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Abstract

An increasing number of intelligent information agents employ Near-
est Neighbour learning algorithms to provide personalised assistance to
the user. This assistance may be in the form of recognising or locating
documents that the user might find relevant or interesting. To achieve
this, documents must be mapped into a representation that can be
presented to the learning algorithm. Simple heuristic techniques are
generally used to identify relevant terms from the documents. These
terms are then used to construct large, sparse training vectors. The
work presented here investigates an alternative representation based on
sets of terms, called set-valued attributes, and proposes a new family
of Nearest Neighbour learning algorithms that utilise this set-based
representation. The importance of discarding irrelevant terms from
the documents is then addressed, and this is generalised to examine
the behaviour of the Nearest Neighbour learning algorithm with high
dimensional data sets containing such values. A variety of selection
techniques used by other machine learning and information retrieval
systems are presented, and empirically evaluated within the context of
a Nearest Neighbour framework. The thesis concludes with a discus-
sion of ways in which attribute selection and dimensionality reduction
techniques may be used to improve the selection of relevant attributes,
and thus increase the reliability and predictive accuracy of the Nearest

Neighbour learning algorithm.
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Chapter 1

Introduction

Chapter Outline

This chapter presents an introduction to intelligent information agents, and ex-
plains how they can assist users in retrieving and processing on-line information.
Different information agents employ a variety of machine learning algorithms, so
that the assistance provided can be tailored to a wuser’s individual requirements.
The work presented in this thesis will focus on the utility of the nearest neighbour
learning algorithm within information agents, and will illustrate some of the prob-
lems encountered when attempting to learn from natural language texts such as

electronic mail or USENET news articles.

The objectives of the work are presented and motivated within this chapter. This

will then be followed by an overview of the remaining chapters.

16



1.1 Introduction 17

1.1 Introduction

In recent years, the volume of information available electronically has increased
at an unprecedented rate. Information that was originally published or broadcast
by traditional media (such as paper or video tape) is now available in computer
accessible form. Much of this is due to an increase in the number people that use
the Internet and the development of the World Wide Web. Although accessing
and utilising these data repositories is becoming crucial within modern business
practices, it is becoming increasingly difficult to identify what documents or ar-
ticles are interesting or relevant to the user. For this reason, information agents
(Mitchell, Caruana, Freitag, McDermott, & Zabowski 1994; Maes 1994) have been
proposed as one possible solution to the problem of assisting users in accessing

relevant information and performing simple tasks.

Many information agents have been described as personal assistants, as they can
be personalised for each individual user (Maes 1994). Although many early agent
systems relied on user-defined scripts to determine their behaviour, recently sys-
tems have emerged which employ machine learning techniques to induce user pref-
erences automatically. Information agents may sort incoming information, such
as prioritising unread electronic mail messages, or locate new documents (such
as World Wide Web pages) that a user would find interesting. Machine learning
algorithms are employed to identify regularities that occur within existing mes-
sages or documents. For example, they can identify certain terms or keywords
may only appear within interesting articles, or recognise authors that periodically
send important messages. These regularities can then be utilised by information

agents to assist the user.

A variety of learning mechanisms have been employed within intelligent informa-
tion agents, including genetic algorithms (Sheth, 1994), symbolic rule induction
algorithms (Dent et al., 1992; Payne, 1994; Bayer, 1995; Cohen, 1996a; Payne
et al., 1997), neural networks (McElligott & Sorensen, 1994; Mitchell et al., 1994;
Pannu & Sycara, 1996; Boone, 1998), naive Bayesian techniques (Pazzani et al.,

1996), Minimum Description Length techniques (Lang, 1995), clustering tech-
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niques (Green & Edwards, 1996), relational learning algorithms (Cohen, 1995)
and nearest neighbour (or instance based) techniques (Metral, 1993; Kozierok &
Maes, 1993; Green & Edwards, 1996; Pazzani et al., 1996; Payne et al., 1997,
Boone, 1998).

There are a number of differences between the task of learning from documents
and other learning problems (Lewis, 1992). The organisation of text within most
documents is generally either unstructured (i.e. single paragraphs of free text) or
semi-structured, such as electronic mail messages (Malone et al., 1987). Docu-
ments may be organised into sections, subsections, paragraphs, etc., but any given
document may contain an arbitrary number of each. In addition, there may be
other information available, such as the length of the document or the type of
audience for which it was intended, which may assist in the learning task. The
size of vocabulary is also a significant factor in determining the representation of
the document. Many of these issues also arise within Information Retrieval (IR)
systems. Such systems attempt to locate and retrieve documents from a corpus,

based on a small number of query terms presented by the user.

There are many similarities between basic information retrieval (IR) systems and
simple nearest neighbour learning algorithms. The queries presented to an IR
system consist of one or more terms. Each query is compared to the documents
within the corpus, and those documents which are most similar to the query are
presented to the user. In contrast, a nearest neighbour algorithm classifies a query
instance by comparing it with all the stored training instances, and returning
the class label associated with the most similar (i.e. nearest) instance. As a
consequence, there may be tools used by IR systems that can be employed by
nearest neighbour learning algorithms to improve their accuracy when learning
to categorise documents. For example, tfidft weighting strategies have already
been used to construct prototype instances (Zhang 1992; Biberman 1995; Datta &
Kibler 1997), which in turn are used to train nearest neighbour learning algorithms

within some information agent systems (Lang 1995; Cohen 1996b).

!Term Frequency/Inverse Document Frequency (Rocchio Jr 1971; Salton & McGill 1983).



1.2 Learning within Information Agents 19

This thesis focuses on the role of nearest neighbour learning within intelligent
information agents. Two issues are explored: the representation of documents
within a nearest neighbour learning system, and the problems encountered by
such systems when the number of attributes used to describe the documents is

large.

1.2 Learning within Information Agents

Intelligent information agents such as email filters (Metral, 1993; Payne, 1994;
Cohen, 1996a; Boone, 1998) and Web agents (Armstrong et al., 1995; Balabanovié¢
et al., 1995; Green & Edwards, 1996; Edwards et al., 1996; Pazzani et al., 1996)
utilise a learning algorithm to determine what action should be taken on new
or incoming documents. An email agent may attempt to categorise an incoming
email and save it in the appropriate folder, or notify the user when a high priority
message arrives. In contrast, a Web agent may simply determine whether or not
a new Web page is of interest to the user. However, documents such as email
messages or Web pages can be complex, and it can be difficult to map the data
within the document into a representation suitable for presentation to a learning

algorithm (Payne 1994; Payne & Edwards 1997).

This complexity can be illustrated by an example. Consider an application that
maintains a database of bibliographic entries. Each entry refers to a published
paper, and includes the abstract and title and additional details relating to the
paper, such as the technical scope of the paper and author biographies, etc. A
simple information agent observes the different entries examined by the user, and
based on these observations, presents new entries that the user might also find

interesting.

To achieve this, the agent induces and utilises a user profile for each user. This
profile represents the user’s interests, and is induced from the observations made
by the application. The observations capture the entries examined, and any re-

lated actions, e.g. the query used to find the entry, or the name of the file in
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which the entry was subsequently stored. New bibliographic entries are compared

to the user profile, and any that match are presented to the user.

The observations have to be mapped into a representation that is suitable for
presentation to a learning algorithm. Domain knowledge can be used to identify
the individual fields in the database record. Fields containing text can be parsed
to identify terms, remove punctuation, stem the terms (i.e. remove suffixes such
as ‘ing’ or ‘ed’ (Porter, 1980)), and sort the terms in dictionary order. Figure 1.1
shows an illustrative entry that has been retrieved from a database and processed
in this way. This data now has to be mapped to a training example for presentation

to the learning algorithm.

Title Terms a agent an in interface investigation issues learn learning
mail of that

“Peter Edwards”, “Terry R. Payne”

a able adapt agent allow an and are assist autonomous
change component construct context data develop differ-
ent employ filter from has have here identify in increase
interest interface internet ...

journal

“Applied Artificial Intelligence”

Authors
Abstract Terms

Publication Type
Publication Name

Editor
Technical Scope
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Figure 1.1: A pre-processed bibliographic entry. Note that many fields contain
lists of terms found in the original database entry.

Many of the fields can be easily mapped to attributes within training instances.
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For example, the field Publication Type can be mapped to an attribute whose
domain may include the values {journal, proceedings, book, techreport}, or the
Year field can be mapped to a numeric attribute. However, mapping fields such
as Abstract Terms or Journal Scope to attributes present a number of problems.
This is due to the size of the domain of the attributes (for text, the domain may
contain in the order of 20,000 - 100,000 elements (Lang, 1995)), and the number of
values in each field (many supervised learning algorithms assume that an instance

contains a single symbolic or numeric value for each attribute).

A number of information retrieval systems utilise a vector space representation
(Salton & McGill, 1983). Each document is represented by a vector of length N,
where NV is the size of the vocabulary of the corpus. Each element of the vector
corresponds to one of the terms in the corpus. Documents are mapped into the
vector space representation by setting the elements within the vectors to 1 if the

corresponding terms appear in the document?, and setting the remainder to 0.

The vector space model can also be used to represent each field within the biblio-
graphic entry. Figure 1.2 illustrates how multiple vectors can be used to represent

three of the fields for the bibliographic entry in Figure 1.1.

Original Article
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—-— /
- ) | $
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Publication Type = { journal } ! | Qr} &b% @Q 1}& o {§§ (\é\ s
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Technical Scope= { advanced scientific } ! ! 9 § S ¢ fbb g o X $ .
Journal Scope= { a about act ... } . I
, t[afolofo] [1]ofofa] [1]o]1]1
I L | L
!
Y ! Publication Type Technical Scope Journal Scope
L U —

[ it

Training Instances

Figure 1.2: Mapping selected values to field vectors.

Although many learning algorithms can learn from data represented by the vector
space model, it can introduce problems associated with high dimensionality. If the

vocabulary of each of these field vectors is large (i.e. 20,000 - 100,000 elements),

2Many systems use some statistic to indicate the existence of a term, such as term frequency.
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then the size of the document vectors can become unwieldy. This can result in
an increase in the time taken to classify a new document, and a drop in the

classification accuracy of the learning algorithm.

Various solutions have been proposed that attempt to resolve the representational
problem, and reduce the size of the field vectors. One proposed solution would be
to ignore the structure of the document, and map all the terms into a single field
vector (Balabanovié et al., 1995; Lang, 1995). However, this approach assumes
that all components of the document (such as titles, header fields, etc.) refer to
the same information, and so contain similar terms. This assumption is inap-
propriate for applications that utilise data such as that presented in Figure 1.1,
where there are a number of different, possibly independent textual fields. Other
systems limit the size of the separate field vectors, and thus reduce the size of the
resulting document vector (Armstrong et al., 1995). A number of different statis-
tical measures that previously were used by IR systems have been employed by
different learning algorithms to weight and select terms. These measures are often
based on the frequency of the term both in the document, and across the whole
training set (Salton & Buckley, 1987; Edwards et al., 1996; Yang & Pedersen,
1997).

1.3 Objectives

In the previous section, the difficulties associated with the identification of a
suitable representation for complex documents were introduced. The standard
approach is to represent the different components of the documents (i.e. different
fields) by size limited term vectors. However, this introduces the problem of
selecting the most appropriate terms from the original vocabulary. The time
taken for many approaches to induce a concept hypothesis (used to classify query
instances) is generally a function of the number of attributes (i.e. size of the
vector) used to describe the data. Hence, the need to reduce the number of
elements within the vector is critical for several supervised learning algorithms.

The nearest neighbour learning paradigm is well suited to learning from domains
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represented by large numbers of attributes, as it does not involve any explicit
training step, but rather it classifies query instances by searching through the
space of training instances for the closest match. However, as each element of the
query vector (i.e. attribute) is significant in determining the most similar training
instance, this learning approach is susceptible to the presence of irrelevant and

erroneous attributes (Langley & Iba 1993).

The objectives of the work presented here are two-fold:

e to suggest an alternative representation suitable for complex documents, and
to propose alternative nearest neighbour distance metrics that can utilise

such a representation;

e to investigate various approaches to the problem of identifying and elimi-
nating irrelevant attributes, and to determine if the number of attributes

can be reduced by the elimination of redundant attributes.

The representation proposed is based on the use of sets; each field within a complex
document is mapped to a set containing a selection of terms extracted from the
field. A novel nearest neighbour learning algorithm which has been modified to
learn from this representation will be described. An existing information agent

will then be used to evaluate the new representation.

