classical statistical technique to analyze the effect of a nominal variable on a con-
tinuous variable is the ANOVA. As shown in the SAS output on Figure 4.3, the ANOVA
analyses confirm that the effects of X3 on Y; and X5 on Y; are both significant (in both
cases the p-value for the F' statistic is smaller than 0.0001). Moreover, the pairwise mean

comparisons reveal that the two interactions are identical (this is no surprise since the two
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domains have the same values for the z and y attributes). Because they are identical, a
solution (or transformation) that is appropriate for one interaction should also be adequate
for the other interaction. As we shall see, this is not necessarily the case. For instance,

suppose we derive a new feature in each domain respectively called Y] and Y; such that

Y] =T(X1,Y1;9)
}/2/ - F(X%YrZ;S)

where

valy(s) — 25.0 if valx(s) =a
I'(X,Y;s) = < valy(s) — 55.0 if valx(s) = b (4.1)
valy (s) — 15.0 if valx(s) =c¢

In this case, the resulting values for Y{ and Y5 would be identical since we apply the same

transformation I" and the input values for this transformation are identical in both domains.
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Figure 4.4: New features derived by transforming the initial Y7 and Y5 attributes to adjust
for the effects of X; and Xg, respectively. We note that Y] facilitates the learning by
comparison to Y7 while Y, deteriorates the situation with respect to Y5 (see Figure 4.2 for
distribution of Y7 and Y3)
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The scatter plots for the new features are shown in Figure 4.4. Clearly, the transfor-
mation helped with the first domain since it is easier to find a split along the Y/ axis to
correctly separate the two classes than it is with the original Y7 axis; a split based on the
test Y{ < O perfectly separates the two classes. Any learning algorithm that assumes at-
tribute independence is likely to achieve better performance using Y| than using the initial
Y; attribute. However, the same transformation leads to an unfavorable outcome with the
second domain since it is more difficult to separate the classes using Y, than it is using Y5;
it is impossible to build a test using only Y; that would split the data into 2 pure partitions
while this was possible prior to transformation (using Yo < 30). To fully exploit the new
feature Y;, the learning algorithm will need to analyze it simultaneously with X5. This is
a more difficult task that exceeds the ability of several learning approaches.

This demonstrates that although the two interactions appear to be identical, they are
not and each of them requires a specific solution (i.e. transformation). The ANOVA, like
any unsupervised techniques, is not capable of discriminating such interactions because it
ignores the class information. As demonstrated by this example, this could potentially lead
to the application of transformations that are not appropriate for learning. To avoid this
problem, we need a supervised technique that links the analysis of attribute interactions
with the class information.

We use the concept of attribute relevance to take into account the class information.
Instead of modeling the effect of the explanatory variable on the response variable, we
model the effect of the explanatory attribute on the relevance of the response attribute.
As we will see in section 4.3, this technique allows for a clear distinction between the
two types of interactions present in the above datasets. As we will see in Chapter 5, the
notion of attribute relevance also plays a fundamental role in guiding the search for effective

transformations.

4.2.3 Data partitioning

The analysis of the effect of the explanatory attribute on the relevance of the response
attribute starts by partitioning the initial dataset. We first define the notion of partition:

Definition 1 A partition of a dataset § is a collection S1,.5s,..., Sy, of non-empty subsets
such that
S=5USuU---US,

and
S; ﬂSj =
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for all 4,5 € {1,2,...,m} and i # j. o

The strategy to partition S depends on the type of the explanatory attribute. If the
explanatory attribute X is nominal, then the partition generates a subset for each value
in Dom(X). For example, a partition of S = {s1,52,...,sn} according to a nominal
explanatory attribute X with Dom(X) = {X(1),X(2),...,X(m)} generates m subsets
S1,83,...,5n where

Si={s€ S|valx(s)=X(i)} forie{1,2,...,m} (4.2)

When the explanatory attribute is continuous, we first discretize it and then partition based
on the discretized values instead of the original ones. The discretization is required to limit
the number of subsets.

Attribute discretization is important in machine learning since several leaning algorithms
require discrete attributes. Liu et al. [2002] and Dougherty et al. [1995] provide up-to-date
reviews of commonly used discretization techniques and report their performance on real
world datasets. Both experiments showed that supervised discretization techniques tend
to produce more accurate models than unsupervised techniques. The explanation for this
superiority relates to the fact that the supervised techniques use the class information to
minimize mixture of instances having different class values [Dougherty et al., 1995].

As we shall explain in the following section, during the analysis of of the effect of the
interaction, we compare the relevance of the response attribute across the groups defined by
the value of the explanatory attribute. To ensure that these comparisons are meaningful, we
need partitions of approximately equal size and variance. Since supervised discretization
techniques are not considering these constraints explicitly, they often produce groups of
various sizes and variances which in turn, hurt the comparison process. To avoid this
difficulty, we decided to use unsupervised discretization techniques that take into account
the equal size and equal variance constraints.

Depending on the distribution of the variable, it might not be possible to obtain a sin-
gle discretization schema that respects the approximately equal group size and variance
criteria. Recognizing the risk of a single inadequate discretization, we decided to generate
two discretized attributes for each numerical explanatory attribute. The first discretized
attribute implements the equal-width intervals strategy while the second discretized at-
tribute generates intervals with equal-frequency. Our implementation is as described in Liu
et al. [2002] with the additional test ensuring that duplicated values only belong to one
interval (page 401 in [Liu et al., 2002]).
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Our decision to generate two discrete attributes for each numerical explanatory attribute
has an impact on the performance since it increases the number of times we need to perform
the analysis of relevance. Specifically, it doubles the analysis effort for each numerical
explanatory attribute. The increase in computation might be problematic in applications
with a large number of numerical attributes. In such domains, background information
may be available to help define meaningful discretization schemas, canceling the need for
automatic generation of discretized attributes.

Both discretization approaches require the user to specify the number of bins used to
discretize the attributes. This choice has two consequences. First, it affects the performance
since part of the analysis, such as the search for transformations, has a worst-case complexity
that is exponential in the number of partitions (Section 5.2.2). Second, this choice may
reduce the ability of the procedure to find any significant dependencies. In general, the
fewer the intervals; the higher the likelihood of finding significant dependencies. Both of
these arguments suggest that we should always target the smallest number of bins required
to capture the dependency. In practice, this number is found through experimentation. As
discussed in Chapter 6, we obtained good performance with 3 bins in several domains.

To treat the case of missing values, we generate an additional partition gathering all
instances for which the value of the explanatory attribute is unknown. This allows the
technique to detect situations where the presence of missing values is informative [Famili
et al., 1997].

4.2.4 Computation of relevance matrix

As shown by the example in Section 4.2.2, to identify the attribute interactions of con-
sequence, we need to consider the ability of the response attribute to discriminate the
instances. We do this by linking the analysis of dependencies to the relevance of the re-
sponse attribute. Each subset S1,S9, ..., Sn, generated by the partition on the explanatory
attribute, is considered independently.

To analyse the relevance of the response attribute, we adopt an approach similar to
the one used in the C4.5 system to deal with continuous attributes [Quinlan, 1993]. We
define a cut point for each observed value of the response attribute and then evaluate the

relevance, in terms of gain ratio, of binary splits on these thresholds. For example, a split
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on a response attribute Y at threshold 5 of a dataset S would create two subsets

L={seS|valy(s) <5} (4.3)
R=S\L={s&S|valy(s) > 5} (4.4)

These subsets are named the cumulative and balance sets, respectively. We add a subscript
to L and R to refer to a split on a subset ;. For example, the two subsets created by the

above split on the subset S; are

L; ={s € S;|valy(s) <5} (4.5)
R; = S \ L; = {S € 5; I valy(s) > 5} (46)

To compute the gain ratio of a given cut point, we need to calculate, for each subset
(i.e. L; and R;), the sum of weights of the instances from each class. The instance weight is

a number between 0 and 1.0 indicating the relative importance of this instance. Supposing

that the class attribute C' has k values ¢, ¢o, ..., cx and
Lij={s€Lj|vale(s) =c¢j} forj=1,...,k (4.7)
Rij={s€ R;|valg(s) =¢;} for j=1,...,k (4.8)
Sij={s€ 8 |valo(s)=¢;} for j=1,...k (4.9)
weight(a, S) = weight of the a’® instance in S is a number in [0, 1.0] (4.10)
then the sum of weights for each class in the cumulative and balance sets are
IL4,5]
ILi,j|(w) = Z weight(a, L; ;) and (4.11)
a=1
[R5
Rij|™ =" weight(a, R; ;), (4.12)
a=1

respectively. With this notation, the first subscript (¢ = 1,...,m) refers to the subset
number as created by the partition on the explanatory attribute and the second subscript
(j =1,...,k) represents the class value. Unless noted otherwise, we shall assume that all
instances have a weight of 1 and write |S| for |S|™), |L| for |L|™, and |R| for |R|™).
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The gain ratio of a split on a continuous attribute Y at threshold T of a dataset S is

Entropy(S) — (| * Entropy (L) + %*Entropy(R))

GainRatio(Y,T; S) = lLl 8210, (4.13)
151 * 1082 57 = {7 * 1082 1y
where .
Si Si
Entropy(S) = — Z Ilsll x log, ||S|| (4.14)
i=1

The GainRatio is computed for all candidate thresholds (i.e., all distinct values of Y in
S). The threshold leading to the highest GainRatio is selected as best cut point and its
gain ratio accounts for the relevance of the continuous attribute. In decision tree learning,
all intermediate cumulative weights are no longer used and therefore deleted from memory.
In our case, we need to keep these values since they will be required to optimize the search
for transformations and to generate graphs showing the nature and the strength of the
dependencies. The relevance matriz is the data structure we use to store the cumulative
and balance sums of weights.

Each relevance matrix stores the relevance information of a response attribute for a
specific dataset. For the analysis of the interaction between an explanatory and a response
attribute, we need a relevance matrix for each subset associated to the values of the explana-
tory attribute (i.e. subsets S1,53,...,Sn) plus one for the global relevance of the response
attribute (in S). Therefore, the total number of relevance matrices needed for the analysis
of a pair of attributes is equal to the total number of levels of the explanatory attribute!
plus one.

Table 4.1 shows one of the relevance matrices created during the analysis of the inter-
action between attributes Y and X; from the example presented in Section 4.2.2. In this
case, four relevance matrices were required; one for global relevance and one for each of
the three values of X;. The relevance matrix shown is for the subset S3 which includes all
instances s such that valx,(s) = ¢. The number of entries in a relevance matrix depends
on the number of values observed for the response attribute in the given subset. Using
the same example, the number of entries in the four relevance matrices are: 100 for the
global dataset S, 20 for subset S1, 42 for subset 59, and 38 for subset S3. Note that in this
particular example, there was no duplicated value for Y. This is why there are as many

cut points as instances. This is not generally the case.

"ncluding one for missing values, if any.
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Cumulative Balance
Threshold sums of weights sums of weights

{I1L3,4], |Ls2l} {|R3.l, |Raal}
8.59 {1,0} {4,33}
13.07 {2,0} {3,33}
*13.19 {3,0} {2,33}
13.62 {4,0} {1,33}
13.71 {5,0} {0,33}
15.84 {5,1} {0,32}
16.00 {5,2} {0,31}
16.40 {5,3} {0,30}
16.41 {5,4} {0,29}
17.00 {5,5} {0,28}
17.14 {5,6} {0,27}
17.35 {5,7} {0,26}
17.77 {5,8} {0,25}
17.88 {5,9} {0,24}
18.72 {5,10} {0,23}
18.76 {5,11} {0,22}
18.86 {5,12} {0,21}
18.87 {5,13} {0,20}
19.66 {5,14} {0,19}
19.79 {5,15} {0,18}
20.89 {5,16} {0,17}
20.95 {5,17} {0,16}
21.00 {5,18} {0,15}
21.26 {5,19} {0,14}
21.33 {5,20} {0,13}
21.45 {5,21} {0,12}
21.98 {5,22} {0,11}
24.67 {5,23} {0,10}
24.79 {5,24} {0,9}
25.66 {5,25} {0,8}
26.35 {5,26} {0,7}
26.97 {5,27} {0,6}
27.44 {5,28} {0,5}
28.52 {5,29} {0,4}
31.90 {5,30} {0,3}
34.29 {5,31} {0,2}
34.83 {5,32} {0,1}
37.28 {5,33} {0,0}

Table 4.1: Relevance matrix of Y7 in subset S3 which includes all instances s such that
valy, (s) = ¢ (see first domain presented in Section 4.2.2). The first column shows the
candidate cut point thresholds. The second and third columns present the corresponding
sums of weights of instances per class in the 2 subsets created by the split at the given
threshold. *This point is explained in the text.
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For each cut point, the relevance matrix shows the threshold value with the correspond-
ing sums of weights of instances per class in the cumulative and balance subsets. For
example, the threshold for the third cut point in Table 4.1 is 13.19. The cumulative sums
of weights are {3,0} meaning that only 3 instances® satisfy the condition valy, (s) < 13.19.
Moreover, these 3 instances are all from the positive class. For the same cut point, the
sums of weights for the balance subsets are {2,33}, which indicate that the condition
valy, (s) > 13.19 is satisfied for 2 instances from the positive class (noted c¢;) and 33 from
the negative class (noted c3).

The sum of sums of weights for the cumulative and balance subsets for a given class
equals the total weight of the class in the data partition considered. Finally, the sum of all
weights equals the total weight of the instances in the given data partition. Also, the total
weight is the same for all cut points in a given matrix, only the distributions of the weights
differ from one cut point to another.

The next section discusses how the contents of relevance matrices can be efficiently
visualized. The relevance matrices also plays an important role in the feature generation
phase (Chapter 5).

4.3 Relevance graph: A visual method to assess dependen-
cies

Explanatory and response attributes can interact in many different manners. Each of these
manners potentially produces a specific effect on the global relevance of the response at-
tribute. To develop an adequate transformation, it is important to understand the charac-
teristics of the interaction and its impact on the learning problem. This section introduces a
novel visualization technique, named relevance graph, that we have developed to answer this
need. We have implemented this technique in a Java system. This system has been used to
generate all the relevance curves and relevance graphs presented in this section. Complying
with the previous sections, the discussion considers only the visualization of the interactions
between an explanatory and a response attribute. Section 5.3.1 discusses simple extensions
to allow visualization of simultaneous effects from several explanatory attributes.

A relevance graph characterizes the interaction between the response and explanatory
attributes using two types of information: the relevance information and the compatibility

information. The relevance information is represented through a series of relevance curves

2To simplify the presentation, we assume that all instances have a weight of 1.0. Therefore, the instance
count is the same as the sum of weights.
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Figure 4.5: Relevance curve showing the relevance of Y] in the subset defined by X; = ¢

(see first domain presented in Section 4.2.2).

while the compatibility information is depicted using special annotations at each cut point.
The next two sections describe these two types of information and the way that they appear
in the relevance graph. Section 4.3.3 presents examples of relevance graphs characterizing

various forms of interactions and describes their interpretations.

4.3.1 Relevance curves

A relevance curve is a simple graph showing the ability of each cut point to separate the
instances in a given partition according to the class values. There is a one-to-one association
between a relevance curve and a relevance matrix. The relevance matrix stores all the
required information to generate the curve. Figure 4.5 shows the relevance curve associated
with the relevance matrix presented in Table 4.1.

Each point on the curve stands for a cut point, or equivalently an entry in the relevance
matrix. The vertical axis is for the threshold values while the horizontal axis represents the
relevance of each cut point. The larger the value along the horizontal axis; the better the

effect of the cut point in producing pure partitions (i.e. partitions with low entropy).
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Definition 2 The relevance of a cut point on an attribute Y at a threshold T of a dataset
S is

U(Y,T; S) = (1.0 — Entropy(S)) + GainRatio(Y, T; S) (4.15)

o

The first term represents the initial purity of the dataset S, before a cut point is applied.
The second term is the gain ratio that would be obtained by splitting the partition on the
given cut point.

Since the first term in Equation (4.15) is constant, the differences in relevance among
cut points in a given curve are only attributed to their respective gain ratio. Therefore, cut
points having a gain ratio that is equal to zero would be minimally useful. On the other
hand, cut points with high gain ratios will have greater relevance values.

The distribution of the gain ratio values for the cut points is shown to be asymptotically
Gaussian [Kvélseth, 1987]. Therefore, for any sufficiently large partition, the cut points
located at the extremes of each relevance curve have a gain ratio close to zero. This means
that the relevance of the minimal (or maximal) cut point of a relevance curve accurately
represents the initial purity of the data partition. This particularity makes it easy to assess
the importance of each term in Equation (4.15). For instance, to evaluate the gain ratio of
a given cut point, it suffices to compare its relevance to the relevance of the minimal (or
maximal) cut point. The difference in relevance between the two cut points, if any, would
be due to the gain ratio of the given cut point.

In practice, the curves are rarely perfectly Gaussian which means that other cut points
along a relevance curve could also have a gain ratio that is equal to zero (in particular
the outer ones). Consider the extreme situation in which no cut point helps decrease the
entropy of the dataset. In this case, all cut points would be at an equal distance from the
vertical axis. Visually, the corresponding relevance curve would be a line parallel to the
vertical axis. This particular situation happens, for example, when all instances in a given
dataset belong to the same class.

The objective of the relevance graph is to allow quick visual assessment of changes in
the behavior of relevance of the response attribute across groups. To make this possible,
the relevance graph shows the relevance curves for all levels of the explanatory attribute
simultaneously. The relevance graph also displays a relevance curve for the global dataset
and one for missing values, if any. For instance, with the first domain in Section 4.2.2, the
relevance graph showing the effect of X; on Y; will show four relevance curves; one for each
of the three levels of X; and one for the global relevance of Y;. Figure 4.6 presents this

graph. Before each curve, there is a vertical reference line. This line stands for the vertical
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Figure 4.6: A series of relevance curves showing the relevance of Y; over the partitions

created by splitting on the values of X; (see first domain presented in Section 4.2.2).

axis. Therefore, the horizontal distance between the point and the reference line represents
the relevance of each cut point. In Figure 4.6, there is one additional reference line for
missing values, but no relevance curve attached to it. This is because there was no missing

value for attribute X in the dataset.

4.3.2 Annotating compatibilities among cut points

In addition to relevance, it is important to assess the compatibility or synergy across the
various subsets generated by the partition on the explanatory attribute. The notion of
compatibility refers to the joint effect of cut points associated to a given threshold across
subsets. The compatibility information is essential since it helps understand how a given
interaction interferes with the learning task. This section explains the method we have
developed to efliciently visualize the compatibility information. As we shall see, the com-
patibility information is incorporated by annotating each cut point on the relevance curve
presented above with a specific coding that involves various shapes (or symbols) and colors.
The coding we propose is supported with a theory that guarantees an unambiguous inter-
pretation. This section details this theory. First, we will formalize the notion of accuracy.

Second, we will introduce the definition of cut point compatibility and illustrate the relations
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with the concept of relevance. Third, we will present two distribution characteristics that
allow us to link the notion of compatibility to some simple visual annotations. Finally, we
will present a theorem to specify the consequences of these two characteristics on cut point
compatibility as well as on the interpretation of the proposed coding.

First, let us define the accuracy associated with a split of a dataset on a given cut point:

Definition 3 The accuracy of a cut point on an attribute Y at threshold T of a dataset S

is
|L*| + |’

Accuracy(Y,T; S) = 5] (4.16)
where
L* ={s € L|valg(s) = majo(L)} (4.17)
R* = {s € R | valg(s) = maj-(R)} (4.18)
majs(S) = arg max; ;< [{s € S | vale(s) = ¢} (4.19)
and where L and R are as defined in Equation (4.3). =)

To put in words, L* and R* are simply the sets containing the instances that belong to the
majority class in L and R, respectively. Accordingly, the values |L*| and |R*| correspond
to the numbers of instances properly classified on the left and right side of the split, respec-
tively. Since the value |S| equals the total number of instances in the set S, Equation (4.16)
says that the accuracy of a cut point is given by the the total number of instances properly
classified by the split divided by the total number of instances. This complies with the
standard meaning of accuracy in machine learning.

Using the above definition of accuracy, we can define the notion of cut point compatibility

as follow:

Definition 4 The m cut points defined on an attribute Y at threshold T' for subsets
S1,8s,...,8, are said to be compatible if and only if

m
Accuracy (Y, T; 5) = Z %1 Accuracy(Y,T; S;) (4.20)
i=1
and said to be incompatible if and only if

m
Accuracy(Y,T; S) Z % Accuracy(Y,T'; S;) (4.21)
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Example 3 Consider two cut points on an attribute Y at threshold T across subsets Sy and
Ss. Suppose that the relevance matrix entries for these two cut points are < T, {5, 1}, {4, 14} >
and < T,{10,1},{1,6} >, respectively. If S1,S5> is a partition of S, then the correspond-
ing relevance matrix entry at the global level is < T, {15,2}, {5,20} >. Using the notation

introduced in Section 4.3.1, we have
|Si]=6+18=24 |Sa] = 1147 =18 [S| =17+ 25 =42
and the accuracies are

Accuracy(Y,T;51) = (64 14)/24
Accuracy(Y,T; S2) = (10 +6)/18
Accuracy(Y,T; S) = (15 + 20)/42

Substituting in the left hand side (LHS) and right hand side (RHS) of Equation 4.20, we

obtain
LHS = RHS
15+20 (24 (5+ 14 N 18 (10+6
42  \42 24 42 18
15420 5+4+14+410+6
42 42 ~0.83

Therefore, the cut points are compatible. Also note that the global relevance of the split
U(Y,T;S) ~ 0.368. o

Example 4 As another example, suppose we replace the second cut point in Example 3 by
< T,{1,10},{1,6} > instead of < T, {10,1},{1,6} >. The corresponding relevance matrix
entry at the global level is < T, {6,11},{5,20} >. This change does not affect the values
for Accuracy(Y,T;S1) and Accuracy(Y,T’; Ss). However, the global accuracy becomes

Accuracy(Y,T;S) = (11 +20)/42 ~ 0.74

Since

11+ 20 5+14+10+6
= 0.74 ~ 0.
(%5 )< (3% 083)

the cut points are incompatible (Equation (4.21)). The resulting global relevance of the split
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is now U(Y,T; S) ~ 0.192, which is significantly less than the initial one (i.e., 0.368). o

As illustrated by the above examples, incompatibility could have a great effect on the
global relevance. It is therefore important to identify incompatible cut points during the
analysis of interactions. However, direct application of the above procedure for all pairs of
cut points is not practical since: (i) the number of such pairs is exponential in the number
of partitions and (ii) it would be very difficult to efficiently visualize the results for all
pairwise comparisons on the same graph (there would be too much information to display).
We avoid these difficulties by linking the notion of compatibility to the characteristics
of the distribution of the instances around each cut point. We define two distribution
characteristics. These two characteristics are then depicted on the relevance graph using
simple symbols, thus making it easy for the analyst to quickly find the incompatible cut

points.

Definition 5 The distribution characteristics 1 and 2, of a cut point on an attribute ¥ at
threshold T of a dataset S are

MY, T; 8) = majo(L) = arg max, <;<;, [{s € L | valc(s) = i} (4.22)
M (Y, T; S) = majo(R) = arg max; ;< {s € R | valg(s) = ¢} (4.23)

Remark 1 If more than one class value satisfies maj-(L), then we say that A (Y,T;S)
is undetermined. Similarly, Ao(Y,T;S) is said to be undetermined if more than one class
value satisfies maj-(R). Unless noted otherwise, we shall assume that both (Y, T;S) and
Mo(Y,T;S) are determined. o

In words, the characteristic A\1(Y,T;S) refers to the majority class among the instances
falling on the left hand side of the split. Similarly, A2(Y, T’; S) refers to the majority class
among the instances falling on the right hand side of the split. When there is no risk of
confusion, we write A; for A\ (Y,T;S) and A, for Ao(Y,T;S). As indicated by the remark
following the definition, a special case happens when the majority class is not unique.

To compute the distribution characteristics, we use the cumulative weights available in
the relevance matrix. Precisely, for each cut point, we identify the majority class in subsets
L and R and set A\; and Ay accordingly.

The number of possible values for the two characteristics combined equals k2, where k
is the the number of class values. For instance, in a problem with two classes values {+, —},
there are four possibilities as illustrated in Table 4.2. Considering the compatibility of

a group of m cut points, there are Zf;no = (km + 1)km/2 unique possible assignments
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Characteristic 1  Characteristic 2
(M =majg(L)) (A2 =majc(L))
+ +
+ —
- +

Table 4.2: Possible values for distribution characteristics 1 and 2 for a two-class problem.

for their joint distribution characteristics. For example, in a two class problem with values
{+, —} and partition size m = 2, there are 10 distinct assignments for their joint distribution

characteristic values:

{<+,+><+,+>}
{<+,+><+,—>}
{<+,+>,<—,+>}
{<+,+><—-,—->}
{<+,—><+,->}
{<+,—><—+>}
{<+=-><——>}
{< = +><—+>}
{(<—+><—,—>}
(<= —><—,—>}

How can we quickly identify the compatible cut points among these possibilities? The

following theorem answers this question.
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Theorem 1 The m cut points defined on an attribute Y at threshold T for subsets
51,8, ...,8m, a partition of S, are compatible if and only if they have identical values for

distribution characteristics 1 and 2, that is:

)\1(Y, T; Sl) = /\1(Y, T; Sj) (4.24)
(Y, T;8;) = XY, T55;) (4.25)

foralli,je{l,2,...,m} and i #j.

PROOF We proceed by negation. Suppose the above proposition is false, then there must

exist a subset S, such that
MY, T; Sp) # M(Y,T;S;)  or M(Y,T; Sp) # Xo(Y, T S;)

for i € {1,2,...,p— 1,p+ 1,p+2,...,m}. There are three ways to satisfy the above
condition. First, A\1(Y,T;Sp) is distinct but Ay(Y,T;Sp) is identical to the other Ag’s.
Second, M\o(Y,T; Sp) is distinct but A;(Y,7’;.Sp) is identical to the other A1’s. Third, both
M(Y,T; Sp) and Ao (Y, T'; Sp) are distinct. We start by proving the non-existence of a distinct
A1 and then apply the same approach for A\y. Finally, we address the case of distinct A; and
Xa. To simplify the notation, we shall work on a simpler but equivalent partition S7, S5 of
S such that §] = S, and 85 = S, US> U+ USp_ 1y USpppy U+ U Sy,

A distinct A\j: Let \(Y, T3 8]) = p, M(Y,T;.5%) = q, and M(Y, T; S7) = Ao (Y, T; S3) = u.
Using this assignment and the notation introduced in Equation (4.5) for cumulative

and balance sets, the right side of Equation (4.20) is

- 1Si] 511 53]
Z —‘S—f— Accuracy(Y,T; S;) = ~—= Accuracy(Y, T; Sy) + == Accuracy(Y, T; S5)
i=1

S| S| S|
_ 1%l (lLl,pl + |R1,u|) @(W,ql + lR2,u|)
- ! + 7
S| 1571 1| |S5]
gl + [Ryul + | Lagl + |Roul
B 1S

For the left side of Equation (4.20), we have two possibilities:
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Case 1: \(Y,T;S) = p, then

L R L
Accuracy(Y,T; S) = [L1pl + | 1u|"‘;[| 2] + | Rou

To have compatibility, we need equality of both sides of Equation (4.20), hence

[ Lipl + |Ruul + [Lapl + [ Rowl _ [Lrpl + [Ruul + [Lagl + [ Rowl
|5 5]

|L2p| = |L2,l

Which is not possible since, by Definition 4, |Lg,| < |Lag|-
Case 2: \\(Y,T;5) = q, then

L u| +1L Ry
Accuracy (Y, T; S) = |L1,ql + B, |"S|"|[ 2| + [Roul

To have compatibility, we need equality of both sides of Equation (4.20), hence

|Ligl + |Riu| 4 |Logl + |Roul  |Lipl +1Ryul 4 [Lagl + | Rl
|15 B S|

This is also impossible since, by Definition 4, |Lyq| < |L1,]|.

A distinct Ao: By applying the above approach, we also find that it is impossible to have

a distinct Ao and still achieve compatibility.

Distinct A\; and Xo: Let (Y, T5857) = p, MY, T;5%) = q, oY, T;S1) = u, and
Ao(Y,T; S)) = v. Using this assignment and the notation introduced in Equation (4.5)

for cumulative and balance sets, the right side of Equation (4.20) is

- 15i] |51 |55
Z 8l Accuracy(Y,T; S;) = ﬁ Accuracy (Y, T; S1) + |—5,2|— Accuracy (Y, T; 55)
i=1
_ 151 (lLl,pl + IRl,ul) 4 |5_§|<|L2,q| + IRz,vl)
5] 1511 |51 |55
_ 1Lapl + [Biu| +1L2,4] + R0

5]

For the left side of Equation (4.20), we have four possibilities:
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Case 1: A\ (Y,T;5) =p and X\(Y,T;S) = u, then

|Lip| + [Raul + [Lop| + |Roul
B

Accuracy(Y,T;S) =

To have compatibility, we need equality of both sides of Equation (4.20), hence

|L1p| + |R1u| + | L2p| + [Rou] _ |L1p| + |Riul + [L2g| + [ Ronl
1S S|

Which is not possible since, by Definition 4, we have |Lop| < |La4| and |Ry,| <
lRZvl :

Case 2: A\(Y,T;S) =p and X(Y,T;S) = v, then

|L1p| + |Rio] + |Lop| + [ Rayl

Accuracy(Y,T;S) = 5]

To have compatibility, we need equality of both sides of Equation (4.20), hence

|Lipl + [Brol + 1 Lopl + [Rool _ [Lapl + [ Raul + [Log| + | B2l
15 15|

Which is not possible since, by Definition 4, we have |La,| < |La 4| and |Ry | <
|R1,u|'

Case 3: \(Y,T;S5) = q and \(Y,T;S) = u, then

L R L R
Accuracy(Y,T;S) = |L1q] +] 1,u||‘;l| 24| + | Rou

To have compatibility, we need equality of both sides of Equation (4.20), hence

'Ll,q[ + lRl,ul + !LQ,ql + !RQ,ul - |L1,p| + |R1,u| + |L2,q| + |R2,vl
5] 5]

Which is not possible since, by Definition 4, we have |L; 4| < |L1p| and [Ra4| <
|R2,v'-

Case 4: M\ (Y,T;S) =q and (Y, T;S) = v, then

Accuracy(Y,T;5) = |L14] + |R1,v|lg|!L2,q| + | Ra vl
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To have compatibility, we need equality of both sides of Equation (4.20), hence

|L1,q] + |R1w| + |Log| + | R2w) _ |L1p| + |Riu| + |Lag| + | R2,w)
15| |S]

Which is not possible since, by Definition 4, we have {L1 4| < |L1,| and |Ry | <
|R1,u|'

Thus we have shown that cut points with identical distribution characteristics are compat-

ible. n

Theorem 1 implies that the two proposed class distribution characteristics are sufficient
to determine the compatibility between any group of cut points. To visually provide the
required information about these two distribution characteristics, we annotate each cut
point in the relevance graph with two visual signs. First, the color symbolizes the first
characteristic; a distinct color is used for each class value. A specific color is reserved to
represent undetermined A;. Second, the shape (e.g., plus, minus, cross, star, circle, box)
represents the possible values of the second characteristic. Again, there is one shape for
each class value plus a special shape (i.e., a triangle) for the undetermined situation. Using
these notations, compatible cut points have both the same color and the same shape. Other
possibilities designate incompatible cut points.

Applying these notations to the relevance curves of Figure 4.6, we obtain the relevance
graph shown in Figure 4.7. Textual annotations have been added to graph in this figure to
summarize the various components we have discussed. We now turn to the interpretation
of relevance graphs by explaining the visual patterns that we are looking for to identify

important interactions.

4.3.3 Identification of dependencies using relevance graphs

As explained in the previous sections, relevance graphs depict two kinds of information:
relevance information and compatibility information. To identify the dependency relation-
ships that are likely to hurt the learning process, the researcher needs to consider these
two kinds of information concurrently. Moreover, it is required to contrast the information
from local and global subsets. The analysis is performed by examining possible thresholds
to pinpoint situations with non-optimal global relevance that is due to interactions across
levels of the explanatory attribute. Various types of interactions can lead to this problem.

We first present four types of interactions, then we investigate mixed interactions.
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Figure 4.7: Relevance graph to analyze the effect of X; on the relevance of Y; (see first

domain presented in Section 4.2.2).

Highly relevant but incompatible cut points

The first and most problematic situation happens at thresholds for which the corresponding
cut points in local partitions are highly relevant but interact in an incompatible manner.
This produces a reduced global relevance with respect to the subsets of the partition. The
severity of the reduction in the global relevance is directly proportional to the individual
relevance of the incompatible cut points.

Figure 4.8 provides an example of this kind of interaction. In this example, correspond-
ing cut points across subsets have identical relevances but they are incompatible. The
incompatibility is noticeable from the fact that all cut points have either a different shape
or a different color (see Theorem 1).

The global relevance curve clearly reports the negative consequence of the interaction;
all points on this curve are completely useless. In other words, from a global univariate
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Figure 4.8: Example of highly relevant but incompatible cut points. All the local relevances
are cancelled by the interactions.

perspective, the Y attribute appears irrelevant to the learning problem. However, when the
same attribute is jointly considered with attribute X, then its usefulness becomes clear. All
learning algorithms that consider attributes individually may miss this relationship. The
risk of not detecting such a useful attribute is particularly important in applications that
are characterized by a high number of low-level attributes. The relevance graphs could be

used in these applications to guide the selection of appropriate learning algorithms.

Large difference between cut point relevances

A second situation happens when the cut points are compatible but with large differences
between fheir relevance. In this case, the resulting global relevance is less than the maximal
local relevance value. The importance of the reduction depends on the differences between
relevances and on the total weight of subset(s) with a low relevance. As shown in Fig-
ure 4.9, this phenomenon may have a significant impact on the global relevance observed.
When performing a global univariate analysis of the attribute, this may lead to the wrong
conclusion that an attribute is of little value.
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Figure 4.9: Example of attribute interactions involving cut points with different relevances.

Misaligned peak cut points

The first domain presented in Section 4.2.2 provides a perfect example of misaligned cut
points. Looking at the corresponding relevance graph shown in Figure 4.7, we observed
very similar patterns in the three subsets of the partitions. However, the peaks are not
well aligned. This produces an important reduction of the global relevance as shown by the

global relevance curve in the same figure.
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Figure 4.10: Relevance graph showing the effect of the transformation applied to Y7 (see
first domain presented in Section 4.2.2).