The thesis then explores the general problem of attribute selection. The following

issues will be addressed:

e The implications of high dimensionality (i.e. large numbers of attributes)
on nearest neighbour learning will be discussed, with an illustration of how
the presence of irrelevant or redundant attributes can have a detrimental

impact on the classification accuracy of the learning algorithm.

e A number of different approaches to attribute selection have previously been
proposed and tested with various learning algorithms on a variety of do-

mains. These approaches will be combined with a nearest neighbour algo-
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rithm, and systematically evaluated over a number of standard UCI data

sets (Merz & Murphy 1996).

e A dimensionality reduction technique known as Latent Semantic Indexing
has been successfully used to reduce the number of attributes used to rep-
resent documents. This technique, which is similar to a subspace mapping
technique known as Correspondence Analysis (Greenacre 1984), will be used
to reduce the dimensionality of a number of standard UCI data sets, which
will then be presented to a nearest neighbour learning algorithm. The re-
sulting behaviour will be compared and contrasted to that observed when

the attribute selection techniques were evaluated.

1.4 Thesis Overview

The thesis consists of eight chapters (including this introduction) which explore
the behaviour of nearest neighbour learning algorithms when presented with data
sets containing irrelevant or redundant data. The second chapter introduces the
nearest neighbour learning algorithm, and describes the effects of high dimension-
ality and feature relevance on the learning algorithm. This includes an exami-
nation of the curse of dimensionality, as well as an explanation of irrelevant and

redundant attributes.

Chapter 3 reviews a variety of different dimensionality reduction and attribute
selection techniques. The differences between filter and wrapper based selection
mechanisms are discussed, and selection through feature weighting is presented.
Finally the dimensionality reduction technique that underlies Latent Semantic

Indexing is explained.

Chapter 4 describes how a novel set-based approach can be used to represent data
for agent systems, and proposes a nearest neighbour learning algorithm designed

to learn from this representation.

Chapter 5 presents an evaluation of the set-based data representation described

in Chapter 4, and compares it with a rule-based approach within the context of
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an existing, agent-based email filtering domain.

Chapter 6 discusses a number of different approaches to dimensionality reduc-
tion for nearest neighbour learning. A filter and four wrapper algorithms are
described. This is then followed by a description of various weighting techniques,

and concludes with a description of the sub-space mapping algorithm.

The empirical evaluation of the various dimensionality reduction techniques is
then presented in Chapter 7. The results for each method are discussed, and the

chapter concludes with a comparison of the different approaches.

The thesis concludes with a summary of the contributions, and a discussion fo-
cussing on the different attribute selection and dimensionality techniques of the
empirical evaluations explored in the previous chapters. Possible directions for

future research are then outlined.



Chapter 2

Nearest Neighbour Learning

Chapter Outline

The work presented in this thesis investigates various representational issues that
are encountered when learning to categorise texts, and contrasts a number of meth-
ods designed to reduce the dimensionality of this data. The nearest neighbour
learning algorithm (Section 2.2) has been used to explore various representation
and dimensionality issues. This section begins by introducing the terminology used
to describe data sets, and presents the nearest neighbour learning paradigm. The
presence of irrelevant or redundant attributes can affect the performance of such
learning algorithms. This is discussed in detail, and illustrated by means of an

example.

26
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2.1 Terminology

A machine learning algorithm is a program that can learn to perform a given
task, such as driving autonomous vehicles (Pomerleau 1995), detecting fraud
(Piatetsky-Shapiro, Brachman, Khabaza, Kloesgen, & Simoudis 1996), playing
games (Mitchell 1997), or classifying unclassified data. The algorithm is generally
trained by presenting it with a data set containing a number of examples of that
task. If the task is a supervised classification task, the examples are tagged with a
classification label, which represents the concept to be learned. The learning algo-
rithm attempts to reproduce this concept, so it can be used to classify new, query
examples. This section describes the terminology used when discussing machine

learning algorithms in the context of a classification task.

The examples contained within the data set are known as instances. An instance
is made up of a classification label and a wvector. Each element of the vector
corresponds to a characteristic of the data set, such as ‘diastolic pressure’ or
‘shape of tumor’ in medical data (Figure 2.1). These characteristics are described
as attributes. A feature is a tuple that relates a value of an element to one of the
attributes. For example, the feature oval might refer to the shape of a tumor.
It is important to note that two distinct features can share the same value; for
example the feature oval relating to the tumor shape is distinct from the feature
oval relating to the shape of a lymph node. An attribute can be represented by
a set of ordered (e.g. numerical), or un-ordered (e.g. symbolic) values. Ordered
values may be continuous (i.e. real numbers) or discrete (e.g. rankings or numeric
ranges). The values that appear within a given set may be restricted, for example
a symbolic attribute may be represented by a small number of values. Figure 2.1

illustrates the relationship between the different terms described above.

A classification label is attached to each instance. Instances normally belong to
one of a number of categories, or classes, and the value of the classification label
indicates to which class the instance belongs. The machine learning algorithm
tries to learn one or more classification hypotheses or target concepts. A target

concept can be considered as a function that maps an instance (represented by the
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Instances Attribute Information

Name Type Legitimate Values
Av. systolic pressure continuous

Av. diastolic pressure continuous -

Shape of lymph node symbolic { bean oval round }

Shape of tumor symbolic { fibrous oval round }
Type of tumor symbolic { benign malignant }
( Age ordinal <30, 30-59, 60+
I [ I I ] L
78.3 | 140.:lI oval | roundI benlgr|1 30-59 Positive
I I I
82.4 | 120.4 oval | fibrouslmalignan 30-59 Negative
Vector of Features Class Label

Figure 2.1: This fictitious data set illustrates the components of an instance,
represented by the vector model.

feature vector) to the value of its classification label (i.e. its class). If an instance
x; belongs to the class x;.c and the target concept that maps the instance to its
class is f(x;), then the class of an instance has been correctly predicted if and
only if f(z;) = x;.c. Hence, a target concept can be used to predict the class of

an instance from its features.

The performance of a learning algorithm is generally determined by counting the
number of instances that can be correctly classified, and presenting this as a per-
centage of the total number of instances classified. This percentage is referred to
as the classification accuracy. A related approach counts the number of instances
that fail to be classified correctly (i.e. are classified incorrectly); this is known as
the error rate, and is presented as a percentage. Both approaches rely on the data
set, being partitioned into mutually exclusive training and test sets. The training
set is used by the learning algorithm to generate the target concept, and the test
set is used to evaluate its accuracy or error rate. Various partitioning strategies

exist (Kohavi 1995), and are discussed in detail in Sections 5.1.3 and 6.2.
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2.2 The Nearest Neighbour Learning Paradigm

The nearest neighbour learning paradigm has been the subject of many studies for
nearly half a century. It is based on the principal that the members of a population
(e.g. the instances within a data set) will generally exist in close proximity with
other members sharing similar properties. Hence, additional information about
an instance can be obtained by observing other instances that are close to it, i.e.
by observing its nearest neighbours. It naturally follows that this method can be
used as a classification technique: if the members of the population are tagged
with a classification label, then the value of the label of an unclassified instance

(i.e. its class) can be determined by observing the class of its nearest neighbours.

The basic concepts that underlie the nearest neighbour classifier were presented
by Fix & Hodges Jr. (1951) in their study of the nonparametric discrimination
problem, in which they described a number of different procedures and demon-
strated that these had asymptotically optimum properties for large sample sets
(Dasarathy 1991). However, it was not until 1967 that Cover & Hart formally
defined the nearest neighbour rule and applied it to the problem of pattern clas-
sification. Many aspects of this classification algorithm have since been studied
(Dasarathy 1991): such as examining more than one neighbour to determine the
classification of an instance; estimating the probability density functions implicit
within the space to determine error rates; and editing the space to reduce the

number of instances required by the algorithm.

Nearest neighbour learning algorithms are also known as Instance-Based (Aha
1990) or Ezemplar-Based (Bareiss & Porter 1987) learning algorithms, and fall
with the category of lazy-learning algorithms (Mitchell 1997), as they defer the
induction or generalisation process until classifications are performed. The nearest
neighbour algorithm requires less computation time during the training phase
than most eager learning algorithms (such as the rule induction algorithm, C4.5
(Quinlan 1993)). However, the consequence of using this lazy learning approach

is that the computational cost of classifying a new query instance can be high.

The power of the nearest neighbour approach has been demonstrated in a number
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of real-world domains, such as in the pronunciation of English words (Stanfill
& Waltz 1986), recognition of DNA & RNA sequences (Cost & Salzberg 1993),
thyroid disease diagnosis (Kibler & Aha 1987), speech recognition (Bradshaw
1987), clinical audiology diagnosis (Bareiss & Porter 1987), meeting predictions
(Kozierok & Maes 1993) and Internet information filtering (Payne, Edwards, &
Green 1997). However, this learning paradigm has also been the subject of strong
criticism (Aha 1992b). Breiman, Freidman, Olshen, & Stone (1984, p.17) highlight

five objections to such approaches for concept learning:

1. They are expensive due to their large storage requirements;

2. They are sensitive to the choice of the similarity function used to compare

instances;
3. They cannot easily work with missing attribute values;
4. They cannot easily work with symbolic attributes;

5. They do not yield concise summaries of concepts.

There has been some work to extend nearest neighbour algorithms to solve these
problems. Aha developed the IBL family of instance-based learning algorithms,
some of which reduce the number of instances needed to represent a concept
(Aha, Kibler, & Albert 1991), and attempt to handle instances with noisy or
irrelevant attributes (Aha & Kibler 1989; Aha 1992b). MBRtalk (Stanfill & Waltz
1986) defines similarity over symbolic values, and the EACH algorithm (Salzberg
1991a) uses the Nested Generalised Exemplar (NGE) theory to create compact

representations of concepts.

There are also advantages to the nearest neighbour approach. Such methods can
learn graded concepts (Barsalou 1985; Aha 1989), relational concepts (Emde &
Wettschereck 1996), and provide a basis for exploring prototypical learning (Zhang
1992; Biberman 1995; Datta & Kibler 1995; Datta & Kibler 1997). There have
also been a number of theoretical studies on the nearest neighbour algorithm,

including PAC Analysis (Albert & Aha 1991), Average Case Analysis (Langley &
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Iba 1993), and various studies on the effects of noisy domains (Dasarathy 1991;
Okamoto & Yugami 1996).

2.2.1 The Basic Learning Paradigm

The basic nearest neighbour learning algorithm is trained by simply storing the
training instances until classification time. When a query (i.e. unclassified) in-
stance is presented for classification, its nearest neighbour is determined and used
to generate a classification label. Instances can be considered as points within an
n-dimensional instance space. Each of the n dimensions corresponds to one of the
n attributes that are used to describe an instance. The topology of the instance
space is dependent on the characteristics of the attributes, such as the type of
each attribute (i.e. numeric, ordinal, symbolic etc.) and the cardinality or range
of each attribute. The absolute position of the instances within this space is not
as significant as the relative distance between instances. This relative distance is
determined using a distance metric (Section 2.2.3). The choice of metric is gen-
erally dependent on the topology of the space, and a variety of different metrics

have been proposed (Wilson & Martinez 1997).

The nearest neighbour paradigm can be viewed as a mapping function between
the instance space and an output space. An instance and its classification label can
be represented by the tuple (x;,¢;), where z; represents the location of instance i
within the instance space, and ¢; is the location of its classification label within
the output space. Hence, given the tuple (z;,¢;) we can say that “z; belongs to

the class ¢;”.

pleglry) = ple|z;) , if D(xg, x;) =0 (2.1)

The nearest neighbour learning paradigm is based on an assumption that relates
the distribution of values in the instance space to the distribution of values in the

output space (Cover & Hart 1967; Michie, Spiegelhalter, & Taylor 1994). It states
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that if two instances, z; and z,, are located close to each other within the instance
space (according to some distance metric D), then the posterior class probabilities
of both instances will be approximately equal (Equation 2.1). In other words, if
there exists a training instance x; which is located close to the query instance z,
in the instance space, and the classification label ¢; for z; is known, then it is

possible to assume that the value for the unknown class ¢, will also be ¢;.

2.2.2 The knearest Neighbour Learning Algorithm

The k-nearest neighbour learning algorithm (k-NN) locates the & nearest instances
to a query instance, and determines its class by identifying the single most frequent
class label associated with the nearest neighbours. An example of a 3-nearest
neighbour algorithm is presented in Figure 2.2. Each instance is represented by
a two-dimensional point within a continuous-valued Euclidean space. The points
appear as either a + or — symbol, depending on the class label of the instances
(i.e. positive or negative instances respectively). The sphere surrounding the
query instance z, contains the three nearest neighbours, n;, n, and p;. The
instance x, is classified as —, as two of the nearest neighbours, n; and ny are both

negative, whereas only one instance (p;) within the sphere is a positive instance.

Figure 2.2: A set of positive (4+) and negative (—) instances within an instance
space. The class of the query instance, x,, is determined by identifying the three
nearest neighbours, ny, no and p;.

The voting strategy used to classify z, in Figure 2.2 is known as the Majority Rule.

This rule groups together the nearest neighbours according to the value of their
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class label, and returns the class of the largest group. Other voting strategies have
been proposed, including the Qualified k-NN Rule (Devijer & Kittler 1982), the
Variable Threshold Rule (Tomek 1976), and the Distance Weighted Rule (Dudani
1976).

The value of £ can significantly affect the performance of the k-nearest neighbour
algorithm. If the Majority Rule is used when k& — n (where n is the number of
instances in the instance space), and the distribution of instances across different
classes is non-uniform, then the behaviour of the learning algorithm will be similar
to that of a global approximator, i.e. the resulting classification will be due to the

distribution of class labels, and not the location of the query instance.

Wettschereck (1994) investigated the behaviour of the k-nearest neighbour algo-
rithm in the presence of data containing mislabelled (i.e. noisy) instances. He
found that for small values of k, the £~-NN algorithm was more robust than the sin-
gle nearest neighbour algorithm (1-NN) for the majority of large data sets tested.
However, the performance of the &~NN algorithm was inferior to that achieved by
the 1-NN algorithm on small data sets (< 100 instances) or where the instances
were sparsely distributed and located close to the decision boundary. This can
be explained by considering the decision boundaries (represented by the two solid
lines) in Figure 2.3. These boundaries denote a decision region containing nega-
tively classified instances. The space either side of this region contains positively
classified instances. The query instance lies within the negative space, but close
to the upper boundary. If a 3-NN approach is used, the instance is correctly clas-
sified, although the sphere containing the three nearest neighbours (represented
by the smaller of the dashed circles) extends beyond the upper decision boundary.
However, as k is increased, the sphere grows, and encompasses some of the posi-
tive instances. Once the value of k exceeds 5, the classification of x, will become

erroneous, as more positive instances fall within the sphere than negative ones.

The sphere represents a form of localised approximation of the instance space.
Hence, larger values of k result in greater approximations, which may overwhelm
small areas of the instance space belonging to a certain class (such as the decision

region illustrated in Figure 2.3) and result in erroneous classifications. Ideally, the
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k-NN Classification
if k=9, Xqis +
if k=3, Xqis =

Figure 2.3: The kNN algorithm fails to correctly classify z, if &k = 9, as the
sphere extends beyond the decision boundaries. However, a smaller sphere (k = 3)
produces a correct classification.

value of k should be significantly smaller than p, the size of the smallest decision
region within the instance space (Dasarathy 1991); i.e. k lies within the range
1 < k < p. If k approaches or exceeds this value, then the sphere surrounding
the query instance within this region may include instances that lie outside the

decision boundary, and result in incorrect classifications.

Localised approximation is especially desirable when noisy instances are present;
i.e. when a misclassified instance is surrounded by similarly classified instances. If
a query instance lies close to the noisy instance, then a 1-NN neighbour algorithm
will generate a false classification, as the class will be determined by the noisy
instance. However, a kNN algorithm will consider the surrounding instances and
is more likely to generate the correct classification. Although the ANN algorithm
is generally superior to the 1-NN algorithm, many studies have favoured the single
nearest neighbour algorithm when comparing this paradigm with other machine
learning algorithms, as this eliminates the need to determine the optimal value of
k for each individual data set (Shepherd, 1983; Weiss & Kapouleas, 1989; Aha,
1992a; Michie et al., 1994; Rachlin et al., 1994; Domingos, 1996; Kubat et al.,
1997).
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2.2.3 Distance Metrics

The location of instances within the instance space is defined by the representation
of the instances and the topology of the space. However, a distance metric is
necessary to determine the relative distance between two instances. A distance
metric should satisfy the following criteria for all points within a given space

(Duda & Hart 1973):

i) D(i,j) > 0and D(i,j) =0 if and only if i = j Positivity
ii) D(i,j) = D(j,1) Symmetry
iii) D(i,5) + D(j, k) > D(i, k) Triangle Inequality

Several distance metrics have been proposed (Wilson & Martinez 1997), and in-
clude the Chi-square metric (Anderberg 1973), the Mahalanobis metric (Everitt
1974), the Nonlinear metric (Devijer & Kittler 1982), the Cosine Similarity met-
ric (Salton & McGill 1983), the Quadratic metric (Fukunaga & Flick 1984), the
Minkowskian metric (Salzberg 1991b), the Modified Value Difference metric (Cost
& Salzberg 1993), and the Context Similarity metric (Biberman 1994). The choice
of distance metric is significant, as it can greatly affect the learning bias of the
algorithm. Ideally, the distance metric should minimise the distance between two
similarly classified instances, whilst maximising the distance between instances of

different classes.

Numeric Distance Metrics

The most commonly used metrics are derivatives of the Minkowskian metric.
These include the Manhattan (City-Block), Euclidean and the Chebychev metrics,
and are derived by using the values r = 1, r = 2, and r = oo respectively. These
metrics calculate the distance between two instances by determining the differ-
ence between the values for each attribute (2.3), and combining these differences

to generate an overall distance value (2.2).
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D(i,j) = [Z 5(ia,ja)] (2.2)

5(ia;ja) - |ia_ja|r (23)

Here, i and j refer to the two instances, and a refers to one of A attributes. The
distance metrics described above differ in the approach used to compare the two
values i, and j, in (2.3). The Chebychev metric is equivalent to measuring only the
greatest single distance between attributes (i.e. measuring the greatest distance

along a single dimension), and is often defined as follows:

D(i, j) = niaxia = ja| (2.4)

Various psychological studies have argued that the Manhattan metric is appro-
priate for domains that have separable (i.e. orthogonal) dimensions (Nosofsky
1984). Salzberg (1991b) investigated the performance of both distance metrics to
determine whether or not this hypothesis could be tested, but failed to find any

significant difference between either distance metric.

Normalisation of Attributes

The Minkowskian family of distance metrics determine 0 (iy, j,) for each attribute
a, and combine these differences to determine the overall distance (Equation 2.3).
However, this overall distance may be misleading if the range of values differs
greatly for each attribute. For example, an instance corresponding to a human
subject may be represented by two attributes, height (in metres) and weight
(in kilograms). The range of the height attribute may vary between 1.5m-2.0m,
whereas the range of the weigh may vary between 50kg-150kg. If the raw data
is used, then any variation in height between two instance will have little effect

on the overall distance, whereas a variation in weight will have an overwhelming
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effect. For this reason, values are normalised so that they all lie within a given

range.

Two normalisation methods are most frequently used to standardise attributes.
The first divides each value of an attribute by the range of that attribute, so that
all values lie within the range [0..1]. This approach can suffer from the effects of
outliers which result in the majority of values falling within a very small band
within the range. The alternative, which overcomes this problem, is to make use

of the standard deviation of the attribute when dividing each value (Everitt 1974).

Symbolic Distance Metrics

The Overlap metric is a symbolic variant of the Manhattan metric. It determines
the distance between values for each attribute by simply comparing the values;
if they are the same then it returns a value of zero, otherwise a value of one is

returned (2.5).

A
5(inyja) = e =J (2.5)
1 if i, # Jg

The Value Difference Metric (VDM) was proposed as an alternative to the Qverlap
metric for determining the distance between two symbolic values (Stanfill & Waltz
1986). Whilst it is not strictly a distance metric (it is asymmetric and hence
violates the symmetry requirement presented earlier) it has received a great deal
of attention (Daelemans, Gillis, & Durieux 1994; Rachlin, Kasif, Salzberg, & Aha
1994; Ting 1994; Wettschereck, Aha, & Mohri 1997; Domingos 1996; Payne &
Edwards 1997; Wilson & Martinez 1997). The VDM differs from many other
distance metrics in that the distance 0(i,,j,) between two attribute values is
not determined by comparing the values themselves, but by comparing the class
conditional probability distributions for the values for each attribute a (Equation

2.7).
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vdm(i,j) = > 0(ia; ja) - w(ia) (2.6)
Siarja) = »_|Plclia) = P(clja)|” (2.7)

ceC

wlia) = [Z P(c|z'a)2] (2.8)

ceC

Again, ¢ and j refer to the two instances, and a refers to one of A attributes. C
refers to the set of all class labels present in the data set, and P(c|i,) is the class
conditional probability of i,, i.e. the probability of the value i, occurring in the
data set for attribute a in instances of class ¢. This probability is determined
directly from the training data by counting the number of instances containing
the value i, for attribute a, and determining the proportion that also have the

class label ¢, i.e.:

linstances containing i, A class = ¢|

P(clia) =

linstances containing i, |

The distance for each attribute is calculated by summing the squared difference

between the class conditional probabilities of the two values for each class.

This process can be illustrated by means of an example. The top three charts
in Figure 2.4 represent the discrete class distributions of three different symbolic
values, ‘X', ‘Y’ and ‘Z’. Each distribution consists of three discrete probabilities,
represented by the vertical bars. The lower charts illustrate how pairs of symbolic

values are compared. For each class, the difference (Equation 2.7) in class condi-

‘ a; = D'¢ a; = vy a; = 7

P(cyla;) | 0.7 0.4 0.6

Table 2.1: Class conditional probability values for the symbols in Figure 2.4.
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Symbolic Value ‘X’ Symbolic Value 'Y’ Symbolic Value‘Z’

Probability
Probability
Probability

T T T T T T
€ € C3 € € Cj

Class Class

Comparing ‘X’ with 'Y’ Comparing ‘X’ with ‘Z’

Probability
Probability

T T T T T T
c, €, Cg C, C, Cg

Class Class

Figure 2.4: Comparing symbolic values with the value difference metric.

tional probability is determined. These differences are then combined (Equation
2.6) and result in a distance value between the two symbolic values for attribute
a. Hence, to compute the distance between the two symbols ‘X’ and ‘Y’, the
difference in class conditional probabilities is found for each class. For this ex-
ample, the values are 0.3, 0.5 and 0.2 for classes ¢, ¢3 and ¢z respectively (the
class conditional values for these symbols are listed in Table 2.1). Hence the final

distance between the two symbols is the sum of the squares of these values, i.e.

§(‘X7,°Y?) = 0.3% + 0.5% 4+ 0.2* = 0.38

The weight component of the VDM (Equation 2.8) provides some indication of how
well an attribute value discriminates between different class labels. The weight
can vary between a minimum, which is dependent on the number of classes present
in the data set, and 1 which represents an ideal discriminator, i.e. an attribute
value which only appears in one class. The minimum represents a uniform class
distribution where an attribute value appears with equal probability in instances

of all classes, and can be calculated as follows (Equation 2.9):
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w(u) = |C7* (2.9)

where w(u) is this minimum value (i.e. the weight of an attribute value with a
uniform class distribution), and C' is the set of all class labels that appear in the

data set.

The weight is used to control the influence of the attribute distance for each
training instance when determining the final nearest neighbour. As the range of
values of (i, jo) Will vary between zero and one, the weight can be used to restrict
this range, i.e. the range of d(i4, ju) - w(i,) Will vary between zero and w(i,). A
large attribute distance will have a greater effect on the value of vdm(i,j) than
a smaller one. Thus if a small weight is used (i.e. the value present in the query
instance is irrelevant), then the resulting attribute distance will also be small and

have little impact on the choice of nearest neighbour.
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2.3 Dimensionality Issues and the Nearest Neigh-

bour Paradigm

One of the main criticisms of the nearest neighbour paradigm is that the com-
putational cost of classifying a query instance can be high. The query instance
is compared with every stored instance to determine the nearest neighbour(s).
Thus, the time taken to classify the query instance is a function of the number of
stored instances, and the number of attributes (i.e. dimensions) used to describe
each instance. However, some attributes may be considered as irrelevant, as they
contribute nothing to the classification task, and may even degrade the accuracy

of the resulting classifications.

Determining which of the attributes are relevant to the learning task (i.e. iden-
tifying attributes which predict the class value) is a central problem in machine
learning. In the past, domain experts selected the attributes believed to be rele-
vant to the learning task. However, in the absence of such knowledge, automatic
techniques are required to identify such attributes. Rule induction algorithms have
been developed which use a variety of metrics as part of their learning bias to select
relevant attributes when building decision trees. Such metrics include the informa-
tion gain metric (Quinlan, 1986) or the distance-based gain ratio (De Mantaras,
1991). Studies have shown that the biases used by rule induction algorithms to
favour smaller numbers of attributes and smaller decision trees fail to find the
minimal subset of attributes necessary to identify the concept (Almuallim & Di-

etterich 1991).

John et al. (1994) have attempted to define the notion of attribute ‘relevance’.