The transformation we applied to this domain in Section 4.2.2 was meant to correct
this alignment problem. The relevance graph in Figure 4.10 shows how this transformation
improved the global relevance of the attribute. The transformation perfectly aligned the
local best cut points which produces a global cut point of very high relevance. With the
new feature, named Y7, there is no need to consider the value of X;; All the information
is directly available in Y]. For learning algorithms that analyze the attributes individually
such as C4.5, the use of Y] will ensure that they find the proper information earlier in
the process. This should positively influence the final accuracy and should help reduce the

complexity of the model.

Favorable interactions

In Section 4.2.2, we also introduced a second domain in which the relationship between
attributes Yo and X9 was identical to the one between Y7 and X;. However, the class
values (or labels) were different and so was the usefulness of the proposed transformation.
Comparing the relevance graphs for these domains (Figure 4.11 (a) and (b) for domains 1
and 2, respectively), we now see how important is the difference between the interactions

in the two domains.
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Figure 4.11: Relevance graphs for the two sample domains introduced in Section 4.2.2.
Figure (a) shows that the interactions between Y; and X is reducing the global relevance

while Figure (b) shows that the interactions between Y3 and Xs produce a higher global
relevance.

For the first domain, the relationship produced a misalignment of the most relevant
local cut points. In the second domain, the same relationship did not increase the learning
difficulty since the best local cut points are perfectly aligned and the corresponding global
cut point is highly relevant. The relevance graph shows that any transformation on this
domain would make the learning more difficult by decreasing the global relevance. This
explains why the proposed transformation was not suitable for this domain. As discussed
in Section 4.2.2, it was not possible to assess the difference between the two domains using
a classical statistical method to analyze dependency. The relevance graphs resolve this
problem.

In conclusion, the interaction observed in the domain is called a positive interaction
since it simplifies the learning task. It is essential to be able to recognize these situations
so that the transformation effort focuses on the problematic attribute interactions.



4.4. INTERACTIVE RELEVANCE GRAPHS (e

' points

vi_cut

Figure 4.12: Example of attribute interactions involving cut points with different relevances.

Mixture of interactions

In practice, it is common to obtain a relevance graph showing a variety of interactions for a
given threshold. For instance, with an exploratory attribute having four levels, it is possible
to find at a given threshold three cut points that are compatible and one that is not. In this
situation, the negative effect of the unsuitable interaction is generally so important that
the phenomenon is easily detected by examining the global level. Figure 4.12 illustrates
this situation; three of the four groups are perfectly cooperating but the incompatible
one reduces the global relevance to almost nothing. Again, detecting such interactions is
important to optimize the learning process.

4.4 Interactive relevance graphs

One of the objectives of the analysis of attribute interactions is to help find out what type
of transformations are required to enhance the performance in the learning phase. The
examples of last section showed that the relevance graphs provide this kind of information.
However, we believe that, in the context of explanatory analysis, allowing the researcher to
interactively explore some transformations could enrich the experience. We have incorpo-
rated this idea into the system developed to generate the relevance graphs.
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The system provides an interface with the relevance graph and the tools required for
transforming the data, as shown in Figure 4.13. There are four sections in this interface.
The section in the upper left corner shows the initial threshold and relevance of the best
cut point and the current best threshold with its relevance. The upper right corner shows
the global relevance curve. On this graph, the vertical axis represents the relevance while
the horizontal axis refers to the various thresholds of the response variable. The lower right
corner presents the relevance graph as explained in Section 4.3. The tools for transforming
the data are on the lower left corner. There is one slide bar for each local partition. If there
is no missing value, then the first slide bar is deactivated. Moving the slide bar towards
the top is equivalent to adding a constant to each cut point in the corresponding partition.
Inversely, moving towards the bottom adds a negative constant. The value of this constant
is proportional to the movement applied using the slide bar. The slide bars make it easy to
reproduce the transformation applied to the first domain in Section 4.2.2.

Initially, the default and current cut points are identical since no transformation has
been applied yet. Figures 4.13 presents this initial situation. As the researcher moves the
slide bars, all other sections of the interface are dynamically updated. For instance, after
applying a transformation using the second slide bar, the interface becomes as shown in
Figure 4.14. We now see that the current cut point has a higher relevance than the initial
one. The global relevance curve is also different. Finally, the transformation applied in
Section 4.2.2 leads to the interface of Figure 4.15, which shows a much-improved global
relevance by comparison to the initial situation.

Using the menus, the system can also display the current transformation model and
detailed numerical values about each partition. Moreover, the menu Transform automates
the search for the best transformation using a variety of search algorithms we have developed
for this task. During the search, the information is continuously updated so that the
researcher can visualize the effects of the transformation analyzed by the algorithms. These

algorithms shall be presented in the next Chapter.
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Figure 4.13: Initial interface for the interactive relevance graph program. At this point, the
default and current information are identical since no transformation has been applied yet.
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Figure 4.14: The interactive relevance graph after a transformation of the second partition.
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Figure 4.15: The interactive relevance graph after applying transformation described in
Section 4.2.2.
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4.5 Summary

Not all attribute interactions have the same effects on the results of the learning systems.
To efficiently address the problem of decrease in performance, we need to understand how
the attribute interactions change the learning difficulties. Classical unsupervised techniques
to analyse dependencies are not appropriate for this task since they do not take into account
the class information. The technique introduced in this chapter overcomes this difficulty by
linking the analysis of attribute interactions to the relevance information.

After describing the computation and data structures required for the analysis of rele-
vance, we presented a novel visualization technique named relevance graphs. The relevance
graphs allow interactive exploration of the nature and strength of the attribute interactions
in a dataset. We formally defined the properties of the relevance graphs. These properties
allow a precise interpretation of the graphs. Using our implementation of the technology,
we discussed the relevance graphs for a number of datasets. These examples illustrated
several forms of interactions with their impact on the learning problem at hand. Finally, we
proposed an extension of the relevance graphs for the interactive discovery of useful trans-
formations. The next chapter concentrates on the second phase of the GLOREF approach

which performs automatic generation of features.



Chapter 5

Generation of globally relevant

features

5.1 Introduction

The previous chapter presented the first phase of the GLOREF approach which is the
analysis of the effects of attribute interactions on the relevance. This chapter presents
the second phase of the GLOREF approach. This phase generates numerical features that
have a higher global relevance than the initial ones. The increase in global relevance is
achieved by transforming the initial numerical attributes such that the negative effects of
the attribute interactions are cancelled.

In Section 4.2.2, we used the following univariate transformation to cancel the negative

effects of X4 on the relevance of Y;:

Il

valy, (s) — 25.0 if valx,(s) =a
[(X1,Y1) = { valy; (s) — 55.0 if valy,(s) =b
valy, (s) — 15.0 if valx, (s)

C

The feature resulting from this transformation has a gain ratio that is significantly higher
than the gain ratio of the initial attribute Y7 (i.e., = 0.93 and ~ 0.05, respectively). Sec-
tions 4.2.2 and 4.3.3 further discussed the usefulness of this transformation. The relevance
graphs introduced in the previous chapter can be used to discover the need for such trans-
formations. We also discussed how the interactive relevance graph system could be used
to find the set of coefficients in the above expression. In this chapter, we introduce a fea-
ture generation technique that automatically builds such transformations. The proposed
approach also addresses multivariate transformations in which the joint effects of several
explanatory attributes are considered.

Figure 4.1 (Section 4.1) sketched the main phases of the GLOREF approach which are

the Analysis of Relevance and the Feature Generation. Figure 5.1 further details these

83



5.1. INTRODUCTION 84

Background

knowledge Discretization and
data partitioning
Explanatory and Analysis of Relevance
response attributes Chapter 4

Computation of
. relevance matrices
. Relevance

matrices

Training data
Generate Univariate
transformations

Transformation
models

G te Multivariat Feature Generation
enerate Multivariate Chapter 5

transformations

Transformation
\ models

g »| Application of
. new features

Data (train, test, or validation)

Augmented
dataset

Figure 5.1: Overview of the main steps involved in the GLOREF approach.

phases by presenting the five tasks shaping the GLOREF approach. The first two tasks
are part of the analysis of relevance and have been explained in Chapter 4 (Sections 4.2.3
and 4.2.4). This chapter concentrates on the last three tasks. There are five additional
sections in this chapter. The first one formalizes the univariate and multivariate transfor-
mation problems. The following three sections detail our solution for the three tasks in the
feature generation phase. Precisely, Section 5.2 presents the creation of univariate transfor-
mations, Section 5.3 addresses the more complicated case of multivariate transformations,
and Section 5.4 discusses the application of the transformation models. Finally, Section 5.5

summarizes this chapter.
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5.1.1 The problem statement

Building on the notation of Section 4.2.1, the objective is to automatically derive new
numerical features Z1, Zs, . .., Z, that are highly relevant according to the relevance function

U as defined by Equation (4.15). The result is an augmented representation space

{X1,Xo,...,Xp,Y1,Ya,...,Yq, 21, 2, ..., Z,,C}

that contains all the initial attributes plus the new features. For simplicity, we suppose that
an attribute X; could be either one of the initial nominal attributes or a discretized attribute
automatically generated by the discretization procedure described in Section 4.2.3. The at-
tributes Y; are the initial numerical attributes and C is the class attribute. As in Chapter 4,
the attributes X and Y are named the ezplanatory and response attributes, respectively.
The approach automatically determines the number 7 of new features (2, Z, ..., Z,). Each
feature is derived by applying a transformation I'(X,Y;(, s) where X C {X1, Xo, ..., X,},
Y e {(11,Ys,...,Y,}, Qis the set of parameters, and s € S.

We distinguish two forms of transformations according to the cardinality of X. If |X| =
1, then we talk about a univariate transformation denoted I'(X,Y;€),s). A univariate
transformation involves only one explanatory attribute. If |X| > 1, then I(X, Y€, 5) is a

multivariate transformation involving several explanatory attributes.

Univariate transformation

Supposing that Dom(X) = {X(1), X(2),...,X(m)}, then the values for a new feature Z

derived from a univariate transformation are

rvaly(s) +w if valx(s) = X(1)
s) =X

1
valp(s) = T(X, V30, ) = § Y () e vl @ (5.1)

| valy (s) +wm  if valx(s) = X(m)

where Dom(Z) =R, w; € Rfori € {1,2,...,m}, and s € S. To simplify, we use the short
hands Z for valz(s), X for valx(s), Y for valy(s), and I'(X,Y;Q) for T'(X,Y;,s). Using
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these abbreviations, the above equation becomes

(V4w i X =X(1)

Y 4w if X =X(2)
Z=T(X,Y;Q) =4 (5.2)

Y +wm if X = X(m)

There is an infinite number of sets of parameters = {w1,w2, ..., wn} that can be used to

generate Z. The objective is to find the set of parameters * such that
Q" = arg maxqegm U(Z,T"; ) (5.3)
where T™ is the optimal threshold for a split of S using feature Z.

Multivariate transformation

The general definition of a multivariate transformation involving ! explanatory attributes
Xi,..., X, with |Dom(X;)| = my, for i = {1,2,...,1}, is

(V +w; if X; = X;(1) fori=1,2,...,1
Y 4w if Xy = X1(2), X = X;(1) for i = 2,3,...,1

Y—|~wm1 ilezXl(ml),Xi=Xi(1) fori=2,3,...,1
Y + wmy+1 if Xo = XQ(Q),Xi(S) = Xi(l) fori=1,3,4,...,1
Y +wn, 2 if X7 = X1(2),XQ = X2(2),Xi = Xi(l) fori=3,4,...,1

Z=T(X,Y;Q) = {

\Y+wM iin'-:Xi(mi)fOI“i=1,2,...,l

(5.4)
where Dom(Z) = R, M = my xmg *--- xmy, and w; € R for j € {1,2,...,M}. The
conditions in the above expression define a multidimensional grid and each wj; is associated
with one cell in this grid. The problem is to determine the set of parameters 2* € R™ such
that

Q* = arg maxg gy U(Z, T S) (5.5)
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where T* is the optimal threshold for a split of S using feature Z. The difference between
the univariate and multivariate problems is the number of parameters to determine; there
are m parameters in the univariate case and M parameters in the multivariate case, where

M > m.

5.2 Univariate transformations

This section focuses on the univariate transformation problem which involes the creation
of a new feature Z based on a numerical attribute Y and a single nominal attribute X.
The presentation is divided into five sub-sections. The first one presents the approach for
the evaluation of candidate solutions. The second section characterizes the problem space
while the third section introduces the exhaustive solution. The last two sections describe

heuristics developed to increase efficiency.

5.2.1 Evaluating candidate solutions

The optimization problem described by Equations (5.3) and (5.5) requires evaluation of the
relevance function U([(X,Y;Q), T*; S) for many possible sets of parameters (2. To achieve
an appropriate level of performance, each potential set of parameters must be evaluated ef-
ficiently. This section introduces the approach we have developed to answer this need. This
approach relies on the relevance matrices generated during the analysis of relevance (Sec-
tion 4.2.4).

Let us recall that the usefulness of an attribute Z = I'(X, Y;Q), noted U(Z,T*;5), is
determined by the cumulative and balance sums of weights when considering all instances
in S. These sums of weights are stored in the global relevance matrix for Z, noted RMz.
As explained in Section 4.2.4, computing this global relevance matrix involes sorting of all
instances in S and a global loop over the sorted instances to determine the cumulative
and balance sums of weights. The sorting operation is time-consuming and becomes the
bottleneck that limits the number of sets of parameters that can be investigated in practice.
To resolve this problem, we have developed an approach that avoids the sorting operation.
This approach efficiently generates RMz from the local relevance matrices already computed
for Y (during the analysis of relevance). There are three steps. First, we obtain the local
relevance matrices for Z given the ones already computed for Y. Second, we compute the
global relevance matrix RMz from the local relevance matrices for Z. Finally, we compute
U(Z,T*;S) . We now further detail these steps.
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Computing the local relevance matrices for Z

Consider 51, Sa,...,S, a partition of S and let RM; be the relevance matrix of Y for
subset S; with i € {1,2,...,m}. Suppose we are investigating the usefulness of a feature
Z =T(X,Y;Q), with Q = {wy,ws, ...,wn}, and let RM] be the local relevance matrices of
Z in subset S;. Following Equation (5.2), we have Z =Y + w; for all observations in subset
S;. Therefore, Y and Z have the same number of threshold values and the ordering of the
instances is preserved (i.e., a sorting of this subset on Z or Y would produce the same se-
quence). Accordingly, the relevance matrices RM; and RM] have the same number of entries
and each of them has the same cumulative and balance sums of weights (Equation (4.11))
but the threshold values differ by w;. In other words, the local relevance matrices for Z and

Y are identical except that the threshold values in RM have been increased by w;.

Example 5 Suppose we work with the dataset listed in Table 5.1 and we want to transform
Y based on X. The analysis of relevance for the effect of X on Y produces the two relevance
matrices shown in Table 5.2. If we define a feature Z = I'(X,Y’; {5, 16}) (i.e., w; = 5, and
wy = 16), then the relevance matrices for Z would be as shown in Table 5.3. As expected,
RM] is identical to RM; except that its threshold values have been increased by 5. Similarly,
RM,, is like RM3 but its threshold values have been increased by 16. o

Computing the global relevance matrix for Z

Figure 5.2 presents the algorithm ComputeGlobalRM that we propose to create the global
relevance matrix from the local relevance matrices. To explain its behavior, we suppose
that we want to generate RMy given the local relevance matrices RMy, RMa, ..., RMp,.
The algorithm ComputeGlobalRM defines an entry in RMy for each observed value of
Y in S. The list of observed values is given by the union of the threshold values in the
local relevance matrices. The algorithm loops over all entries to compute their cumulative
and balance sums of weights. For each entry, the algorithm first locates the corresponding
cut points across the local relevance matrices. The corresponding cut point from a given
RM; is the cut point with the maximal threshold value that is smaller than or equal to
the threshold value of the current entry (in the global matrix). If all thresholds in a given
RM; are higher than the current global threshold, then this RM; does not contribute to the
current entry in the global matrix. In the inner loop, the algorithm computes the cumulative
sums of weights for the current entry by adding the cumulative sums of weights from all
corresponding cut points. Finally, the algorithm obtains the balance sums of weights by

subtracting the cumulative sums of weights from the global ones.
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Obs X Y class
1 a 50 1
2 a 50 1
3 a 100 1
4 a 100 1
5 a 10.0 2
6 a 150 1
7 a 150 1
8 a 200 1
9 a 200 2
10 a 200 2
11 a 200 2
12 a 200 2
13 b 20 1
14 b 40 1
15 b 40 1
16 b 40 1
17 b 100 2
18 b 100 2

Table 5.1: Dataset for Example 5. The first column is the observation number, X is the
explanatory attribute, Y is the relevance attribute, and the last column is the class value.

We assume that all instances have a weight of 1.0.

KMy RM
Cumulative Balance - -2

Thresh. ) . Cumulative Balance

sums of weights sums of weights Thresh. . .
values sums of weights sums of weights

{IL1al, [Lr2l}  {|Rual, [Ba2l} values
: 2,0) 45 {IL21], [L22}  {|R2al, [Repl}
10 {4, 1} {2, 4} ii’gi }i’gi
15 {6, 1} {0, 4} ’ ’
10 {4, 2} {0, 0}

20 {6, 5} {0, 0}

Table 5.2: The two relevance matrices to represent the effect of X on Y.
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RM] RM,
Cumulative Balance -
Thresh. . . Cumulative Balance
sums of weights sums of weights Thresh. . .
values sums of weights sums of weights
{ILi1ls [La2l}  {IRaal, [Ripl} values
15 {471} {2’4} 18 {1, 03 (3,2}
20 6, 1 0’ 4} 20 {4, 03 0,2}
ol o 2% (4.2) (0.0}
25 {6, 5} {0, 0}

Table 5.3: Resulting relevance matrices for Z = I'(X,Y’; {5,16}). These matrices are similar

to the corresponding initial ones (Table 5.2) except that the thresholds values have changes.

RMy
Cumulative Balance
Thresh. . .
values sums of weights sums of weights §)
{IL1al, 1 Lr2l}  {[Buals [Raol}
{1, 0} {9, 7} 0.168
{4, 0} {6, 7} 0.297
5 {6, 0} {4, 7} 0.413
10 {8, 3} {2, 4} 0.136
15 {10, 3} {0, 4} 0.507
20 {10, 7} {0, 0} 0.023

Table 5.4: The global relevance matrix for attribute Y as constructed using the algorithm
ComputeGlobalRM and the locale relevance matrices RM; and RMj (Table 5.2. The righmost

column shows the relevance of each cut point.

Figure 5.3 illustrates the identification of the corresponding cut points and the summa-
tion of the cumulative sums of weights using attribute Y from the dataset in Example 5. For
each entry in RMy, the figure shows the corresponding cut points and the resulting cumu-
lative sums of weights. Applying the algorithm ComputeGlobalRM for Z and Y, in the same
example, generates the global relevance matrices shown in Tables 5.4 and 5.5, respectively.
RMy has been obtained by combining the information from RM; and RMgy (Table 5.2)
while the RMyz comes from RM} and RM), (Table 5.3).
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Algorithm ComputeGlobalRM

Input: The set of relevance matrices RM;, RMa, ..., RM,, storing relevance
info for a given attribute Y over subsets S1, S2, ..., Sm, respectively.

Output: The global relevance matrix RM storing the relevance info over

the full dataset S.

Let T be the sequence of observed values for Y in S
W; « {s € S |valg(s) = ¢;}|” fori=1,...,k  /* See Section 4.2.4 for def. of |S|* */
For each threshold T'€ T
Add an entry in RM with threshold value T’
Li—0fori=1,...,k
Fori=1tom
If RM; has a threshold < T
T’ « the largest threshold in RM; that is < 7T’
/* Assertion: T” is the corresponding cut point of 7' from RM; */
For j=1tok
Lj « L; + the jth cumulative sum of weights in RM; at threshold T"
Forj=1tok
R; — W; — L;
Set the cumulative sums of weights in RM at T to {L;, Lo,..., Ly}
Set the balance sums of weights in RM at T to {Ry, Ry, ..., Ry}
return RM

Figure 5.2: Algorithm ComputeGlobalRM to compute the global relevant matrix given the
relevant matrices RM1, RM,,...,RM,, associated with the subsets Si,Ss, ..., Sn, respec-

tively.

Computing the relevance of Z

The final step determines the usefulness of the given transformation by computing U(Z, T*; S).
Our approach is to compute the relevance function U(Z,T;S) for all thresholds T in the
global relevance matrix RMz. The threshold with the maximal relevance value is selected

as the best threshold and its relevance accounts for the global relevance of Z. These compu-
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Cumulative sums Cumulative sums
Thresh = of weights Thresh — of weights
2 {1,0} 5 {2,0}
10
4 {4,3} p }461 :; RM,
RM 5 {6, )
Y 10 {8,3 20 {6.5}
15 {10, 3} )
0 (10,7} (1.0}
(4, 0} RM2
10 (4,2}

Corresponding
cut points

Figure 5.3: Identification of the corresponding cut points across local relevance matrices for

all entries in the global relevance matrix for Y (Example 5).

RMy

Cumulative Balance
Thresh. . )
values sums of weights sums of weights U

{IL11), L1el}  {IBual; [Riel}

10 {2, 0} {8, 7} 0.210
15 {4, 1} {6, 6} 0.090
18 {5, 1} {5, 6} 0.134
20 {10, 1} {0, 6} 0.762
25 {10, 5} {0, 2} 0.342
26 {10, 7} {0, 0} 0.023

Table 5.5: The global relevance matrix for attribute Z as constructed using the algorithm
ComputeGlobalRM and the relevance matrices RM] and RMj, (Table 5.3). The righmost

column shows the relevance of each cut point.

tations are performed very efficiently since all the required information is readily available
in RMz. However, it is possible to optimize the selection of the best threshold by consid-
ering only the cut points identified as boundary points [Fayyad & Irani, 1992; Codrington
& Brodley, 1999; Elomaa & Rousu, 1999]. Our current implementation does not use the
optimization based on boundary points since we need the relevance values for all cut points

when we generate the relevance graphs.
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The right most column in Tables 5.4 and 5.5 provides the relevance values for all cut
points for Y and Z, respectively. The maximal relevance value for Y is 0.507, which is
achieved at threshold 15 (i.e., T* = 15). After applying the transformation I'(X,Y’; {5, 16}),
we obtain a feature Z with a global relevance of 0.762, at threshold 20. This increase in
global relevance shows the usefulness of the candidate solution Q = {5, 16} for the dataset
considered.

In summary, this section presented an approach to evaluate a candidate transformation
I'(X,Y;Q) by using only the information computed during the analysis of relevance (i.e.,
the relevance matrices). Using this approach, we can quickly determine the usefulness of
any candidate set of parameters (). We now turn to the analysis of the sets of parameters

that must be investigated to ensure an optimal solution.

5.2.2 The problem space

The objective is to find Q* € R™ that maximizes U(Z,1T*;S) (Equation (5.3)). As men-
tioned earlier, there is an infinite number of candidate sets of parameters 2 € R™. On the
other hand, many of these sets of parameters can be considered as duplicate since they lead
to features Z with identical relevance information. By avoiding these duplicates, we can
reduce the problem to a finite search space. We first explain how to identify the duplicate
sets of parameters and then present the size of the problem space.

We have seen that U(Z, T*; ) depends on the cumulative and balance sums of weights
stored in the last two columns of RM ;. We use the values in these two columns to represent
a state in the solution space, noted A. Following algorithm ComputeGlobalRM (Figure 5.2),
the values in A are determined by the weights of the corresponding cut points across the local
relevance matrices. Therefore, all sets of parameters that lead to the same corresponding
cut points for all entries in the global relevance matrix would also lead to the same state. To
obtain an optimal solution, we only need to visit each state once and hence, it is sufficient
to consider only one of these sets of parameters.

To illustrate let us consider the example from the previous section. The set of parameters
used to generate Z was ) = {5,16} which lead to the state given by the values in the
second and third columns of the relevance matrix in Table 5.5. Figure 5.4 (a) shows the
corresponding cut points across RM; and RM, associated with this state. On the other
hand, 2 = {0,11} also produces the same corresponding cut points for all entries in the
global relevance matrix (Figure 5.4 (b)). Consequently, both sets of parameters (2 = {5, 16}
and Q = {0,11}) lead to the same state. Other examples of sets of parameters that lead
to the same state are: {1,12},{—5,6}, and all sets {5 x b, 16 * b} with b € R. The global
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relevance matrices produced by these various sets of parameters are all identical to RMz
except for the threshold values. This means that all the resulting features cut the instance
space in the same manner. For learning, all of these features are equivalent. Consequently,

it is sufficient to consider only one of these sets of parameters.

(a)
Z=T(X,Y;{516})
Cumulative sums Cumulative sums
Thresh  ~ of weights Thresh  of weights
10 {2,0} 10 {2,0}
15
L —— G p
‘M 18 {5.1 20 {6, 1}
Z ) 20 {10,1 25 {6, 5}
25 {10,5 18
26 (10,7 {1,0}
20 {4,0} RM,
Corresponding 26 {4.2)
cut points
(b)
Z=T(X,Y;{0,11})
Cumulative sums Cumulative sums
Thresh ™ o yeights Thresh  of weights
5 {2,0} 5 {2, 0}
10
10 {4, 11/15 {2, :} RM;
RM 13 {5,1 {6,1)
Z )5 {10,1 20 {6, 5}
20 {10, 5 1
21 (10,7 {1,0}
15 {4,0} RM,
Corresponding {4.2)
cut points

Figure 5.4: Corresponding cut points across local relevance matrices for all entries in the
global relevance matrix for Z = I'(X,Y; {5,16}) and Z = I'(X,Y;{0,11}). We note that

these transformations have identical corresponding cut points.

To avoid duplicated states, we need sets of parameters that change the alignment of
the corresponding cut points across the local relevance matrices RM;, RM»,...,RM,,. The

number of distinct alignments of the corresponding cut points across the subsets is given by



5.2. UNIVARIATE TRANSFORMATIONS 95

[Ti%, d; where m is the number of subsets in the partition and d; is the number of distinct
values in the i** subset. Each of these alignments results in a unique state A. To perform an
exhaustive search, we need to evaluate each of these states. Before presenting the algorithm
to perform such a search, let us note that the number of states is exponential in the number
of subsets. This explains why we were mentioning in Section 4.2.3 that it is preferable to

minimize the number of bins when discretizing explanatory numerical attributes.

5.2.3 The exhaustive approach

Figure 5.5 presents the detailed algorithm for the exhaustive solution. This algorithm,
named UnivExhaustiveSearch, finds the best set of parameter values for {2 by evaluating
all possible states. For each state, the algorithm performs three steps. First, it computes a
set of parameter values §2 associated with the current state. Second, the algorithm evaluates
the usefulness of the candidate solution. Third, it compares the current candidate solution
with the previous best one and updates its best solution as needed.

For the first state (or first iteration), the algorithm sets w; to the first observed value
in Sy, wy to the first observed value in Sy, ..., and wy, to the first observed value in Sy,.
For the second state, wy,ws,...,wn_1 stay the same but w,, takes the second observed
value in S,,. For the third state, w,, takes the third observed value in S,, and others
keep the same values. The process continues until all possible combinations of threshold
values are considered. Each candidate solution is evaluated using the approach described
in Section 5.2.1.

For the dataset introduced in Example 5, the total number of possible states is d; *dy =
4x3 = 12. The sets of Q used to evaluate these 12 states are listed in the second column of
Table 5.6. The third column provides the relevance for the best cut point for transformation
using the specified 2. Table 5.7 further details the partial results by showing the 12 global
relevance matrices corresponding to the 12 states.

We first notice that the 12 sets of parameters lead to 12 different states. This is verified
through Table 5.7 since the cumulative and balance sums of weights differ for at least
one threshold from one global relevance matrix to another. Second, we observe that the
transformation discussed earlier Z = I'(X,Y; {5, 16}) is equivalent to the 8" transformation
Q = {—15,—4} since the cumulative and balance sums of weights for this transformation
are identical to the ones shown in Table 5.5.

Finally, we note that the maximal relevance value 0.762 is achieved in five of the 12
different states for this problem. These five states happen to share a global cut point for
which the cumulative sums of weights are {10, 1}, just like the point with threshold value
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Algorithm UnivExhaustiveSearch

Input: The set of relevance matrices RMj, RMa, ...,RM,, storing relevance
info for a given attribute Y over subsets 51, S, ..., Sn, respectively.

Output: A set of constants Q* that maximizes U(I'(X,Y;Q),T*; S).

bestScore — U(Y,T*; S)
O —{0,...,0}
d() —1
numdStates — 1
Fori=1tom
d; + the number of distinct values for Y in S;
numStates «— numStates x d;
For i = 1 to numdStates
stateld —i—1
/* Set Q for the current state */
For j =m to 1 by -1
curDivisor «— ch;é dy,
l — |stateld/cur Divisor |
v « the (I + 1)** distinct value of Y in S;
wj = 0—v
stateld « stateld — (1 * cur Divisor)
Q — {w1,wa, ..., wm}
/* Evaluate current state */
Compute RM},RMS,...,RM/, for Z =T'(X,Y;Q)
RMz « ComputeGlobalRM({RM},RMj5,...,RM/ })
curScore — U(Z,T*;S) /* Computed from RMz */
/* Remember the best state */
if curScore > bestScore
bestScore «— curScore
Q* — Q

return *

Figure 5.5: Algorithm UnivExhaustiveSearch to perform an exhaustive search to find the
set of constants * that maximizes U(I'(X,Y; Q), T*; 5).
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State Q U(Z,T%;Q)
1 {-5, -2} 0.507
2 {-5, -4} 0.507
3 {-5, -10} 0.507
4 {-10, -2} 0.762
5 {-10, -4} 0.762
6 {-10, -10} 0.507
7 {-15, -2} 0.762
8 {-15, -4} 0.762
9 {-15, -10} 0.507

10 {-20, -2} 0.342
11 {-20, -4} 0.342
12 {-20,-10}  0.762

Table 5.6: The sets of parameters used to evaluate the 12 possible states with corresponding

global relevance for the dataset in Example 5.

20 in Table 5.5. The only way to obtain such a global cut point with the given partition is
through a transformation that aligns the second cut point in RM; and the third cut point in
RM,!. A further look at these two cut points reveals two important characteristics. First,
they are compatible according to Theorem 1 (Section 4.3.2). Second, they are the ones
with the highest relevance in their respective local relevance matrices. As we will see in
the next section, such observations can be used to develop efficient heuristics as potential

alternatives to the exhaustive approach.

5.2.4 Restricting the search space to most promising cut points

The exhaustive approach introduced above takes into account an exponential number of
states. This complexity may limit the applicability of the approach in several situations.
To address this problem, we have developed a heuristic that controls the complexity of the
search by limiting the analysis to states that are likely to contain the optimal solution.
When the most relevant cut points from the various subsets are compatible, the optimal

solution is to use a transformation that aligns these cut points. We have already applied this

'Z =1(X,Y;{5,16}) and Z = I'(X,Y; {15, —4}) are two examples of transformations that produce this
alignment as shown in Figure 5.4.
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State 1 (@ = {-5,-2})

State 2 (@ = {-5,-4})

State 3 (2 = {~5, -10})

T Cum Bal

0 {3,0} {7,7}
2 {6,0} {4, 7}
5 {8, 1} {2, 6}
8 {8, 3} {2, 4}

10 {10, 3} {0, 4}
15 {10,7} {0, 0}

U(Z,T; Q)
0.251
0.413
0.353
0.136
0.507
0.023

T Cum Bal

-2 {1,0p {9, 7}
0 {6,0} {4, 7}
5 {8,1} {2, 6}
6 {8,3} {2, 4}

10 {10, 3} {0, 4}
15 {10,7} {0, 0}

U(Z,T;?)
0.168
0.413
0.353
0.136
0.507
0.023

T Cum
-8 {1, 0}
-6 {4, 0}
0 {6, 2}
5 {8, 3}
10 {10, 3}
15 {10, 7}

Bal
{9, 7}
{6, 7}
{4, 5}
{2, 4}
{0, 4}
{0, 0}

U(2,T; Q)
0.168
0.297
0.094
0.136
0.507
0.023

State 4 (@ = {-10,-2})

State 5 (@ = {-10,-4})

State 6 (Q = {-10,~-10})

T Cum Bal

-5 {2,0} {8, 7}
0 {5, 1} {5, 6}
2 {8, 1} {2, 6}
5 {10,1} {o, 6}
8 {10,3} {0, 4}
10 {10,7} {0, 0}

U(Z,T;)
0.210
0.134
0.353
0.762
0.507
0.023

T Cum Bal

-5 {2,0} {8, 7}
-2 3,0} (7,7}
0 {8,1} {2, 6}
5 {10,1} {o,6}
6 {10,3} {0, 4}
10 {10, 7} {0, 0}

U(Z,T; Q)
0.210
0.251
0.353
0.762
0.507
0.023

T Cum
-8 {1, 0}
-6 {4, 0}
5 {6, 0}
0 {8, 3}
5 {10, 3}
10 {10, 7}

Bal
{9, 7}
{6, 7}
(4,7}
{2, 4}
{0, 4}
{0, 0}

U(Z,T;9)
0.168
0.297
0.413
0.136
0.507
0.023

State 7 (@ = {-15,-2})

State 8 (@ = {~15,-4})

State 9 (0 = {-15,~-10})

T Cum Bal
-10 {2, 0} {8, 7}
-5 {4, 1} {6, 6}

o {7,1} {3, 6}
2 {10,1} {0, 6}
5  {10,5} {0, 2}
8 {10,7} {0, 0}

U(Z,T; %)

0.210
0.090
0.259
0.762
0.342
0.023

T Cum Bal

-10 {2,0} {8, 7}
-5 {4,1} {6, 6}
-2 {5,1} {5,6}
o {1o0,1} {o, 6}
5  {10,5} {0, 2}
6 {10, 7} {0, 0}

U(Z,T;Q)

0.210
0.090
0.134
0.762
0.342
0.023

T Cum
-10 {2, 0}
-8 {3, 0}
-6 {6, 0}
-5 {8, 1}
o {10, 3}
5 {10, 7}

Bal
{8, 7}
{7, 7}
{4, 7}
{2, 6}
{0, 4}
{0, 0}

U(Z,T;Q2)
0.210
0.251
0.413
0.353
0.507
0.023

State 10 (@ = {-20,-2})

State 11 (2 = {-20,-4})

State 12 (@ = {-20,-10})

T Cum Bal

-15 {2,0} {8, 7}
10 {4,1} {6, 6}
-5 {6,1} {4, 6}
0 {7,5} {3,2}
2 {10,5} {0, 2}
8 {10, 7} {0, O}

U(Z,T;9)

0.210
0.090
0.189
0.023
0.342
0.023

T Cum Bal

-15 {2,0} {8, 7}
-10 {4,1} {6, 6}
-5 {6,1} {4, 6}
-2 {7,1} {3, 6}
0 {10, 5} {0, 2}
6 {10, 7} {0, O}

U(Z,T;%)

0.210
0.090
0.189
0.259
0.342
0.023

T Cum
-15 {2, 0}
-10 {4, 1}
-8 {5, 1}
-6 {8, 1}
-5 {10, 1}
0o {10,7}

Bal
{8, 7}
{6, 6}
{5, 6}
{2, 6}
{0, 6}
{0, 0}

Uz, T; Q)
0.210
0.090
0.134
0.353
0.762
0.023

Table 5.7: The global relevance matrices obtained during the exhaustive search for the best

univariate transformation using the dataset from Example 5.
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solution for two datasets. First, during the presentation of the interactive relevance graphs
in which we used the interactive tool to manually align the most relevant cut points across
the subsets. The dataset used in this example was introduced in Section 4.2.2. Figure 4.15
depicted the effect of the optimal transformation. The second example has been presented
in the previous section while illustrating the exhaustive search algorithm. In both cases, we
could have bypassed the search and picked the best solution directly since all of the most
relevant cut points were compatible.