They claim that there are two degrees of relevance:

Strong Relevance
An attribute is indispensable in learning a concept, i.e. its omission leads

to a loss in predictive accuracy;

Weak Relevance

One or more attributes make an equal contribution towards learning a con-
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cept. When one of these attribute subsets is used, the others are no longer

required, and hence are known as redundant attributes.

Nearest neighbour algorithms are especially susceptible to the inclusion of irrele-
vant or redundant attributes, as the distance metrics combine measurements for
all of the attributes (Aha 1992b). The problems encountered can be summarised

as follows:

1. Weakly relevant (i.e. redundant) attributes can bias the similarity measure
away from strongly relevant attributes, which may affect the accuracy of the

predicted classification;

2. Attributes which are irrelevant can influence the similarity measure, and
hence have a detrimental effect on the accuracy of the predicted classifica-

tion;

3. The quality of the classification mapping can be considered as a function of
the number of attributes (dimensions) used to describe each instance and
the number of instances in the training set. This is generally referred to as

the curse of dimensionality (Bellman 1961).

The following subsections discuss the issues listed above with respect to the nearest
neighbour learning paradigm, and discuss ways in which their impact can be

minimised.

2.3.1 The Problem of Redundant Attributes

An attribute is relevant if it can make a contribution towards the construction
of a concept description. However, there may be a number of attributes that
are similar and make an equal contribution to that concept description. These
attributes are generally referred to as weakly relevant (John, Kohavi, & Pfleger
1994), as the inclusion of more than one of these attributes adds nothing to the

coverage of the concept. Those remaining attributes are said to be redundant.
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Learning paradigms that sum the contributions of individual attributes are suscep-
tible to the presence of redundant attributes. The contribution that the common
dimensions (shared by the redundant attributes) make to the concept description
is effectively weighted more heavily than other attributes. For example, if three
independent, strongly relevant attributes are used to describe a domain, then a
nearest neighbour distance function may determine the overall distance D as the

sum of the individual attribute distances d;,i € (1,2, 3), i.e.
D =dy+ds+ds

A fourth attribute, which is redundant, is then used to describe the instances.
This attribute is perfectly correlated with the third attribute (and hence attributes
three and four are weakly relevant). As expected, the overall distance D becomes a
function of the four individual distances. However, as attributes three and four are
perfectly correlated, the normalised individual distances for these two attributes

will always be equal. Hence the overall distance function can be written as
D - d1 + dg + 2d3

This can be re-written in a more general form to include a weighted term for each

attribute:

A
D= Zwl X dz
1=0

where the weights for the first two attributes are both equal to 1, i.e. wy = wy =1,
whereas the weight of the third attribute, w3 = 2. In other words, attribute three
is weighted twice as heavily as attributes one or two. This may lead to a biased,
and possibly incorrect prediction. A related problem was reported by Langley &
Sage (1994a), where the inclusion of additional weakly relevant attributes resulted
in a polynomial change in the contribution of these attributes with respect to the

other attributes when a Naive Bayesian classifier was used.

Consider the data set presented in Table 2.2 which represents ideal conditions
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C || wind rainfall daylight | dy dxds | D
g | 7 || calm shower  light
z1 | P || breezy none light 1102
zo | P || breezy none twilight 1113
z3 | P || gusty none twilight 1113
x4 | N || gusty shower  dark 101 |2
z5 | N || calm none dark 0112
zg | N || calm shower dark 0011

Table 2.2: A small data set characterising the ideal conditions for flying a kite.
The columns to the right of the table correspond to the distance between each
training instance and the query instance z,.

for flying a kite. The data set consists of just three relevant attributes; wind,
rainfall and daylight. The domain has a binary class label (column C), with the
two values P and N corresponding to positive and negative instances respectively.

The target concept can be described by the following rules:

class = P «— (wind = breezy V wind = gusty)
A rainfall = none
A (daylight = light V daylight = twilight)

class = N +— otherwise.

A second data set (Table 2.3) consists of attributes in the first data set, and two
additional redundant attributes: visibility and foggy. These new attributes are
highly correlated with the daylight attribute, and consequently they contribute

nothing new to the concept description.

A query instance is presented for classification. The values for the three rele-
vant attributes are {calm, shower, light}. The correct classification label for this
instance is N. A simple nearest neighbour learning algorithm that utilises the
QOwverlap metric is used to determine the class label, given this training data. The
overall distance, D, and the individual attribute distances di, ... ,ds for each of
the instances in the training set are listed in Table 2.2. The nearest neighbour of
the query instance is xg which has the class label N. Hence the classification is

correct.
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C || wind rainfall daylight visibility foggy | di dsds dyds | D
xzq | 7 || calm shower  light good none
z1 | P || breezy none light good none 110002
z9 | P || breezy none twilight poor misty | 1 1 1 1 1|5
z3 | P || gusty none twilight poor misty | 1 1 1 1 1|5
x4 | N || gusty shower dark bad heavy | 1 0 1 1 1 | 4
5 | N || calm none dark bad heavy | 0 1 1 1 1 | 4
T | N || calm shower  dark bad heavy | 0 0 1 1 1 | 3

Table 2.3: The data set in Table 2.2, with two additional redundant attributes.

This result arises due to the fact that the first two attribute values of the unclassi-
fied instance are significant in determining the classification of the instance. The
value for the third attribute, light, is misleading in this case, as it previously only
appears within the positive instance z;. However, if two additional redundant
attributes are present, then x; becomes the nearest neighbour, which results in an
incorrect classification (Table 2.3). As the two additional attributes (visibility &
fog) are highly correlated with the third attribute (daylight), this is equivalent
to weighting the third attribute more heavily (x3 in this case) than the first two
attributes, i.e. wy = 1, wy = 1, w3 = 3. Hence, the Overlap metric will favour
any instance which has the same value for the third attribute (i.e. d; = 1) over

an instance that can match the values for just the first two attributes.

2.3.2 The Problem Of Irrelevant Attributes

An attribute may be considered irrelevant if it contributes nothing to the classifi-
cation task. The inclusion of such an attribute within a concept hypothesis would
be misleading, and any value contained within this attribute would be meaningless
in the context of the classification task. For nearest neighbour learning algorithms,

irrelevant attributes can often be responsible for generating incorrect predictions.

The assumption underlying the nearest neighbour learning paradigm is that the
distribution of instances in the instance space is equal to the distribution of the
corresponding classification labels in the output space. In other words, there is a
correspondence between the location of an instance z; in the instance space and

its classification label ¢; in the output space. Since the location of x; is defined by
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its attributes, this assumption relies on the attributes used to represent x; being
relevant to the classification label ¢; in the output space. Hence the inclusion of

irrelevant attributes within the representation will violate this assumption.

This can also be illustrated by an example. The kite flying data set has again
been used and appears in Table 2.4. A new query instance x, { gusty, none, light}
is then presented for classification. In this scenario, two of the instances (x; &
x3) are found to be the nearest neighbours of z,. Although the choice of nearest

neighbour may be arbitrary, both will generate a correct classification, i.e. P.

C || wind rainfall daylight | dy dxds | D
xzq | 7 || gusty  none light
z1 | P || breezy none light 100 |1
zo | P || breezy none twilight 1012
zg | P || gusty  none twilight 001 1
x4 | N || gusty shower  dark 0112
z5 | N || calm none dark 1 01 ]2
zg | N || calm shower dark 1113

Table 2.4: The query instance z, shares two nearest neighbours, z; and z3, and
is correctly classified as belonging to class P.

However, if two additional, irrelevant attributes, season and time, are added
to the data set, the resulting classification may be incorrect. A second query
instance x, is presented for classification. It consists of three relevant values:
{gusty, none, light} and two irrelevant values: {winter, afternoon}. Table 2.5
summarises the distances computed when this query instance is presented to the
nearest neighbour algorithm with the two additional irrelevant attributes. This
time, x4 is found to be the nearest neighbour. Although the value for only one of
the relevant attributes matched the new instance, both the values for the irrelevant

attributes matched, and hence D = 2.

2.3.3 The Curse of Dimensionality

The nearest neighbour learning paradigm, as illustrated above, can be viewed
as a mapping from an input space to an output space. If each dimension (i.e.

attribute) a can be represented by up to v, values, and the dimensionality of the
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C || wind rainfall daylight season time dy dy d3 dy ds | D
xzq | 7 || gusty  none light winter  afternoon
z1 | P || breezy none light spring morning 100113
zo | P || breezy none twilight autumn afternoon | 1 0 1 1 0 | 3
z3 | P || gusty none twilight summer evening 001113
x4 | N || gusty shower  dark winter afternoon | 0 1 1 0 0 | 2
z5 | N || calm none dark autumn evening 101114
z¢ | N || calm shower  dark summer morning 111115

Table 2.5: The data set in Table 2.4, with two additional irrelevant attributes.

input space (i.e. the number of attributes used to describe an instance) is A,
then the total number of unique points that can occupy the input space (i.e. the

cardinality of the space) is:

This cardinality increases exponentially as the dimensionality of the space in-
creases linearly. This relationship is known as the curse of dimensionality (Bell-

man 1961).

This ‘curse’ can have a direct effect on the performance of a nearest neighbour
algorithm. The number of training instances presented to the algorithm is nor-
mally fixed. However, the number of dimensions used to describe the space can
vary depending on the number of irrelevant or redundant attributes present in
the data set (Almuallim & Dietterich 1991; John, Kohavi, & Pfleger 1994; Payne
& Edwards 1996; Payne & Edwards 1998a), and whether any of the attributes
can be combined to generate higher-order dimensions (Michie, Spiegelhalter, &
Taylor 1994; Bishop 1995; Wu, Berry, Shivakumar, & McLarty 1995; Payne &
Edwards 1998a). If the dimensionality of the input space is large, but the number
of instances is small, the distribution of instances within this input space will be
sparse. Hence, it may no longer be possible to assume that the posterior class
probabilities of an instance and its nearest neighbour will approximate to each
other (Section 2.2.1), and hence the quality of the mapping between the input

space and the output space will be reduced.
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The theoretical relationship between the number of training instances required
to learn a concept and the number of dimensions used to describe the data was
investigated by Langley & Iba (1993). An average case analysis was performed on
a simple nearest neighbour learning algorithm when applied to a two class problem.
The analysis assumed that each instance consisted of r relevant and ¢ irrelevant
Boolean attributes. The Boolean value of each attribute was determined with a
probability of 0.5. The Owverlap metric (Section 2.2.3) was used to determine the
distance between two instances. The target function was conjunctive, hence the
number of positive instances was dependent on the number of relevant attributes.
However, the number of negative instances was a function of the total number of

attributes (i.e. both relevant and irrelevant attributes).

1
I
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1
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Probability of correct classification
0.6 0.7
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Number of training instances
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Figure 2.5: The performance of the NN algorithm as the number of relevant (left)
and irrelevant (right) dimensions increases. (Langley & Iba, 1993, reproduced
with permission)

This theoretical analysis was verified empirically. Various learning curves were
generated, which plotted the accuracy of the learning algorithm against the num-
ber of training instances. As expected, the accuracy was low when the number of
training instances was small, and increased monotonically as the number of train-
ing instances increased. The accuracy of the learning algorithm was observed as
the number of relevant attributes was increased whilst the number of irrelevant at-
tributes remained constant (Figure 2.5, left). As the number of relevant attributes
increased, there was an increase in classification accuracy when small training sets

were used. However, additional instances were required before the learning curve
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reached its asymptote, due to an increase in the cardinality of the instance space.

The implications of an increase in the number of irrelevant attributes, whilst the
number of relevant attributes remained constant, was also studied (Figure 2.5,
right). No variation in the initial accuracy of the algorithm was observed, due
to the fact that the target concept was a function of the relevant attributes only.
Thus, there was no change in the proportion of negative to positive instances
when the number of irrelevant attributes increased. However, there was a fall in
the learning rate as the number of irrelevant attributes increased, partially due to

an increase in the cardinality of the instance space.



Chapter 3

Dimensionality Reduction and

Attribute Selection

Chapter Outline

In the previous chapter, the problems associated with nearest neighbour learning
algorithms and redundant or irrelevant attributes were discussed. This chapter
reviews a number of different approaches to attribute selection and dimensionality
reduction. A more comprehensive review of contemporary approaches employed by
various machine learning algorithms and information retrieval/text categorisation

systems can be found in (Payne & Edwards 1996).

50
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3.1 Introduction

The attribute selection techniques used by machine learning algorithms can be
grouped into two broad categories: the filter model, where the selection tech-
nique is independent of the learning algorithm; and the wrapper model, where
the learning algorithm is integral to the selection mechanism (John, Kohavi, &
Pfleger 1994). Both models perform a search within a space of attribute subsets
to determine the optimal (or sub-optimal) subset for the classification task. An
alternative approach, employed by some nearest neighbour algorithms, is the use
of weights to identify irrelevant attributes. We refer to this third category as the
weighted model (Payne & Edwards, 1996).

Attribute selection techniques are also required within large information retrieval
(IR) systems (Salton & McGill 1983; Deerwester, Dumais, Furnas, Landauer, &
Harshman 1990), and text categorisation systems (Edwards, Bayer, Green, &
Payne 1996; Yang & Pedersen 1997). These systems use large indexes to search
and retrieve text documents stored in a database or corpus. Dimensionality reduc-
tion techniques are often used to reduce the number of words (terms) used to index

the documents, and hence improve the rate at which documents are retrieved.

The attribute selection approaches used for IR/text categorisation tasks differ
slightly from those used by machine learning algorithms in that they are often
applied to domains with huge numbers of attributes (often > 5 000). Many of
the techniques used employ simple statistical metrics to determine which terms
should be discarded. However, Latent Semantic Indexing (Deerwester, Dumais,
Furnas, Landauer, & Harshman 1990) differs in that it uses an orthogonal decom-
position technique similar to correspondence analysis (introduced in Section 3.5.1)

to reduce the dimensionality of the documents.

The next four sections briefly describe the different attribute selection models
used by various machine learning algorithms, and the dimensionality reduction
techniques used by IR/text categorisation systems. The chapter concludes with a

discussion of the relative merits of each approach.
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3.2 Filter Model

The filter model (Figure 3.1) utilises an independent search criterion and evalu-
ation function to find the appropriate attribute subset. This subset is then used
to generate a reduced data set which in turn is presented to a learning algorithm.
The evaluation function is used to determine whether or not the inclusion of an
attribute will affect the classification performance of the learner. For example,
the consistency measure used by Almuallim & Dietterich (1991) and Liu & Se-
tiono (1996a) determines whether or not the removal of an attribute will result
in the creation of instances that have identical attribute values but different class
values. The filter model does not take into account the learning biases used by
the final learning algorithm, and thus may not select the subset most suitable for

that algorithm.

Original g, | Feature Subset Learning
Data Selection Algorithm

Figure 3.1: The Filter Model.

Table 3.1 lists some of the attribute selection systems that use the filter model.
The Search column describes the type of search used. The Forward Selection
and Backward Elimination searches start from either no attributes, or a full com-
plement of attributes, and then search for solutions by greedily selecting and
adding/eliminating attributes to/from the attribute subset. Cardie (1993) and
Kubat et al. (1993) perform searches by presenting data which includes all the
attributes to a decision tree algorithm, and selecting the attributes which appear
in the resulting decision tree. The Evaluation column lists the evaluation function
used, and the final column, Testing Alg. refers to the learning algorithm that

utilised the attribute subset within each study.
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3.3 Wrapper Model

In the wrapper model (Figure 3.2), the attribute selection algorithm utilises the
learning algorithm as part of its evaluation function. The training data is normally
divided into two partitions: a training partition, and an evaluation partition. An
attribute subset defines which of the attributes appear within the two partitions.
The learning algorithm is trained using the instances in the training partition. The
instances in the evaluation partition are then classified, and an overall predictive
accuracy is computed for the current attribute subset. This accuracy measure is

then used to guide the search.

Original — [ Sear ch for Feature Subset } - Learning
Data i Algorithm

\
[ Evaluate Feature Subset ]

A

Y
[ Learning Algorithm ]

Figure 3.2: The Wrapper Model.

The study by Aha & Bankert (1995) on attribute selection for the classification
of cloud patterns compared the filter and wrapper models and found that the
wrapper model performed best. This supports the hypothesis proposed by (John,
Kohavi, & Pfleger 1994) that attribute selection should take into account biases
used by the final learning algorithm. Whilst this model may yield better results
than the filter model, the time taken to evaluate each attribute subset visited
during the search makes this approach infeasible for problems with very large

numbers of attributes.

Table 3.2 lists some of the attribute selection systems that use the wrapper model.
The Search column again describes the type of search used. The Control column
refers to the control mechanism used when evaluating the attribute subsets. The

last column lists the learning algorithm used to evaluate each attribute subset.
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3.4 Weighted Model

A number of learning algorithms make use of real-valued attribute vectors to
weight attributes based on their past performance. A weighted attribute vector
is generated, which initially gives each attribute an equal weight. The training
set is then evaluated using a leave-one-out cross validation. After each instance
has been evaluated, the weights are adjusted according to whether or not the
classification was correct. We refer to this model as the weighted model (Figure

3.3).

Orignal ___ [ Data Evaluation ] Feature Subset
Data f Selection

[Adjust Feature Weights ]

Learning
Algorithm

[Weighted Learning Algorithm ]

Figure 3.3: The Weighted Model.

The intuition behind this model is that irrelevant attributes will contribute very
little overall to the classification task. The weighting strategies used normally re-
ward attributes if they are responsible for correct predictions, and penalise them
if they are responsible for incorrect ones. Thus, the contribution of irrelevant
attributes to the classification task will decrease as the contribution of other at-
tributes increases. Those attributes that make a small contribution can then be

eliminated.

Table 3.3 lists some of the systems that employ the weighted model. The Selec-
tion column indicates whether the attribute weights are used as part of the final
learning algorithm or used to select an attribute subset. The Evaluation column
indicates the method used to update weights during the evaluation phase. The
last column refers either to the type of algorithm used during attribute selection,
or in the case of RELIEF (Kira & Rendell, 1992a) and the extensions to RELIEF

(Kononenko, 1994), to the learning algorithm used once the attributes have been



57

3.4 Weighted Model

‘([opowt peIYSTem) SIIPM)S WOTIDB[S SINLIYIR JUSIIHIP JO Uostredwo)) ¢ ¢ S[qR],

a[8ue)rarredAy suoryorpaxd ojeIndoeur (HOVH)
1S0IROU POIYIIOAN 1IM SIYSToM 90NPoY | seINqrijye pPoYIIOAN ®I66T ‘SI0qzeg
ISISSe[d suorjorpaid ajeInooeul (MONNIM)

PIoysaIy} Ieaul|

11m SHYSTem Isulpy

S9IMIIlYRe PIIYSIOAN

886T ‘QUOISO[IIT

SSe[D D9 WOI} STNoqU3IemN

(suorsueyxo- JHTTHY )

ed1 159S0[D 1M SIYSTom ISNIpy | TOI}I9[es PIOYSOITT, 66T ‘OULUOUOY
SIMOqUSION 9A-/oA+ (AHATTHY)
€I | 95980[ 1M syydom snlpy | UOI}D9[ds PIOYSAIYT, | RGHGT TOPUSY 2§ RIDY
moqus3eu suorjorpald 9jeinooeur 10 (7d1)

1S0IeaU PAJYIIOAN

9)RINODR 1IM SIYSTOM Jsnlpy

soINqLIYe PAYSIOAN

qz661 “eqy

3]y Sunsag,

UOTJRNRAT]

01199]08

(woys£g) s10IMy




3.5 IR /Text Categorisation Approaches 58

selected.

3.5 IR/Text Categorisation Approaches

Dimensionality reduction techniques have been used by IR systems to reduce the
number of terms used to index documents, resulting in an improvement in the
rate at which documents are retrieved. These techniques have also been applied
to the problem of reducing the number of terms presented to learning algorithms
for text categorisation problems (Edwards, Bayer, Green, & Payne 1996; Yang &
Pedersen 1997). Moulinier (1996) presents a framework for text categorisation,
which includes a dimensionality reduction or attribute selection stage between
the initial representation, that of textual data, and the final representation, pre-
sented to the learning algorithm. Whilst some studies have omitted this stage
(Creecy, Masand, Smith, & Waltz 1992), the number of unique terms (typically
in the region of tens or hundreds of thousands) is prohibitively high for most ma-
chine learning algorithms. For this reason, several techniques have been developed

specifically to reduce the dimensionality of the final data representation.

The techniques used by many text categorisation systems are similar to those
categorised by the filter model. Table 3.4 lists a sample of the different evaluation
methods used by various systems. Latent Semantic Indexing (LSI) (Deerwester
et al., 1990; Schiitze et al., 1995; Weiner et al., 1995) uses an orthogonal de-
composition technique to determine a lower dimensional representation for each
document. A corpus can be expressed as a term by document matrix, where each
row corresponds to a document, and each column refers to one of the terms ap-
pearing within the corpus. An orthogonal decomposition technique is then applied
to this matrix, resulting in a set of decomposed matrices that describe this space
and the points within it. The space can then be approximated (by approximating
the decomposed matrices) resulting in a lower dimensional representation of the

points in the approximated space.

Singular Value Decomposition (SVD) (Press, 1992; Greenacre, 1984, Appx A.)
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is normally used to perform the decomposition, although a recent study has
shown that other orthogonal decomposition approaches, such as ULV decompo-
sition (Berry & Fierro 1996), can be used to replace SVD for this task. Studies
have demonstrated that a significant reduction in dimensionality can be achieved
when used within IR systems; for example from 5000-7000 dimensions to about
100 dimensions (Deerwester et al., 1990). SVD has also been utilised to gener-
ate subspace approximations of protein sequence data for presentation to neural
networks (Wu, Berry, Shivakumar, & McLarty 1995). The size of the input vec-
tors presented to a back-propagation neural network was reduced from 9696 to
100. In addition to this, the predictive accuracy of the neural network improved
when SVD was used. Section 3.5.1 introduces some of the principals behind both
LSI and a related technique, know as correspondence analysis, and illustrates how

these techniques reduce dimensionality of a data set is reduced.

3.5.1 Correspondence Analysis

Correspondence Analysis (Greenacre 1984) is a mathematical tool that is used
to graphically present multi-dimensional data within low (e.g. two or three) di-
mensional data plots. It is similar to Latent Semantic Indexing in that it can
be used to reduce the number of dimensions required to describe instances of a
given domain. It achieves this by representing the instances as a collection of
points within a Euclidean space, and identifying a lower dimensional sub-space
that approximates the original space. This section summarises the theory behind
correspondence analysis, and describes how SVD can be used to identify the lower

dimensional approximation of the space containing the instances.

Approximating Sub-Spaces

The way in which the space can be approximated and the vectors projected may
be explained by means of an example. Consider the values given in Table 3.5.
Each value represents the annual Profit or Deficit of a fictitious company over

the span of three consecutive years. These values can be represented as three
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vectors corresponding to Profit and Deficit tuples for each year. They can then
be plotted within a two-dimensional space. These three vectors, y1, y2 and y3

are illustrated in Figure 3.4.

Profit | Deficit
Year 1 140 1580
Year 2 290 1310
Year 3 470 410

Table 3.5: Artificial data representing fictitious annual profit and deficit figures
over three years.

Any vector in a .J dimensional space can be expressed as the linear combination
of a basis and J scalar coefficients. A basis is a set of J linearly independent
vectors that characterises a space. A particular basis is the canonical basis; it is
this that characterises Euclidean space. For example, the canonical basis for the
two dimensional Euclidean space E(® consists of two basis vectors, e; and e, and

can be expressed as:

Hence, the vector y2 can be expressed as the linear combination of the canonical
basis for a two-dimensional space, and the two scalar coefficients 290 and 1310,

i.e.

1310 1

y2 = [ 290] :290[1]“310[0
R

} = 290eq + 1310e;

In Figure 3.4 we can see that the three vectors y1, ..., y3 exist close to the straight
line r. It is possible to express each of the vectors y1, ..., y3 as the combination

of three new vectors: a vector from the origin to a fixed point (the centroid) on
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Figure 3.4: The three vectors, y1l, y2 and y3, plotted as points within a two-
dimensional space. Note that each vector lies close to the straight line r.

the line r; a vector along this line from the centroid; and a vector orthogonal to
the line r. For example, it is possible to express the vector y2 as a combination of
the three vectors ¥, b and ¢ (Figure 3.5), where ¥ = [ 300 1100 |" is the vector
from the origin to the centroid, b = [ 40 —120 ]7 is the vector! running along
the line r (from top left to bottom right in Figure 3.5), and ¢ = [ 30 90 ]T is a

vector which is orthogonal to the line r.

y2 = ¥+ (-b) + ¢
= [300 1100 )" + (—[ 40 —120 ]T) +[30 90]"
= (300e; + 1100ez) + (—40e; + 120e3) + (30e; + 90es)
— 290e; + 1310e,

The coefficients of the vectors b and ¢ (in conjunction with the centroid vector ¥)
used to express the vector y2 are -1 and +1 respectively. By varying these coef-
ficients, it is possible to express every instance in the data set using the centroid

vector and these two vectors. The coefficient of the centroid vector ¥ is constant

IThe T symbol is used in this context to refer to the transpose of each vector.
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Figure 3.5: Each of the three vectors can be expressed as a combination of three
new vectors: ¥, a vector running along the line r, and a vector orthogonal to the
line r.

for all the instances in the data set. Hence, the two vectors b and ¢ can be used to
construct the basis of a new space that has been translated from the origin by the
vector ¥. Each of the instances in Table 3.5 can be expressed as a combination
of the vector ¥ and a vector whose components are the coefficients of the basis
vectors b and c. Figure 3.6 illustrates the three instances mapped onto this new

two dimensional space.

year 2
year 1 +c bﬁ
""" Q%W_;b” ” +5b (e
: year 3
Figure 3.6: The three vectors y1, ..., y3, mapped onto a new, 2-dimensional
space. The new space is characterised by the two basis vectors b = [40 — 120]7

and ¢ = [30 90]7

Singular value decomposition (SVD) can be used to identify the basis {b, c}.
The advantage of using this technique is that it is then possible to approximate
the space that this new basis characterises using fewer dimensions. For example,
the space illustrated in Figure 3.6 can be approximated by a space of only one

dimension, characterised by the single basis vector b. The following subsection



3.5 IR /Text Categorisation Approaches 64

describes how SVD can be used to find a best-fit subspace within an n-dimensional
space, and illustrates how the best lower-rank approximation of the subspace is

found.