The situation is more complex when the most relevant cut points are not all com-
patible. The negative effect of incompatibility between highly relevant cut points is so
important (Section 4.3.3) that we need to consider combinations of cut points that are not
maximally relevant in their own subset. Our approach to cover the various possibilities is
to include, from each subset, the most relevant cut points for all observed compatibility
patterns expressed by the combined values of the two distribution characteristics A\; and
A2 (Definition 4). As explained in Section 4.3.2, the number of possible values for these two
characteristics combined is k2, where k is the number of class values. In practice, we often
observe only a subset of these potential combinations in a given subset. In that sense, k? is
the upper bound on the number of cut points to consider from each subset.

There are two additional issues to consider while handling the case of incomplete com-
patibility. First, it may happen that one or both of the distribution characteristics are
undetermined due to equal sums of weights between two or more classes (see remark in
Definition 4). It is important to consider these cases as well since alignment with a cut
point that has one or two undetermined distribution characteristics might be better than
an alignment with any other cut points. We resolve this issue by adding up to three ad-
ditional cut points per subset to cover the three possible situations (i.e., only A; =7, only
X2 =?, and A\; = Ay =7). The actual number of additional cut points may be less than three
since not all subsets may have cut points that satisfy these three situations.

The second issue arises when the subsets have no compatible cut points. An example
of this situation was presented in Figure 4.8. With such a partition, the best solution is to
try to minimize the negative effects of the incompatibility by trying to align the minimally
relevant cut points. As discussed in Section 4.3.1, these minimally relevant cut points are
located at the extremes of the relevance curves. Consequently, we consider the alignment
with the minimally relevant cut points by incorporating the cut points with minimal and
maximal threshold. This adds a maximum of two cut points per subset. To avoid adding
the same cut point twice, we need to make sure that these extremes have not been already

considered (due to their distribution characteristics).
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Figure 5.6 presents the detailed algorithm for the general case of non-compatibility
between the maximally relevant cut points. The algorithm’s name is ReduceRM (Reduce
Relevance Matrix). The algorithm takes as input a relevance matrix. It identifies the cut
points mentioned above and stores them into a new relevance matrix. At the end, the
algorithm outputs the new reduced relevance matrix. The algorithm is easily integrated as
a preprocessor to the algorithm UnivExhaustiveSearch (Figure 5.5). The idea is to call the
algorithm ReduceRM for each local relevance matrix for Y and then pass the new simplified
relevance matrices as input to the algorithm UnivExhaustiveSearch.

The use of the algorithm ReduceRM can greatly reduce the size of the search space. The
maximal size of a simplified relevance matrix is k? + 3 + 2 (maximally relevant cut points
+ undetermined characteristics + extremes). Thus, with this algorithm, the search space
will have at most (k? +5)" states, where m is the number of subsets in the partition.
Compared to the exhaustive search space, which has a complexity of Hle d;, the reduction
in the number of states could be very significant. The gain comes from the fact that k is
typically very small (usually & = 2) which leads to (k? + 5) < d;, where d; is the number
of distinct values for Y in S;. Because of the multiplicative effect, we would typically have
(k?+5)" <« Hle d;. It is also important to note that the algorithm ReduceRM always
generates a relevance matrix that is smaller or has the same size as the original one.

To illustrate the potential benefit of the algorithm ReduceRM, let us suppose that the
maximally relevant cut points for the dataset introduced in Section 4.2.2 were not all com-
patible. The partition for this example has three subsets having respectively 20, 42, and 38
distinct values. Therefore, the size of the exhaustive search space is 20 % 42 * 38 = 31920.
On the other hand, the algorithm ReduceRM would have selected exactly five points in each
of the three subsets (two points for the extremes plus three points to cover the observed
combinations of values for A\; and Ag). This means that the size of the resulting search space
would have been 5 * 5 5 = 125 for a reduction of over 99.6%. Clearly, the reduction would
not be as important in simple domains such as the one discussed in the previous section
where the number of distinct values in each group is very small.

Finally, we have presented the algorithm ReduceRM as a heuristic since we have no proof
of its optimality. On the other hand, we used this algorithm on various real world and
artificial datasets and did not encounter any sub-optimal solution. Note that a proof of
optimality would not be as satisfying as it may appear since there are situations in which
the complexity reduction provided by the algorithm ReduceRM is not sufficient. In the next

section, we discuss such situations and present the greedy solution we have adopted.
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Algorithm ReduceRM
Input: A relevance matrix RM
Output: A reduced relevance matrix, noted RRM, that contains

only the most promising cut points.

k «— number of class values
RRM « a new empty relevance matrix
/* Adding maximally relevant cut points */
Fori=1tok
For j=1tok
if RM has at least one entry with A\; =7 and Ay =3
index «— index of the most relevant cut point in RM with Ay =i and Ay = j
Add RM[indez]| to RRM
/* Adding cut points with undetermined A; and/or A2 as needed*/
if RM has at least one entry with A; =? and g #?
index + index of the most relevant cut point in RM with A\ =7 and Ae #7
Add RM[indez| to RRM
if RM has at least one entry with A\; #7 and Ay =7
index + index of the most relevant cut point in RM with A\; #7 and Ay =7
Add RM[indez] to RRM
if RM has at least one entry with A\; =7 and Ay =7
index «— index of the most relevant cut point in RM with A\; =7 and Ay =7
Add RM[indez] to RRM
/* Adding extremas as needed */
if RM[1] not in RRM
Add RM[1] to RRM
last <+ the number of entries in RM
if RM[last] not in RRM
Add RM[last] to RRM
return RRM

Figure 5.6: Algorithm ReduceRM which removes from a given relevance matrix all cut points

that are not likely to lead to an optimal solution.
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5.2.5 A greedy search: 2 partitions at a time

The algorithm ReduceRM limits the complexity of the search by reducing the number of
points that need to be considered from each subset of the partition. Due to the multiplica-
tive effect, this could lead to great performance improvement. On the other hand, when
the partitioning is based on an explanatory attribute that has many values, the resulting
complexity may still be too great. For instance, let us suppose we want to cancel the effect
of car_model (the explanatory attribute) on the global relevance of fuel_consumption (the
response attribute). If there are, let’s say, 50 kinds of car models in the dataset, then even
if we need to consider only 5 thresholds per subset, the size of the search space would be
5% which is still considerable. We address this problem through a greedy search algorithm
that considers only two partitions at a time. Figure 5.7 presents the algorithm, named
UnivBy2ThenReduceSearch.

This algorithm is an alternative to the algorithm UnivExhaustiveSearch (Figure 5.5).
Both find a set of parameter values for  given the local relevance matrices for Y. However,
there are two fundamental differences between the two algorithms. First, the search method
UnivExhaustiveSearch performs an exhaustive search while UnivBy2ThenReduceSearch
uses a greedy search strategy. The latter search strategy considers only two subsets at a
time and keeps the best partial results for the following iterations. Second, the algorithm
UnivBy2ThenReduceSearch relies on the optimization procedures described in the previous
section. These include the computation of the optimal solution when the maximally relevant
cut points are compatible and the use of the algorithm ReduceRM to reduce the complexity
of the task in each iteration.

The greedy search strategy reduces the complexity by an order of magnitude. Precisely,
if we assume that all subsets have d distinct values, then the greedy search would have a
complexity of (m — 1)d? by comparison to d™ for the exhaustive solution. Moreover, the
term d? is further reduced to a relatively small constant by using the algorithm ReduceRM
at the beginning of the process and between each iteration. Consequently, the complexity
of the algorithm UnivBy2ThenReduceSearch is quasi-linear in the number of subsets in the
partition. On the other hand, this simplification goes with the risk of finding a non-optimal
solution for . In turn, a non-optimal solution may limit the usefulness of the proposed
solution. We address this concern in Chapter 6 through an empirical evaluation of the
feasibility of the proposed approach. Before introducing this evaluation, lets us consider

the case of multivariate transformations.
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Algorithm UnivBy2ThenReduceSearch

Input: The set of relevance matrices RMj, RMjy, ..., RMy, storing relevance
info for a given attribute Y over subsets Si, Sa, ..., Spn, respectively.

Output: A set of constants * that maximizes U(T'(X,Y;Q),T*; S).

/* Check for maximally relevant compatible cut points */

if A\ (Y, T%.5;) = M (Y, T% S;) and Ao (Y, T% S;) = Ao(Y, T*; ;) for i # j
{T3%,T5,...,T;,} « best cut point thresholds in {RM;,RMs,...,RMy,}
O {-T5,-T5,...,-T7.}

return Q*

/* Pre-processing local relevance matrices */
fori=1tom
RM; < ReduceRM(RM;)
RMgym — RM;
Fori=2tom
/* Find solution for w;_; and w; */
{wi—1,w;} « UnivExhaustiveSearch(RMcym, RM;)
/* Update global relevance matrix based on partial solution */
Compute RM]_;, RM/ based on Q = {w;_1,w;}
RM_ym «+ ComputeGlobalRM({RM]_;,RM;})
/* Reduce current global relevance matrix */
RM_um < ReduceRM(RM ym)
QO —{wr,wa, ..., wm}

return Q*

Figure 5.7: Algorithm UnivBy2ThenReduceSearch which performs a search to find the set
of constants Q* that maximizes U(I'(X,Y;),T*;S) by considering only 2 subsets at a

time. The algorithm also uses ReduceRM to simplify the task in each iteration.
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5.3 Multivariate transformations

A multivariate transformation involves a response attribute Y and [ explanatory attributes
noted X = {X1, Xs,...,X;}. The objective is to find a set of values for {) such that the
global relevance of a new feature Z = I'(X, Y; Q) is maximized (Equations (5.4) and (5.5)).
In this case, ) has M = Hé:l m; values where m; = |Dom(X;)| for i = 1,2,...,1. We
describe two approaches to resolve the multivariate problem. The first one is a direct
extension of the univariate solution. The second is an inductive approach that scales better
to high dimensional relationships. The next section describes the extension of the univariate

solution and the following four sections focus on the inductive approach.

5.3.1 Extension of the univariate approach

The univariate procedure incorporates the information from the explanatory attribute at
the very beginning of the process, that is, during the partitioning operation. The univariate
partitioning creates one subset for each observed value of the explanatory attribute. Then,
for each of these subsets, the procedure creates a local relevance matrix and computes its
corresponding w value. To generalize the univariate solution to the multivariate case, we
need to take into account the joint effects of several explanatory attributes {X;, Xo,...,X;}.
We do this through a multivariate partitioning operation that generates subsets for all

possible combinations of values for {X1, X, ..., X;}. Precisely,

Definition 6 A multivariate partitioning of a dataset S involving [ explanatory attributes
Xi,..., Xy, with |Dom(X;)| = m; for i = {1,2,...,1}, generates a collection S1,852,...,5y
of subsets such that

Slz{S€S|Xi=Xi(1)} fori=1,2,...,1
Sy={seS|X; =X1(2),X; = X;(1)} fori =2,3,...,1

Sm1 :{SESinZXl(ml),XZIXz(].)} fori=2,3,...,1
Sm1+1 = {S €S | Xo = X2(2),X1:(3) = X,'(l)} fori=1,3,4,.. .7l
Sm1+2 = {S €S ‘ X = X1(2),X2 = X2(2),Xi = Xl(l)} for i = 3,4, ceyl

Sy=1{seS|Xi=Xi(m;)}fori=1,2,...,1



5.3. MULTIVARIATE TRANSFORMATIONS 105

Remark 2 We note that a multivariate partitioning does not necessarily produce a parti-

tion (Definition 1) since the subsets are not guaranteed to be non-empty. O

Using these subsets, we can proceed exactly as with the univariate approach (i.e., create
a relevance matrix for each subset and then compute its corresponding w value using the
univariate solution).

The multivariate partitioning is a simple method that is useful when the number of
possible combinations of values (M) is not too high. For instance, when M < 20 , we
can use this approach with the relevance graphs to quickly assess the combined effect of
more than one explanatory attribute. As M increases above this number, the readability
of the relevance graph tends to decrease rapidly. In terms of the automatic search for
the transformation parameters, the algorithm UnivBy2ThenReduceSearch could tolerate a
larger M. For instance, our non-optimized Java implementation of this algorithm would
generally produce a solution within one minute with M =~ 1000.

However, we have to recognize that the number of possible combinations of values (and
subsets) grows exponentially in the number of explanatory attributes. This is problematic
for two reasons. First, having a finite dataset and a large number of subsets means that each
of them is likely to contain very few instances. In turn, few instances make it difficult to
perform a reliable analysis. The second issue with the multivariate partitioning is the growth
of complexity. Even if we have sufficient data in each subset, analyzing an exponential
number of subsets is generally impractical, however efficient is the analysis. Therefore,
when we are interested in the combined effects of explanatory attributes having multiple
values, we need an alternative approach that does not oversplit the initial dataset. The

following section presents such an approach.

5.3.2 An inductive approach

Our second solution learns the multivariate transformation models through an inductive pro-
cess. We apply this process for each response attribute independently. Figure 5.8 illustrates
this inductive approach. The input to this process is the set of univariate transformation
models for the given response attribute. The processing may extend over several phases.
Each phase has two steps: Feature Generation and Feature Selection. The Feature Gen-
eration step creates new features by combining the ones obtained previously. The Feature
Selection step evaluates the newly created features and discards the ones that do not im-
prove performance. The output includes all transformations that have been selected over

the various phases. As shown in Figure 5.8, we use the notation Zg to represent the it
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multivariate feature in phase 7. Similarly, we shall use Qf to represent the parameter values
for Z7 (i.e., Zg ='(X,Y;Q)). As in the previous sections, the univariate features do not
have a superscript. The following two sections elaborate on the Feature Generation and
Feature Selection steps, respectively. The last section discusses the stopping criteria as well

as other arguments that can be used to introduce more flexibility.

Univariate Multivariate Transform Multivariate Transform
Transformations Phase 1 Phase 2
Generation Selection Generation Selection

|Z1 =I(X1,Y;M)

|22 =T(X,,Y; )

|Zs = T(Xs,Y; )

[Z: =T (X4, Y; )

[2s = T(Xs,Y; )

|26 = T(Xs,Y; )

Figure 5.8: Overview of the inductive approach to generate multivariate transformations.

5.3.3 Mutlivariate Feature Generation

The generation step constructs features in progressive order of complexity. In the first
phase, it uses the initial univariate transformations to create multivariate features with two
explanatory attributes. For instance, the feature le in Figure 5.8 comes from the univariate
features Z1 and Zs, which are based on the explanatory attributes X; and X5, respectively.
Therefore, we have Z} = I'({X1, X2}, Y; Q). In the second phase, the generation step uses
the selected features from the first phase to create features involving either three or four
explanatory attributes. For example, feature Z? is based on three explanatory attributes
(X1, Xs, and X,4) while feature Z32 involves four explanatory attributes (X3, Xo, X4, and
Xg). The complete definitions for these two features are Z7 = I'({ X1, X2, X4},Y;03) and
73 =T({X1, X2, X4, Xs},Y;Q2). In the third phase, the new features engage between five
and eight explanatory attributes, and so forth. In each phase, the generation step creates
multivariate features for all possible pairs of features from the previous phase. Therefore,

if the previous phase has r features, then the generation step for the current phase would
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generate C2 features.
Each feature is constructed through an iterative optimization process. In the first iter-
ation, a new multivariate feature Z involving [ explanatory attributes X1, ..., X is defined

3.52

Z0 =T({X1, Xo,..., X}, Y; Q0,8
=T(X,Y;09,9)
+ (X2, Y;09,8) +...
+ (X, V;00,8) - (1-1)+Y

where each Y is the set of parameter values that optimizes U(I'(X;,Y;Q,5"), T*; S") for
i =1{1,2,...,1}, and S’ is a subset of the training set. As discussed in the next section,
the remaining part of the training set is kept for the selection phase. The last term in
the equation is required to cancel the effect of the repeated additions of the initial Y
value (Equation (5.2)).

The following iterations progressively refine the sets of parameter values using the fol-

lowing rule:
O = arg maxqegm; UT(X;, 27740071, T S) (5.7)

where j > 1 is the iteration number and i = {1,2,...,l}. The procedure uses these new

sets of parameter values to update the new feature

7' =T(X,,274¢4,9)
+T(Xo, Z774,08,8) + ... (5.8)
FO(X, 27500, 8) —(1-1) Y
The final step in each iteration is to compute the global relevance of the new feature
U(Z%,T*;8") and compare it with the previous one U(Z/~!,T*;S’). If the difference be-
tween the two iterations is smaller than a pre-defined ¢, the process stops and returns the

best sets of parameter values found.

2The superscript in this equation refers to the iteration number while optimizing the parameters for the
given feature. This is different than the superscripts used in Figure 5.8 to distinguish features from various
phases.
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5.3.4 Mutlivariate Feature Selection

The feature generation step tries to maximize the global relevance through generation of
potentially very complex transformations. There is a risk that these models overfit? the
data. To avoid the overfitting problem, we use only a portion of the training data for
feature generation and use the remaining part for selection. These two subsets are noted
S’ and S”, respectively. S” is also named the walidation dataset. The feature selection
evaluates the relevance of all new features produced by the feature generation step in the
same phase. The evaluation is done using the validation dataset. Only the features that
have a higher global relevance than any of the initial ones are selected.

For instance, suppose that the feature generation step in the current phase p produced
a feature Zf by combining two features from the previous phase named Z;’ ~! and Z,f_l.

Then, the feature selection step would select Z? if and only if
U(2F,T%8") > max(U(Z0 71, T 8"), U2, 7% 8")) (5.9)

5.3.5 Stopping criteria and other parameters

When two or more new features pass the selection criteria, the inductive process progresses
to the next phase. Otherwise, the process stops and returns all new features selected during
the execution.

Our implementation of the inductive approach also includes an optional stopping pa-
rameter that specifies the maximal number of phases. Many other parameters could be
added to extend the process. For instance, the feature generation steps could consider all
combinations of up to four features from the previous phase instead of two. Similarly, the
selection process could be made indeterministic by randomly allowing some features to pass
to the next phase even if they do not meet the criteria of Equation (5.9). Such parameters
are worth considering since they help improve performance with other optimization pro-
cesses (e.g., Neural Network, Evolutionary Strategies). However, in this research, we did

not evaluate their potential effects with the proposed approach.

5.4 Application of the transformation models

The univariate and multivariate approaches generate a set of models I'y, I's, . .., I'; defining 7

new globally relevant features, where r is automatically determined. As shown in Figure 5.1,

30Overfitting is a general problem in data analysis that happens when the performance on the dataset
used to generate the model is higher than the performance on an independent dataset.
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the last step is to apply these models to add the new features to the test dataset or other
independent datasets that need to be classified. Applying the models means computing
either Equations (5.2) or (5.4) (for univariate or multivariate transformation, respectively)
by replacing the X’s and Y with the observed values and  with the parameter values for
the given transformation model. Two issues may arise. The first one is the presence of
missing values while the second issue happens when processing an instance with unseen
value(s) for the explanatory attribute(s). The following two sections address these two
issues. The third section explains the use of smoothing to improve the quality of features

involving continuous explanatory attributes.

5.4.1 Missing values

We distinguish two situations depending on the type of the attribute for which we have
missing values. In the first situation, one or more response attribute values are missing. In
these cases, the transformation model dictates the addition of a constant to a missing value,
which is not possible. Therefore, when the attribute Y takes a missing value, we simply
return a missing value. In the second situation, one or several explanatory attributes have
missing values but the response attribute value is not missing. Our implementation treats
this situation explicitly by including the missing value as one of the potential values for
all explanatory attributes. The program deals with the missing value just like the other
values. For instance, when processing the dataset in Example 5, the program will create
three subsets: S7 for X = a, Sy for X = b, and S3 for X =?. For all non-empty subsets, the
program creates a local relevance matrix and finds the corresponding parameter value. If
there is no instance with X =?, then the corresponding w value would be set to 0 (i.e., no
transformation of Y when X =7). We named this transformation the null transformation.
The null transformation is also used with multivariate transformations whenever one or

several explanatory attribute values are missing.

5.4.2 Unseen values

The problem of unseen values arises when the model tries to process an instance for which
the observed explanatory attribute value has not been seen during the generation of the
model. Since the given value was not part of the training dataset, the models do not in-
clude an entry for this value and therefore there is no corresponding w parameter. In this
case, we also apply a null transformation. However, when several instances with the new

value become available one may simply extend the models involving the given explanatory
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attribute. This can be done in an incremental manner (i.e., without destroying the existing
model) by using the algorithm UnivBy2ThenReduceSearch with two input relevance ma-
trixes; the first one being the existing global relevance matrix and the second one the new

local relevance matrix for the new value.

5.4.3 Smoothing the transformations

The transformations proposed in this research are step functions. This is appropriate when
the explanatory attributes are nominal. However, when the explanatory attributes are
numerical, the step function may not fit the initial relationship adequately. We address this
problem during the application by smoothing the transformations for the models involving
continuous explanatory attributes.

Figure 5.9 illustrates this problem. The figure at the top shows the initial relation
between a response attribute y and an explanatory attribute . Our approach recognized
the negative effect of x on the global relevance of y and produced a new feature to reduce
this effect. Figures (b) and (c¢) present this new feature against z and y, respectively, when
smoothing is not used. These graphs clearly show that the initial relationship has been
processed as a step function. The result is unsatisfactory; the pattern in the transformed
space is not as smooth as the initial relationship and it is difficult to separate the positive
and negative instances using the new feature. Moreover, we can easily identify some of the
cut points that have been used to create the partition on z. Figures (d) and (e) show how
the smoothing operation removes the roughness of the transformation. These two figures
depict the graphs corresponding to (b) and (c), respectively, but when smoothing is used
during the application of the transformation model. The resulting pattern is smoother and
leads to a clear separation of the two classes.

We use the inverse distance weighting smoothing method [Isaaks & Srivastava, 1989)
to modify the w values in Equation (5.2) based on the observed values for the explanatory
attribute. Let us suppose that Z = I'(X,Y; ) and X is the discretized attribute from X0,
then

valz(s) = valy (s) + wj if valx(s) = X (%) (5.10)
where m
wt = Zanl wid; (5.11)
Zj:l d;
and
dj=—1 (5.12)



5.4. APPLICATION OF THE TRANSFORMATION MODELS 111

208

(a) Class value

+ + + positive
® ® ® negative

100

-100
0 2 4 6 8 10 12 14 16 18 20

X

Without smoothing With Smoothing
150 150
140 (b) 140 (d)
130
120

+
W o
r

883

ne]

A

; év

&

i

ey
El

+

+
v
¥

3
Bf‘“*f:t #ﬁ_
¥

new_y_not_smooth
383
R
L9 g0,
H
3
g
=4

3
Y
S 9
&
7
.
<
ik

N @
[<]N+]
ny
Py )
P
(13
i
o
....9
,0 o*c -

-
[=]
1Y
o
°

Q

L
[=]
Ola%
H

2 4 6 8 1012 14 16 18 20

160
140
130
120
110

80
70
€0
50
40
30
20
10

new_y_not_smooth

-10
-20 w
-30

-100 o 100 200

Figure 5.9: Example of the effect of smoothing. Figure (a) shows the initial relation between
y and z. Figures (b) and (c) respectively present the new feature against z and y when
smoothing is not used. Figures (e) and (d) respectively present the new feature against x

and y when smoothing is used.
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where m = |Dom(X)|, X? is the average of X° in subset Sj, and j = 1,2,...,m. There are
two extreme cases for which we set w} = w;. These are when X° —7? = () or when valyo(s)
is either smaller (or greater) than the mininal (or maximal) value observed in the training
set. In future work, we plan to experiment with other classes of smoothing function (e.g.,

splines and kriging).

5.5 Summary

This chapter completed the presentation of the GLOREF approach by explaining the gen-
eration of globally relevant features. The approach produces two types of features: the
univariate and multivariate features. We first defined the types of transformations used to
generate these features and the corresponding optimization problems. Then we presented
the proposed solution for the univariate features. The presentation included the analysis
of the problem space, the exhaustive solution, and various algorithms developed to ensure
adequate performance. All algorithms presented use the relevance matrices obtained during
the analysis of relevance (Chapter 4). Several examples have been introduced to illustrate
the usefulness of the proposed algorithms.

We suggested two approaches to address the problem of automatic generation of mul-
tivariate features. The first one extends the univariate solution by applying a multivariate
partitioning procedure. We explained the potential use and difficulties of this solution and
then introduced a second approach. The latter approach follows an inductive process that
considers multivariate transformations in progressive order of complexity. The algorithm
exploits the univariate models already developed. This allows for a quick convergence dur-
ing the optimization of the parameters. We discussed the approach we used to control the
risk of overfitting as well as the stopping criteria.

Finally, we discussed the application of the transformation models. The issues to con-
sider include the handling of missing and unseen values. We have also shown how smooth-
ing is used to better fit the relationships observed between continuous attributes. The next
chapter examines the feasibility of the GLOREF approach through an empirical evaluation
of its performance on artificial and real world datasets. We will also discuss the limitations

of the proposed solution.



Chapter 6

Empirical evaluation

6.1 Introduction

This chapter evaluates the feasibility of the GLOREF approach. There are three objectives.
The first one is to assess the ability of the GLOREF approach to generate highly and globally
relevant features. The second objective is to evaluate the usefulness of the new features with
machine learning techniques. The last objective is to compare the GLOREF approach with
alternative techniques.

The study includes both artificial and real world datasets. The artificial datasets are
the ones used in Chapter 3 to study the potential merits of globally relevant features while
the real world datasets are from the UCI repository [C. Blake & Merz, 1998]. This chapter
is structured as follow. First, we describe the methodology in Section 6.2. Sections 6.3
and 6.4 discuss the results for the artificial and UCI datasets, respectively. Section 6.5 com-
pares the GLOREF approach with the theoretical approach of Chapter 3 and two statistical
techniques used to construct features in presence of attribute interactions. Section 6.7 elab-
orates on issues with the proposed study and on the limitations of the GLOREF approach.

Finally, Section 6.8 summarizes this chapter.

6.2 Methodology

We assess the usefulness of the GLOREF approach by comparing the performance using
the initial attributes with the performance using both the initial attributes and the new
features. As in Chapter 3, we use the following notation to distinguish the initial attributes

and the augmented feature sets:

A : The initial set of attributes.
F : The initial set of attributes augmented with the GLOREF features.

For completeness and consistency with Chapter 3, we also consider the effects of feature

selection. The feature sets selected from the above sets of features are:

113
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FS(A) : Feature subset selected from A.
FS(F) : Feature subset selected from .

The primary criteria of performance is the accuracy of the model. We evaluate accuracy
through a 10-fold cross-validation procedure. We repeat the procedure for all combinations

of datasets and learning systems. In each fold, the procedure performs the following tasks:

Automatic discretization For each continuous attribute, the discretization step pro-
duces two new attributes using the equal-width and the equal-frequency intervals dis-
cretization methods (Section 4.2.3). The number of bins is set to 5 for the artificial
dataset and to 3 for the UCI datasets!. The discretization methods determine the cut

points using only the training data for the current fold.

Feature generation The GLOREF approach automatically generates new univariate and
multivariate features using 70% of the training data available in current fold. The .
new features are added to the initial attributes to produce the augmented feature set
F.

Feature selection The feature selection produces the two feature subsets FS(A) and
FS(F). This step uses the remaining 30% of the training data (i.e., the part that

has not been used during feature generation, usually named the validation data).

Learning the models Using the given learning system and all training data for the cur-

rent fold, we learn four models, varying the input attributes as follow:

1. All initial attributes (A).
2. Subset of initial attributes (FS(A)).
3. All initial attributes and all GLOREF features (J).
4. Subset of all initial attributes and GLOREF features (FS(¥)).
Evaluation of the models We extend the test dataset for the current fold with the new

features (discretized and GLOREF features) and we evaluate the accuracies of the
four models generated above.

Upon completion of the 10t* fold, we obtain the final estimations of accuracy by aver-

aging the results from the 10 folds. We obtain four accuracy estimations; one for each set

Tt would have been probably preferable to also use 5 bins with most of the UCI datasets, but some of
them were too small and we wished to keep the same parameters for all UCI datasets.
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of models generated by the step ‘Learning the models’. As in Chapter 3, we also report the
standard deviation for each accuracy estimation.

We note that the GLOREF and feature selection tasks use different parts of the training
sets. Without this precaution, the feature selection step may not be able to detect overfitting
features. On the other hand, this split of the training data further reduces the data available
to the GLOREF approach. Actually, only 63% of all the data is available to the GLOREF
approach in any given fold (70% of the 90% for training equals ~ 63%). In relatively small
domains, this may limit the ability to handle complex relationships. The situation would
have been even worse with a 5-fold procedure as suggested by other researchers [Dietterich,
1998] since only around 55% of all the data would have been available to the GLOREF
approach in each fold.

We use the same feature selection method as in Chapter3 (Section 3.5) and 12 learning

systems described in Appendix A with their default settings.

6.3 Artificial datasets

The artificial datasets are the ones introduced in Chapter 3, Section 3.4. The analysis of
the results is divided in two parts. The first part discusses the global relevance of the new

features while the second part considers the effects of the new features on the accuracy.

6.3.1 Analysis of the global relevance

The first part of the thesis statement requires the generation of globally relevant continuous
features. To verify the achievement of this requirement, we compare the global relevance of
the GLOREF features versus the global relevance of the initial attributes. We rely on two
widely used measures of global relevance: the gain ratio and the x? measures. We calculate
the expected scores for these two measures for the best three initial attributes, the best three
univariate GLOREF features, and the best three multivariate GLOREF features. Like for
the estimation of the accuracy, we estimate the global relevance scores for the two measures
by averaging the scores on test data obtained in the various folds of the cross-validation
procedure.

Precisely, let ¢ by the attribute type (initial, univariate GLOREF, or multivariate GLO-
REF) and A; the attribute of type ¢ with the i*" highest score on test data in fold j among
all attributes of type ¢t. The estimated score for the best it? attribute of type ¢ is given by
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the following equation
10

St = 1/1OZsc0re(A§) (6.1)
j=1

where score is the measure used (i.e., GainRatio or x2). For example, if i = 1, ¢ = ’initial’,
and score = GainRatio, then this statistic would report the expected gain ratio of the best
initial attributes. Similarly, if ¢ = 2, t = '"GLOREF univariate’, and score = GainRatio,
then the statistic would report the expected gain-ratio of the second best univariate GLO-
REF feature. As mentioned above, we computed this statistic for the best three features of
each type twice; once with the gain ratio measure and the other with the x? measure.

Figures 6.1 and 6.2 present the results for the gain ratio and x? measures, respectively.
There is one chart for each artificial dataset. Each chart has three groups of three bars.
The first group is for the best feature, the second group for the second best feature, and
the third group displays the relevance of the third best feature. The three bars within each
group represent the scores for the three feature types: initial, GLOREF univariate, and
GLOREF multivariate, respectively.

We first notice the consistency between the two measures since the charts in Fig-
ures 6.1 and 6.2 are very similar. In particular, both measures conclude that the global
relevances of the best GLOREF features are higher than the global relevance of the best
initial attributes for all datasets. On the other hand, the importance of the increase in
global relevance fluctuates considerably from one dataset to another. This variability was
expected since the importance of attribute interactions varies greatly between the artificial
datasets (Section 3.4). Table 6.1 details the increases in global relevance between the best
initial attribute and the best GLOREF feature for each dataset.

The datasets with the largest increase in global relevance are: NAMN and N5MN. For
N4MN, the gain ratio of the best initial attribute is .17 while the best GLOREF feature has
a gain ratio of .98, for an increase of .81 (or 488%). For the dataset NSMN, we also obtained
an increase in gain ratio of .81 from the best initial attribute (.19) to the best GLOREF
feature (1.0). The x? measure reports similar statistics for these two datasets. The fol-
lowing datasets in decreasing order of increased in gain ratio are: N4F1 (.53), N4F1 (.34),
N1F1 (.34), N6F1 (.26), N6MN (.25), N3MN (.24), N2F1 (.20), N5F1 (.20), N2MN (.15),
and N1MN (.14). All improvements are highly statistically significant since the p-values for
both measures were all < .0001. These results combined with Figures 6.1 and 6.2 demon-
strate that the GLOREF approach succeeded in producing new highly globally relevant

features. We now consider the usefulness of the new features for learning.
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Gain Ratios of best initial attributes and best GLOREF features (Artificial data)
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Figure 6.1: Global relevance based on gain ratio of the best 3 initial attributes, GLOREF
univariate features, and GLOREF multivariate features for the 12 artificial datasets.
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Figure 6.2: Global relevance based on the x? measure of the best 3 initial attributes, GLO-
REF univariate features, and GLOREF multivariate features for the 12 artificial datasets.
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Best Best GLOREF
Dataset Initial GainRatio x?