Determining the Centroid and New Basis

If singular value decomposition is used to identify a space that best fits the in-
stances in the data set, the matrices it generates can be used to calculate a good
approximation to this space. This subsection shows how the centroid vector can
be determined, and describes how SVD can be applied to the task of determining

a new basis and finding an approximation of the space the basis characterises.

The space characterised by the basis {b, c} (see above), was translated from
the origin by the centroid vector ¥. The centroid vector is used for two reasons:
it is relatively simple to compute, and it is guaranteed to exist within a space
containing the instances (Deerwester et al., 1990). Whilst many vectors can be
used to perform this translation, it is difficult to identify such vectors if the basis

of the new space is unknown.

The centroid vector is calculated by determining the mean vector for all the vectors
that represent the instances in the data set. For example, the centroid vector ¥

for the three vectors y1, ..., y3 can be calculated as follows:

y = i(y1+y2+y3)
%(14061 + 158062 + 29061 + 131082 + 47061 + 41062)

= 1(900e; + 3300e)
— 300e; + 1100ey

To simplify the process of identifying the new basis, the vectors representing the
data can be translated by the centroid vector. This has the advantage of creating

a new set of vectors whose centroid is located at the origin. Hence, these vectors
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can be expressed as coefficients of the new basis, without the need for an initial
translation. For example, a new vector, z2, can be found by translating the vector
y2 with the centroid vector y. It can also be expressed with respect to the basis

{b, c}, i.e.

SVD (Press 1992; Greenacre 1984) is often used for solving linear least squares
problems, and for performing eigenvalue/eigenvector decomposition. However,
it can also be used to construct an orthonormal basis of a best-fit space. The
detailed theory behind SVD is not discussed here; for a more thorough discussion
see Greenacre (1984, Appendix A). The SVD of a matrix X of I rows and J

columns, and of rank N (see below) can be expressed as:

X = L D RT
I xJ IXxXN NxN NxJ

where LTL = RTR =1 (the identity matrix).

The N orthonormal vectors of L, called the left singular vectors, form an or-
thonormal basis for the columns of X. Similarly, the N orthonormal vectors of
R, called the right singular vectors, form an orthonormal basis for the rows of
X. The diagonal matrix D contains the N singular values of X, where the ele-
ments of D : dy > dy > -+ > dy > 0. Figure 3.7 illustrates the singular value

decomposition from an I x .J matrix.

The matrix X can be constructed such that each row corresponds to each of the
translated vectors representing each instance in the data set, and each column
corresponds to one of the attributes of the data set. For example, a matrix
constructed from the example above (Table 3.5) would consist of three rows and
two columns. Each row would correspond to the translated vectors z1, ..., z3

(where z1 = yl1 —y, etc.).
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Figure 3.7: A singular value decomposition of an I x .J matrix.

As stated above, the matrix R forms an orthonormal basis for the rows of X. It
is this matrix which characterises the best-fit space for the I instances in matrix
X. The rows of matrix X (corresponding to the instances in the data set) can be
projected into the new space by multiplying this matrix with the basis R. The
number of dimensions of the space characterised by the basis R will be equal to
the rank (Fraleigh & Beauregard 1995) of the original matrix X. The rank N of
this matrix will be equal to or less than I or .J, whichever is the smaller, i.e.

N < min (1, J).

An advantage of using SVD is that the singular values in the diagonal matrix D
can be used to determine which of the N columns of R can be omitted, and hence
result in a lower rank approximation of the space characterised by R. A basis
that contains the columns of R corresponding? to the largest singular values in D
will better approximate the space (characterised by R) than one which contains
columns corresponding to the smallest singular values. Therefore, if the basis
R (k) for a K dimensional approximation of an N dimensional space is required
(where 0 < K < N), then the K columns of R corresponding to the K largest
singular values of D should be included in the basis for this approximation. This

process is called low rank approzimation (Greenacre, 1984).

To conclude, given a matrix Y representing I instances and J attributes (i.e. the

rows of Y are the vectors yJ,yJ,...,¥y7), a centroid vector ¥ can be calculated

2By corresponding, we mean that the nth singular value of D, d,,, corresponds to the nth
column in the matrix R.
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from Y. If a translated matrix X is defined as the matrix Y — 1§', then X can
be decomposed into the three matrices L, D and R". A K dimensional low rank
approximation of R can be constructed, such that the row vectors® ry,re, ..., 7%
of RT(K) correspond to the dy,ds, ..., dg largest singular values of D. Thus, the
basis R (k) characterises an approximated space of rank K. Once this basis has
been determined, it can be used to project instances (represented as vectors)
into the new space. For example, if there is a new vector y; consisting of J
components (i.e. dimensions), then we can find its projection, f; which consists of
K components in the space characterised by the basis Rk (with respect to the

centroid vector y) as follows:

First, translate the vector y; by the centroid vector:

T

X;r =Y _1}_’T

Then project the translated vector x; into the new space, by finding

the product of x; and the basis Rx:

fi = X; R(K)
1x K 1xJ JxK

It is possible to determine how good the approximated space is, by calculating
the variation (as a percentage) of the space. The total variation of a space char-
acterised by the basis R is given by chvzl d2, i.e. the sum of the squared singular
values di,ds, ... ,dx. Thus, the variation of the K-dimensional approximated
space can be found by calculating the sum of the squares of the largest K singular

values, Zszl d?, and expressing this value as a percentage of the total variation.

It is also possible to determine the importance, or inertia of each dimension 1 <
k < K in the approximated space (of rank K) by squaring the corresponding

singular value dj, and expressing this value as a percentage of the total variation.

Thus, to find a K-rank approximation of a matrix Y containing I point vectors

3The row vectors of R(TK) are equivalent to the column vectors of R ).
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of dimension .J:
1. Find the centroid vector ¥.
2. Find the translated matrix X =Y — 1§,

3. Determine the basis R and the diagonal singular matrix D using

singular value decomposition.

4. Select the K columns of R (or K rows of RT) that correspond

with the largest K singular values in the diagonal matrix D.

5. Project the instances represented by the matrix X into the space

characterised by Rx), by multiplying X with Rk).

The points plotted in Figure 3.8 illustrate how a 13 dimensional space can be
approximated to a 2-dimensional subspace. The instances are represented as rows
in the matrix Y, and their attributes are represented as columns. The two dimen-
sions correspond to the dimensions with the largest inertia values, 40.75% and

18.97%.

3.6 Discussion

The various attribute selection models described above differ in the way they
identify subsets of attributes. The filter and wrapper models perform a search
through a space of possible attribute subsets. The number of states within this
space is exponential; if there are n attributes in the original data set, then there
are a total of 2" possible states in the search space. This exponential rise means
that exhaustive, optimal searches are infeasible for all but simple problems in-
volving few attributes. The weighted model generates weights that attempt to
represent the relevance of each attribute. These weights are generally employed
as a coefficient within the learning algorithm, and hence are rarely used to explic-
itly select attributes. Correspondence analysis differs from the above models in
that it does not select or reject any of the attributes, but attempts to identify a

lower dimensional representation that approximates the domain.
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Figure 3.8: The 13-dimension UCI Wine data set approximated in a 2-dimensional
subspace.

Several studies have shown that the wrapper model can identify better attribute
sets that the filter model (Aha & Bankert 1995; John, Kohavi, & Pfleger 1994).
However, induction is performed at every search state visited. This can result
in an exponential rise in the time taken for an exhaustive search to locate the
optimal subset of attributes. The number of instances, ¢, in the training set and
the control mechanism used to evaluate each state also influences the length of
time taken to determine the final attribute subset. Many systems utilise a k-fold
cross validation approach (Kohavi, 1995) when testing each attribute state to
reduce the number of times induction is performed (from i to £). Whilst this may
reduce the time taken to generate the final attribute subset, this subset will be

dependent on the order in which the training data is presented to the wrapper.

The weighted model differs from the other models in that no explicit search is
performed. Instead, a weight vector is modified as each of the training instances

is classified. As this model generally evaluates the training data using a single
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leave-one-out cross validation approach (Section 3.4), the time taken to generate
the final attribute subset is linearly dependent on the number of instances in the
training set and the total number of attributes used to describe the training set.
For this reason, this model is more suited to performing attribute selection when

the number of attributes is large.

The suitability of the weighted model for numerical data is questionable. This
model rewards attributes that are responsible for correct classifications, and pe-
nalises attributes that are responsible for incorrect classifications. For symbolic
data, it is relatively simple to determine whether or not an attribute is responsi-
ble for a classification (if the overlap metric is used). In this case, the value (for
each attribute) of the nearest neighbour is either equal to or different from the
corresponding value of the instance that is being classified. However, if a numeric
distance metric is used, then the distance between these two attribute values can
occur somewhere within a continuous range, and therefore it is very difficult to
determine whether or not the distances calculated for this attribute had an effect

on the classification.

Although the filter and wrapper models involve a search through a large state
space, the filter model generally takes less time to find a sub-optimal attribute
subset than the wrapper model. This is due to the length of time taken to evaluate
each attribute subset. However, if the number of attributes is very large, as in the
case of IR and text categorisation problems, then performing any form of search
becomes impractical. For this reason, a number of attribute selection approaches
used by IR and text categorisation systems make an assumption that the relevance
of each term is independent of the others. Although this assumption is counter-
intuitive, it allows the relevance of each term (i.e. each attribute) to be assessed
independently of the other terms. This reduces the number of possible evaluations
that may be performed from 2" to n, where n is the number of terms extracted

from the corpus of documents.

Latent Semantic Indexing (LSI) has been demonstrated to both improve perfor-
mance of IR and text categorisation systems, and reduce the number of dimensions

(i.e. attributes) required. However, such studies have demonstrated that LSI and
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the principals behind this method work for specific problems, but have not inves-

tigated the applicability of LSI to a broader range of classification tasks.



Chapter 4

A Set-based Approach to Data

Representation

Chapter Outline

One of the central problems encountered when representing complex documents
for presentation to a learning algorithm, is the way in which the dimensionality of
the document can be reduced without sacrificing information about the document
structure. This chapter describes a set-based approach for representing complex
documents, known as the set-valued attribute representation. The representation
15 described, and three nearest neighbour learning algorithms that utilise set-based

distance metrics are presented.

72
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4.1 Introduction

Intelligent information agents employ machine learning algorithms to induce user
profiles which represent the interests of the user (Section 1.1). These profiles
are often induced from a data set containing pre-classified documents, such as
electronic mail messages that have been labelled according to their subject matter.
However, before a user profile can be induced, the document must first be mapped

into a representation suitable for presentation to the learning algorithm.

To date, many intelligent information agents have used the vector space repre-
sentation (described in Section 1.2) to represent these documents. The vectors
consist of N elements (i.e. attributes), where N is the total number of unique
terms that appear with the pre-classified documents. Each element corresponds
to one of these terms, and the value of the element indicates whether or not the
term appeared in a specific document. Although this representation indicates the
presence of terms within the document, it fails to convey any information as to
location® of the term within the document. In addition, the size of these vectors
can often be very high (e.g. 20,000 - 100,000 elements). Although pre-processing
techniques are frequently used to reduce the number of unique terms used to rep-
resent the documents, the resulting vectors can still be large, and may contain

irrelevant or redundant attributes.

This chapter introduces an alternative representation which eliminates the need
for large unwieldy vectors. It preserves the structure of the document by mapping
each field of the document to a single attribute. An attribute is represented
by a set, and can contain an arbitrary number of unique terms. Three nearest
neighbour learning algorithms that utilise this set-valued attribute representation
are presented below. Two of these algorithms, IBPL1 and IBPL2 differ in the
way they compare the sets when classifying a query instance. The third, PIBPL,
investigates a method for pruning irrelevant terms from the sets, thus reducing the

size of the sets and increasing the classification accuracy of the learning algorithm.

IBy location, we refer to the different fields of the document in which the term occurs, and
not to the relative position of the term within a sentence or paragraph.
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4.2 Set-Valued Attributes

Basic nearest neighbour learning algorithms (introduced in Section 2.2) generally
make the assumption that an instance contains a single value for each attribute.
The distance metrics determine the distance between two instances by compar-
ing the corresponding values for each attribute (Section 2.2.3). An alternative
approach is to consider the values as belonging to a set. Single values can be
compared with these sets by performing a set membership test, i.e. s € a; where
s is a symbolic value, and a; is a set of symbolic values for the ith attribute. Such
an attribute is known as a set-valued attribute. Two set-valued attributes can
be compared by performing an intersection test?, i.e. a; N a;. For example, an

electronic mail agent might induce the following rule:

agents < Subject N {agent interface} # 0

A Body N {assistant ai engineering machine} # ()

i.e. a message will be stored in the agents mailbox if it contains at least one of the
terms agent and interface within the Subject field, and at least one of the following

terms appears within the message body: assistant, ai, engineering or machine.

The three nearest neighbour learning algorithms presented below compare sets by
determining an intersection distance between two sets. This is achieved by deter-
mining the distance between all combinations of pairs of symbols, and combining

these distances in a variety of ways.

4.2.1 The IBPL1 Algorithm

IBPL1 is a nearest neighbour algorithm that compares two sets of symbolic values
by finding the average similarity between the elements (i.e. symbolic values) of
the sets. This average similarity between the a’th set-valued attribute in the query
instance, i,, and the corresponding attribute in the stored, training instance, j,,

is calculated as follows:

2 Alternatively, a subset test could be performed, i.e. a C a;.
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1. The distance between each element x in 7, and each of the elements y in j,

is determined, and the total distance calculated, i.e. Zyeja d(z,y);

2. The distances calculated for each element x in i, are summed to generate

an overall total distance, i.e. >° ;> . 0(7,y);

3. This overall total distance is then divided by the total number of distances

calculated, i.e. the product of the size of both sets (Equation 4.1)3.

The overall distance between two instances is then calculated by summing the

average similarity between each of the A set-valued attributes (Equation 4.2).

> )

T€%a YEJa

ibplt(ia; Ju) - = sizeof (iq) X sizeof (ja) (4.1)
A

D(i,j) = > ibplt (ia, ja) (4.2)
a=0

The Value Difference Metric (described in Section 2.2.3) is used to compute the
distance between values z and y (i.e. 0(z,y), reproduced in Equation 4.3). This

distance metric was selected for several reasons:

e it’s performance in terms of classification accuracy is superior to that of the
Overlap Metric in several domains (Rachlin, Kasif, Salzberg, & Aha 1994;
Wilson & Martinez 1997; Payne & Edwards 1998b);

e relevance weights are generated for each of the symbols present in the sets

(Equation 2.8);

e the distance between two symbols is continuous, i.e. the distance falls within

the continuous range [0..w(z)] (Equation 2.8);

3Note that the VDM weight coefficient, w(z), (Equation 2.8) is not shown in Equation 4.1,
but is used to weight distances within IBPL1.
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e the distance between symbols sharing similar class distributions (e.g. related

terms or synonyms) will be small.

Z‘P clr) — c|y)‘2 (4.3)

ceC

It is difficult to determine a distance between a known and an unknown symbol
when using the VDM. Each symbol is mapped to a class conditional probability
vector, generated from the data in the training set. However, as an unknown
symbol is one that does not appear within the training set, there will be no
information available regarding it’s class conditional probabilities. Although there
are various solutions to this problem, such as utilising a uniform distribution
vector, IBPL1 assumes a maximum distance, who's value is equal to 1; i.e. Vy :

§(xq,y) = 1, where z, is an unknown symbol.

Mailbox Siject Body

agent interface aSS|stant ai engineering machln

LN\

appllcatlon apprentice |nterface | plan smence

Valuesin italics are unknown, and hence the maximum distance is generated

Figure 4.1: Comparing set-valued attributes using IBPL1.

Figure 4.1 illustrates how two instances can be compared. An instance consists
of two attributes that correspond to the Subject field and the Body (i.e. the main
text) of an email message. FEach attribute contains a set of terms that appear
within the corresponding field. The upper instance refers to a training instance,
and the lower represents an unclassified query instance. Two of the three terms

in the Subject attribute set (of the query instance) are compared with all the
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terms within the attribute set of the training instance. The term ‘apprentice’ is
an unknown term and therefore no comparison can be made; instead a maximum
value is assigned for each of the possible distances. These distances are then
summed, and divided by the total number of distance measurements, which in this
case is six (four calculations, and two maximum distances). A similar measure is
then generated for the Body attribute, only in this case, four maximum distance

values are assigned to the unknown term ‘plan’.

4.2.2 The IBPL2 Algorithm

Although the IBPL1 algorithm allows distance measurements to be made between
set-valued attributes, the distance metric determines the average distance between
two sets. This results in the distance between identical sets being non-zero, unless
all the terms in the set have identical class conditional distributions. For example,
consider the set { machine learning }, where the class conditional distributions
differ slightly (as illustrated in Figure 4.2). Four distance calculations will be

made:

machine <— machine 0 =10.00
learning <— learning 0 =0.00
machine <— learning 0 =10.06
learning <— machine 0 =10.06

The first two distances (between identical terms) will both be equal to zero. How-
ever, the other two distances will each be equal to (0.8 — 0.6)? + (0.0 — 0.1)* +
(0.2—0.3)> = 0.06. Hence, the distance between these two identical sets will equal

the average of these four distances, i.e. 0.03.

The IBPL2 algorithm overcomes this limitation by considering only the distance
between each element in the query set and its closest element in the corresponding

training set. The distance between two sets is thus defined as:
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[machine learning ]

The distance between these
two identical setsis0.03.

[machine learning ]

‘machine’ ‘learning’ ‘machine’ & ‘learning’
2 2 2
3 3 3
© @© [
o) Qo o
e o e
o o o
él éz és G & G é1 éz és
Class Class Class
P(c1|‘machine’) = 0.8 P(c1| ‘learning’) = 0.6
P(co| ‘machine’) = 0.0 P(co| learning’) = 0.1
P(c3| ‘machine’) = 0.2 P(cs| learning’) = 0.3

Figure 4.2: Comparing the symbols ‘machine’ and ‘learning’.
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As only the closest distances are summed for each element within the query set, the
final distance between the two sets is determined by dividing the total individual
distances by the number of elements within the query set. Again, the maximum
distance value is assigned to unknown terms; however, only a single distance value
is assigned to each unknown term. If IBPLZ2 is used to determine the distance
between the set { machine learning } (Figure 4.2) and itself, then the closest
distance will be summed for each term in the query instance, i.e. machine <

machine and learning <> learning. Hence the distance between two identical sets

will always be zero.

Figure 4.3 illustrates how IBPLZ2 is applied to instances generated from the email
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message illustrated in Figure 5.1. The solid lines indicate the closest distances for

each element in the query set.

Mailbox Subject Body

agent interface [assistant ai engineering machina

[application apprentice interface]

Valuesin italics are unknown, and hence the maximum distance is generated

plan science]

Figure 4.3: Comparing set-valued attributes using IBPL2. The solid lines denote
similar matches between two symbols. The dashed lines denote distant matches
between two symbols.

4.2.3 The PIBPL Algorithm

The algorithms described so far have focused on the task of learning concepts
from sets of values. The PIBPL algorithm explores the utility of the VDM weight
(Equation 2.8) as a means of selecting or rejecting terms from within the sets. The
weight reflects the typicality of a term (Payne & Edwards 1995), i.e. how likely
the term is to occur in one class but not in others. Terms which appear with equal
frequency in all classes have a low weight, whereas those that mostly appear in
a single class have a higher weight (page 40). The poorly weighted terms can be
identified and removed from each set of extracted terms in the stored examples
prior to classification. This will result in a smaller number of values in the sets
during classification, and hence fewer distance calculations will be required to

identify the nearest neighbour.

The PIBPL algorithm extends the distance metric used within /BPL2, to ignore
the low weighted terms when determining the distance between two sets. A nor-
malised threshold is used to determine whether or not terms should participate in

the distance calculation . The weight w for each term is calculated and compared
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to the threshold. If the weight is lower than the threshold, then the corresponding
term is rejected. Hence, if a zero threshold is used, then all the terms are retained
in the sets; a threshold set to the value 1 will cause all the terms to be rejected.

Unknown terms are always rejected.

Mailbox Subject Body

agent interface [assistant ai engineering machina
N ®

[application apprentice interface] [ai plan science]

Only highly weighted values participate in distrance calculations

® Indicates low weighted values

Figure 4.4: Comparing set-valued attributes using PIBPL. The solid lines denote
similar matches between two symbols. The dashed lines denote distant matches
between two symbols.

Figure 4.4 illustrates how PIBPL calculates the distance between sets of terms.
Distance calculations are also performed for the highly weighted terms; unknown
terms, or poorly weighted terms are ignored. The term ‘interface’ in the Subject
set is compared with the two terms in the training instance. Two of the three
terms in the query instance message body set are compared with the two highly
weighted terms in the training instance set. The unknown term ‘plan’ in the query

instance is ignored.

4.3 Discussion

The representation proposed above allows complex, structured documents to be
represented in a compact form, whilst retaining the structure of the document.

However, the size of the instances will be dependent on the number of unique terms
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appearing in each of the documents, and hence the number of terms in each set can
still be considerable. Irrelevant or redundant terms may also affect the distance
calculated between different instances. For these reasons, PIBPL attempts to
identify the relevant terms within each set. Chapter 5 presents results of a number
of different experiments in which these learning algorithms are evaluated within

the framework of an information agent.

The techniques described above have so far been discussed with respect to learn-
ing from complex documents. However, they could equally be applied to other

domains, where more than one value may be required for a single attribute.



Chapter 5

An Empirical Evaluation of the

Set-based Data Representation

Chapter Outline

The different set-based nearest neighbour learning algorithms, introduced in Sec-
tion 4.2 are evaluated across two different domains. IBPL1 is compared to the rule
induction algorithm CN2 and IBPL2 using an email filtering domain. A USENET
news domain is used to evaluate PIBPL, and its use of weights to eliminate terms

from the set-valued attributes is explored.

82
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5.1 Comparison of IBPL1 and CN2

The previous chapter introduced the set valued attribute representation, and pre-
sented a selection of nearest neighbour learning algorithm that utilised this rep-
resentation. The first of the new learning algorithms, IBPL1 (Section 4.2.1), is
evaluated within this Section, and its performance is compared with that achieved
by an existing rule-based approach within the context of an email filtering task

(Payne 1994).

5.1.1 The Email Data Set

The data set consists of electronic mail messages organised into twelve different
mailboxes. Each mailbox contains varying numbers of messages with different
properties. The mailboxes are listed in Table 5.1, with the number of messages in
each mailbox and a description of the mail topic. Three of the mailboxes, dai, kdd
and mead contain digests originating from a mailing list. These digests consist
of individual messages which have been grouped together by a moderator (either
manually or automatically). Thus, all the messages in the digest mailboxes will
contain the same entries for the From and Subject fields. In addition, the terms
selected from the message body represent the subject matter of the digest, as

opposed to any individual topic.

Terms were selected from the From field, the Subject field and the message body
of each mail message. All the terms identified in the From field were selected.
Common words which are held in a stop-list, such as ‘and’, ‘the’, etc. were removed
from the Subject field and the message body. The remaining features in the Subject
field were then selected. However, only the top N (e.g. 10) most frequently
occurring words from the message body were selected. Figure 5.2 illustrates the

sets of terms extracted from the mail message in Figure 5.1 (N = 4).
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Mailbox | Size Notes

agents 61 | Messages about the specific topic of ‘agent’ research.

cfp 11 | Messages containing ‘calls for papers’, with the majority
of messages originating from the same source.

cure 53 | Messages from a music related masiling list.

dar 9 Monthly periodic mailing list digest.

jobs 25 | Messages relating to posts in academia from various
sources.

kdd 27 | Monthly periodic mailing list digest.

mbozx 20 | Messages covering a wide range of topics.

mead 90 | Regular mailing list digest (two to three per week).

personal 32 | Personal communications.

phd_pos 64 | Messages regarding a specific topic from a small number
of users.

phd_stuff | 13 | Various messages relating to current research.

tea 3 Messages on a specific topic.