GR | 2 | Type | Score l Diff (%) | Type | Score l Diff (%)
N1F1 .29 156 | Mul .63 34 (117 %) | Mul 229 73 (47 %)
N1IMN 15 55 | Mul .20 14 (91%) |Mul 123 67 (121 %)
N2F1 59 210 [ Mul .79 20 (34%) |Mul 248 29 (13 %)
N2MN 17 66| Uni .32 15 (88%) |Uni 155 89 (135 %)
N3F1 .56 208 | Mul .90 .34 (60 %) Mul 259 51 (25 %)
N3MN 17 66 | Mul .41 .24 (145%) | Mul 156 90 (135 %)
N4F1 31 137 |Mul .84 53 (169 %) | Mul 245 108 (79 %)
N4MN A7 67 | Mul .98 .81 (488 %) | Mul 266 200 (300 %)
N5F1 38 177 | Mul 58 20 (53%) |Mul 211 34 (19 %)
N5MN 19 68| Mul 1.0 .81 (435%) | Mul 270 202 (298 %)
N6F1 27 125 | Mul 53 .26 (97 %) |Mul 212 87 (69 %)
N6MN 16 63 | Mul .41 25 (163%) | Mul 166 103 (164 %)

Table 6.1: Comparison of global relevance between the best initial attribute and the best
Global GLOREF feature based on the gain ratio and the x? measures for each artificial

dataset.

6.3.2 Accuracies with GLORETF features vs initial attributes

The second part of the thesis statement states that using highly globally relevant features
increases the accuracy of several learning systems. The previous section demonstrated
the ability of the GLOREF approach to generate highly globally relevant features for the
artificial datasets considered. In this section, we analyse the effects of the new features
on accuracy. We present results for all artificial datasets and the 13 learning systems
considered.

To evaluate the improvements due to the use of the GLOREF features, we compare the
accuracies obtained when using only the initial attributes versus the accuracies obtained
when including the new GLOREF features. As explained in Section 6.2, we also take into
account the potential effects of feature selection by building two additional models: one
based on a subset of the initial attributes and the other based on a subset of the aug-
mented feature set which includes the GLOREF features. Therefore, for each combination
of datasets and classifiers, we obtain 4 accuracy estimations: all initial attributes, a subset
of the initial attributes, all available features (initial and GLOREF), and a subset of all

available features.
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Tables C.1 to C.12 in Appendix C.1 present these estimated accuracies along with their
corresponding standard deviations. There is one table for each dataset. Each row details
the results for a given learning system (also called inducer). There are nine columns, but
three of them are not discussed in this section (‘Theo. All'; ‘Theo. FS’, and ‘GLOREF
vs Theo.”). These three columns will be discussed in Section 6.5.1 when comparing results
between the theoretical features (defined in Chapter 3) and the GLOREF features. We now
describe the six columns of interest for the current section.

The first column gives the name of the learning system considered. The second col-
umn (‘Initial att. All’) displays the average accuracy and standard deviations for models
involving all initial attributes. The third column (‘Initial att. FS’) presents the results
when applying feature selection to select a subset of the initial attributes prior to learning.
The following two columns (‘GLOREF All’ and ‘GLOREF FS’) show the accuracies and
standard deviations when the learning systems also use the GLOREF features, without and
with feature selection, respectively. The column with the maximal accuracy between the
second and fifth columns appears in bold. Finally, the eighth column (‘GLOREF vs Init.”)
displays the average difference in accuracy between the best model using the GLOREF fea-
tures and the best model using only the initial attributes. The best model with the initial
attributes is the one with maximal accuracy between columns ‘Initial att. All’ and ‘Initial
att. FS’. Similarly, the best model with the GLOREF features is the one with maximal
accuracy between columns ‘GLOREF All’ and ‘GLOREF FS’. A positive value in column
‘GLOREF vs Init.” means that the models using the GLOREF features perform better than
the model based on the initial attributes only and vice versa. A star besides the difference
denotes significance at the 0.05 level using the standard t-test to compare group means.

Figure 6.3 offers a quick view of all the results combined. There is one point for each
combination of learning systems and datasets for a total of 156 points (12 datasets * 13
learning systems). The horizontal position represents the best accuracy between columns
‘Initial att. All’ and ‘Initial att. FG’ while the vertical position denotes the best accuracy
between columns ‘GLOREF All’ and ‘GLOREF FS’ for the given dataset and classifier
system. The points located above the diagonal line indicate that the GLOREF features have
had a positive effect on accuracy. All points below the diagonal line represent experiments
in which the use of the GLOREF features resulted in a decrease in accuracy.

Figure 6.3 clearly shows the strong positive effects of the GLOREF features on the
accuracy. Moreover, the figure shows that extending the data representation with the
GLOREF features rarely reduced the accuracy significantly for the artificial datasets. On
the other hand, the importance of the positive effects of the new features is considerable
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Accuracies with GLOREF features vs initial attributes
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Figure 6.3: Accuracies using GLOREF features and initial attributes versus accuracies with

initial attributes only.

since we find many points located far above the diagonal line.

Table 6.2 reports the gains in accuracy for all combinations of datasets and learning sys-
tems. There are two lines for each classifier. The first one shows the differences in accuracy
between the best model with the initial attributes and the best model when the GLOREF
features are used. The second line presents the percentage of increased (or decreased) in
accuracy with respect to the best model using only the initial attributes. A star besides an
accuracy difference indicates statistical significance at level 0.05. To analyze the results, we
group them by dataset and then by learning system.

Table 6.3 summarizes the results by dataset. Each row accounts for the results from
all learning systems with the dataset specified in the first column. The following four
columns report statistics on the difference between the best GLOREF model and the best
model with the initial attributes only. These statistics are computed from the values in
column ‘GLOREF vs Init’ in Tables C.1 to C.12. The next three columns report the
number of times that the GLOREF features increased accuracy, decreased accuracy, and
did not change the accuracy, respectively. The sum of these three columns is 13 since we
used 13 learning algorithms. The last two columns provide the number of times we obtained
a statistically significantly better accuracy and a statistically significantly worse accuracy,

respectively (at level 0.05).
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GLOREF vs initial attributes by dataset

Accuracy improvement Significantly
Dataset . Better Worse Equal

Avg Std Min Max Better Worse
N1F1 6.43 9.89 -10 35.2 11 2 0 6 0
NIMN 3.54 480 -80 13.6 11 2 0 5 0
N2F1 1.08 192 -80 6.50 9 3 1 0 0
N2MN 459 6.27 -1.2 170 10 3 0 10 1
N3F1 2.07 351 -60 103 8 4 1 2 0
N3MN 6.02 7.11 -10 220 12 1 0 0
N4F1 9.60 10.8 0.00 384 11 0 2 11 0
N4MN 14.0 151 -10 47.1 12 1 0 12 0
N5F1 6.43 7.65 090 309 13 0 0 12 0
N5MN 158 139 -20 475 12 1 0 12 1
N6F1 107 9.03 220 39.3 13 0 0 13 0
N6MN 10.3 833 0.40 31.7 13 0 0 11 0
All 7.54 9.75 -1.2 475 135 17 4 101 2

Table 6.3: Comparison, by dataset, of accuracies between models with the GLOREF fea-

tures and models with the initial attributes only for the artificial datasets.

The average improvements vary from 1.08 (N2F1) to 15.8 (NSMN). As expected, the im-
provements tend to be more important in domains with stronger attributes interactions (i.e.,
the last 6 domains) than in domains with simpler interactions (i.e., the first 6 domains). As
indicated by the second column, the standard deviation is fairly important in all domains.
This variability signifies that the learning algorithms are not uniformly affected by the use
of the GLOREF features. This was also expected since some of the learning algorithms
used are more reliable than others with respect to attribute interactions.

From the column ‘Min’; we observe that the use of the GLOREF features never reduced
the accuracy by more than 1.2. On the other hand, the column ‘Max’ indicates that the
GLORETF features lead to increases in accuracy of up to 47.5. These results demonstrate
that the risk that the GLOREF features reduce the accuracy is very low whereas the
potential gains in accuracy are very important. The potential benefits of the GLOREF
features are further illustrated by the last five columns in Table 6.3. Among the 156 cross-

validation experiments performed, the GLOREF features increased the accuracy in 135



6.3. ARTIFICIAL DATASETS 124

cases (= 87%), reduced the accuracy in 17 cases (~10.9%), and had no effect on the accuracy
in 4 experiments (~2.5%). When considering only the statistically significant differences, we
find that the GLOREF features improved the accuracy in 101 cases (~=65%) while reducing
it in only 2 cases (~1.2%). Such a high proportion of statistically significant positive results
is very convincing. In particular, when we take into account the fact that the high standard
deviations observed make it difficult to achieve significance.

It is revealing to link the improvements in accuracy with the increases in global relevance
between the best GLOREF feature and best initial attribute (Table 6.1). We remark that
the two datasets with the largest improvements in accuracy, NSMN (15.8) and N4F1 (14.0),
correspond to the datasets for which we observed the largest improvements in global rel-
evance. Inversely, the datasets with a lower improvement in global relevance tend to also
have a more modest increase in accuracy. There are few exceptions such as domain N5F1
for which we obtained a fairly low increase in global relevance (.2 in gain ratio) but a

respectable gain in accuracy (6.43). These results lead to the following conclusions:

1. A high improvement in global relevance between the best GLOREF feature and the

best initial attribute leads to the an important gain in accuracy.

2. In some domains, relatively small improvements in global relevance also lead to im-

portant gain in accuracy.

Table 6.4 stratifies the results by learning systems. The format is the same as with
Table 6.3. The HyperPipes system is the one that profited the most from the GLOREF
features with an average accuracy improvement of 27.4. The following classifiers in de-
creasing order of average accuracy improvement are: OneR (15.7), DecisionStump (13.8),
DecisionTable (8.98), NaiveBayes (6.88), J48 (5.33), PART (4.93), IB1 (3.68), KernelDen-
sity (3.33), IB5 (2.70), BaggingDT (2.25), BoostingDT (1.85), and SMO (1.27). The stan-
dard deviations are relatively important which indicates that the extent of the improvements
due to the use of the GLOREF features is not consistent over the various datasets for any
given learning system. Nevertheless, all learning systems have been significantly positively
affected by the GLOREF features since the number of significantly better accuracies vary
from 3 out of 12 (25%) to 11 out of 12 (x92%). The only two significantly negative results
have been obtained with the KernelDensity and the SMO learning systems.

From these results, we conclude that all learning algorithms can be significantly posi-
tively affected by the GLOREF features. Moreover, the importance of improvements ap-
pears to be inversely proportional to the ability of the learning systems to handle attribute

interactions. For instance, the performances of simple methods such as the HyperPipes and
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GLOREF vs initial attributes by classifier

Classifier Accuracy imprf)vement Better Worse Equal Significantly
Avg Std Min Max Better Worse
BaggingDT 225 294 -1.2 770 10 1 1 5 0
BoostingDT 1.85 228 -.60 6.30 9 2 1 4 0
DecisionStump  13.8 949 0.90 32.8 12 0 0 11 0
DecisionTable 898 721 050 215 12 0 0 9 0
HyperPipes 274 15.1 6.50 47.5 12 0 0 11 0
IB1 3.68 422 -80 105 9 2 1 7 0
IB5 2.70 3.10 -.30 8.40 9 3 0 7 0
J48 533 3.74 0.10 123 12 0 0 10 0
KernelDensity 3.33 390 -.60 10.1 8 3 1 6 1
NaiveBayes 6.88 6.97 -.80 18.7 10 2 0 0
OneR 157 10.2 1.70 349 12 0 0 10 0
PART 493 3.31 080 10.0 12 0 0 9 0
SMO 1.27 192 -20 6.70 8 4 0 3 1
All 754 975 -1.2 475 135 17 4 101 2

Table 6.4: Comparison, by classifier, of accuracies between models with the GLOREF
features and models with the initial attributes only for the artificial datasets.

OneR which are powerless with respect to attribute interactions increased more than the
performances of sophisticated techniques such as decision trees (J48), instance-based (IB1
and IB5), and support-vector machines (SMO). This result is consistent with our introduc-
tory statement about the need for such an approach (Chapter 1) as well as the results of

our study of the effects of attribute interactions (Chapter 3).

6.4 UCI datasets

To further evaluate the feasibility of the GLOREF approach, we experimented with the 12
UCT datasets described in Table 6.5. These are the first 12 datasets in alphabetical order
from the repository that have at least one continuous attribute. As we did in the previous
section, we shall first evaluate the global relevance of the new features generated by the

GLOREF approach and then analyze the impacts of the new features on the accuracy.
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Dataset Numerical Nominal Class Size Default Acc
autos 15 11 7 205 67.3%
balance-scale 4 0 3 625 54.2%
breast-w 9 0 2 699 65.5%
cars 7 1 3 392 62.5%
colic 7 16 2 368 63.0%
credit-a 6 9 2 690 55.5%
diabetes 8 1 2 768 65.1%
glass 9 1 7 214 64.5%
heart-statlog 7 6 2 270 55.6%
hepatitis 2 18 2 155 79.4%
ionosphere 34 0 2 351 64.1%
liver-disorders 6 0 2 345 58.0%

Table 6.5: Summary of UCI datasets used.

6.4.1 Analysis of the global relevance

To evaluate the global relevance of the GLOREF features, we follow the approach introduced
in Section 6.3.1. First, we summarize the global relevance of the best three GLOREF and
initial features based on the gain ratio and x? measures (Figures 6.4 and 6.5, respectively).
There is one chart per dataset. Each chart presents the scores for the best three features
of each type (i.e., initial, GLOREF univariate, and GLOREF multivariate). The scores are
computed using Equation (6.1). Table 6.6 further details the increases in global relevance
between the best initial attribute and the best GLOREF feature.

Based on the gain ratio measure, the GLOREF approach has been able to generate
features with higher global relevance than the initial ones for all datasets. The y? measure
reports increased in global relevance for 11 domains out of 12. All the positive increases (for
both measures) are statistically significant at .05 level while the only result with a lower
global relevance is not significant.

As reported in Table 6.6, very large improvements in percentage are observed with
the Liver and Balance-scale datasets with a respective increase in gain ratio (and x2) of
482% (475%) and 286% (519%). The increases in gain ratio for five of the remaining 10
datasets are between 60% and 70% while the improvements for the other five datasets are

between 12% and 44%. The results with the x? measure for these 10 datasets is slightly
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Gain Ratios of best initial attributes and best GLOREF features (UCI data)
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Figure 6.4: Global relevance of the best 3 initial attributes, GLOREF univariate features,

and GLOREF multivariate features for the 12 UCI datasets. The measure used is the

average gain ratio over the 10 folds on the test sets (Equation (6.1)).
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ChiSquare of best initial attributes and best GLOREF features (UCI data)
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Figure 6.5: Global relevance of the best 3 initial attributes, GLOREF univariate features,
and GLOREF multivariate features for the 12 UCI datasets. The measure used is the
average gain ratio over the 10 folds on the test sets (Equation (6.1)).
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Best Best GLOREF
Dataset Initial GainRatio %

GR [ x° | Type l Score | Diff (%) | Type | Score l Diff (%)
autos 55 121 | Mul .92 .37 (69%) |Uni 121 -1 (-1 %)
balance-scale A7 0 35 Mul .67 49 (286 %) | Mul 214 179 (519 %)
breast-w .55 148 | Mul .86 31 (57 %) | Mul 174 26 (18 %)
cars 44 56 | Mul .54 A0 (23%) | Mul 75 19 (33 %)
colic 28 36 | Mul .38 10 (36 %) | Mul 47 11 (31 %)
credit-a 42 96 | Mul A7 .05 (12 %) | Mul 109 13 (14 %)
diabetes A8 52 | Mul .30 12 (64 %) | Mul 80 28 (53 %)
glass 80 76 |Mul .98 17 (21%) |Mul 148 72 (96 %)
heart-statlog 35 32 | Mul .59 24 (68 %) | Mul 47 15 (47 %)
hepatitis 33 15 | Mul .55 22 (65 %) Uni 22 7.3 (48 %)
ionosphere 50 57 | Mul .73 22 (44 %) [ Mul 76 19 (34 %)
liver .05 4.2 | Mul 31 .26 (482 %) | Mul 24 20 (475 %)

Table 6.6: Comparison of best initial and best Global GLOREF features based on gain

ratio and the x? measures for the UCI datasets.

different. We notice an increase in the global relevance of 96% for the Glass dataset followed
by rises between 14% to 53% for 8 of the remaining ones, and finally, a decrease of .1%
for the Autos dataset. As mentioned earlier, all positive results are statistically significant
while the difference in x? between the best initial attribute and the best GLOREF feature
for the Autos dataset is not significant.

Although the two measures do not report identical improvements in global relevance,
they are fairly consistent. This is verified by the similitude of patterns in corresponding
charts from Figures 6.4 and 6.5. There are only 3 datasets out of 12 where the two measures
appear to differ, these are: the Autos, the Hepatitis, and the Glass datasets. For the Autos
and Hepatitis datasets, the gain ratio measure reports larger increases in global relevance
than the x? measure and vice versa for the Glass domain. In summary, the concordance
between the two measures and the large increases observed in many domains make it clear
that the GLOREF approach achieved the objective of producing highly globally relevant
features. The next section considers the impact of these new globally relevant features on

the accuracy.
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Accuracies with GLOREF features vs initial attributes (UCI datasets)

(a) All results (b) Significantly different results only
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Figure 6.6: Figure (a) shows the accuracies using GLOREF features and initial attributes
versus accuracies with initial attributes only for all experiments with UCI datasets. Figure

(b) presents only the results where the difference in accuracy is significant.

6.4.2 Accuracies with GLOREF features vs initial attributes

For consistency, we shall discuss the effects of the new features on accuracy by following
the same steps as in Section 6.3.2. That is, we first consider all results combined and then
we specialize the analysis by dataset and by learning system.

The detailed results for the experiments involving the UCI datasets are provided in
Tables C.13 to C.24 in Appendix C.1. These tables have six columns, which have been
described in the beginning of Section 6.3.2. For convenience, we condense the average
differences in accuracy for all experiments into Table 6.7. This table also provides the
percentage of increase (or decrease) in accuracy between the best model using only the
initial attributes and the best model using also the GLOREF features. As noted by the
NAs in this table, there is no result with the SMO classifier for 6 datasets. This is because
these datasets are multi-class problems and the implementation used could only handle

binary learning tasks.
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GLOREF vs initial attributes by dataset

Accuracy improvement Significantly
Dataset . Better Worse Equal

Avg Std Min Max Better Worse
AUTO 1.80 6.13 -58 17.7 6 5 0 1 0
BALANCE-SCALE 16.0 147 -3.7 44.2 9 2 0 9 1
BREAST-W 6.48 18.2 -1.0 61.2 9 2 0 3 0
CARS 1.20 4.92 -5.6 9.67 6 5 0 2 0
COLIC 0.75 987 -46 31.7 2 10 0 1 0
CREDIT-A 1.59 5.15 -14 17.1 5 6 1 2 0
DIABETES 3.60 857 -91 30.3 9 3 0 1 0
GLASS 1.95 548 -4.1 129 5 6 0 2 0
HEART 500 9.62 -3.0 33.7 9 3 0 2 0
HEPATITIS -06 238 -3.8 3.25 5 6 0 0 0
IONOSPHERE 1.77 419 -6.0 9.97 8 4 0 2 1
LIVER .71 528 -1.7 16.3 10 2 0 5 0
All 3.79 954 -6.0 61.2 83 54 1 30 2

Table 6.8: Comparison, by dataset, of accuracies between models with GLOREF features

and models with initial attributes only for the real world datasets from UCI.

Figure 6.6 illustrates the results for the UCI datasets. The figure on the left side (Fig-
ure 6.6 (a)) includes all the results while the one on the right side (Figure 6.6 (b)) includes
only the experiments with a statistically significant difference in accuracy between the best
model using the GLOREF features and the best model using the initial attributes only.
As explained in Section 6.3.2, the points located above the diagonal line indicate that the
GLOREF features have had a positive effect on accuracy and vice versa.

Most of the points in Figure 6.6 (a) are located above the reference line but many of
them appear very close to the line. Considering only the statistically significant results as
shown in Figure 6.6 (b) clarifies the situation. From this figure, we recognize the benefits
of the GLOREF fcatures since there are many more points above the reference line than
below it. Moreover, the only two points showing negative effects are much closer to the
diagonal line than many of the points showing positive effects. This demonstrates that the

overall positive effect largely surpasses the negative one.
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Table 6.8 summarizes the results by dataset. The format of this table has been explained
in Section 6.3.2. The improvement in accuracy varies from -0.6 (Hepatitis) to 16.0 (Balance-
scale) with an overall average of 3.79. As expected, the standard deviations are relatively
high which means that the actual improvements vary between the learning systems applied.
For 11 out of 12 datasets, there is at least one experiment in which the use of the GLOREF
features degraded the accuracy. In the worse case, the accuracy decreased by 6.0. On the
other hand, we observed improvements in accuracy due to the use of the GLOREF features
for all domains with maximal increased between 3.25 and 61.2.

From the 1382 experiments performed, the GLOREF features increased the accuracy
in 83 experiments (~60%), decreased the accuracy in 54 experiments (~39%), and did
not affect the accuracy in 1 experiment (=.7%). When considering only the statistically
significant differences, we find that the GLOREF features improved the accuracy in 30
experiments (~~22%) while reducing it in only 2 experiments (~1.4%). The high propor-
tion of statistically significant positive results demonstrates the usefulness of the GLOREF
approach in real-world applications of machine learning.

As observed with the artificial datasets, there is a link between the improvements in
accuracy and the increases in global relevance between the best GLOREF feature and best
initial attribute (Table 6.6). For instance, the two datasets with the highest increases in
global relevance (i.e., the Balance-scale and Liver dataset) also lead to important increase in
accuracy. Also consistent with earlier results, there are cases for which the improvements in
global relevance appeared moderate while the gain in accuracy is important. The Breast-w
dataset provides such an example with an improvement in global relevance of 57% and a
gain in accuracy of 6.48.

Table 6.9 presents the results by classifier. As with the artificial datasets, the high-
est positive impacts has been observed with the HyperPipes classifier with an increase
of 21.4. The following classifiers in decreasing order of average accuracy improvement
are: DecisionStump (5.90), OneR (5.29), SMO (2.80), NaiveBayes (2.76), IB1 (2.34), De-
cisionTable (1.69), PART (1.61), KernelDensity (0.67), J48 (0.42), BoostingDT (0.16), and
BaggingDT (-0.04). This order is similar to the ones obtained with the artificial datasets
but there is one exception: the SMO classifier which went from the least influenced with
the artificial datasets to the fourth most influenced with the UCI datasets. This might be
related to the fact that the SMO classifier has been applied to only 6 datasets instead of
12 (i.e., only the two-class problems). Like before, the standard deviations are relatively im-

212 datasets * 12 learning systems - 6 multi-class datasets for which the SMO classifier did not work =
114 experiments.



6.4. UCI DATASETS 134

GLOREF vs initial attributes by classifier

Classifier Accuracy imprf)vement Better Worse Equal Significantly
Avg Std Min Max Better Worse
BaggingDT -04 4.08 -3.8 112 6 6 0 1 0
BoostingDT 0.16 4.87 -4.1 146 4 8 0 1 0
DecisionStump  5.90 8.77 -.45 32.5 10 2 0 2 0
DecisionTable 1.69 581 -35 16.3 6 6 0 2 0
HyperPipes 21.4 196 -6.0 61.2 10 2 0 10 1
IB1 234 257 -1.9 7.19 9 2 1 1 0
J48 0.42 477 -b6 129 5 7 0 1 0
KernelDensity  0.67 3.73 -5.8 6.30 5 7 0 1 0
NaiveBayes 2.76 478 -3.7 107 9 3 0 4 1
OneR 529 932 -1.3 325 7 5 0 5 0
PART 1.61 349 -46 9.14 8 4 0 1 0
SMO 2.80 6.85 -3.0 16.3 4 2 0 1 0
All 3.79 954 -6.0 61.2 83 54 1 30 2

Table 6.9: Comparison, by classifier, of accuracies between models with GLOREF features

and models with initial attributes only for the real world datasets from UCI.

portant which indicates that the extent of the improvements varies over the various datasets.
Concentrating on the significantly different results, we realize that all learning systems have
been positively affected by the GLOREF features since the number of significantly better
accuracies vary from 1 out of 12 (=10%) to 10 out of 12 (=83%). Only two significantly
negative results have been obtained, one with the HyperPipes and one with the NaiveBayes.

In summary, the experiments with the UCI datasets confirmed the conclusions drawn
from the experiments with the artificial datasets. In particular, the experiments shown
that the GLOREF approach is capable of generating highly globally relevant features and
the use of these features for learning often leads to significant increase of the accuracy.
The gains in accuracy are generally higher with learning systems that strongly rely on
the assumption of attribute independence but many significant gains have been obtained
with more sophisticated systems. The extent of the improvements in accuracy tends to be
proportional to the increase in global relevance between the best GLOREF feature and the

best initial attribute. Finally, we noticed almost no negative results.
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6.5 Comparisons with alternative methods

To complete this study of the feasibility of the GLOREF approach, we will now consider
alternative techniques. We first review how the GLOREF features perform with respect
to the theoretical features as derived in Chapter 3. Then, we contrast GLOREF to PCA
(Principal Component Analysis) and ICA (Independent Component Analysis) which are
two popular statistical techniques used to deal with non-independent attributes. Finally,
we present a case study of the transformations generated by the GLOREF approach for one
of the artificial domains and compare them to the transformations produced by PCA and
ICA techniques.

We note that the theoretical features cannot be generated for the UCI datasets since
they require knowledge that is not available. Therefore, we use only the artificial datasets
to compare with the theoretical features. The PCA and ICA are restricted to continuous
attributes. Among the UCI datasets used, only one has only continuous attributes (all
others datasets have a mix of nominal and continuous attributes). It would be possible to
use these techniques on the continuous attributes only and disregard the nominal attributes
but this may bias the experiment in favor of the GLOREF approach which can use all types
of attributes. To avoid such a bias, we also decided to use only the artificial datasets to
perform the comparative study with the PCA and ICA methods.

6.5.1 GLOREF vs theoretical features

We introduced the theoretical features in Chapter 3 to study the potential improvements
that could be achieved by exploiting information on attribute interactions. This study was
idealized by assuming availability of perfect and complete knowledge of the relationships
between the initial attributes. All theoretical features were derived from this perfect knowl-
edge. The experiments performed showed that using the theoretical features augment the
performances significantly in a variety of situations (i.e., with many learning systems and
datasets). On the other hand, real world applications are rarely (if ever) accompanied
by perfect knowledge about the attribute relationships. Therefore, we needed a technique
that can extract the required information from the data itself. This is what the GLOREF
method is doing. Even if they are not practical, the theoretical features provided an in-
teresting starting point to evaluate realistic approaches such as the GLOREF framework.
Hence, we now compare the results obtained with the GLOREF features with the results

obtained with the theoretical features.
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The experiment follows the methodology presented in Section 6.2, with modifications in

the step ‘Learning the models’. For the current experiment, this step reads:

Learning the models We run the given learning system for the current experiment four

times, varying the input attributes as follow:

1. All initial attributes and all theoretical features.

2. Subset of initial attributes and theoretical features.
3. All initial attributes and all GLOREF features.

4. Subset of all initial attributes and GLOREF features.

All other aspects of the experiments are kept as described in Section 6.2.

The results for this section are provided in Tables C.1 to C.12 in Appendix C.1. The
four columns of interest are: ‘GLOREF All’, ‘GLOREF FS’, ‘Theo. All’, ‘Theo. FS’, and
‘GLOREF vs Theo.” The column ‘GLOREF All’ shows the accuracies and standard devia-
tions when the learning systems use the initial and GLOREF features. Column ‘GLOREF
FS’ provides the accuracies and standard deviations when feature selection is applied on the
initial attributes and GLOREF features prior to learning. For the two columns involving
the theoretical features (‘Theo. All’ and ‘Theo. FS’), only the average accuracies are pre-
sented but the corresponding standard deviations can be found in Appendix B. Finally, the
column ‘GLOREF vs Theo.” indicates the difference in expected accuracy between models
using the GLOREF features and models using the theoretical features. A positive value
indicates that the GLOREF features lead to a higher accuracy than the theoretical features
and vice versa. A star besides a difference indicates statistical significance at the 0.05 level.

Figure 6.7 displays the accuracies from the two sets of features for all experiments. As
before, there is one point for each combination of learning system and dataset for a total of
156 points. The vertical axis stands for the expected accuracy using the GLOREF features
while the horizontal axis represents the expected accuracy with the theoretical features.
Tables 6.10 and 6.11 further summarize the results by dataset and by classifier, respectively.
As shown by these tables, the GLOREF approach and the approach based on perfect
knowledge of the dependencies are highly competitive with a slight advantage in favor of the
theoretical approach. Considering all results combined, we note that the expected average
accuracy using the theoretical features is higher than the expected average accuracy using
the GLOREF features by 0.47. The GLOREF features produced a higher accuracy in 41
experiments out of the 156 (~26%), and 18 of these are statistically significant (11.5%). On
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Accuracies with GLOREF features vs theoretical features
(All artificial datasets, all classifiers)
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Figure 6.7: Accuracies using GLOREF features and initial attributes versus accuracies with

theoretical features and initial attributes.

the other hand, there are 109 experiments (~26%) for which we obtained a better accuracy
with the theoretical features, 24 of these are statistically significant (=15%).

The dataset N2MN is the only dataset for which the theoretical features significantly
outperform the GLOREF features for all classifiers (Table 6.10). This dataset is also the only
one for which the maximally relevant GLOREF feature is a univariate feature (Table 6.1).
For all other artificial datasets, the best GLOREF feature comes from a multivariate trans-
formation. The univariate GLOREF transformation discovered for this dataset is very useful
since it greatly helps improving the performance over the initial attributes (Table 6.3), but
not as good as the theoretical features. We remember that this dataset is somehow unique
since all attributes are relevant (Table 3.1). With all other interaction structures, there
is at least one of the influencing (or explanatory) attribute that is not relevant (i.e., not
directly linked to the class attribute). It appears sensible that the GLOREF approach does
not provide maximal benefits in domains where the initial attributes are already relevant,
but more experiments would be required to further investigate this hypothesis.

As shown in Table 6.11, the classifiers OneR and HyperPipes tend to obtain better per-
formance with the GLOREF features than with the theoretical features. The performance
of these two classifiers is entirely determined by global univariate relevance. The fact that

they perform so well with the GLOREF features clearly demonstrates the ability of the
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GLOREF approach to combine complex information dispersed among several attributes
into a single highly globally relevant feature. This unique ability comes from the inductive
process developed to create the multivariate transformations. The theoretical features are
not trying to combine more attributes than what is specified by the corresponding belief
network and this may limit the total amount of relevant information in any given theoreti-
cal feature. On the other hand, the theoretical transformations optimize the independence
which is particularly useful for an approach such as the NaiveBayes classifier. It is therefore
not surprising to see that the performance of the NaiveBayes classifier is generally better
with the theoretical features than with the GLOREF features.

In conclusion, the experiment described in this section shown that the GLOREF ap-
proach offers a performance that is competitive to an approach based on perfect knowledge
of the attribute interactions across the domains considered. It also helped identify situa-
tions under which the GLOREF features are not as powerful as the theoretical features.
In the following section, we focus on comparison between the GLOREF approach and two

popular statistical techniques.

6.5.2 GLOREF vs PCA and ICA

This section considers two techniques often employed in the field of pattern recognition to
pre-process data in which attribute interactions are expected. The first technique studied is
the Principal Component Analysis (PCA), also named the Karhunen-Loeve expansion. The
second one is the Independent Component Analysis (ICA) method which recently emerged
from research in Neural Networks. Both techniques have been described in Section 2.3.
The ICA and PCA techniques require continuous attributes only whereas the GLOREF
approach is designed to use both continuous and nominal attributes. We did not want this
fundamental difference to interfere in the evaluation process. Consequently, we decided to
limit the experiment to the artificial datasets since they all contain continuous attributes
only. To generate the PCA and ICA features, we used an optional package of the R system
named fastICA. This package implements the FastICA algorithm [Hyvérinen et al., 2001].
The principal components are derived during a pre-whitening operation. In addition to
the initial dataset, the function requires the user to specify the number of components to
be extracted. We followed a common rule in practical applications of ICA by setting this
number to the minimal number of principal components that would be required to account
for more than 95% of the variability in the given dataset. We did not set any of the optional
arguments except that we forced the algorithm to stop the optimization after 200 iterations

regardless of the level of convergence achieved. This additional criteria did not affect our
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GLOREF vs theoretical features by dataset
Dataset Accuracy impr‘ovement Better Worse Equal Significantly
Avg Std Min ax Better Worse
N1F1 238 6.38 -1.7 21.3 4 7 2 3 0
NIMN -22 333 -42 6.80 4 1 2 0
N2F1 095 188 -1.0 6.00 9 4 0 3 0
N2MN -8.3 4.68 -13 1.80 1 12 0 0 11
N3F1 0.80 2.00 -.90 4.80 6 6 1 3 1
N3MN 235 5.63 -3.0 187 10 3 0 3 0
N4F1 -1.7 1.7 -6.6 -30 0 13 0 0 7
N4MN -35 042 -1.0 0.70 1 11 1 0 1
N5F1 -1.3 229 -39 5.80 1 12 0 1 2
N5SMN -48 0.26 -1.3 -.20 0 13 0 0 2
N6F1 -95 210 -3.1 5.50 1 12 0 1 1
N6MN 1.23 531 -38 173 4 8 1 2 1
All -47 438 -13 213 41 109 6 18 26

Table 6.10: Comparison, by dataset, of accuracies between models with GLOREF features

and models with theoretical features for the artificial datasets.

experiments since the procedure converged with all datasets in less than 200 iterations.

We followed the methodology described in Section 6.2 with two simple modifications.

First, we also ran PCA and ICA in the step named ‘feature generation’ to produce the

the corresponding features. Second, we added the following feature sets to the step named

‘Learning the models’:

1. All initial attributes and all PCA features.

2. Subset of all initial attributes and PCA features.

3. All initial attributes and all ICA features.

4. Subset of all initial attributes and ICA features.

All other aspects of the methodology are kept as described in Section 6.2. The detail results

for these sets of features are provided in Tables C.25 to C.36. The format of these tables is

similar to the other tables in Appendix B, described in Section 6.3.2.
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GLOREF vs theoretical features by classifier

Dataset Accuracy improvement Better Worse Equal Significantly

Avg Std Min Max Better Worse
BaggingDT -95 1.87 -6.6 0.50 1 9 2 0 1
BoostingDT -43 132 -38 1.80 3 9 0 0 1
DecisionStump  0.93 4.45 -84 7.20 6 6 0 5 2
DecisionTable -1.4 3.04 -10 1.00 4 8 0 0 2
HyperPipes 573 9.63 -13 213 9 3 0 8 3
IB1 -1.5 3.00 -11 0.20 3 9 0 0 2
IB5 -1.8 330 -12 0.00 0 11 1 0 2
J48 -1.4 249 -87 0.30 3 8 1 0 1
KernelDensity -1.5 3.03 -11 0.10 2 10 0 0 1
NaiveBayes -3.1 350 -13 -.40 0 12 0 0 7
OneR 1.51 4.84 -87 8.30 6 5 1 5 2
PART -1.5 277 -98 1.10 2 9 1 0 1
SMO -66 127 -45 0.40 2 10 0 0 1
All -47 438 -13 213 41 109 6 18 26

Table 6.11: Comparison, by dataset, of accuracies between models with GLOREF features

and models with theoretical features for the artificial datasets.

Figure 6.8 summarizes the usefulness of the PCA and ICA features on the accuracy.
The figure on the left displays the accuracy for the models involving the PCA features
versus the accuracy for the corresponding models built from the initial attributes only. The
figure on the right presents the same information but for the ICA features versus the initial
attributes. Both approaches generally improve the accuracies but the gains with the ICA
features are more important than with the PCA features.

Figure 6.9 contrasts the usefulness of the GLOREF features versus the PCA and ICA
features. As shown by Figure 6.9 (a), the GLOREF approach is clearly superior to the PCA
technique. However, the ICA technique appears to be more competitive since most of the
points are located near the diagonal reference line. To help compare the results between
the GLOREF and ICA features, we provide a summary by dataset in Table 6.12. As shown
by the last line in this table, the average accuracy with the GLOREF features is 1.64

higher than the average accuracy with the ICA features. The largest differences in accuracy
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Accuracies with ICA and PCA features vs initial attributes

(ANl artificial datasets, all classifiers)
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Figure 6.8: Figure (a) shows the accuracies using PCA features and initial attributes versus
the accuracies with initial attributes only. Figure (b) shows accuracies using ICA features
and initial attributes versus accuracies with initial attributes only. Results are for all

artificial datasets and all classifiers.

improvement vary from 8.7 in favor of the ICA technique to 32.2 in favor of the GLOREF
approach. Out of the 156 experiments, the GLOREF features produced a higher accuracy
in 74 cases (~47.4%), the ICA features lead to a higher accuracy in 75 cases (~48%), and
we observed no difference in the remaining 7 cases. The clearest distinction between the two
techniques comes from the analysis of significance which favors the GLOREF approach with
the 48 significantly better cases versus 18 significantly better cases for the ICA technique. It
is interesting to note that the GLOREF approach is systematically better on some datasets
such as N4F1 and N5MN. We do not have any explanation for the relatively low performance
of ICA on these datasets.

In conclusion, the results of our experiments suggest that the GLOREF approach can
generate features that are more adequate for machine learning than two commonly used
statistical techniques. Moreover, it is important to remember that the GLOREF approach is
also adequate in applications with a mixture of nominal and continuous attributes while the

PCA and ICA can only handle continuous attributes. On the other hand, we recognize that
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Accuracies with GLOREF features vs with ICA and PCA features
(All artificial datasets, all classifiers)
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Figure 6.9: Figure (a) shows the accuracies using GLOREF features versus the accuracies
with PCA features. Figure (b) shows accuracies using GLOREF features versus accuracies

with ICA features. Results are for all artificial datasets and all classifiers.

the 12 artificial datasets considered may not be representative of a significant proportion of
the real world datasets. Consequently, we think that more experimentations with real world
datasets are required to better characterize the performance of the GLOREF approach with
respect to the PCA and ICA techniques.

6.6 A case study

We now turn our attention to a specific case study to further illustrate the behavior of the
GLOREF approach. The selected case is based on the N6MN dataset. This is the dataset
for which the GLOREF technique realizes its maximal improvement in accuracy. This high
improvement in accuracy is directly related to an automatically derived transformation that
involves attributes X7, X3, and X7. As shown in Table 3.1 (see the belief network named
N5), the NSMN dataset has been designed such that X; and X3 jointly reduce the relevance
of X7. It this section, we will review how the GLOREF technique automatically discovered

this relationship and constructed a transformation that cancels its negative effects. We use
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GLOREF vs ICA features by dataset

Accuracy improvement Significantly
Dataset Better Worse Equal

Avg Std Min Max Better Worse
N1F1 458 861 0.00 322 11 0 2 5 0
N1MN 0.28 246 -2.0 7.70 7 2 1 0
N2F1 -17 087 -1.0 2.30 3 9 1 1 0
N2MN 4.75 2.01 0.90 7.60 13 0 0 11 0
N3F1 -44 0.63 -14 1.40 1 12 0 0 2
N3MN -57 473 -34 149 1 12 0 1 0
N4F1 555 6.68 -1.2 268 12 1 0 11 0
N4MN -67 036 -1.1 -.10 0 13 0 0 8
N5F1 092 504 -44 164 5 6 2 1 2
N5MN 529 493 -20 21.0 12 1 0 12 0
N6F1 322 735 -3.2 266 11 2 0 4 0
N6MN -29 352 -87 4.70 1 12 0 1 6
All 1.65 5.33 -87 322 74 75 7 48 18

Table 6.12: Comparison, by dataset, of accuracies between models with GLOREF features
and models with ICA features for all artificial datasets.

relevance graphs and scatter plots to help illustrate the progression towards the discovered
solution. We need to consider three transformations; two univariate transformations and one
multivariate transformation. Finally, we will apply the learned multivariate transformation
model to an independent test dataset and contrast the results with the best ICA and PCA
features available for the same data.

For the example in this section, we use 70% (700 instances) of the initial NSMN dataset
to learn the transformation models. For evaluation, we apply the learned models to the
remaining 30% (or 300 instances). All the graphs shown to illustrate the usefulness of the
transformations rely on the evaluation dataset only. As explained in Section 4.2.3, the
analysis of relevance needs to discretize the numerical explanatory attributes X; and X» in
order to analyse their effects on the relevance of X;. In the relevance graphs and equations,
we refer to the discretized version of X7 and Xy as X1 _discretized and X2_discretized,
respectively. However, in the main text, we simplified the presentation by using only X;
and X, whether we are referring to the discretized version or the initial one. We used the

same width interval discretization technique with five bins (Section 4.2.3).



6.6. A CASE STUDY 144

Relevance and scatter graphs for X7 vs X1 and X7 vs X2
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Figure 6.10: Relevance graphs and scatter plots showing the relations between the response
attribute X7 and the two explanatory attributes X; and X5 in domain N5MN.

The initial situation is displayed in Figure 6.10. The two relevance graphs at the top
show the effects of X7 and X9 on the relevance of X7. We can see that both X7 and X»
negatively affect the relevance of X7 by causing a misalignment of the most relevant cut
points (Section 4.3.3). The relevance graph for X3 is particularly convincing since it shows
a high potential for a transformation of X7. The two scatter plots at the bottom illustrate
the lack of separability in the initial attribute space.
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Graphs for univariate transformation of X7 based on X1
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Figure 6.11: Relevance graphs and scatter plots showing the relations between the univariate
GLOREF feature Z; and the two explanatory attributes X; and X5 in domain N5MN.

The search for univariate transformations automatically generates a new features Z
for each pair of attributes (Section 5.2). Adopting the notation of Chapter 5, we use
Z1 =I'(X 1 discretized, X7; 1) to represent the transformation based on X; and X7, and
we use Zy = ['(X2_discretized, X7;€)2) for the transformation based on X5 and X7, where
Q; and €y are the sets of parameters optimized by the search procedure. For the example
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Graphs for univariate transformation of X7 based on X2
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Figure 6.12: Relevance graphs and scatter plots showing the relations between the univariate
GLOREF feature Z; and the two explanatory attributes X; and X, in domain N5MN.
considered, the solutions found by the GLOREF univariate search procedure are

1 = {0.0,12.46, 34.81, 41.50, 49.63, 58.38}

and
Q9 = {0.0, —1.25,18.11, 38.14, 54.83, 66.03}
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Substituting in Equation (5.2), we have

Zy = (X1 discretized, X7; Q1 = {0.0,12.46, 34.81,41.50,49.63, 58.38})

(X, 400  if X1 discretized = ?
X7+12.46 if X1 . discretized =0
X7+ 3481 if X1 discretized =1
X7+ 4150 if X1 discretized = 2
X7+ 49.63 if X1 discretized = 3

\X7 + 58.38 if X1 discretized = 4

and

Zy = T(X2.discretized, X7;Q = {0.0, —1.25, 18.11, 38.14, 54.83, 66.03} )

(X7 + 0.0 if X2 discretized = 7
X7+ —1.25 if X2 discretized =0
X7+ 18.11 if X2 discretized = 1
X7+ 38.14 if X2 discretized = 2
X7+ 54.83 if X2 discretized = 3
kX7 +66.03 if X2 discretized = 4

Since the initial explanatory attributes (X; and X3) are continuous, we applied a smoothing
transformation while computing the values for Z; and Za (Section 5.4.3). The usefulness
of the new features Z; and Z, can be assessed through Figures 6.11 and 6.12, respectively.
Figure 6.11 reveals that Z; strongly interacts with X, and also discloses the discriminative
power of the data. Symmetrically, Figure 6.12 reveals a strong relationship with X; as well
as the discriminative power of the data.

In the first phase of the search for multivariate relationships (Section 5.3), the GLOREF
approach combines all pairs of univariate transformations. This leads to a new multivariate
feature Z3 = I'({ X 1_discretized, X2_discretized}, X7;€13). The exact definition found by

the system for the example considered is:
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Z3 = T'({X1.discretized, X2 _discretized}, X7;Q3)

X7 +0.00 if X1_discretized = 7 or X1_discretized = 7
X;+17.890  if X1 discretized = 0 and X2_discretized = 0
X, +31.87 if X1 discretized = 0 and X2_discretized = 1
X, +48.76  if X1 discretized = 0 and X2_discretized = 2
X7 +6825 if X1 discretized = 0 and X2_discretized = 3
X7 +79.74 if X1 _discretized = 0 and X2 _discretized = 4
X7 +27.30 if X1 discretized = 1 and X2 _discretized = 0
X7 +41.28 if X1 discretized = 1 and X2 discretized = 1
X7 +58.17 if X1 discretized = 1 and X2 discretized = 2
X7+ 7766 if X1. discretized = 1 and X2_discretized = 3
X7 +89.15 if X1. discretized = 1 and X2 discretized = 4
X7 +31.92 if X1 discretized = 2 and X2_discretized = 0
X7 +45.90 if X1 _discretized = 2 and X2_discretized = 1
X7 +62.79 if X1 discretized = 2 and X2_discretized = 2
X, 48228 if X1_ discretized = 2 and X2 _discretized = 3
X7 +93.77 if X1 discretized = 2 and X2_discretized = 4
X, +43.08 if X1 discretized = 3 and X2_discretized = 0
X7 +57.06 if X1 discretized = 3 and X2_discretized = 1
X, 47395 if X1_ discretized = 3 and X2_discretized = 2
X7 +93.44 if X1 discretized = 3 and X2 _discretized = 3
X7 +104.93 if X1 discretized = 3 and X2 discretized = 4
X7, +54.65 if X1 discretized = 4 and X2 discretized = 0
X, +68.63 if X1 discretized = 4 and X2_discretized = 1
X7 +85.52 if X1 discretized = 4 and X2 discretized = 2
X7 +105.01 if X1 discretized = 4 and X2_discretized = 3
| X7 +116.50 if X1 discretized = 4 and X2 discretized = 4

Figure 6.13 displays the smoothed values obtained from this transformation. Clearly, the
new feature Z3 has a very high discriminating power and the initial X; and X5 attributes
are no longer affecting the relevance of Zs.

To complete the example, we computed the principal components as well as the inde-
pendent components from the same training set of 700 instances. Then, we applied all
the transformation models (GLOREF, ICA, and PCA) to an additional dataset with 1000
novel instances from the same distribution. Figure 6.14 shows the best principal compo-
nent obtained, the best independent component obtained, and the best GLOREF feature
obtained (Z3) versus the initial attributes X and Xs. It is clear that all methods reduced
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Graphs for multivariate transformation of X7 based on X1 and X2
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Figure 6.13: Relevance graphs and scatter plots showing the relations between the response
attribute X7 and the two explanatory attributes X; and X5 in domain N5MN.

the dependency since the initial relationship between X7 and X5, shown in Figure 6.10, is
no longer noticeable. However, the effects of the three methods on class separability are
very different. The PCA technique had no positive repercussion, the ICA technique helped
somewhat whereas the GLOREF approach greatly increased the separability by producing
a near perfect solution.
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Figure 6.14: Scatter plots of the best PCA, ICA, and GLOREF features versus the explana-
tory attributes X; and X5 from domain N5MN.
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6.7 Limitations

This section discusses issues with the proposed experimental study and limitations of the
GLOREF approach.

6.7.1 Human involvement and interaction with the relevance graphs

All experiments involved in this chapter have been automated. This automation made it
possible to investigate the feasibility of the GLOREF approach in a variety of domains with
a rigorous methodology. On the other hand, by automating the process we disregarded
the potential benefits of an important contribution of this research: the relevance graphs,
presented in the second half of Chapter 4.

One of the advantages of the relevance graphs is to allow the researcher to converge
towards a solution by potentially avoiding many non-essential steps. For instance, in the
example considered in the previous section, a quick look at the relevance graphs among
the initial attributes would have indicated the need for a transformation between X7 and
Xo. Following this step, the need to jointly consider X; would have become clear. After
considering the excellent performance obtained by transforming X, for the joint effects
of X and Xy, the researcher would have probably decided to interrupt the search for
other transformations. This means that we could have limited the search for univariate
transformations to two pairs of attributes (X7 versus X; and X7 versus Xs) as opposed
to the 363 pairs for the automatic approach. Moreover, many computationally expensive
multivariate optimizations would have been avoided.

Allowing the user to interact with the relevance graphs might also increase the likelihood
of detecting anomalies during the analysis. For instance, the GLOREF method is expected
to be sensitive to the discretization rules used to partition the data based on numerical
explanatory attributes (Section 4.2.3). Moreover, the classical discretization algorithms
used in machine learning research are not necessarily optimal for the GLOREF approach.
In our experiments, we tried to minimize the risk of using a inappropriate discretization
schema by systematically discretizing all numerical attributes with two methods (equal-
width and equal-frequency (Section 4.2.3)). The consequence of this choice is an exponential
increase in the number of pairwise interactions to consider during the search for univariate
transformations (Section 5.2). Moreover, there is no guarantee that either of these two
methods was appropriate for the domains considered, nor can we guarantee that the number

of bins selected was optimal. Accordingly, although we obtained highly positive results with

3the number of pairs from the initial 9 attributes
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a majority of the datasets, we are not sure that any of these results are optimal. In a more
typical Data Mining application in which the user is interested to build models for a given
dataset (and not for 24 datasets), it would be desirable to use the relevance graphs to
confirm the appropriateness of the discretization used. This may help improve the results
further.

Finally, the GLOREF approach can make use of incomplete domain knowledge about
attribute interactions. For instance, instead of proceeding with a search for all pairs of
response-explanatory attributes, the user could provide to the system an initial list of at-
tributes that are likely to interact. This allows the user to efficiently test initial hypotheses
about the relationships in the data. Furthermore, since the search size is exponential in
the number of attributes, even a simple reduction in the number of attributes could greatly
reduce the required time for the analysis. The current implementation allows the user to
provide such a list of candidate attributes but the experimentation discussed in this chapter

did not rely on this ability.

6.7.2 Time complexity

In Chapter 5, we discussed the complexity of the algorithms presented but the empirical
evaluation presented in the current chapter is lacking information about running-time. The
difficulty of extracting meaningful running-time information with the current implementa-
tion prevented us to perform an analysis of the running-time. The principal difficulty comes
from the fact that we implemented the automatic approach as a wrapper around the system
to visualize the relevance graphs. Consequently, during the searches for optimal sets of pa-
rameters, the system was continuously maintaining the complex data structures required to
display the relevance graphs. Approximations obtained while profiling the system on small
datasets suggested that around 60% of the time was spend in activities related to visual-
ization. We are planning to decouple the search for transformations from the visualization
functionality and then re-evaluate the running-time information.

The only time information measured during the experimentations is the total time re-
quired to process a given fold for all classifiers. This total time includes the following

operations:
e Reading of the training and test data for the current fold
o Discretization

e Generation of the GLOREF features on the training data



6.7. LIMITATIONS 153

Apply feature selection to generate the various feature subsets

Build the models for all classifiers and feature subsets

Apply the GLOREF transformations to test data

Evaluate the performance of all models built

e Save the results

Table 6.13 presents, for the artificial datasets, the total time information along with infor-
mation on the size of the search performed by the GLOREF approach. Each line presents
the results for one of the six dependency structures studied (Section 3.4). We have grouped
the datasets by dependency structure to avoid duplication of the information®. The sec-
ond column provides the number of initial attributes. The third column gives the average
running-time per fold (covering all operations mentioned above). Finally, the fourth and
fifth columns provide approximation for the numbers of univariate and multivariate trans-
formations considered by the GLOREF approach. The number of univariate transformation
is

num_inital_att * (2 x num_inital_att — 2) (6.2)

This formula takes into account the fact that we generated two discretized attributes for each
initial continuous attribute as well as the exclusion of pairs response-explanatory involving
a single attribute (e.g., 1 vs zl_discretizedl and z1 vs z1_discretized2). To evaluate the
number of multivariate transformations we considered the fact that all searches stopped
after the second layer and we assumed that exactly 10 multivariate features were provided
as input to the second layer. This last assumption complies with the average number of
input features observed across all experiments with the artificial datasets. Therefore, the

formula used to approximate the number of multivariate features is

Cgum_univ_features + 0120 (63)

where C7, stands for the number of combinations of n features taken r at a time.

With the current implementation, we evaluate that the GLOREF related operations
account for approximatively 50% of the total time spent in a given fold. The remaining
50% was required to perform the other operations mentioned above. Accordingly, to obtain

the time for the GLOREF procedure alone, one would need to divide the running-times

4The difference in running times for the two datasets (functional and stochastic) for a given interaction
structure happen to be very small.
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Approx number

Num initial Avg time per .
Datasets . . of transformations
attributes fold (min) . )
Univar Multivar
nlfl and nlmn 4 11.20 24 321
n2f1 and n2mn 4 8.89 24 321
n3fl and n3mn 6 42.71 60 1815
n4fl and n4mn 5 33.05 40 825
n5f1 and n5mn 9 61.38 72 2601
n6fl and n6mn 9 50.45 72 2601

Table 6.13: Running-time information for the artificial datasets along with information
about the complexity of the GLOREF search.

provided in Table 6.13 by two. This leads to running-times that are approximately 10
times slower than the C4.5 system for the same datasets. This is significantly faster than
training a Neural-Network with the standard back-propagation algorithm. Nevertheless, as
mentioned above, we plan to increase the performance by removing the dependencies in our
implementation between the automatic search and the visualization module. Also, we plan

to investigate a parallel version of the algorithm to exploit commodity computer clusters.

6.7.3 Adding versus replacing features

Throughout the dissertation, we focused on the extension of the initial representation by
adding new globally relevant features to the initial attributes. An alternative approach is to
replace the initial attributes by the new ones or replace some of them. Some recent construc-
tive induction systems integrate the feature selection with the generation approach [Bloe-
dorn, 1996; Hu, 1999]. The GLOREF approach also uses feature selection as an internal
mechanism to control the size of the feature space when generating the multivariate features
but never to the extent of removing any of the initial attributes.

The reason for not attempting to directly replace the initial attributes with the new
features is simple. Our approach is meant to be an additive approach that adds power
to the representation by addressing a very specific issue; the attribute interactions that
reduce the relevance. As shown through various examples, we intentionally ignore certain
types of interactions that do not deteriorate the relevance. Similarly, we do not attempt to

exploit any information from the attributes that do not interfere with the global relevance of
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the attributes. As a result, the new features produced by the GLOREF approach may not
capture the totality of the information contained in the initial representation. Systematically
removing all initial attributes would probably lead to important loss of useful information in
many applications. The user might also leave some of the interactions and initial attributes
intact, for their own reasons (e.g., because the attributes are important as they are in the
business process). The proposed approach respects such choices by not forcing a replacement
of the initial representation.

On the other hand, it is true that the GLOREF approach does not fully resolve the
problem of building an appropriate representation for learning since some of the initial
attributes might be irrelevant and the GLOREF approach do not remove them. This
explains why all of the experiments performed included a feature selection step as part of
the learning process. This additional step could have been avoided if the GLOREF solution

would have completely handled the problem of data re-representation.

6.7.4 Types of interactions that cannot be handled by the proposed trans-
formations

The results provided strong empirical evidences that the proposed transformations are use-
ful in increasing the accuracy of many learning systems. On the other hand, one can find
examples of interactions for which the proposed transformations are not optimal. We pro-
vided such an example in Section 4.3.3 (Figure 4.8). Figure 6.15 re-displays the example
with additional details about compatibility information. We observe that the most relevant
cut points from the two partitions are aligned on the same threshold (T'=50), but they are
incompatible. This causes a null global relevance. The best that can be done with the given
set of transformations is to position the most relevant cut points in such a way that they
do not interact anymore. Figure 6.16 illustrates such a transformation. Although we notice
an improvement in global relevance, the transformation is not optimal.

A better alternative would be to resolve the incompatibility using a mirror transforma-
tion through a set of points. Formally, let us define a new feature Z produced by a mirror

transformation as

(v — g dist2(41,Y)  if X = X(1)

Y — ¢odist2(¢he,Y) if X = X(2)

Z=A(X,Y;®,0) = | (6.4)

Y — ¢ dist2(¢m,Y) if X = X(m)
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Figure 6.15: Example of an interaction where the most relevant cut points are incompatible.

where

dist2(y,Y) = 2(¢ — Y) (6.5)

and the parameters ® = {¢1,02,...,¢m} and ¥ = {91,199, ...,9¥n} are real numbers.
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Figure 6.16: Best transformation that can be found by the GLOREF approach for the
example presented in Figure 4.8.



6.7. LIMITATIONS 158

oo L
& % %
% Y ¥
X # b4
4% %%
g X % %
= - b
8 X)z X’S& X’%c
!l;.I N QX xx )(x
2 4 7 RS
| ¥
N x o
<4 X % %
1 ¥ S
X 4 4
101¢ i g
by X 4
I I 1 I I | I I
Global ? 0 1
v2_group

Figure 6.17: Illustration of the effects of the mirror transformation for the example pre-
sented in Figure 6.15.

To illustrate, let us define a new feature Z for the example above such that

Z = A(vs,v1;0.0,1.0, 0.0, 50.0) (6.6)

_ Jv1—00 dist2(0.0,Y)  if vg =0 6.7)
vy — 1.0dist2(50.0,Y) if vy =1’ '

This mirror transformation does not affect the values in the first group (va =‘0’) but causes
a flipping of all values in the second group (v2 =‘1") around the threshold 50. This flipping
inverts the distribution characteristics A; and )z for all points in the second group. As a
results, all points are now compatible across the two groups (Figure 6.17). This leads to an
optimal global relevance.

The example above illustrates that the GLOREF approach is not optimal with respect
to all kinds of interactions. However, one needs to recognize that adding support for addi-
tional transformations, such as the mirror transformation defined above, requires a thorough
analysis since any such additions may introduce other complications (e.g., How to adapt
the search procedure to multiple forms of transformations? What would be the behavior in
multi-class problems? How to handle missing values? How the new transformation would
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interfere with the smoothing operation? What would be the impact on the performance?)
These are important issues that could be addressed in future work to enhance the power of
the GLOREF approach.

6.8 Summary

This chapter discussed a set of experiments to evaluate the feasibility of the GLOREF ap-
proach. We first described the methodology. The experiments covered the synthetic datasets
introduced in Chapter 3 and 12 real-world datasets from the UCI repository. We analyzed
the global relevance of the GLOREF features using the gain ratio and x? measures. Ac-
cording to both measures, the GLOREF approach succeeded in generating globally relevant
continuous features. Adding the new features to the initial data representation significantly
increased the accuracy for a large number of domains and classifiers. We compared the
results obtained with the GLOREF features and the results obtained using the theoretical
features discussed in Chapter 3. Overall, the results obtained with the GLOREF features
are comparable to the ones obtained with the theoretical features. This demonstrates that
the GLOREF approach can compete with features derived from perfect knowledge of the
attribute interactions. We also compared the results with two other general pre-processing
techniques (PCA and ICA). The GLOREF features largely surpassed the PCA features in
improving the accuracy. The GLOREF features also appeared superior to the ICA features.
We presented a case study in which we illustrated, through a series of relevance graphs and
scatter plots, the successive transformations that lead to one of the globally relevant fea-
tures produced by the GLOREF approach. We completed the chapter by discussing the
limitations of the GLOREF approach and the experiments performed.



Chapter 7
Conclusion

This final chapter has 3 sections. The first one offers a summary of the dissertation, the
second one discusses the main contributions, and the third one suggests areas for future

research.

7.1 Summary

This research is about improving the performance of learning systems on datasets character-
ized by attribute interactions. In Chapter 1, we used two examples to show how attribute
interactions may reduce the global relevance of the initial attributes. For each example,
we proposed a transformation that removes the negative effects of the initial interactions.
These transformations illustrated the potential benefits of globally relevant features. We
provided the context for this research by proposing a classification of possible solutions to
address the problem of learning with attribute interactions. We listed the contributions of

the dissertation and presented the thesis statement:

Augmenting the data representation with globally relevant continuous features,
derived from the analysis of interactions between nominal and continuous at-
tributes (or only between continuous attributes), improves the performance of

several learning systems.

Chapter 2 reviewed related work. Following the classification structure introduced in the
first chapter, the review of literature covered two types of solutions: enhancements of exist-
ing learning approaches independent of the data representation, and constructive induction
techniques. The discussions on enhancements proposed outside the area of constructive
induction included advanced feature selection mechanisms in decision trees as well as ex-
tensions to the naive-Bayes classifier. Regarding the constructive induction approaches, we
first reviewed the related work on contextual normalization. Then, we presented several
constructive induction systems according to the role of attribute interactions during the

search for new features. Our review of constructive induction also included techniques that
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have been developed in the related fields of pattern recognition and statistics. The analysis
of existing techniques showed a lack of pre-processing methods that can generate continuous
attributes optimized for classification tasks. We also noticed that the current tools are very
limited with respect to user interactions.

Chapter 3 commenced the investigation of the thesis statement by proposing an idealized
experimental study to evaluate the potential benefits of globally relevant features. The study
is based on 12 synthetic datasets with pre-determined types of attribute interactions. We
explained two general techniques that we have developed to generate synthetic datasets with
functional and stochastic attribute interactions given any dependency structures specified
by a belief network. Assuming perfect knowledge of the interactions, we explained how to
compute globally relevant features for such data. We named these new features theoretical
features to emphasize the fact that they are derived from perfect knowledge of the initial
attribute interactions. We evaluated the potential benefits of the theoretical features by
comparing the accuracy of models learned from the initial representation and models learned
using an extended representation that includes the new features. The accuracies were
evaluated through a rigorous methodology. The results obtained demonstrated that globally
relevant features can significantly improve the accuracy with all of the 11 learning systems
considered. They also indicated that the use of globally relevant features is not likely to
reduce the accuracy. Chapter 3 concluded that the main challenge of this research was to
develop methods to derive globally relevant features for datasets for which the attribute
interactions are unknown.

We developed the GLOREF approach as a general technique to create globally relevant
features for datasets with unknown interactions. The GLOREF approach consists of two
phases. The first phase concentrates on the analysis of interactions along with their effects
on the relevance of the attributes. The second phase uses the information computed during
the analysis of relevance to efficiently generate globally relevant features. These two phases
were described in Chapters 4 and 5, respectively.

Chapter 4 introduced two examples to show that some attribute interactions may appear
identical for classical statistical techniques and yet, affect the learning problem at hand quite
differently. In particular, one of the examples was clearly increasing the complexity of the
learning task, while the other was indeed simplifying the learning. Classical statistical
techniques were unable to distinguish the two interactions because they do not take into
account the class information. To overcome the weakness of current techniques, we proposed
a method that analyses attribute interactions in terms of their effects on the relevance of

the attributes involved in the interactions. We described the computations required and
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the relevance matrices which are used to store the results of the analysis of relevance.

The second part of Chapter 4 presented the Relevance graph, the visualization technique
we have invented to visualize the content of the relevance matrices. We have explained the
components of a relevance graph which are the relevance curves and the annotations of
compatibility. We have also described the theory developed to support the interpretation
of the relevance graphs. Finally, we presented various scenarios to illustrate the use of
relevance graphs in practical applications.

The last part of Chapter 4 described the Interactive relevance graph tool which allows
the researcher to explore possible transformations to cancel the negative effects of the inter-
actions observed. We discussed the functionalities of the tool and showed how it can be used
to create a globally relevant feature for one of the examples presented in the introduction
of this chapter.

Chapter 5 completed the presentation of the GLOREF approach by explaining the gen-
eration of globally relevant features. In introduction, we offered a schematic view of the
GLOREF approach. This clarified the strong links between the relevance matrices com-
puted in Chapter 4 and the generation of globally relevant features. The second section
introduced the mathematical models used to generate univariate and multivariate globally
relevant features and the corresponding optimization problems. The following two sections
presented the solution proposed for the univariate and multivariate problems, respectively.
The presentation of the solution for the univariate case included the analysis of the prob-
lem space, the exhaustive solution, and various algorithms developed to ensure adequate
performance. We provided several examples to illustrate the usefulness of the proposed
algorithms. For the multivariate case, we suggested two approaches. The first one extends
the univariate solution by applying a multivariate partitioning procedure. After explain-
ing the limitations of this solution, we described a second approach based on an inductive
process. This approach considers multivariate transformations in progressive order of com-
plexity. The approach exploits the univariate models and optimization algorithms already
developed, which allows an efficient resolution of the complex optimization problem. We
explained the risk of generating transformations that overfit the data and described the
technique we used to control this risk. We also discussed the alternative stopping criteria
and other parameters that can be introduced to create variations of the proposed approach.
The last part of Chapter 5 discussed the application of the transformation models. We have
proposed solutions for three important practical issues: missing values, unseen values, and

smoothing of transformations involving continuous explanatory attributes.
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To fulfill the objective of the thesis statement, we needed to show that:
1. The GLOREF approach is capable of generating globally relevant continuous features.

2. Augmenting the data representation with the new features produced by the GLOREF

approach increases the accuracy of existing learning systems.

We verified the above requirements in Chapter 6 through an extensive empirical evaluation
of the GLOREF approach. After explaining the methodology, we presented the results on
the 12 synthetic datasets and 12 real-world datasets, using 13 classifiers.

For the synthetic datasets, the analysis of the relevance of the new features showed that
the GLOREF system generated highly globally relevant features for all datasets. In some
domains, we observed increases in gain ratio that were close to 500%. As expected, the
increases in relevance were less important in the datasets with weaker interactions. Adding
the GLOREF features to the initial representation significantly improved the accuracy in
more than 70% of the experiments. Moreover, the extent of improvement in accuracy was
directly related to the gains observed in global relevance. All of the 13 learning systems
significantly improved their performance when allowed to use the GLOREF features. As
anticipated, the most important improvements were noticed with the simplest learning
systems such as OneR, HyperPipes, and NaiveBayes which are all well-known for their
strong reliance on the assumption of attribute independence. Also remarkable is the fact
that among the 132 cross-validation experiments with the synthetic data, we observed only
2 cases for which the addition of the GLOREF features significantly reduced the accuracy.

The results with the real world datasets were also strongly positive. First, both the
gain ratio and x? measures confirmed that the GLOREF approach generated features that
were significantly more relevant than the best initial attribute in 11 datasets out of 12.
The difference in global relevance for the remaining dataset was not significant. Among the
114 experiments performed, the GLOREF features statistically significantly improved the
accuracy in 27 experiments (/~24%) while reducing it in only 2 experiments (~1.7%). In
summary, the results with both the synthetic and real world datasets forcefully show that the
GLOREF approach complies with the two requirements mentioned above. Consequently,
we have empirically demonstrated the validity of the thesis statement.

In the second part of Chapter 6, we compared GLOREF with alternative approaches
and presented a case study. First, we contrasted the GLOREF features with the theoretical
features discussed in Chapter 3. Overall, the results obtained with the GLOREF features
are comparable to the ones obtained with the theoretical features. This demonstrates

that the GLOREF approach can compete with features derived from perfect knowledge of
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the attribute interactions. Second, we compared the results with two other general pre-
processing techniques (PCA and ICA). The GLOREF features largely surpassed the PCA
features in improving the accuracy. The GLOREF features were also superior to the ICA
features. The case study presented a series of relevance graphs and scatter plots that showed
the successive transformations that lead to one of the globally multivariate relevant features
produced by the GLOREF approach. The exact mathematical transformations found by
the GLOREF system were also presented.

Finally, the last part of Chapter 6 discussed the issues with the experimental study and
limitations of the GLOREF approach.

7.2 Contributions

This dissertation succeeded in demonstrating that globally relevant continuous features can
enhance the performance of learning systems. The research accompanying this achievement

offers the following contributions:

A method and a large-scale experiment to study the effects of attribute in-
teractions in learning This contribution comes from Chapter 3. As we explained in the
related work section of this chapter, previous studies provided only an indirect evaluation
of the effects of attribute interactions by comparing classifiers on real-world datasets. Since
the characteristics of the interactions in these datasets used were unknown, the conclusions
from these studies were limited to statements like: Learning system S1 appears to be less
affected than learning system S52. They were also limited in scope since they considered a rel-
atively small number of classification systems. The method we introduced provides a direct
evaluation leading to statements like: Attribute interactions I appear to decrease/increase
the accuracy of learning system S by an amount A, where the characteristics of the interac-
tions I are formally defined through a belief network and an interaction type (functional or
stochastic, in the current implementation), and where any standard learning systems S can
be used. The approach proposed is also generic and can be easily extended to experiments
with other types of attribute interactions (e.g., other belief networks, other functional or
stochastic relationships). Moreover, the results of the experiment performed increase our
knowledge about the effects of attribute interactions and help us better understand experi-
mental results provided by other researchers. In particular, we now have empirical evidences
that systems such as decision trees and support vector machines, often considered reliable

against attribute interactions, are also negatively affected by various types of interactions.
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This explains why previous comparative studies only observed minor differences between

the performance of the naive-Bayes and decision tree approaches.

A novel method to assess attribute interactions that takes into account the
effects on learning Previous techniques to assess attribute interactions involving nu-
merical attributes are not taking the class information into account and/or are limited to
continuous attributes only. As shown in Section 4.2.2, ignoring the class information may
lead to misleading information by suggesting transformations that would increase the com-
plexity of the learning task. The limitation to only continuous attributes is also problematic
since most real world datasets contain a mix of continuous and nominal attributes (e.g., see
Table 6.5 which details the UCI datasets used). The method for the analysis of relevance,
described in Section 4.2, resolves both problems since it handles mixed attributes and links
the analysis of interactions to their effects on the learning problem at hand. Moreover, the
proposed technique is well complemented by the relevance graphs and the automatic feature

generation approach, which are two other important contributions.

An interactive tool to visualize the effects of interactions and to explore
possible transformations The literature review has shown that existing constructive
induction methods do not usually involve the user in the analysis of interactions. This
prevents the analysis method to exploit the potentially important information that the user
could provide, and also limits the quality of the experience for the user. These are important
constraints in complex applications in which the user typically has some knowledge of
the data and the desire to further extend his/her own understanding of the effects of the
interactions among the attributes. The Relevance Graphs, introduced in Section 4.3, address
this weakness by allowing the user to participate in the analysis of interactions. With the
relevance graphs, we have introduced a theory that allows a precise interpretation of the
graphs. As we illustrated in Section 4.3.3, the system we have developed to display relevance
graphs allows efficient identification of several forms of interactions along with their impact
on the learning problem at hand. The complementary system named Interactive Relevance
Graph fills another important need by providing the user with the opportunity to participate
in the construction of a new representation that cancels the effects of the negative attribute
interactions. The software we have developed to implement these two novel interactive
techniques have been used extensively throughout this research. We believe that they
represent noticeable additions to the set of tools available to researchers in Machine Learning
and Knowledge Discovery in Databases.
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A new data transformation technique that generates globally relevant contin-
uous features The GLOREF approach which integrates the analysis of relevance and a new
automatic procedure to generate globally relevant continuous features is probably the most
important contribution of this research. As described in Chapter 5, the GLOREF approach
integrates many new algorithms and optimization procedures. The proposed approach is
complex but very powerful since it can handle univariate and multivariate interactions in
an efficient manner. As explained in Section 5.4, the GLOREF approach also includes a
number of additional mechanisms to deal with important issues in real world applications
such as missing or unknown values. By implementing all the mechanisms described, we
obtained a powerful system which we used for the large-scale experiments presented in
the Sections 6.2 to 6.6. The results from these experiments, the comparisons with other
techniques, and the case study presented unambiguously demonstrate the power and the
usefulness of the GLOREF approach.

Early work on this research appeared in Létourneau et al. [1998]. This work has been
largely motivated by real-world applications we described in Létourneau et al. [1997]; Delisle
et al. [1998]; Létourneau [Létourneau]; Pefa, Létourneau & Famili [Pefia et al.]; Pefia, Famili
& Létourneau [Pefla et al.], and Létourneau et al. [1999].

7.3 Future research

This section presents future work to address some of the limitations discussed in Section 6.7

and foster the cohesion of research in constructive induction.

7.3.1 Using general optimization algorithms

The approaches introduced in this dissertation to resolve the univariate and multivariate
optimization problems (Section 5.1.1) rely on task specific heuristics. These have been
shown efficient and robust over the various datasets we have experimented with. However,
there would be advantages in using a general optimization approach to resolve these two
problems. For instance, there are good generic libraries available for optimization problems
and using them may simplify the implementation. Using such library may also facilitate
the extension of the GLOREF framework to work with other types of transformations. The
fields of mathematical programming and constraint satisfaction problems offer general tech-
niques that could be used to solve the optimization problems defined in this dissertation. It
is not clear that these techniques would lead to improved performance but their integration
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is worth considering.

7.3.2 Parallelizing the GLOREF approach

Powerful clusters of computers, which are increasingly available, could be used to speed up
the GLOREF approach. This is particularly promising since GLOREF’s most expensive
operations in terms of computations would be relatively easy to parallize. Specifically, the

three most important operations to consider are:

Computation of the relevance matrices As we have seen in Chapter 4, a group of
relevance matrices is computed for each pair of explanatory and response attributes.
The computations between pairs of attributes are independent and thus, they could
be performed on different computing nodes (or CPUs). The procedure would be as
follows. During initialization, the master process would transmit to each computing
node the values for the explanatory, response, and class attributes. After computations
of the relevance matrices, the computing nodes would return the relevance matrices
to the master nodes. Ideally, the computing nodes would also calculate the additional
information required to generate the relevance graphs (i.e., the relevance information
and the cut points distribution characteristics, Section 4.3). This would allow the
master node to generate the relevance graphs without further computation. The
benefits of this parallel procedure over the sequential approach would depend on
the difference between the time required to compute the relevance matrices and the
communication time required to transmit the initial values. Given the speed of most
networks available today, it may happen that the communications take longer than
the computation of the values in the relevance matrices. If that is the case, it would
be best not to parallize this step. The next two operations are more promising.

Computation of the univariate transformations The GLOREF approach computes
a univariate transformation for each pair of explanatory and response attributes by
resolving the optimization problem defined by Equation (5.3). The various univariate
transformation problems can be processed on different computing nodes since they are
independent of each other. As we explained in Section 5.2, the only required input is
the set of relevance matrices corresponding to the given pair of attributes. The output
is a relatively small set of real values (the values for {wi,ws,...,wmn}). Accordingly,
the communication overhead caused by the parallization would be relatively low. On

the other hand, the optimization process is complex and requires the evaluation of
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many candidate solutions. Although each potential solution can be evaluated effi-
ciently using the algorithms proposed, the overall search may still take a considerable
amount of time. In this case, we anticipate that the communication overhead would
represent a small fraction of the time required by the optimization process. Therefore,
we believe that the parallization of the computations of the univariate transforma-
tions would be near optimal (i.e., parallel time ~ sequential time divided by number
of CPUs).

Computation of the multivariate transformations The most expensive operations of
the inductive approach introduced in Section 5.3.2 happen in the feature generation
step (Figure 5.8). This step solves the multivariate optimization problem, defined
by Equation (5.5), for all combinations of features from the previous phase. The
approach can be parallized by distributing the computations for these combinations
over the various computing nodes of a cluster of computers. As with the univariate
transformations, the communication overhead would be limited to transmissions of a
few relevance matrices and the set of real values describing the obtained solution. On
the other hand, the search process is even more complex than in the univariate case.
Accordingly, we expect that the parallization of the computations of the multivariate

transformations would be near optimal.

7.3.3 A larger framework that integrates with other data transformation
techniques

Finally, techniques to improve data representation tend to be developed as stand-alone tools.
It would be useful to have a general framework that could be used to completely specify the
existing techniques. The recent framework proposed by Markovitch & Rosenstein [2002]
is definitely a step in this direction. However, it is not clear how the GLOREF approach
and other statistical techniques would fit in the proposed framework. We believe that this
kind of work should be encouraged to tighten the links between research in constructive
induction and to facilitate the implementation of novel and existing techniques. Ultimately,
this should increase the role of constructive induction techniques in machine learning and
should help tackle successfully complex applications.
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Appendix A

Description of learning systems

used

All the classification systems used to evaluate the GLOREF approach are part of the WEKA
software. The Java source code is available from http://www.cs.waikato.ac.nz/ml/weka/.
We used the version 3.2 of WEKA with default settings for all classification systems. This
appendix provides a short description of the classifiers used with references to relevant pa-
pers. An introduction to most of these classifiers can be found in the book complementing
the WEKA software [Witten & Frank, 1999)].

BaggingDT A bagging classifier using J48 as weak classifier [Breiman, Breiman)].

BoostingDT A boosting classifier based on Freund and Schapire’s Adaboost M1 method [Fre-
und & Schapire, 1996]. The weak classifier is J48.

DecisionStump A one-level decision tree [Iba & Langley, 1992].

DecisionTable A simple classifier based on a partition defined over a selected subset of
attributes and the majority rule [Kohavi, 1995].

HyperPipes A simple classifier for which the learning phase is reduced to recording, for
each class, the domains of all the attributes. The HyperPipe is the structure that
stores all the domains for a given class. For a continuous attribute, the domain
is defined by the minimal and maximal values observed for this attribute over all
instances from the given class. For a nominal attribute, the domain is defined by
the list of values observed for this attribute over all instances from the given class.
To classify a new instance, the system evaluates the coverage of each HyperPipe by
counting the number of domains that contain the instance’s attribute values. The
new instance is assigned to the class associated with the HyperPipe having the largest

coverage value.
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IB1 An instance-based learning system that predicts the class value of a new instance
based on the closest instance [Aha & Kibler, 1991]. This is equivalent to a k-nearest-
neighbors classifier with k = 1.

IB5 An instance-based learning system that predicts the class value of a new instance
based on the closest 5 instances [Aha & Kibler, 1991]. This is equivalent to a k-

nearest-neighbors classifier with k = 5.
J48 A Java implementation of the C4.5 system [Quinlan, 1993].

KernelDensity A simple kernel density classifier based on a Gaussian kernel [Duda &
Hart, 1973].

NaiveBayes A classifier based on Bayes’s rules with the assumption of attribute inde-
pendence [Duda & Hart, 1973]. This implementation evaluates the probabilities for

continuous attributes by assuming that they are normally distributed.
OneR A simple classifier that uses a single attribute to predict the class [Holte, 1993].

PART A rule-based classifier generated from a pruned-decision tree (from J48) [Witten &
Frank, 1999].

SMO A support vector machines classifier based on the sequential minimal optimization
algorithm and a polynomial kernel of degree n (n=1, by default) [Cristianini & Shawe-
Taylor, 2000].
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Table B.1: Results for dataset N1F1 with initial attributes and theoretical features.

. Initial attributes Theoretical features Impro-
Classifier
All FS All FS vement
BaggingDT 95.2 +3.39 | 95.3 £3.47 | 95.8 £1.60 | 96.8 £1.14 | 1.50
BoostingDT 95.8 £1.55 | 95.2 £1.69 | 96.1 +1.79 | 96.2 £1.62 | 0.40
DecisionStump 83.0 £5.56 | 83.0 £5.56 | 88.4 +3.20 | 88.4 £3.20 | 5.40*
DecisionTable 86.2 £4.61 | 86.2 +4.61 | 94.9 +2.60 | 95.2 +2.39 | 9.00*
HyperPipes 56.4 £3.06 | 56.1 £3.14 | 70.3 +£4.24 | 68.8 +4.44 | 13.9*
IB1 95.7 £2.45 | 95.4 +2.59 | 96.0 +1.83 96.1 +1.66 | 0.40
IB5 96.2 £2.10 | 95.8 £2.66 | 96.3 £1.64 | 96.8 +£1.03 | 0.60
J48 92.3 +4.47 | 92.0 +4.81 | 95.2 +2.39 | 95.9 +1.91 | 3.60*
KernelDensity 96.0 £2.40 | 95.5 £2.80 | 96.2 £1.93 | 96.7 £1.49 | 0.70
NaiveBayes 87.6 £3.50 | 88.0 £3.59 | 95.5 +£2.80 | 97.4 +£1.17 | 9.40*
OneR 81.1 £5.51 | 81.1 £5.51 | 86.1 +2.64 | 86.1 £2.64 | 5.00*
PART 93.5 £3.03 | 92.9 +3.48 | 95.4 +2.27 | 95.2 £1.75 1.90
SMO 96.9 +£1.97 | 96.7 £2.16 | 97.8 +£1.23 | 97.7 +1.06 0.90

Table B.2: Results for dataset N1MN with initial attributes and theoretical features.

. Initial attributes Theoretical features | Impro-
Classifier
All FS All FS vement
BaggingDT 78.0 £4.35 | 79.3 £4.57 | 79.5 £5.04 | 79.0 £6.06 | 0.20
BoostingDT 77.0 £6.67 | 77.5 £4.86 | 76.1 £5.04 | 78.1 £5.67 | 0.60
DecisionStump 65.5 £+3.81 | 65.3 £3.65 | 76.4 +£3.37 | 76.4 £3.37 | 10.9*
DecisionTable 78.0 £5.21 | 74.4 £5.76 | 81.4 +4.40 | 81.3 £3.53 | 3.40
HyperPipes 54.2 £1.75 | 53.5 £1.65 | 57.7 +2.58 | 55.5 £2.32 | 3.50”
IB1 74.2 £3.36 | 70.7 £3.56 | 75.9 £3.45 | 76.3 £3.06 | 2.10
IB5 77.9 £4.68 | 75.7 £3.50 | 80.5 +3.34 | 81.2 +2.39 | 3.30
J48 75.8 £3.22 | 75.7 £2.58 | 80.3 £4.83 | 81.2 +3.39 | 5.40*
KernelDensity 76.8 +£4.49 | 75.7 £3.95 | 77.0 £3.30 79.0 £2.62 | 2.20
NaiveBayes ' 79.9 £4.56 | 76.2 £5.73 | 82.2 +5.96 | 83.8 +£4.80 | 3.90
OneR 65.0 +4.94 | 65.3 +£4.85 | 70.6 +3.81 | 70.6 +£3.81 | 5.30*
PART 76.2 £3.88 | 75.7 £3.59 | 80.6 +2.80 81.0 +3.37 | 4.80*
SMO 80.0 £4.47 | 78.2 £3.39 | 83.2 £4.26 | 83.2 +£4.24 | 3.20
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Table B.3: Results for dataset N2F1 with initial attributes and theoretical features.

. Initial attributes Theoretical features | Impro-
Classifier
All FS All FS vement
BaggingDT 96.6 £1.58 | 96.4 £2.32 | 97.2 £1.32 | 97.2 £1.62 | 0.60
BoostingDT 96.5 +1.78 96.3 +2.06 97.9 £1.37 | 96.6 £1.43 1.40
DecisionStump 93.8 +£2.57 | 93.8 £2.57 | 93.8 +£2.57 | 93.8 £2.57 | 0.00
DecisionTable 96.4 £1.96 | 96.4 £1.96 | 95.9 £1.66 | 954 £1.58 | —.50
HyperPipes 90.3 £2.91 | 89.9 +3.38 | 90.8 £2.66 | 89.4 +:3.75 | 0.50
IB1 97.1 £1.37 | 96.4 £1.65 | 96.9 £1.45 | 96.7 £1.57 —.20
IB5 97.7 £1.49 | 97.3 £1.70 | 97.7 £1.25 | 96.6 £2.17 | 0.00
J48 96.8 +1.62 | 96.2 £1.55 | 96.6 £1.43 | 95.3 £2.26 | —.20
KernelDeunsity 97.2 £1.55 | 96.9 +£1.91 | 97.0 £1.63 | 96.8 £1.93 | —.20
NaiveBayes 97.7 £0.95 | 97.6 £1.43 | 97.9 £1.29 | 96.4 £2.41 | 0.20
OneR 93.3 +£2.75 | 93.3 £2.75 | 93.3 £2.75 | 93.3 +2.75 | 0.00
PART 96.3 £1.83 | 95.9 +2.18 95.2 +1.81 96.0 £2.05 —.30
SMO 96.8 £1.03 96.9 +1.20 97.3 £1.25 | 96.1 +£1.97 0.40

Table B.4: Results for dataset N2MN with initial attributes and theoretical features.

) Initial attributes Theoretical features Impro-
Classifier
All FS All FS vement
BaggingDT 88.1 +£3.11 | 89.3 +£3.80 | 88.2 +3.16 | 87.7 +4.32 | —1.1
BoostingDT 90.0 £2.58 | 89.0 £5.73 | 87.7 £4.42 | 87.4 £4.06 | —2.3
DecisionStump 67.4 £2.80 | 67.4 £2.80 | 91.9 +1.85 | 91.9 +1.85 | 24.5*
DecisionTable 79.9 £3.67 | 80.0 £3.80 | 94.5 £2.27 | 94.1 £2.33 | 14.5*
HyperPipes 52.9 £1.66 | 52.9 £1.66 | 76.7 £3.80 | 75.8 £3.82 | 23.8*
IB1 82.7 +£3.37 80.7 +4.72 94.0 +2.16 | 93.8 £3.65 11.3*
IB5 84.0 £2.21 83.5 £2.37 96.3 +£1.77 | 95.9 £1.85 12.3*
J48 82.6 £2.22 | 83.2 £2.86 | 94.3 £2.36 | 93.8 +£2.78 | 11.1*
KernelDensity 84.5 +£3.17 | 84.2 £2.70 | 94.2 £2.35 | 94.8 +3.08 | 10.3*
NaiveBayes 80.6 £2.95 80.0 £3.30 95.1 +£0.99 | 95.0 £1.70 14.5*
OneR 66.1 £2.02 | 66.1 £2.02 | 91.8 £2.35 | 91.8 £2.35 | 25.7*
PART 81.4 £2.12 81.8 £1.93 94.1 +£2.02 | 93.7 £2.63 12.3*
SMO 84.7 +3.86 84.7 +3.86 95.9 +2.02 | 95.7 +£1.77 11.2*
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Table B.5: Results for dataset N3F1 with initial attributes and theoretical features.

) Initial attributes Theoretical features Impro-
Classifier
All FS All FS vement
BaggingDT 98.5 £1.08 | 98.2 +1.75 | 98.7 £0.67 | 98.1 £1.10 | 0.20
BoostingDT 99.0 £1.05 | 98.5 +£2.07 | 98.7 £0.82 | 98.2 £1.14 —.30
DecisionStump 91,5 £2.32 | 91.5 +£2.32 | 93.8 £2.44 | 93.8 £2.44 | 2.30*
DecisionTable 97.0 £1.56 | 97.1 £1.60 | 97.8 £1.65 | 97.0 £2.26 | 0.70
HyperPipes 87.8 £4.08 | 87.9 +4.12 | 94.8 £2.25 | 93.7 £3.06 | 6.90*
IB1 98.3 £1.64 98.2 +£1.14 | 98.6 £1.35 | 98.6 +£2.07 | 0.30
IB5 98.6 +£1.07 | 98.3 +1.06 | 99.2 +0.63 | 99.1 +£1.52 | 0.60
J438 96.5 £1.65 | 97.0 £1.15 | 98.0 £1.05 | 97.7 £1.64 1.00
KernelDensity 98.3 £1.64 | 98.4 £1.35 | 98.7 £1.34 | 98.8 £1.81 | 0.40
NaiveBayes 98.0 £1.05 98.1 +£1.10 | 99.1 £0.74 99.2 +1.32 | 1.10
OneR 90.8 +3.36 90.8 +£3.36 | 92.7 £2.58 92.9 +2.51 | 2.10
PART 97.4 +1.58 96.5 +1.18 | 98.3 +1.16 | 98.0 +1.83 0.90
SMO 99.2 4-0.63 98.4 +£0.84 | 99.5 +£0.71 | 99.1 +£1.29 0.30

Table B.6: Results for dataset N3MN with initial attributes and theoretical features.

. Initial attributes Theoretical features Impro-
Classifier
All FS All FS vement
BaggingDT 84.8 +3.58 | 83.7 +3.27 | 84.3 +£4.00 | 84.5 +2.80 | —.30
BoostingDT 82.3 £2.75 82.6 £2.76 | 83.0 £3.16 | 82.7 +£2.67 | 0.40
DecisionStump 72.1 +4.53 | 72.1 +£4.53 | 76.2 £3.39 | 76.2 £3.39 | 4.10*
DecisionTable 77.6 £4.06 | 77.6 £4.06 | 82.2 £3.19 | 82.7 £2.87 | 5.10*
HyperPipes 50.9 £0.99 | 50.0 £0.99 | 54.2 +2.35 | 52.5 +1.78 | 3.30*
IB1 76.8 £3.39 76.9 £3.51 | 79.8 +£3.55 | 79.1 +3.41 2.90
IB5 81.4 £3.41 81.2 +£3.43 | 84.0 +3.09 | 83.2 +2.97 2.60
J48 77.9 £3.90 78.0 £3.83 | 81.7 +£3.65 | 82.2 £3.65 | 4.20*
KernelDensity 77.1 £3.75 | 77.0 £3.62 | 79.9 £3.45 | 80.8 £5.05 | 3.70
NaiveBayes 80.9 £4.75 | 80.9 +£4.75 | 85.4 +£3.66 | 85.8 +3.19 | 4.90*
OneR 62.6 16.64 62.6 £6.64 | 75.5 £6.20 | 75.5 +6.29 | 12.9*
PART 79.4 £2.91 79.4 £2.91 | 83.7 £2.11 | 83.3 £3.43 4.30*
SMO 87.1 £2.77 | 86.7 £3.47 | 86.8 +3.26 86.4 +2.50 -.30
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Table B.7: Results for dataset N4F1 with initial attributes and theoretical features.

i Initial attributes Theoretical features | Impro-
Classifier
All FS All FS vement
BaggingDT 92.9 +2.64 | 92.9 £2.18 | 99.5 +0.53 | 99.4 +0.70 6.60*
BoostingDT 95.8 £2.66 | 95.5 +2.17 | 99.6 +0.52 | 99.2 +0.79 3.80*
DecisionStump 79.6 £3.47 | 79.6 £347 | 99.2 +£0.63 | 99.2 +0.63 | 19.6"
DecisionTable 83.8 £3.05 | 83.8 £3.05 | 99.2 +£0.63 | 99.2 £0.63 | 15.4*
HyperPipes 59.7 £3.27 | 59.7. £3.27 | 99.2 +1.48 | 99.3 +0.95 | 39.6*
IB1 95.7 £3.20 | 95.6 £2.72 | 98.5 £0.97 99.5 +0.71 | 3.80*
1B5 95.2 £2.49 | 95.1 £2.42 | 99.0 +£1.15 | 99.4 +£0.70 | 4.20*
J48 92.3 £2.11 | 92.2 £2.10 | 99.6 +0.52 { 99.3 +0.67 7.30*
KernelDensity 96.6 £2.12 | 96.3 £1.95 | 98.5 £0.97 | 99.2 +1.03 | 2.60*
NaiveBayes 84.8 £3.29 | 85.0 £3.23 | 99.8 +0.42 | 99.8 1042 | 14.8*
OneR 79.4 £3.78 | 79.4 +3.78 | 99.0 +£0.82 | 99.0 +£0.82 | 19.6*
PART 91.9 £2.02 | 91.3 £2.91 | 99.6 +£0.52 | 99.3 +0.67 7.70*
SMO 97.4 £1.90 | 97.1 £1.97 | 99.2 +£0.63 | 98.5 £1.08 1.80*

Table B.8: Results for dataset N4MN with initial attributes and theoretical features.

i Initial attributes Theoretical features | Impro-
Classifier
All FS All FS vement
BaggingDT 94.5 +£2.46 | 94.7 £2.50 | 99.8 +0.42 | 99.8 £0.42 | 5.10*
BoostingDT 95.8 £1.55 | 96.3 £2.00 | 99.6 £0.52 | 99.6 +0.52 | 3.30*
DecisionStump 66.0 £3.23 | 66.0 +3.23 | 98.9 £1.20 | 98.9 £1.20 | 32.9*
DecisionTable 78.5 £1.78 | 78.5 £1.78 | 99.5 +0.97 | 99.5 +0.97 | 21.0*
HyperPipes 52.0 +£1.41 | 52.2 £1.40 | 98.4 £1.26 | 98.6 £1.35 | 46.4*
I1B1 97.6 £1.65 | 97.8 £1.48 | 99.8 +0.42 100 £0.00 | 2.20*
IB5 99.0 £1.33 | 99.2 £1.14 | 99.9 +0.32 100 +0.00 | 0.80*
J48 87.0 £2.79 | 87.0 £2.79 | 99.6 +0.52 99.7 £0.48 | 12.7*
KernelDensity 97.7 £1.57 | 98.3 £1.34 | 99.8 £0.42 | 100 +0.00 | 1.70*
NaiveBayes 81.7 £3.92 | 81.8 £3.94 | 99.8 £0.42 | 99.9 +0.32 | 18.1*
OneR 66.7 £4.62 | 66.7 £4.62 | 98.8 +£0.92 | 98.8 £0.92 | 32.1*
PART 88.5 £3.63 | 89.1 £3.03 | 99.7 £0.48 | 99.8 £0.42 | 10.7*
SMO 99.9 +0.32 | 99.9 £0.32 | 99.9 +0.32 100 £0.00 | 0.10
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Table B.9: Results for dataset N5F1 with initial attributes and theoretical features.

. Initial attributes Theoretical features Impro-
Classifier
All FS All FS vement
BaggingDT 90.1 £4.07 | 89.7 +£4.00 | 96.3 £2.31 | 96.0 +2.31 6.20*
BoostingDT 91.0 +3.86 | 83.0 £4.27 | 95.9 £2.13 | 96.2 4+2.15 | 5.20*
DecisionStump 88.9 +2.77 | 88.9 £2.77 | 92.1 4+3.07 | 92.1 +3.07 | 3.20*
DecisionTable 88.1 +2.42 | 88.5 £2.37 | 96.3 £1.89 | 96.2 £1.69 | 7.80*
HyperPipes 60.8 £3.05 | 61.1 £2.47 | 85.8 £2.97 | 86.2 £2.57 | 25.1*
IB1 83.6 £2.22 | 84.3 £3.92 | 94.0 +1.83 95.1 +1.52 | 10.8*
IB5 89.2 +£2.53 | 89.4 +£3.92 | 95.2 £2.15 | 96.6 £1.90 | 7.20*
J48 89.2 £3.19 | 89.2 £3.52 | 94.6 +2.59 95.8 +£2.10 | 6.60*
KernelDensity 83.7 £2.26 | 87.2 £3.19 | 94.1 +£1.79 95.4 +1.35 | 8.20*
NaiveBayes 89.6 £2.80 | 89.5 £3.92 | 96.5 £2.07 | 96.9 +£2.08 | 7.30*
OneR 88.3 £3.02 | 88.3 £3.02 { 91.9 +2.81 | 91.9 +2.81 | 3.60*
PART 88.1 +£5.09 | 88.3 +3.16 | 95.5 +1.43 | 95.8 +1.93 | 7.50*
SMO 94.5 £3.06 | 90.6 £4.84 | 96.6 +1.43 | 96.4 +1.58 2.10

Table B.10: Results for dataset N8MN with initial attributes and theoretical features.

. Initial attributes Theoretical features | Impro-
Classifier
All FS All FS vement
BaggingDT 90.2 £4.52 | 91.7 £3.59 | 99.9 £0.32 | 99.9 +0.32 | 8.20*
BoostingDT 94.2 £2.49 | 95.0 £3.43 | 99.9 +£0.32 | 99.9 +0.32 | 4.90*
DecisionStump 70.8 £3.68 | 68.5 +£3.75 | 99.8 £0.42 | 99.8 £0.42 | 29.0*
DecisionTable 77.9 £6.35 | 73.5 £8.53 | 99.9 £0.32 | 99.9 +0.32 | 22.0*
HyperPipes 51.1 £2.13 | 50.9 £1.91 | 99.9 +0.32 | 84.6 £20.0 | 48.8*
IB1 72.2 £2.97 | 90.8 +£9.33 | 99.9 +0.32 | 99.8 +0.42 9.10*
IB5 90.7 £3.06 | 93.9 +5.59 | 100 +0.00 | 99.9 £+0.32 6.10*
J48 83.6 £4.50 | 88.6 £3.60 | 99.9 £0.32 | 99.9 +0.32 | 11.3*
KernelDensity 72.6 £2.84 | 91.8 +£8.32 | 99.9 +0.32 | 99.9 +0.32 | 8.10*
NaiveBayes 80.9 £4.70 | 74.1 £8.05 | 100 £0.00 | 99.9 £0.32 | 19.1*
OneR 64.5 £3.27 | 63.0 £3.80 | 99.8 £0.42 | 99.8 +0.42 | 35.3*
PART 85.0 £4.64 | 90.5 £2.76 | 99.9 £0.32 | 99.9 £0.32 | 9.40*
SMO 100 £0.00 | 98.4 £2.27 | 100 £0.00 | 99.9 +0.32 0.00*
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Table B.11: Results for dataset N6F1 with initial attributes and theoretical features.

. Initial attributes Theoretical features Impro-
Classifier
All FS All FS vement
BaggingDT 88.8 +4.76 | 89.0 £4.55 | 96.5 £2.27 | 96.0 £2.62 | 7.50*
BoostingDT 89.2 £4.61 | 88.1 £4.68 | 96.3 £2.50 | 96.2 £2.15 7.10*
DecisionStump 81.0 +£5.14 | 81.0 £5.14 | 92.1 +3.07 | 92.1 £3.07 | 11.1*
DecisionTable 81.0 £5.03 | 80.8 £5.22 | 96.3 £1.89 | 96.6 +1.71 | 15.6*
HyperPipes 52.3 +£1.25 | 52.0 +1.25 | 85.2 £3.26 | 86.1 +2.42 | 33.8"
IB1 85.1 +£2.47 | 83.5 £4.77 | 92.9 £2.28 | 94.6 +2.63 | 9.50*
IB5 87.2 £3.43 | 86.6 £4.84 | 95.5 £2.32 | 96.4 £2.01 | 9.20”
J48 87.5 +£4.33 | 86.3 +4.14 | 95.2 £2.53 95.8 +2.30 | 8.30*
KernelDensity 85.4 +2.46 | 84.9 £3.60 | 92.9 £2.28 | 95.0 £2.00 | 9.60*
NaiveBayes 83.9 £5.07 | 83.4 £5.21 | 97.2 +£1.48 | 97.0 £1.56 | 13.3*
OneR 79.3 £4.42 | 79.3 £4.42 | 91.9 £2.81 | 91.9 +£2.81 | 12.6*
PART 85.4 +£3.92 | 85.7 £4.22 | 95.5 £1.90 96.1 +1.73 | 10.4*
SMO 93.7 £2.75 | 90.7 £4.22 | 96.7 £1.57 | 96.1 +1.37 3.00*

Table B.12: Results for dataset N6IMN with initial attributes and theoretical features.

. Initial attributes Theoretical features | Impro-
Classifier
All FS All FS vement
BaggingDT 87.5 £1.72 | 87.9 £1.79 | 91.6 +2.95 | 89.3 +£3.47 | 3.70*
BoostingDT 88.1 £3.35 | 88.0 £2.98 | 91.0 +3.86 | 87.6 +4.01 2.90
DecisionStump 67.3 £4.69 | 67.3 £4.69 | 79.3 £3.65 | 79.3 +£3.65 | 12.0*
DecisionTable 78.7 £2.91 | 77.5 £2.80 | 89.0 +3.68 | 89.3 +£4.06 | 10.6*
HyperPipes 53.1 £2.08 | 53.3 £1.80 | 67.7 £4.85 | 67.3 £4.57 | 14.4*
IB1 70.8 £3.49 | 76.1 £6.05 | 85.2 £2.44 86.5 £2.80 | 10.4*
IB5 82.0 £2.83 | 83.0 £4.16 | 89.8 £4.16 | 89.2 £3.65 6.80*
J48 79.6 £2.76 | 79.6 £3.44 | 88.3 £3.37 | 89.2 13.85 | 9.60*
KernelDensity 71.0 +£3.40 | 76.6 £5.46 | 85.2 +2.49 | 86.8 +2.86 | 10.2*
NaiveBayes 78.2 +£3.88 | 77.4 £4.01 | 90.5 £3.21 | 91.8 £3.77 | 13.6*
OneR 63.9 £5.45 | 63.9 £5.45 | 79.4 £5.38 | 79.4 £5.38 | 15.5*
PART 82.1 £4.86 | 80.0 £3.71 | 89.6 £2.46 | 88.9 £3.35 7.50*
SMO 91.9 £3.07 | 89.9 £3.96 | 92.4 £3.10 | 92.3 £3.50 0.50
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C.1 Results with GLOREF on Artificial datasets

Table C.1: Results for dataset N1F1 with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All  FS | vs Init. vs Theo.

BaggingDT 95.2 +3.39  05.3 +£3.47 | 954 £3.37 95.7 £3.47 | 95.8 96.8 0.40 -1.1
BoostingDT 95.8 £1.55 95.2 £1.69 | 95.9 £1.52  95.7 £2.00 | 96.1 96.2 0.10 —.30
DecisionStump 83.0 £5.56 83.0 £5.56 | 94.2 £2.90 94.0 £2.87 | 88.4 884 11.2* 5.80*
DecisionTable 86.2 +4.61 86.2 +4.61 | 95.9 £2.02 955 £1.84 | 94.9 95.2 9.70* 0.70
HyperPipes 56.4 £3.06 56.1 +3.14 | 91.6 £4.65 79.0 £7.83 | 70.3 68.8 35.2* 21.3*
1B1 95.7 £2.45 95.4 +£2.50 | 955 +2.59 95.8 £2.04 | 96.0 96.1 0.10 ~.30
1B5 96.2 £2.10 95.8 £2.66 | 95.5 £2.64  96.1 £1.73 | 96.3 96.8 -.10 =70
J48 92.3 £4.47 92.0 £4.81 | 95.8 £2.30 959 £2.13 | 95.2 95.9 3.60* 0.00
KernelDensity 96.0 +£2.40 955 +2.80 | 95.6 +2.41  95.9 £1.79 | 96.2 96.7 -.10 —.80
NaiveBayes 87.6 £3.50 88.0 £3.59 93.0 £3.37 95.7 +£3.65 | 95.5 974 7.70* -1.7
OneR 81.1 £5.51 81.1 £5.51 | 94.0 £2.94 94.4 £3.17 | 86.1 86.1 13.3* 8.30*
PART 93.5 £3.03 92.9 +£3.48 94.9 £3.28 954 +2.12 | 95.4 95.2 1.90 0.00
SMO 96.9 £1.97 96.7 £2.16 | 97.5 +1.08 96.5 £2.72 | 97.8 97.7 0.60 -.30
Table C.2: Results for dataset N1MN with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF | GLOREF

All FS All FS All  FS | vsInit. vs Theo.

BaggingDT 78.0 +£4.35 79.3 £4.57 | 79.5 £4.06 781 £5.97 | 79.5 79.0 0.20 0.00
BoostingDT 77.0 £6.67 T77.5 £4.86 78.1 £5.49 T78.7T +£5.54 | 76.1 78.1 1.20 0.60
DecisionStump 65.5 +£3.81 65.3 £3.65 | 79.1 £5.57 79.0 £5.16 | 76.4 76.4 13.6* 2.70
DecisionTable 78.0 £5.21 744 £5.76 | T78.4 £5.34 79.3 £5.44 | 81.4 81.3 1.30 -2.1
HyperPipes 54.2 +1.75 53.5 +1.65 | 63.2 +4.64 554 +£2.77 | 57.7 55.5 9.00* 5.50*
IB1 74.2 +3.36 70.7 +3.56 | 73.4 £4.93 73.3 £3.77 | 75.9 76.3 —.80 -2.9
IB5 77.9 £4.68 75.7 £3.50 | 78.6 £3.66 76.7 £5.62 | 80.5 8L.2 0.70 -2.6
J48 75.8 £3.22 75.7 £2.58 76.0 +£5.98 T78.7 £5.48 | 80.3 81.2 2.90™ —-2.5
KernelDeunsity 76.8 £4.49 75.7 +£395 | 73.1 +£5.13 77.8 £5.12 | 77.0 79.0 1.00 -1.2
NaiveBayes 79.9 +4.56 76.2 £5.73 | 79.0 +4.67 79.6 £4.93 | 82.2 83.8 —.30 —4.2
OneR 65.0 +4.94 65.3 £4.85 76.9 £4.18 77.4 +£5.42 | 70.6 70.6 12.1* 6.80*
PART 76.2 £3.88 75.7 £3.59 | 77.5 £5.890 79.0 £6.24 | 80.6 81.0 2.80* -2.0
SMO 80.0 £4.47 78.2 +3.39 | 82.3 £4.27 80.0 £5.06 | 83.2 83.2 2.30 —.90
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Table C.3: Results for dataset N2F1 with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All  FS | vsInit. vs Theo.
BaggingDT 96.6 £1.58 96.4 +2.32 | 97.1 +£1.37 97.1 +1.66 | 97.2 97.2 0.50 -.10
BoostingDT 96.5 £1.78 96.3 £2.06 | 97.3 £1.16 096.9 £1.45 | 97.9 96.6 0.80 —.60
DecisionStump 93.8 £2.57 93.8 +£2.57 | 96.3 £1.64 96.1 £1.85 [ 93.8 93.8 2.50 2.50*
DecisionTable 96.4 +£1.96 96.4 +£1.96 | 96.6 +1.78 96.9 £1.85 | 95.9 954 0.50 1.00
HyperPipes 90.3 £2.91 89.9 +£3.38 | 96.8 £1.69  93.5 £3.24 | 00.8 89.4 6.50 6.00*
IB1 97.1 £1.37 964 £1.65 | 97.1 £1.20 97.0 £1.25 | 96.9 96.7 0.00 0.20
IB5 97.7 £1.49 97.3 £1.70 | 97.3 £1.34 974 £1.58 | 97.7 96.6 -.30 -.30
J48 96.8 £1.62 96.2 £1.55 | 96.6 £1.65 96.9 £1.45 | 96.6 95.3 0.10 0.30
KernelDensity 97.2 £1.55 96.9 +1.91 | 96.9 £1.20 97.1 £1.45 | 97.0 96.8 -.10 0.10
NaiveBayes 97.7 £0.95 97.6 £1.43 96.1 £1.85 96.9 +£1.79 | 97.9 96.4 —.80 —-1.0
OneR 93.3 £2.75 93.3 £2.75 | 95.4 +£2.41 96.1 £1.91 | 93.3 93.3 2.80 2.80*
PART 96.3 £1.83 95.9 £2.18 | 96.1 £1.29 97.1 £1.45 | 95.2 96.0 0.80 1.10
SMO 96.8 +£1.03 96.9 +£1.20 | 97.7 £1.34 974 +1.58 | 97.3 96.1 0.80 0.40
Table C.4: Results for dataset N2MN with initial, GLOREF, and theoretical features.
Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All FS | vs Init. vs Theo.
BaggingDT 88.1 £3.11 89.3 £3.80 | 88.1 £2.13 88.1 +4.18 | 88.2 87.7 -1.2 —.10
BoostingDT 90.0 +2.58 89.0 +£5.73 | 88.7 +3.59 89.5 £3.63 | 87.7 87.4 —.50 1.80
DecisionStump 67.4 £2.80 67.4 +2.80 | 83.2+2.94 835 +3.84| 91.9 919 16.1* —8.4*
DecisionTable 79.9 £3.67 80.0 +£3.80 | 84.3 £3.13 83.6 +3.24 | 945 94.1 4.30* -10*
HyperPipes 52.0 £1.66  52.0 £1.66 | 63.8 £3.01  50.7 £1.77 | 76.7 75.8 10.9* —13*
1B1 82.7 £3.37  80.7 +£4.72 | 83.4 +3.66 82.9 +£3.45 | 94.0 93.8 0.70* —11*
IB5 84.0 £2.21 83.5 £2.37 84.2 £3.26 84.3 £2.83 | 96.3 95.9 0.30* —12*
J48 82.6 +2.22 83.2 £2.86 | 85.6 +5.34 85.3 £3.71 | 94.3 93.8 2.40* —8.7*
KernelDensity 84.5 £3.17 84.2 +2.70 83.5 +3.78 83.9 £3.90 | 94.2 94.8 —.60* —11*
NaiveBayes 80.6 £2.95  80.0 £3.30 | 81.7 £2.36 81.6 +2.59 | 95.1 95.0 1.10* —-13*
OneR 66.1 £2.02 66.1 +2.02 | 83.1 +3.51 81.3 £4.27 | 91.8 91.8 17.0* —8.7*
PART 81.4 £2.12 81.8 £1.93 83.8 £4.26 84.3 £3.65 | 94.1 93.7 2.50* —-9.8*
SMO 84.7 £3.86  84.7 +£3.86 | 91.4 +£2.55 84.8 £3.71 | 95.9 95.7 6.70* —4.5*
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Table C.5: Results for dataset N3F'1 with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF| GLOREF
All FS All FS All  FS | vsInit. | vs Theo.
BaggingDT 98.5 £1.08 98.2 £1.75 | 98.7 £0.67 97.9 £1.10 | 98.7 98.1 0.20 0.00
BoostingDT 99.0 £1.05  98.5 £2.07 | 98.4 £1.07 97.8 +£1.14 | 98.7 98.2 —.60 —.30
DecisionStump 91.5 £2.32 91.5 +2.32 | 98.2 £0.92 97.8 £0.79 | 93.8 93.8 6.70* 4.40*
DecisionTable 97.0 £1.56  97.1 £1.60 | 98.5 £1.08 97.8 +1.55 | 97.8 97.0 1.40 0.70
HyperPipes 87.8 +4.08 87.9 +£4.12 | 98.2 +1.03 97.1 £1.37 | 94.8 93.7 10.3* 3.40*
IB1 98.3 £1.64 982 +1.14 | 982 +1.23  97.9 £0.99 | 98.6 98.6 -.10 —.40
1B5 98.6 £1.07 98.3 £1.06 | 98.4 +0.70  98.1 £1.10 | 99.2 99.1 -.20 —.80*
J48 96.5 £1.65 97.0 £1.15 | 97.8 £1.48 98.1 £1.10 | 98.0 97.7 1.10 0.10
KernelDensity 08.3 £1.64 98.4 +1.35 | 981 £1.10 98.4 £0.97 | 98.7 98.8 0.00 —.40
NaiveBayes 98.0 £1.05 98.1 +£1.10 | 98.3 +£0.82 97.6 +0.70 | 99.1 99.2 0.20 —-.90
OneR 90.8 +3.36 90.8 +£3.36 | 97.7 +1.16 97.7 £0.67 | 92.7 92.9 6.90 4.80*
PART 974 £1.58 96.5 +£1.18 | 984 £1.07 98.5 +£0.97 | 98.3 98.0 1.10 0.20
SMO 99.2 £0.63  98.4 £0.84 | 99.1 £0.57 98,5 £0.71 | 99.5 99.1 —.10 —.40
Table C.6: Results for dataset N3MN with initial, GLOREF, and theoretical features.
Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All FS | vs Init. vs Theo.
BaggingDT 84.8 £358 83.7 £3.27 | 85.0 £3.13 84.1 £1.37 | 84.3 84.5 0.20 0.50
BoostingDT 82.3 £2.75 82.6 £2.76 | 83.5 £4.06 83.5 +£3.31 | 83.0 82.7 0.90 0.50
DecisionStump 72.1 £4.53 72.1 £4.53 | 83.1 £3.78 83.4 +3.13 | 76.2 76.2 11.3* 7.20*
DecisionTable 77.6 £4.06 77.6 £4.06 | 83.7 £3.06  83.3 £2.21 | 82.2 82.7 6.10* 1.00
HyperPipes 50.9 £0.99  50.9 £0.99 | 72.9 £4.12  63.3 £4.37 | 54.2 52.5 22.0* 18.7*
IB1 76.8 £3.39 76.9 £3.51 | 79.9 +3.60 79.3 £4.64 | 79.8 79.1 3.00 0.10
IB5 81.4 £341 81.2 £3.43 | 83.7 £3.74 83.0 £3.40 | 84.0 83.2 2.30 —.30
J48 77.9 £3.90 78.0 £3.83 79.7 +4.40 82.5 £3.27 | 81.7 82.2 4.50* 0.30
KernelDensity 77.1 £375 77.0 £3.62 | 80.9 +3.07 79.5 £5.02 | 79.9 80.8 3.80 0.10
NaiveBayes 80.9 £4.75 80.9 £4.75 | 82.8 +4.05 82.4 +3.63 | 85.4 R5.8 1.90* -3.0
OneR 62.6 £6.64 62.6 £6.64 | 81.2 £3.26 81.7 +2.36 | 75.5 75.5 19.1* 6.20*
PART 79.4 £2.91 79.4 +2.91 | 82.7 £3.77  82.0 £3.20 | 83.7 83.3 3.30* -1.0
SMO 87.1 £2.77 86.7 £347 | 87.0 £240 85.8 4£2.10 | 86.8 86.4 —.10 0.20
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Table C.7: Results for dataset N4F1 with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
" All FS All FS Al FS | vsInit. | vs Theo.

BaggingDT 92.9 £2.64 92.9 £2.18 | 92.9 +2.64 92.9 £2.18 | 99.5 994 0.00* —6.6”
BoostingDT 95.8 4:2.66 95.5 £2.17 | 95.8 +2.66 95.5 £2.17 | 99.6 99.2 0.00* -3.8*
DecisionStump 79.6 £3.47  79.6 £3.47 | 96.9 +2.13  96.8 +2.04 | 99.2 99.2 17.3* —-2.3*
DecisionTable 83.8 £3.05 83.8 £3.05 | 98.6 £1.07 98.4 +1.51 { 99.2 99.2 14.8* —.60
HyperPipes 59.7 £3.27  59.7 £3.27 | 98.1 +1.45 96.3 £5.01 { 99.2 99.3 38.4* —1.2*
IB1 95.7 £3.20  95.6 £2.72 | 96.7 £1.70 98.4 £1.43 | 98.5 99.5 2.70* -1.1*
IB5 95.2 £2.49 95.1 £2.42 97.6 £1.65 98.6 £1.35{ 99.0 994 3.40* —.80
J48 92.3 £2.11  92.2 £2.10 | 99.1 £0.88  98.7 £1.16 | 99.6 99.3 6.80* —.50
KernelDensity 96.6 £2.12  96.3 £1.95 | 96.0 £2.40 98.4 +£1.51 | 98.5 99.2 1.80% —.80
NaiveBayes 84.8 £3.29  85.0 £3.23 | 95.8 £2.57 98.5 +1.18 | 99.8 99.8 13.5* -1.3*
OneR 79.4 £3.78  79.4 £3.78 | 97.0 £2.11 97.0 +2.11 | 99.0 99.0 17.6* -2.0"
PART 91.9 £2.02 91.3 £2.91 | 989 +£1.20 98.8 £1.03 | 99.6 99.3 7.00* -.70
SMO 97.4 £1.90 97.1 +£1.97 | 98.9 £1.29 97.7 £1.34 { 99.2 98.5 1.50* -.30
Table C.8: Results for dataset N4AMN with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF| GLOREF

All FS All FS All  FS | vsInit. vs Theo.

BaggingDT 94.5 £2.46  94.7 £2.50 | 99.1 £0.99  99.0 £1.05 | 99.8 99.8 4.40 —.70
BoostingDT 95.8 £1.55  96.3 £2.00 | 99.3 £0.82  99.0 £0.94 | 99.6 99.6 3.00* -.30
DecisionStump 66.0 £3.23  66.0 +3.23 | 98.7 £1.16 98.8 £1.14 | 98.9 98.9 32.8* —.10
DecisionTable 785 +£1.78 785 4£1.78 | 98.7 £1.64 988 £1.14 | 99.5 99.5 20.3* -.70
HyperPipes 52.0 £1.41  52.2 4+1.40 | 99.3 £1.06 93.9 £9.05 | 98.4 98.6 47.1* 0.70
IB1 97.6 £1.65 97.8 £1.48 | 99.7 £0.67 99.2 £0.79 | 99.8 100 1.90* —.30
IB5 99.0 £1.33  99.2 £1.14 | 99.5 +0.85  99.2 +£0.79 | 99.9 100 0.30* —.50
J48 87.0 £2.79  87.0 £2.79 | 99.3 £0.82  98.9 £0.99 | 99.6 99.7 12.3* —.40
KernelDensity 97.7 £1.57 983 £1.34 | 99.6 +0.84 99.4 £0.70 | 99.8 100 1.30* —.40
NaiveBayes 81.7 £3.92 81.8 £3.94 | 98.9 £0.99 98.9 £1.37 | 99.8 99.9 17.1* -1.0*
OneR 66.7 £4.62  66.7 £4.62 | 98.7 £1.16 98.8 +1.14 | 98.8 98.8 32.1* 0.00
PART 88.5 £3.63  89.1 £3.03 | 99.1 £1.10 99.1 £0.74 | 99.7 99.8 10.0* —.70
SMO 99.9 £0.32 99.9 +0.32 99.8 +£0.42 99.1 £0.99 { 99.9 100 —-.10 —.20
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Table C.9: Results for dataset N5F1 with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All FS | vs Init. vs Theo.
BaggingDT 90.1 £4.07 89.7 £4.00 | 94.8 +2.74 94.2 +3.49 | 96.3 96.0 4.70* —15
BoostingDT 91.0 £3.86 88.0 £4.27 | 95.7 £1.95 03.3 £3.06 | 95.9 96.2 4.70* —.50
DecisionStump 88.9 £2.77 88.9 £2.77 | 89.4 £3.37 89.8 £2.97 | 92.1 92.1 0.90* -2.3
DecisionTable 88.1 +£2.42 88.5 £2.37 | 93.7 £3.02 93.9 £2.92 | 96.3 96.2 5.40* —2.4*
HyperPipes 60.8 +£3.05 61.1 £2.47 | 92.0 +3.83 80.3 £7.80 | 85.8 86.2 30.9* 5.80*
IB1 83.6 +£2.22 84.3 +£3.92 90.2 £3.77 93.1 £3.60 | 94.0 95.1 8.80* —2.0
1B5 89.2 £2.53 89.4 £3.92 | 91.9 £3.60 94.6 £2.67 | 95.2 96.6 5.20* —-2.0
J48 89.2 £3.19 89.2 +3.52 93.5 £2.55 94.3 +£2.36 | 94.6 95.8 5.10* —-1.5
KernelDensity 83.7 £2.26 87.2 £3.19 | 87.7 £3.59 93.3 £3.59 | 94.1 954 6.10* —-2.1
NaiveBayes 89.6 £2.80 89.5 £3.92 | 89.5 +£3.60 93.0 £3.16 | 96.5 96.9 3.40* -3.9*
OneR 88.3 £3.02 88.3 £3.02 | 89.1 £3.54 90.0 £3.53 | 91.9 91.9 1.70* -1.9
PART 88.1 £5.09 88.3 £3.16 | 93.4 £3.20 93.7 £3.53 | 95.5 95.8 5.40* -2.1
SMO 94.5 £3.06 90.6 £4.84 | 95.8 £1.75 94.9 £3.00 | 96.6 96.4 1.30 —.80
Table C.10: Results for dataset NSMN with initial, GLOREF, and theoretical features.
Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All FS | vs Init. vs Theo.
BaggingDT 90.2 £4.52  91.7 £3.59 | 99.4 £0.70 99.4 +£0.70 { 99.9 99.9 7.70* —.50
BoostingDT 94.2 +£2.49 95.0 £3.43 | 99.6 +£0.70 99.4 £0.70 | 99.9 99.9 4.60* —.30
DecisionStump 70.8 +£3.68 68.5 £3.75 | 99.4 +0.52 99.3 £0.67 | 99.8 99.8 28.6* —.40
DecisionTable 779 £6.35 73.5 £8.53 | 99.4 +0.70 99.4 £0.70 | 99.9 99.9 21.5* -.50
HyperPipes 51.1 £2.13 50.9 +£1.91 | 98.6 £1.51 90.0 £12.7 | 99.9 84.6 47.5* —1.3*
IB1 72.2 £2.97 90.8 £9.33 | 99.5 £0.97 99.3 £0.67 | 99.9 09.8 8.70* —.40
IB5 90.7 £3.06 93.9 £5.59 | 99.5 £0.97 99.4 £0.52 | 100 99.9 5.60* —.50
J48 83.6 £4.50 88.6 £3.60 | 99.4 £0.70 99.4 £0.70 | 99.9 99.9 10.8* —.50
KernelDensity 72.6 +2.84 91.8 £8.32 96.6 +£1.43 99.5 £0.53 | 99.9 99.9 7.70* —.40
NaiveBayes 80.9 £4.70 74.1 £8.05 98.2 £1.48 99.6 +0.52 | 100 99.9 18.7* —.40*
OneR 64.5 +3.27 63.0 £3.89 | 99.4 £0.52  99.3 +0.67 | 99.8 99.8 34.9* —.40
PART 85.0 £4.64 90.5 £2.76 | 99.4 £0.70 99.4 +0.70 { 99.9 99.9 8.90* —.50
SMO 100 +£0.00 98.4 +£2.27 | 99.8 £0.42 99.6 +£0.52 | 100 99.9 —.20" —.20
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Table C.11: Results for dataset N6F1 with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF | GLOREF
All FS All FS All  FS | vs Init. vs Theo.

BaggingDT 88.8 £4.76 89.0 +4.55 | 95.4 +2.59 95.1 £2.77 | 96.5  96.0 6.40* -1.1
BoostingDT 89.2 +£4.61 88.1 £4.68 | 95.5 £2.99 94.6 +2.67 | 96.3 96.2 6.30* —.80
DecisionStump 81.0 £5.14 81.0 £5.14 | 88.8 £5.37 89.5 £5.44 | 92.1 92.1 8.50* -2.6
DecisionTable 81.0 £5.03 80.8 £5.22 | 94.6 +3.06  93.9 +2.92 | 96.3 96.6 13.6* -2.0
HyperPipes 52.3 £1.25 52.0 £1.25 | 91.6 £3.24 82.0 £7.14 | 85.2 86.1 390.3* 5.50*
IB1 85.1 £2.47 83.5 +£4.77 | 91.8 £2.39 93.7 +£2.16 | 92.9 94,6 8.60* —.90
IB5 87.2 £3.43 R86.6 £4.84 | 93.0 £2.21 95.6 £1.90 | 95.5 96.4 8.40* —.80
J48 87.5 +4.33 86.3 £4.14 | 93.4 £3.27 93.4 +2.59 | 95.2 95.8 5.90* —-2.4
KernelDensity 85.4 £2.46 84.9 £3.60 | 87.1 +£3.84 94.4 £2.32 | 929 95.0 9.00* —.60
NaiveBayes 83.9 £5.07 83.4 £5.21 88.3 £3.86 94.1 £2.92 } 97.2 97.0 10.2* —-3.1*
OneR 79.3 £4.42 79.3 £4.42 | 90.3 £2.50 83.8 £5.47 | 91.9 91.9 11.0* —-1.6
PART 85.4 £3.92 85.7 £4.22 | 95.0 £3.16 944 £2.17 | 95.5 96.1 9.30* -1.1
SMO 93.7 £2.75  90.7 £4.22 | 95.9 £2.08 95.3 £2.54 | 96.7 96.1 2.20* —.80
Table C.12: Results for dataset N6 MN with initial, GLOREF, and theoretical features.

Inducer Initial att. GLOREF Theo. GLOREF| GLOREF

All FS All FS All  FS | vs Init. vs Theo.

BaggingDT 87.5 £1.72 87.9 +£1.79 | 91.4 +3.17 89.0 £3.89 | 91.6 89.3 3.50™ —.20
BoostingDT 88.1 £3.35 88.0 £2.98 | 89.8 +3.01 89.0 £2.54 | 91.0 87.6 1.70 -1.2
DecisionStump 67.3 £4.69 67.3 +£4.69 | 83.9 +4.15 83.9 +4.15 | 79.3 79.3 16.6* 4.60*
DecisionTable 787 £291 77.5 +2.80 | 87.0 £346 87.5 £3.72 | 89.0 89.3 8.80* -1.8
HyperPipes 53.1 £2.08 53.3 £1.89 | 85.0 £4.16 70.8 +8.18 | 67.7 67.3 31.7* 17.3*
I1B1 70.8 £349 76.1 £6.05 | 86.6 £3.92 86.4 +4.40 | 85.2 86.5 10.5* 0.10
IB5 82.0 £2.83 83.0 +4.16 88.8 £3.68 89.8 £2.86 | 89.8 89.2 6.80* 0.00
J48 79.6 £2.76 79.6 +3.44 | 86.9 £3.25 88.0 £2.75 | 88.3 89.2 8.40* —-1.2
KernelDensgity 71.0 £3.40 76.6 £5.46 | 85.8 £4.02 86.7 +£4.19 | 85.2 86.8 10.1* —.10
NaiveBayes 78.2 £3.88 77.4 £4.01 86.2 £3.36 88.0 +3.53 | 90.5 91.8 9.80* -3.8*
OneR 63.9 £5.45 63.9 £545 | 82.9 £2.56 83.2 +2.74 | 794 794 19.3* 3.80
PART 82.1 +4.86 80.0 £3.71 | 88.2 £4.29 87.6 £2.59 | 89.6 88.9 6.10* —-14
SMO 91.9 £3.07 89.9 £3.96 | 92.3 £2.71  90.8 £3.16 | 92.4 92.3 0.40 —.10
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Table C.13: Results for dataset AUTO with initial and GLOREF features.

Initial attributes GLOREF features GLOREF
Inducer .

All FS All FS vs Init.
BaggingDT 81.9 £5.93 78.7 +9.87 | 80.0 +7.21  74.7 +9.35 -1.8
BoostingDT 83.4 +5.77 83.1 £9.95 | 82.0 £5.34  80.1 £8.37 -14
DecisionStump 45.0 £5.17 36.6 £8.41 | 49.3 £6.36  43.5 £9.39 4.38
DecisionTable 78.5 £6.24 723 £11.2 | 80.0 +£5.75  58.7 +12.8 1.50
HyperPipes 55.0 £10.5 28.9 £5.79 | 72.8 +9.81  39.5 +12.1 17.7*
IB1 76.1 £8.91 74.8 £109 | 79.5 £7.53  77.6 £8.80 3.40
J48 80.4 £8.69 70.9 £11.9 | 77.2 £11.2  71.3 £9.14 -3.2
KernelDensity 79.1 £7.43 68.0 +£13.8 1.4 +230 73.3 £9.08 -5.8
NaiveBayes 58.5 £7.61 485 £13.1 | 61.0 +8.08  56.3 £9.96 2.48
OneR 63.5 +11.4 63.0 £11.5 63.0 £9.49 53.3 £144 -.45
PART 73.7 £6.35 71.2 £11.5 76.1 £7.32 76.6 £11.6 2.93

Table C.14: Results for dataset BALANCE-SCALE with initial and GLOREF features.

Initial attributes GLOREF features GLOREF

Inducer i
- Al FS All FS vs Init.

BaggingDT 82.2 £3.98 82.2 +3.98 | 93.4 £2.89  02.3 +£4.43 11.2*
BoostingDT 79.2 +4.57 79.2 £4.57 | 93.8 +1.21 92.8 +3.80 14.6*
DecisionStump 56.8 +2.84 56.8 £2.84 | 89.3 £1.99  89.0 +1.93 32.5*
DecisionTable 749 £731 749 4£731 | 90.2 £1.41 91.2 +£3.73 16.3*
HyperPipes 46.1 £0.59  46.1 +0.59 | 90.2 £2.88  83.2 +4.94 44.2*
IB1 80.0 +£4.53 80.0 +4.53 83.2 £4.10 87.2 +5.69 7.19*
J48 77.9 £3.41 77.9 £3.41 90.4 £2.36 90.9 +£3.75 12.9*
KernelDensity 88.5 £2.68 88.5 £2.68 | 84.8 4690 875 £3.91 -.97
NaiveBayes 90.7 £1.22 90.7 £1.22 | 81.9 £5.30 87.0 £2.72 —-3.7*
OneR 58.1 £3.42  58.1 342 | 90.6 £2.78 89.1 £3.38 32.5*
PART 82.5 +5.87 82.5 £5.87 | 91.7 +2.87 88.9 +4.29 9.14*
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Table C.15: Results for dataset BREAST-W with initial and GLOREF features.

Initial attributes GLOREF features GLOREF
Inducer Al FS Al FS | vslnit
BaggingDT 96.4 £1.69 95.3 £2.61 | 96.4 +£1.39 95.9 £1.71 0.00
BoostingDT 96.0 £2.22 94.6 £2.01 | 96.9 +1.76 96.0 £1.47 0.86
DecisionStump 92.4 £2.79  91.4 £2.53 | 96.6 £1.81  95.6 +2.17 4.15*
DecisionTable 95.3 £2.26 94.6 +1.88 94.9 £2.15 95.7 £2.78 0.44
HyperPipes 35.3 £2.68  34.5 £0.46 | 96.6 £1.93  94.6 +£3.14 61.2*
1B1 95.3 £1.51 94.6 +£2.92 95.0 £1.82 94.4 4+2.91 —.29
J48 95.1 +2.37 94.4 £2.50 96.0 £1.31 96.0 +2.59 0.87
KernelDensity 95.1 £1.54 96.1 +2.03 46.3 £5.57 95.1 +2.63 -1.0
NaiveBayes 96.0 £2.50 94.8 £2.47 [ 96.0 +£2.50 96.6 £1.93 0.57
OneR 92.1 £3.02 91.6 £2.98 | 95.1 £1.53 95.7 +2.23 3.58*
PART 94.4 £2.65 94.8 +3.05 95.1 £1.93 95.7 £2.77 0.87

Table C.16: Results for dataset CARS with initial and GLORET features.

Initial attributes GLOREF features GLOREF
Inducer .

All FS All FS vs Init.
BaggingDT 86.5 £5.91  85.7 £4.02 | 81.4 £6.26  82.7 £8.75 -3.8
BoostingDT 84.4 £7.14 85.4 +4.05 | 81.1 +£7.59 81.6 £7.35 -3.8
DecisionStump 66.4 +7.13 66.4 £7.13 | 70.9 +6.82 70.2 £8.14 4.57
DecisionTable 75.5 £7.30  74.2 +6.64 | 7T7.6 +5.23  72.4 £9.42 2.05
HyperPipes 63.1 £7.99  62.3 £7.55 | 72.7 £7.54  64.8 +5.01 9.67*
IB1 72.7 £8.89  74.8 +8.12 | 80.9 +7.28 80.9 +5.60 6.10
J48 86.5 £5.91 83.7 +£3.15 79.1 +8.43 80.9 £7.07 -5.6
KernelDensity 74.0 +6.86 74.8 £4.37 | 80.6 +6.76 80.1 +6.83 5.83*
NaiveBayes 68.1 £11.5 65.6 +9.87 | 69.7 +12.0  66.6 +9.89 1.54
OneR 77.5 £4.24 77.8 +4.10 | 76.5 £4.51  76.3 £5.72 -1.3
PART 81.9 £9.56 78.8 £7.58 | 79.8 £7.87  76.5 +6.69 -2.0
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Table C.17: Results for dataset COLIC with initial and GLOREF features.

Initial attributes GLOREEF features GLOREF
Inducer .

All FS All FS vs Init.
BaggingDT 85.1 £7.11 85.3 £7.42 | 82.9 £5.95  80.2 £6.02 —2.5
BoostingD'T 79.1 £6.66 81.0 £9.90 80.2 £4.35 79.4 £7.36 —-.79
DecisionStump 81.5 £6.19  81.5 £6.19 | 79.1 +6.80 82.4 +6.07 0.85
DecisionTable 82.1 £7.50 84.2 £5.65 | 80.7 +6.50 80.2 +7.14 -3.5
HyperPipes 41.9 +5.06  42.3 +£2.97 | 73.9 +6.98 . *. 31.7*
IB1 77.4 +6.21 82.9 £8.31 | 81.0 £5.36  78.3 +4.02 -1.9
J48 85.1 +£6.61 85.1 £7.74 | 783 +£4.49  80.7 £4.91 -4.4
KernelDensity 79.1 £4.13 81.0 £9.78 | 76.6 +4.71  78.6 +5.65 —-2.4
NaiveBayes 78.3 £5.00 83.2 +6.54 { 80.7 £7.58  79.1 £4.25 -2.5
OneR 81.5 +£6.19  81.5 £6,19 | 78.6 £6.83 81.3 £6.35 —.23
PART 845 £8.03 84.0 £786 | 79.9 £6.81 79.9 £7.26 —4.6
SMO 82.4 £7.20 83.7 +6.69 80.5 £8.49 82.9 £8.21 —.80

Table C.18: Results for dataset CREDIT-A with initial and GLOREF features.

Initial attributes GLOREF features GLOREF
Inducer ]

All FS All FS vs Init.
BaggingDT 85.7 £3.77  84.9 369 | 85.1 +£3.35 85.9 +2.37 0.29
BoostingDT 83.0 £3.64 84.6 +2.91 84.5 +4.16 83.8 +4.47 -.14
DecisionStump 85.5 £3.62 85.5 £3.62 | 83.9 £4.29  85.2 +£3.79 —.29
DecisionTable 83.8 £2.54 84.2 +£3.58 | 83.5 £4.98  83.0 +4.83 —-.72
HyperPipes 59.7 £1.91  b57.8 £1.59 | 76.8 £3.62  62.3 £3.35 17.1*
IB1 82.6 +4.88 73.3 £12.6 | 82.6 +3.62  81.9 +6.16 0.00
J48 84.9 +4.39 84.5 £3.75 82.5 £3.58 83.9 £5.89 -1.0
KernelDensity 82.8 £3.64 84.5 +2.90 | 81.7 +£3.36  83.0 £5.38 -14
NaiveBayes 77.5 £3.63 80.6 +5.21 84.9 £4.17 85.7 £3.71 5.07*
OneR 85.5 £3.62 85.5 +3.62 | 84.9 +3.43 83.8 +4.09 —.58
PART 83.8 £3.79 83.3 £3.94 81.6 £5.59 84.1 +5.42 0.29
SMO 84.5 £3.55 85.2 £3.73 | 85.8 £4.62 854 +4.01 0.58
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Table C.19: Results for dataset DIABETES with initial and GLOREF features.

Initial attributes GLOREEF features GLOREF
Inducer )

All FS All FS vs Init.
BaggingDT 75.1 £7.42 755 +8.84 | 76.4 £6.59  73.7 £7.00 0.92
BoostingDT 71.6 £8.51 72.0 £7.93 | 73.7 £4.78 73.2 +£7.51 1.70
DecisionStump 71.4 £7.22 714 +£7.22 70.8 £7.95 76.2 +£4.97 4.81
DecisionTable 75.7T £7.03 74.7 £7.52 | T74.2 £6.00 75.1 +5.70 -.53
HyperPipes 35.4 £1.13 35.4 +1.13 | 65.8 +-6.37  43.3 +6.98 30.3*
IB1 69.0 +6.52 66.4 £5.45 70.4 £6.20 71.2 £5.65 2.21
J48 71.5 £6.86 72.4 +8.13 70.2 £5.30 74.5 £5.73 2.09
KernelDensity 70.1 £7.29 69.7 £7.21 | 63.3 £5.55 69.1 £5.76 —.91
NaiveBayes 76.3 £8.23 75.3 £7.61 75.9 £8.31 76.6 £6.57 0.25
OneR 72.3 £6.73 721 £6.79 | 74.1 +6.97 73.4 £5.17 1.83
PART 74.4 £6.24 73.3 £6.75 | 68.6 £6.91  73.7 £8.08 —.65
SMO 76.6 £6.75 75.7 +£6.46 77.5 £6.17 77.7 £5.63 1.17

Table C.20: Results for dataset GLASS with initial and GLOREF features.

Initial attributes GLOREF features GLOREF
Inducer )

All FS All FS vs Init.
BaggingDT 74.3 +12.1 70.5 +8.13 71.1 £5.86 66.9 £10.9 -3.2
BoostingDT 75.2 £8.31  70.6 £8.31 | 71.0 116 71.1 *11.9 —4.1
DecisionStump 44.9 £2.39 40.2 £7.17 | 44.0 £4.91 44.4 £2.68 —.45
DecisionTable 66.3 £10.6 64.3 £11.9 | 62.7 £11.4 59.8 +12.1 -3.5
HyperPipes 459 +8.08  31.4 +12.3 | 58.8 £10.9 31.7 +10.2 12.9*
IB1 71.6 £9.69 71.9 £8.02 | 73.9 £10.8 69.3 £10.2 2.01
J48 66.8 £12.4 ©68.2 +8.49 66.9 +£13.7 60.3 £11.5 -1.3
KernelDensity 69.2 £6.38 62.5 £12.7 | 74.8 £10.5 70.1 £9.51 5.63
NaiveBayes 48.6 £9.03  38.2 +£11.6 | 57.0 £7.69 53.2 +11.4 8.40*
OneR 55.6 £13.0 50.3 £15.7 | 60.7 £13.9 594 £11.2 5.15
PART 68.2 +10.3 68.2 +9.49 68.2 £8.44 66.9 £10.5 —.02
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Table C.21: Results for dataset HEART with initial and GLOREF features.

Initial attributes GLORETF features GLOREF
Inducer .

All FS All FS vs Init.
BaggingDT 80.4 +8.20 80.7 +£11.3 | 83.3 £7.46  80.0 £7.03 2.59
BoostingDT 77.8 £11.3 73.0 +£9.08 | 78.1 +7.90 77.4 £7.70 0.37
DecisionStump 74.1 £10.6 74.4 +9.63 | 79.6 +5.86  78.9 +4.29 5.19
DecisionTable 80.7 +8.87 &80.4 4699 | 79.3 £7.24  78.1 +6.86 -1.5
HyperPipes 45.6 £3.05 44.8 £2.10 | 79.3 £7.24  56.3 £9.21 33.7*
1B1 75.2 £10.5  71.9 £8.23 77.4 £7.70 78.9 £6.06 3.70
J48 78.9 +6.99 76.7 £6.54 78.1 £7.29 74.4 +£7.29 -.74
KernelDensity 76.3 £11.1  75.2 £11.0 | 53.3 £18.2 82.6 £4.64 6.30
NaiveBayes 83.7 £7.24 80.4 +6.77 | 85.2 +8.19 80.4 +8.20 1.48
OneR 71.9 +11.5 72.2 £10.7 | 80.7 £5.74 78.1 +5.08 8.52*
PART 75.9 £7.25 75.9 £8.05 77.4 £7.90 80.4 +8.01 4.44
SMO 84.8 +8.81 82.6 £8.56 | 81.9 £6.64  81.5 £7.81 -3.0

Table C.22: Results for dataset HEPATITIS with initial and GLOREF features.

Initial attributes GLOREEF features GLOREF
Inducer \

All FS All FS vs Init.
BaggingDT 84.5 +8.75  83.3 £8.03 | 80.6 +8.05  80.7 £5.72 -3.8
BoostingDT 82.1 +8.08 80.0 +11.2 79.4 £7.25 78.8 +8.32 —2.7
DecisionStump 73.6 £12.3  80.0 +£4.56 | 77.5 £5.92 81.3 +8.34 1.29
DecisionTable 76.8 £8.42  82.0 £7.73 | 83.2 £6.97 83.8 +£5.69 1.87
HyperPipes 83.9 +4.28 80.8 825 | 81.4 £7.88  80.0 +4.27 -25
IB1 81.4 +9.96 73.5 +11.6 | 83.3 +£9.88 78.6 £8.32 1.92
J48 80.7 £6.62 82.6 £7.17 | 80.0 £10.2 85.9 +6.53 3.25
KernelDensity 80.1 £10.6 81.9 4-8.49 80.9 £12.0 81.2 46.60 —.67
NaiveBayes 83.8 £11.6 81.9 +£10.6 | 80.2 +£106  82.7 £10.5 —-1.2
OneR 82.8 +8.19 83.3 £7.21 79.5 £8.55 82.6 £11.5 -.71
PART 80.1 £8.55 82.0 +8.92 79.4 +10.7 84.5 +6.19 2.58
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Table C.23: Results for dataset IONOSPHERE with initial and GLOREF features.

Initial attributes GLOREF features GLOREF
Inducer .

All FS All FS vs Init.
BaggingDT 91.7 £5.47 87.2 451 | 92.3 £5.23  88.3 £4.20 0.58
BoostingDT 93.4 £4.48 86.9 £7.40 | 92.6 £5.75  89.5 +4.67 —.85
DecisionStump 82.3 £6.31 76.3 £6.67 | 88.0 +5.86  84.1 +5.03 5.70
DecisionTable 91.2 £5.47 84.6 +£6.23 | 86.0 £4.78  89.2 £4.35 —-2.0
HyperPipes 92.9 £4.91 80.3 £9.55 | 85.2 £5.36  86.9 +6.02 —6.0"
IB1 85.5 £5.49 88.9 £4.95 [ 90.3 +5.26  88.9 +6.67 1.42
J48 90.9 £6.44 88.9 £4.38 | 90.0 £3.64  90.6 £4.28 =27
KernelDensity 88.0 £6.16 86.9 £5.61 2.3 £3.47 88.6 +4.04 0.60
NaiveBayes 82.3 £7.85 78.6 x£10.6 | 92.3 £6.88  90.6 +6.88 9.97*
OneR 82.6 +5.98 81.2 £6.80 | 88.9 +5.13 87.2 +£4.47 6.29*
PART 88.0 £6.72 87.2 £3.40 | 88.9 +5.46 91.2 +4.15 3.14
SMO 87.7 £5.07 77.2 £7.86 | 90.3 £5.43  86.3 +£6.85 2.56

Table C.24: Results for dataset LIVER with initial and GLOREF features.

Initial attributes GLOREF features GLOREF
Inducer .

All FS All FS vs Init.
BaggingDT 71.0 £8.29 67.9 £8.75 70.2 +6.62 69.0 +£10.8 —.87
BoostingDT 69.9 +4.86 64.1 £9.44 68.1 +6.76 65.2 £6.04 -1.7
DecisionStump 59.7 £9.83 59.0 £10.6 | 67.6 £8.32 67.9 +8.87 8.15
DecisionTable 58.3 £8.55 57.1 £7.75 | 67.6 £8.40 68.2 £8.40 9.91*
HyperPipes 61.2 £2.80 62.2 £2.07 | 68.7 £4.55  62.0 £4.46 6.55*
IB1 62.4 £7.35 59.2 +10.9 64.1 £6.40 64.6 +6.09 2.29
J48 65.2 £7.96 62.6 £8.05 | 67.6 £8.30  66.4 +6.86 2.37
KernelDensity 64.1 £5.41 61.8 £8.12 [ 65.2 £5.80 66.9 +5.28 2.84
NaiveBayes 55.1 +£7.99 53.6 £8.57 64.1 £6.13 65.8 +3.77 10.7*
OneR 56.5 +£8.14 56.7 +6.63 | 64.4 +6.91 65.6 +8.00 8.86*
PART 67.8 £7.76 65.8 +8.28 | 71.0 +11.3 66.4 +8.57 3.16
SMO 58.0 £0.89 58.0 £0.89 | 74.2 +7.44 73.4 +£7.36 16.3*
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C.3 Results for comparisons of GLOREF with PCA and ICA

Table C.25: Results for dataset N1F1 with GLOREF, PCA, and ICA features.

Classifier GLOREF PCA ICA GLOREF | GLOREF
Al FS All FS All FS vs PCA | vs ICA
BaggingDT 954 95.7 | 95.4 £2.37  95.5 £2.22 | 94.8 +3.22 94.4 +3.13 0.20 0.90
BoostingDT 95.9 95.7 { 95.5 £1.65 96.0 £1.56 | 95.9 +1.20 95.6 £2.32 —.10 0.00
DecisionStump 94.2 94.0 { 87.1 £3.81  &87.1 £3.81 | 89.6 £5.58 89.6 £5.58 7.10* 4.60”
DecisionTable 95.9 95.5 | 86.8 £5.27 86.2 +£4.78 | 90.1 £5.02 89.6 +5.62 9.10* 5.80*
HyperPipes 91.6 79.0 | 57.7 £2.95 55.1 £3.25 | 59.4 £2.55 57.1 +2.56 33.9* 32.2*
1B1 95,5 958 | 95.3 £2.45 95.8 £1.99 | 95.1 +£2.51 95.1 £2.33 0.00 0.70
1B5 95.5 96.1 | 95.8 £1.81 96.7 +£1.42 | 95.7 £2.00 96.1 £2.38 —.60 0.00
J48 95.8 95.9 | 94.2 £2.10 94,8 £2.30 | 94.2 £3.16 93.8 £2.97 1.10 1.70
KernelDensity 95.6 0959 | 95.3 4245 96.7 £1.42 | 95.2 +£2.49 95.7 +2.21 —.80 0.20
NaiveBayes 93.0 95.7 | 88.9 £4.68  88.8 £3.99 | 90.0 +£4.67 90.0 +£4.97 6.80* 5.70*
OneR 94.0 94.4 | 87.1 £4.91 87.1 £4.91 | 88.8 £5.39 88.8 +5.39 7.30* 5.60*
PART 94.9 95.4 | 94.1 £2.88 93.9 +2.64 | 93.9 £3.07 93.7 +3.30 1.30 1.50
SMO 97.5 96.5 | 97.1 £1.60  97.0 £1.49 | 96.9 £1.45 96.9 £2.13 0.40 0.60
Table C.26: Results for dataset N1MN with GLOREF, PCA, and ICA features.

X GLOREF PCA ICA GLOREF | GLOREF

Classifier
Al FS All FS All FS vs PCA | vs ICA

BaggingDT 79.5 T78.1 78.9 £470  77.2 £5.37 | 79.2 £4.87 79.5 +5.62 0.60 0.00
BoostingDT 781 787 | T7.6 £4.65 76.2 +4.61 77.1 £4.07 78.7 +4.67 1.10 0.00
DecisionStump 79.1 79.0 1 70.8 £4.71  70.8 £4.71 | 80.0 £5.14 80.0 +5.14 8.30* -.90
DecisionTable 784 79.3 | T7.6 £6.11  77.8 £6.12 | 78.9 +4.68 80.5 +£4.70 1.50 -1.2
HyperPipes 63.2 554 | 584 +3.41 585 x3.27 | 55.5 £2.46  53.2 +£2.59 4.70* 7.70*
1B1 734 7331 T4.1 +4.28 75.3 £4.27 | 74.1 £3.96 74.6 £3.81 -1.9 -1.2
IB5 78.6 76.7 78.3 £4.52 77.6 £4.62 78.5 +4.40 77.8 £4.52 0.30 0.10
J48 76.0 78.7 77.4 £4.43 78.0 £3.94 | 79.3 £4.81 79.3 £4.52 0.70 —.60
KernelDensity 73.1 77.8 % T76.8 +£3.79 77.7 £4.24 | 76.6 £3.75 79.8 +4.71 0.10 -2.0
NaiveBayes 79.0 .79.6 | 80.8 £4.85 78.6 £6.40 | 80.6 £4.65 80.2 +5.61 —-1.2 -1.0
OneR 76.9 7741 66.7 £6.73 66.7 £6.73 | 75.4 +5.99 75.4 +5.99 10.7* 2.00
PART 77.5 79.0 | T76.5 £6.47 T77.7 £5.46 | 79.3 £5.03 79.3 +£4.99 1.30 -.30
SMO 82.3 R0.0 81.1 +5.43 80.2 +5.05 81.2 +5.22 80.4 +4.84 1.20 1.10
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Table C.27: Results for dataset N2F1 with GLOREF, PCA, and ICA features.
) GLOREF PCA ICA GLOREF | GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 971 97.1 96.6 £1.90 96.8 £1.87 | 97.4 £0.97 97.4 £1.26 0.30 —.30
BoostingDT 97.3  96.9 97.1 £2.73 97.2 £2.15 | 97.4 +£1.35 97.0 £1.05 0.10 —-.10
DecisionStump 96.3 96.1 92.2 £2.82 92.6 £3.20 | 97.2 £1.23 97.2 £1.23 3.70* —.90
DecisionTable 96.6 96.9 | 96.1 £1.66 958 £2,97 | 974 £1.35 97.4 +1.35 0.80 —.50
HyperPipes 96.8 93.5 | 91.6 £3.63 89.5 £4.86 | 94.5 £2.55 93.1 +£2.69 5.20” 2.30~
IB1 97.1 970 | 97.1 £1.10 96.5 £1.51 96.9 £1.45  96.8 £1.32 0.00 0.20
IB5 973 974 | 97.5 £1.43 97.6 £1.17 | 97.7 £1.34 97.9 £1.20 —-.20 —.50
J48 96.6 96.9 | 96.5 £2.32 96.3 £2.63 | 96.8 £1.48 97.2 +1.32 0.40 -.30
KernelDensity 96.9 971} 972 +£1.03 97.0£1.15| 97.2 £1.48 97.8 +1.32 —.10 -.70
NaiveBayes 96.1 96.9 | 97.7 +1.06 96.5 +£1.51 | 97.8 £1.32 97.0 £1.63 —-.80 -.90
OneR 954 96.1 03.3 £3.30 93.7 £3.37 | 97.1 £1.10 97.1 £1.10 2.40 -1.0
PART 96.1 97.1 ] 97.1 £1.73 96.7 £1.70 | 97.1 £1.29  97.0 £1.33 0.00 0.00
SMO 97.7 974 97.1 £1.37 96.9 £1.29 97.2 +1.32 97.0 £1.33 0.60 0.50
Table C.28: Results for dataset N2MN with GLOREF, PCA, and ICA features.
) GLOREF PCA ICA GLOREF| GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA

BaggingDT 881 88.1 | 82.8 £2.62 82.4 £2.95 | 81.5 +2.51 81.2 +4.02 5.30% 6.60*
BoostingDT 88.7 89.5 | 83.7 £2.75 82.3 £3.33 | 82.5 £3.81 80.8 £3.99 5.80* 7.00*
DecisionStump 83.2 83.5 | 73.8 £3.97 73.8 £3.97 | 80.1 £3.07 80.1 £3.07 9.70* 3.40*
DecisionTable 84.3 83.6 | 79.9 £3.87 80.1 £3.78 | 81.2 £2.66 81.1 +2.81 4.20* 3.10*
HyperPipes 63.8 59.7 | 53.2 +£1.87 b52.4 £1.84 | 56.2 £1.81 55.7 £2.40 10.6* 7.60*
IB1 83.4 829 | 79.0 £2.26 76.7 +3.95 | 78.7 £2.36 74.9 +2.47 4.40* 4.70*
1B5 84.2 84.3 | 81.7 +£3.37 80.9 £3.00 | 81.7 £3.65 80.3 £3.77 2.60 2.60
J48 85.6 85.3 | 81.1 £4.07 81.2 +£3.91 | 794 +3.06 79.2 +3.01 4.40* 6.20*
KernelDensity 83.5 83.9 | 80.3 £2.98 79.5 +2.42 | 79.4 +2.01 80.3 +3.47 3.60* 3.60*
NaiveBayes 81.7 81.6 | 80.6 £2.41 80.4 +2.95 | 80.8 £2.86 80.2 +4.34 1.10 0.90
OneR 83.1 81.3 | 70.9 £4.46 70.9 +4.46 | 78.6 +3.44 78.6 +3.44 12.2* 4.50*
PART 83.8 84.3 | 80.6 £4.33 T79.7 £4.37 | 79.5 £3.60 79.4 +3.34 3.70 4.80*
SMO 91.4 848 | 84.5 +4.03 84.2 +4.13 | 84.6 £3.95 &83.6 +3.17 6.90* 6.80*
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Table C.29: Results for dataset N3F1 with GLOREF, PCA, and ICA features.
. GLOREF PCA ICA GLOREF | GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 98.7 979 | 98.6 £1.07 98.3 £1.06 | 99.0 £0.94 98.9 +1.10 0.10 -.30
BoostingDT 98.4 97.8 | 9R8.6 +£1.17 97.9 1099 | 99.0 £0.94 98.8 +1.03 -.20 —.60
DecisionStump 98.2 978 | 97.1 +1.29 97.1 +1.29 | 98.8 +1.03 98.8 +1.03 1.10* —.60
DecisionTable 985 978 | 97.0 £1.05 96.7 £1.06 | 98.8 £1.03  98.7 +1.06 1.50* -.30
HyperPipes 98.2 97.1 95.7 £2.58 95.2 +2.39 | 96.8 £2.25  95.4 +£2.50 2.50* 1.40
IB1 98.2 979 | 98.8 £1.40 98.0 +£1.33 | 98.8 +1.14 98.4 +1.17 —.60 —.60
IB5 98.4 98.1 98.9 £0.99 98.3 +£1.06 | 99.1 +0.88  98.9 +0.88 —.50 -.70
J48 97.8 98.1 98.0 £1.25 98.1 £0.99 | 98.8 £1.03  98.7 £1.06 0.00 -.70
KernelDensity 98.1 984 | 98.8 £1.40 98.4 +£1.26 | 98.8 £1.14 98.8 +1.03 —.40 —.40
NaiveBayes 98.3 97.6 97.9 £1.37 96.9 +2.28 | 98.8 £0.63 99.1 +0.88 0.40 —.80*
OneR 97.7 977 96.9 +£1.37 96.9 £1.37 | 99.1 £0.74 99.1 £0.74 0.80 -1.4*
PART 98.4 98.5 98.0 £1.41 97.7 £1.42 | 98.8 +1.03 98.7 £1.06 0.50 -.30
SMO 99.1 985 | 99.5 +0.71 98.6 +£1.35 | 99.5 £0.71  99.2 +0.92 ~.40 —.40
Table C.30: Results for dataset N3MN with GLOREF, PCA, and ICA features.
Classifier GLOREF PCA ICA GLOREF | GLOREF
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 85.0 84.1 | 83.9 £4.01 84.5 £3.69 | 86.2 £2.30 86.0 +2.40 0.50 -1.2
BoostingDT 83.5 83.5 | 83.9 £3.73 82,7 +4.69 | 84.4 +3.06 83.6 +2.84 —.40 —-.90
DecisionStump 83.1 83.4 | 74.7 £5.79 74.7 £5.79 | 85.5 +4.01 85.5 +4.01 8.70* -2.1
DecisionTable 83.7 83.3 | 82.7 £2.79 82.9 +£3.60 | 86.4 +3.50  85.7 +£4.27 0.80 -2.7
HyperPipes 72.9 63.3 | 54.8 £1.48 54.3 +2.00 | 57.8 +3.01 58.0 £2.83 18.1* 14.9*
IB1 79.9 793 | 77.2 +4.10 782 4402 | 77.443.69 80.5 +4.06 1.70 —.60
IB5 83.7 83.0 | 82.6 +£3.06 82.4 +£3.41 82.3 £2.87 85.1 +3.60 1.10 -14
J48 79.7 825} 81.3 £3.33 79.3 £457 | 84.9 £3.11 84.5 £3.34 1.20 -24
KernelDensity 80.0 705 | 77.1 £4.31 78.3 +4.00 77.3 £3.56 83.2 £3.65 2.60 -2.3
NaiveBayes 82.8 824 | 84.5 £3.75 83.4 £3.95 [ 85.7 +£3.65 86.2 +3.33 -1.7 -3.4
OneR 81.2 81.7{ 73.4 £4.77 73.4 +4.77 { 84.2 +3.39 84.2 +3.39 8.30* —-2.5
PART 82.7 82.0 | 80.5 £5.23 81.6 +3.92 | 84.9 +2.96 84.8 +2.86 1.10 —-2.2
SMO 87.0 85.8 | 87.5 £2.95 87.2 +2.49 87.5 £2.95 87.6 +£2.32 —-.50 —.60
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Table C.31: Results for dataset N4F1 with GLOREF, PCA, and ICA features.
) GLOREF PCA ICA GLOREF| GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 92.9 029 92.8 £2.53 02.7 +1.42 | 94.1 £1.73 93.4 +£2.91 0.10 -~1.2
BoostingDT 95.8 955 | 94.8 £1.62 93.5 £1.65 04.6 £2.01 92.8 +£2.44 1.00 1.20
DecisionStump 96.9 96.8 | 79.6 £347 79.6 £3.47 | 93.2 £257 93.2 +257 17.3* 3.70*
DecisionTable 98.6 98.4 | 89.6 £3.13 89.3 £2.50 | 93.3 £2.50 93.2 £2.70 9.00* 5.30*
HyperPipes 98.1 96.3 | 61.3 £3.23 59.8 £2.44 71.3 +£3.33 68.8 £4.33 36.8* 26.8*
IB1 96.7 98.4 | 94.3 £3.02 92.6 +3.81 94.4 +£2.95 91.3 £3.62 4.10* 4.00*
I1B5 97.6 98.6 | 944 £1.90 94.0 £3.13 | 94.4 +1.71 93.9 £3.31 4.20* 4.20*
J48 99.1 98.7 | 91.8 £1.62 91.3 £2.06 92.2 £2.66 93.2 £2.57 7.30* 5.90*
KernelDensity 96.0 98.4 | 94.6 £2.95 93.9 £3.18 | 94.7 £2.67 94.2 £2.70 3.80™ 3.70*
NaiveBayes 95.8 98.5 | 89.5 £3.34 88.9 +4.04 | 90.8 +2.15 92.8 £2.78 9.00* 5.70*
OneR 970 970 | 794 £3.78 79.4 +£3.78 | 92.6 £3.03 92.6 £3.03 17.6* 4.40*
PART 98.9 988 | 91.0 £1.83 90.3 #£0.95 | 93.1 £2.02 93.4 £2.27 7.90* 5.50*
SMO 98.9 97.7 1 96.3 £2.06 96.4 +£2.32 | 96.0 £1.94 94.7 +£2.71 2.50* 2.90*
Table C.32: Results for dataset NAMN with GLOREF, PCA, and ICA features.
) GLOREF PCA ICA GLOREF| GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 99.1 99.0 98.2 +1.55 98.4 4+1.78 | 99.9 +0.32 99.9 +0.32 0.70 —.80*
BoostingDT 99.3 99.0 | 989 £145 986 £1.51 | 99.9 +0.32 99.9 +0.32 0.40 —.60"
DecisionStump 987 988 | 89.94325 89.943251 999 £0.32 99.9 £0.32 8.90* —~1.1*
DecisionTable 98.7 088 98.2 +1.55 97.6 £2.12 | 99.9 £0.32 99.9 +0.32 0.60 -1.1*
HyperPipes 99.3 93.9 | 78.1+3.11 77.1 £2.42 | 99.2 £0.79 100 £0.00 91.2* —.70
1B1 99.7 99.2 99.6 +0.70 99.6 40.52 99.6 +0.70 99.8 4+-0.42 0.10 -.10
1B5 99.5 99.2 | 99.8 £0.42 99.7 +0.48 | 99.9 +£0.32 99.9 +0.32 -.30 —.40
J48 99.3 989 08.1 +£1.37 98.2 £1.40 | 99.9 £0.32 99.9 +£0.32 1.10* —.60*
KernelDensity 996 909.4 | 99.6 £0.70 99.6 +£0.52 99.6 £0.70 99.9 +0.32 0.00 -.30
NaiveBayes 98.9 98.9 | 99.9 £0.32 97.2 £2.04 99.7 £0.48 99.9 +£0.32 —-1.0* —1.0*
OneR 98.7 98.8 | 88.5 £3.57 88.5 £3.57 | 99.9 £0.32 99.9 +0.32 10.3* —-1.1*
PART 99.1 99.1 97.7 +1.83 98.4 £1.58 | 99.9 £0.32 99.9 +0.32 0.70 —.80*
SMO 99.8 99.1 | 99.9 £0.32 99.9 +£0.32 | 99.9 +0.32 99.9 1+0.32 —.10 —.10
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Table C.33: Results for dataset N6F1 with GLOREF, PCA, and ICA features.
X GLOREF PCA ICA GLOREF | GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 94.8 9421 9314251 9254292 | 94.9 £2.56 94.5 £2.72 1.70 -.10
BoostingDT 95.7 933 | 93.7 £3.43 92.443.13 | 94.2 £2.10 94.0 +3.02 2.00 1.50
DecisionStump 89.4 89.8 88.9 £2.77 88.9 £2.77 | 94.2 £2.90 94.2 +2.90 0.90 —4.4*
DecisionTable 93.7 93.9| 909 £2.13 90.3 £2.45 | 93.5 £3.14 94.3 £3.09 3.00* —.40
HyperPipes 92.0 80.3 | 62.9+2.88 60.9+2.88 | 756 £288  75.2 £3.01 29.1* 16.4*
IB1 90.2 93.1 89.4 +£1.65 91.6 +1.43 90.4 +1.51 91.0 £2.26 1.50 2.10
IB5 91.9 94.6 94.2 £1.87 93.7 £2.41 | 94.6 +1.58 94.0 £2.94 0.40 0.00
J48 93.5 943 | 91.3 £2.31 91.3 4271 | 93.7 £2.58  93.5 £2.84 3.00* 0.60
KernelDensity 87.7 93.3 | 89.3 £1.57 91.6 £1.17 | 90.4 £1.78  91.6 +2.32 1.70 1.70
NaiveBayes 89.5  93.0 ] 92.5 £3.17 92.0 £291 | 94.2 £2.62 94.2 +2.20 0.50 —-1.2
OneR 89.1 90.0 [ 883 £3.02 883 +3.02 | 93.9 +£3.14 93.9 +3.14 1.70 —-3.9*
PART 934 93.7 | 90.1 £3.00 91.5 4237 | 93.5 £2.37 93.7 +£2.26 2.20 0.00
SMO 95.8 949 | 96.2 £1.48 94.8 £3.26 | 96.2 +1.62 94.9 +2.18 —.40 —.40
Table C.34: Results for dataset NSMN with GLOREF, PCA, and ICA features.
. GLOREF PCA ICA GLOREF| GLOREF
Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 994 994 | 023 +£3.09 9023 +£245 | 954 +1.17 95.3 +£1.34 7.10* 4.00*
BoostingDT 99.6 994 | 94.0 +£2.21 93.7 £3.09 | 96.5 £1.58 94.5 +1.96 5.60* 3.10*
DecisionStump 994 993 | 70.5 £3.50 70.5 £3.50 | 94.8 £2.25 94.8 £2.25 28.9* 4.60*
DecisionTable 994 994 | 87.2 £2.10 87.9 £1.79 | 94.5 £2.22 94.6 +2.27 11.5* 4.80*
HyperPipes 98.6 90.0 | 54.1 £2.13 53.6 £1.65 | T7.4 £2.88 77.6 +£2.79 44.5* 21.0*
IB1 99.5 99.3 | 80.6 £3.44 89.4 +4.93 | 83.5 £2.12 94.5 +£3.27 10.1* 5.00*
IB5 99.5 99.4 | 92.6 £1.78 93.8 £2.39 | 93.9 £1.91 95.3 +£2.41 5.70* 4.20*
J48 99.4 994 89.1 £2.73 87.3 £3.97 | 95.0 £2.11 94.8 £1.99 10.3* 4.40*
KernelDensity 96.6 99.5 | 80.7 £3.56 89.5 £4.97 | 86.7 £2.45 95.8 £2.15 10.0* 3.70*
NaiveBayes 98.2 99.6 | 91.3 £3.53 90.6 £2.84 | 94.5 £1.84 94.6 +1.78 8.30* 5.00*
OneR 994 993 | 704 +4.09 70.4 £4.09 | 95.1 £1.91 95.1 +1.01 29.0* 4.30*
PART 99.4 994 | 88.4 +3.78 88.4 +3.78 | 93.8 +£2.15 94.6 +2.22 11.0* 4.80*
SMO 99.8 99.6 | 100 £0.00 97.9 £2.81 | 100 +£0.00 96.7 £2.67 -.20 -.20
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Table C.35: Results for dataset N6F1 with GLOREF, PCA, and ICA features.

) GLOREF PCA ICA GLOREF| GLOREF

Classifier
All  FS All FS All FS vs PCA | vs ICA
BaggingDT 95.4 95.1 | 92.5 4£2.72 924 4£3.10 | 93.8 £3.05 92.9 +3.18 2.90* 1.60
BoostingDT 95.5 94.6 | 92.8 £2.70 92.3 4+2.31 92.4 £3.06 93.8 +£2.78 2.70* 1.70
DecisionStump 88.8 89.5 | 81.0 +£5.14 81.0 +£5.14 | 92.7 £2.91 92.7 +2.91 8.50* -3.2
DecisionTable 94.6 93.9 | 91.0 £2.21 90.7 £2.67 | 92.1 £3.21 92.6 £2.76 3.60* 2.00
HyperPipes 91.6 829 | 534 +1.78 53.1 £2.28 | 65.0 £3.06 64.7 +£3.06 38.2* 26.6*
IB1 91.8 93.7 | 88.7 £2.75 90.5 £2.01 88.9 £2.73  89.7 £1.70 3.20* 4.00*
IB5 93.0 95.6 | 91.0 £2.75 92.3 £2.54 | 91.5 £2.17 92.2 £1.93 3.30* 3.40*
J48 93.4 93.4 | 90.6 £3.44 91.1 £3.03 | 93.2 £3.12  93.2 £2.94 2.30 0.20
KernelDensity 87.1 94.4 | 88.9 £2.69 90.8 £2.30 89.2 +2.62 89.9 +1.37 3.60* 4.50*
NaiveBayes 88.3 94.1 | 89.8 +3.85 88.7 +£3.56 | 91.7 £3.20 93.2 £3.29 4.30* 0.90
OneR 90.3 88.8 | 79.3 +4.42 79.3 £4.42 | 92.2 £2.94 92.2 £2.94 11.0* —-1.9
PART 95.0 944 | 89.0 £2.49 89.5 +3.84 | 93.3 £3.59  92.2 £3.43 5.50* 1.70
SMO 95.9 953 | 95.5 £2.07 93.6 £2.59 | 95.5 +£2.42  94.3 +3.13 0.40 0.40
Table C.36: Results for dataset N6MN with GLOREF, PCA, and ICA features.

. GLOREF PCA ICA GLOREF | GLOREF

Classifier
All  FS All FS All FS vs PCA | vs ICA

BaggingDT 91.4 89.0 89.5 £3.03 88.7 +£2.41 | 91.7 +2.87 91.7 +£3.20 1.90 -.30
BoostingDT 89.8 89.0 | 88.4 +4.12 88.7 £3.23 | 90.1 £3.00 90.2 +2.35 1.10 —.40
DecisionStump 83.9 83.9 | 71.3£472 7T1.3+4.72|91.9 £2.88 91.9 +2.88 12.6* —8.0*
DecisionTable 87.0 875 85.0 £3.68 84.1 £2.38 | 91.5 +£2.72 91.9 +2.88 2.50 —4.4*
HyperPipes 85.0 70.8 | 587 +258 555 £1.27 | 80.3 £4.06 80.1 £3.55 26.3* 4.70*
1B1 86.6 86.4 77.2 £3.01 81.7 +£4.74 82.4 £3.60 89.2 +3.65 4.90* -2.6
IB5 88.8 89.8 | 86.4 £4.35 86.6 £4.09 | 88.8 £4.08 91.8 +2.53 3.20 —-2.0
J48 86.9 88.0 84.6 £3.69 85.3 £3.16 90.1 £3.14 91.0 +3.43 2.70 —3.0%
KernelDensity 85.8 86.7 77.2 £3.01 81.8 £4.94 80.5 £3.31 92.2 £3.71 4.00% —5.5*
NaiveBayes 86.2 88.0 | 89.2 £3.43 84.3 £3.13 | 90.5 +£3.21 92.3 +2.63 —-1.2 —4.3*
OneR 82.9 83.2 65.7 £5.10 66.6 £5.23 | 91.9 £3.78 91.9 +£3.78 16.6* —8.7*
PART 88.2 87.6 | 87.7 £4.03 85.6 £3.60 | 90.9 £2.28 91.3 £2.95 0.50 -3.1
SMO 92.3 90.8 | 92.7 £2.87 91.8 +2.66 92.6 +£3.10 92.6 +2.88 —.40 -.30




Notations

|A]

The number of elements in the set A, page 50

|S |(w) The sum of weights of the instances in a dataset S, page 57

Dom(X) The domain of the attribute X, page 50

GainRatio(Y,T; S) The gain-ratio of a split on an attribute Y at threshold T of a dataset

S, page 58

['(X,Y;Q) A GLOREF transformation involving the explanatory attribute(s) X, the re-

M
A2
Q

Q*

T*

sponse attribute Y, and the set of parameters 2, page 85
A compatibility characteristic that indicates majority class in L, page 66
A compatibility characteristic that indicates majority class in R, page 66

The set of parameters involved in the definition of a GLOREF transformation,
page 86

The optimal set of parameters for a GLOREF transformation involving a given set
of attributes, page 86

The threshold T that maximizes the relevance of a cut point for a given attribute Y
and a given dataset S, page 86

U(Y,T;S) The measure used to represent the usefulness of a cut point in the relevance

graph, page 62

valx(s) The value taken by attribute X in instance s, page 50

C
L

The class attribute with domain {ci, ca,...,cx}, page 50

The cumulative set which contains the instances falling on the left hand side of a
split on a given attribute, page 57

The balance set which contains the instances falling on the right hand side of a split
on a given attribute, page 57
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S A training dataset, page 50

8 One of the instances in the training dataset S, page 50

S; A non-empty subset of S included in the partition of S, page 55

X An attribute, may indicate an explanatory or a response attribute, page 50
Y An attribute, usually indicates a response attribute, page 50

Z A new feature generated by the GLOREF approach, page 85



Glossary

attribute A characteristic or a trait of an instance. An attribute can take any values in
a given domain(real, integer, nominal). In supervised learning, one of the attribute is
named the class attribute and all others are named the input attributes. The objective
is to predict the value of the class attribute by using the values of the input attributes.
The class attribute is a nominal attribute. Synonymous are: variable and parameter.

cut point A cut point separates a dataset S into two distinct subsets based on the values
of a given continuous attribute Y and a threshold 7. The subsets generated by a
cut point are named L and R, where L contains all instances from S for which the
value of Y is smaller than T and R contains the remaining instances. As another
interpretation, if we suppose that the values of Y are ordered from left to right, then
the subset L contains all instances on the left side of T while the subset R contains
all instances on the right side of T'.

explanatory attribute Attribute interactions happen when one or several ezplanatory
attributes influence the values of a response attribute. Explanatory attributes can be
continuous or nominal. The explanatory attributes are also named the independent
attributes.

feature A characteristic or a trait of an instance constructed from the input attributes.

global relevance Indicates that the relevance is computed using all the training instances
available.

instance An object defined by a number of attribute values and a class value. Also named
an example or an observation. A dataset is composed of N instances,

local relevance Indicates that the relevance is computed using a subset of all the training
instances available.

relevance or attribute relevance Designates the usefulness of a given attribute or fea-
ture in predicting the values of the class attribute. Potential measures to evaluate
the relevance includes: the information gain[Quinlan, 1983], the gain ratio[Quinlan,
1986], and the x?[Kass, 1980; Mingers, 1989]. The relevance of continous attributes
is often computed from the relevances of its cut points.
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response attribute Attribute interactions happen when one or several explanatory at-
tributes influence the values of a response attribute. In this work, response attributes
are assumed to be continuous attributes. A synonym for response attribute is depen-
dent attribute.

split Refers to the results of applying a cut point(i.e., the creation of two subsets).

testing data The set of instances used to evaluate the performance models learned through
learning. Only the testing instances are used when evaluating the relevance of the
features generated by the GLOREF approach. The testing dataset is never used
during the learning and feature generation steps.

training data The set of instances used by the learning algorithm to build classification
models or by the feature generation process to construct new features.

validation data An optional set of instances that is used during the learning process for
intermediate evaluations or for global parameter tunning.