Table 5.1: Characteristics of the different mailboxes.

From: terryQcsd.abdn.ac.uk (Payne)
Subject: An Agent Interface

Here is an example of a machine learning (AI based)
assistant that applies AI techniques to machine
engineering problems.
Enjoy,

Terry.

Figure 5.1: An example mail message.

5.1.2 Classifying Email with CN2

CN2 (Clark & Niblett, 1989) is a supervised rule induction algorithm that uses
a divide and conquer approach to induce an ordered rule set. It was previously
embedded within the Magi email filtering agent (Payne 1994) to induce a set of
email filtering rules. The learning algorithm was modified to map single email
messages into multiple training instances, and from these instances, to induce the
rules. The following two subsections summarise the CN2 learning algorithm, and

describe the modification which enabled CN2 to induce email filtering rules.
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From = { terry@csd.abdn.ac.uk payne } m=2
Subject = { agent interface } n=2
Body = { assistant ai engineering machine } o =4

Figure 5.2: Sets of terms extracted from an email message
(the size of each set is shown to the right).

The CN2 Rule Induction Algorithm

The CN2 rule induction algorithm works in an iterative fashion, by applying a
“best-set-so-far” beam search to a size limited set of complexes, where a complex
is a conjunction of attribute tests. The complexes considered are then specialised
to reduce the coverage of examples of other classes whilst maximising the coverage
of a given class. Each new complex is evaluated and ranked using two evaluation
functions, to determine its quality and significance. The first is a Laplacian error
estimate (Equation 5.1) which assesses the quality of the complex in making a

classification:

n—n.+k—1
n+k

(5.1)

RelativeError(n,n., k) =

where n is the total number of examples covered by the rule, n. is the number of

positive examples covered by the rule, and there are k classes.

The second evaluation determines whether the complex is significant. A complex
is significant if it contains a regularity unlikely to occur by chance, and thus
reflects a genuine correlation between attribute values and classes. CN2 measures
this by comparing the observed distribution among classes of examples satisfying
the complex with the expected distribution resulting from the complex selecting

examples randomly.

This significance value is calculated by using a likelihood ratio statistic (Equation
5.2) where the distribution F' = (fi, ..., f) is the observed frequency distribution,

and E = (ey,...,e,) is the expected frequency distribution.
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2Xn:fz~ log (?) (5.2)

The resulting complexes are then combined to produce a set of ordered production

rules which can be written to a file (see Figure 5.3).

IF feature = assistant

THEN mailbox = "agents" [0 0 0 0 11 0 0 0 0 0 0 0 0]

ELSE

IF subjattr = agent

THEN mailbox = "agents" [0 0.00 10 0 20 0 0 0 0 0 0 0 0.00]
ELSE

Figure 5.3: Sample rules generated by CN2.

Mapping Email Messages to Training Instances

Magi (Payne 1994) represented terms (previously extracted from email messages)
in the form of sets, where each set corresponded to one of the email fields. These
had to be mapped into a representation that could be used by CN2. Instead of
using the vector representation for each message, multiple training instances were
generated. The instances were represented by three symbolic attributes, where
each attribute corresponded to one of the email fields. The number of instances
generated for each email message was dependent on the number of terms extracted
from the different email fields. For example, in Figure 5.4, there are 2 features in
the From field, a single feature in the Subject field and 3 features in the message
body. This will result in 2 X 1 x 3 = 6 examples. Figure 5.5 shows some of the
training examples generated from the term shown in Figure 5.2. The last field
in the examples shown contains the action performed on that mail message, i.e.

saving the message in the agents mailbox.

There is a risk that the generation of a large number of instances may result in a
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CN2: Generating Examples from Features
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Figure 5.4: Generating multiple instances from feature sets.

bias towards features occurring within smaller sets over those within larger sets.

In the example in Figure 5.4, there are two instances with the feature ¢3 but all

six instances contain the feature b1. This will affect the Laplacian error estimate

(Equation 5.1) in exploring new complexes.

terry@csd.abdn.ac.uk agent

terry@csd.abdn.ac.uk interface ai
payne agent

Figure 5.5: Training instances for CN2.

assistant
terry@csd.abdn.ac.uk interface assistant

learning

agents;
agents;
agents;
agents;

This approach was also used to generate multiple query instances from new email

messages, prior to classification. As each instance was presented to the induced

rule set, it would cause one of the rules to fire. However, not every fired rule

necessarily had the same antecedent, and hence a conflict resolution strategy

was required to determine an overall classification for the new message. A ma-

jority /threshold strategy was used (Payne, 1994), whereby the total number of

times each antecedent fired was determined, and the highest total was compared

with a threshold. If this highest total was greater than the threshold, then the
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corresponding antecedent was returned, otherwise an unknown classification was

returned.

5.1.3 Experimental Method

The two learning algorithms were evaluated using the holdout evaluation approach
(Kohavi, 1995). This approach is particularly suited to identifying the shape of
the learning curve, i.e. determining how the performance of the learning algorithm
varies as the number of messages in the training set increases. The original data
set was randomly partitioned into a training data set and a test data set. The
messages within the two data sets were processed to select the sub-sets of terms
from the different fields. These sub-sets were mapped into training or testing
instances; either as single instances for IBPLI1, or multiple instances for CN2
(Section 5.1.2). The two learning algorithms were then trained on the instances in
the training set. The performance of each algorithm was determined by presenting
it with the instances from each message in the test set, and comparing the resulting

classification with the value held within the test message’s class label.

The size of the training partition was varied (in 10% intervals) from 20% to 80%
of all email messages. The remaining messages were used to construct the test
partition. The division of messages from each mailbox was stratified’ (Kohavi,
1995), so that the performance of both learning algorithms could be compared for
individual mailboxes. The tests were repeated 30 times with randomly partitioned

data sets to allow statistical analysis.

Two measurements were made for each test: accuracy and coverage. The rule-
based approach used a majority /threshold strategy (Section 5.1.2) to determine
an overall classification from the individual classifications of the multiple instances
(generated from each mail message). If the number of instances classified as the
majority class was lower than the confidence threshold (set to 30%), then no final

overall classification was generated. The coverage denotes the number of messages

'For example, the 40% training data partition contains 40% of the messages from the agents
mailbox, 40% of the messages from the cfp mailbox, e.t.c.
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that could be classified. The accuracy represents the number of messages that were

correctly predicted for each mail box.

IBPL1 determined whether a classification should be made by examining the 10
nearest neighbours to each query instance (Section 2.2.2). A confidence rating was
generated for each class by calculating the reciprocal of each of the 10 distances,

and summing the distances for instances of that class, i.e.

conflc) =

Vj:class(j)=c

D(i.J) 5:3)

where 7 is the query instance, and j is one of its 10 nearest neighbours. The
distance between i and each nearest neighbour is given by D(i, j) (Equation 4.2).
A final confidence rating is determined by finding the difference between the con-
fidence rating for the majority class, and the total confidence ratings for the other
classes (Payne & Edwards 1997). This final confidence rating is then compared

with a threshold to determine whether or not a classification should be made.

5.1.4 Using three main Email fields

CN2 and IBPL1 were trained with examples containing terms from all three fields
(From, Subject and the 10 most frequently occurring words from the message
body). Both algorithms were able to make predictions on new messages. When us-
ing CN2, predictions were made for approximately 78% of messages; this dropped
to 74% when using IBPL1, although the exact figures varied depending on the
mailbox tested. For example, when using CN2, approximately 57% of messages
from the jobs mailbox generated predictions compared to 90% of messages from
the kdd mailbox. The number of predictions made by CN2 steadily rises as the
number of training examples increases. However, with most mailboxes, the num-
ber of predictions made by IBPL1 initially falls, but then rises as the number of
training examples increases beyond 40-50%. Figure 5.6 shows a comparison of

CN2 with IBPLI when testing on messages from the agents mailbox.
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Figure 5.6: Comparing CN2 with IBPLI on the Agents Mailbox.

Approximately 65% of all predictions made by CN2 were correct, compared to

approximately 57% for those made by IBPL1. The number of correct predictions

made by IBPL1 tends to increase and peak between 30-50% of the data, then falls

off as the number of training examples increases beyond this point. This appears

to correspond to the changes in the number of predictions made by IBPLI (see
Figure 5.6).

Small Mailboxes

For the smaller mailboxes, such as cfp, dai and tea, CN2 gave rise to more pre-

dictions than IBPL1. The accuracy of the predictions made by CN2 is low for
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cfp (only approximately 10% of predictions were correct) but much higher for dai
and tea, both of which result in prediction accuracies over 90%. The accuracy
of IBPL1 for these mailboxes varied but overall was poor, with no accurate pre-
dictions being made for tea and only approximately 2% to 12% of c¢fp predictions
being accurate. The exception here was the da: digest mailbox, where the accu-
racy of predictions increased rapidly as the training data increased. This can be

seen in Figure 5.7.
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Figure 5.7: Comparing CN2 with IBPL1 on the DAI Mailbox.

The poor overall performance of IBPL1 on small data sets is a characteristic of
using a k-NN approach (Section 2.2.2). The top k closest matches are consid-
ered when determining the confidence and prediction. If the number of training

instances is less than £, then any similar matches, however poor, will be taken
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into consideration when determining these values. Tests on smaller values of &

demonstrated an increase in performance for these small mailboxes.

Digest Mailboxes

Both CN2 and IBPL1 were able to generate predictions for a high proportion
(85%+) of messages from two of the digest mailboxes, kdd and mead, with near
100% accuracy. The third, smaller digest mailbox, dai, resulted in a slightly lower
number of predictions when CN2 was used. When using /BPLI, training with
smaller amounts of data (e.g. 30% of the data set) resulted in a small number
of predictions for the da: mailbox. The accuracy of these predictions was also
low. However, as the number of training examples increased, the performance
of IBPL1 improved. This supports the explanation given above regarding k-NN

voting strategies, as the dai mailbox contained only 9 messages.

5.1.5 Changes in Body Terms

Previous work (Payne, 1994) demonstrated that whilst predictions could be made
on mail messages based purely on message body terms, an improvement in per-
formance was achieved by including the From and Subject fields. The work here
expands on this previous study by exploring the effect of excluding the message

body terms used whilst employing these extra fields.

With CN2 there is a slight degradation in performance overall when message body
terms are reduced or omitted. A drop in the number of predictions occurs for all
non-digest mailboxes with the exception of personal and phd_poss. The accuracy
of the predictions is also slightly lower. The digest mailboxes were unaffected by
changes in the use of message body terms, as predictions for these messages are

based on the contents of the From and Subject fields only.

If terms from the message body are omitted when using IBPL1, the number
of predictions increases slightly after 40% training data. However, there is a

corresponding decrease in the accuracy of these predictions. Figure 5.8 shows the
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Figure 5.8: Comparing the inclusion and omission of message body terms on the
Cure Mailbox.

number of messages for which predictions were made and the accuracy of these

predictions when message body terms are present and absent.

5.1.6 Omitting Other Fields (Subject and From)

If the Subject terms are omitted when using IBPLI1, the number of predictions
increases, while the accuracy falls. This behaviour is similar to that exhibited
when omitting message body terms, and indicates the importance of these terms

in making accurate predictions when using /BPL]1.

With CN2, there was a reduction in the number of predictions made for some of
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the mailboxes when Subject terms were omitted, namely agents, cure and personal.
However, the accuracy of the predictions for messages in these mailboxes increased.
No differences were observed in the number or accuracy of predictions made for

messages from the other mailboxes.
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Figure 5.9: Comparing the inclusion and omission of From terms with /IBPL1 on
the Agents Mailbox.

From our investigation, CN2 appears to be more dependent on the From terms
than IBPLI1. In most cases, omitting the From terms when using CN2 resulted in
a reduction in the number of predictions made. This drop was more pronounced
for certain mailboxes, such as cfp, mbox, phd_stuff and phd_poss. The change
in accuracy of the predictions varied depending on the mailbox. For example,
there was no noticeable change in the accuracy of predictions for messages from
the phd_poss mailbox, yet the accuracy of predictions for phd_stuff increased by
approximately 15-20%. Some mailboxes (such as jobs) resulted in an increase in

accuracy without an overall increase in the number of predictions.

Figure 5.9 shows the behaviour of IBPLI for a non-digest mailbox when From
terms are omitted. This behaviour can be explained by considering the perfor-

mance of IBPL1 before and after 40% training data:

e As the proportion of the data in the training set increases to 40%, the
number of predictions made decreases. However, the accuracy of these pre-

dictions increases.
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e As the training data increases beyond 40%, the number of predictions made
increases again. There is an initial reduction in the accuracy which then

plateaus at approximately 47%.

The indications here are that with smaller training sets, IBPLI depends heavily
on the From terms to make predictions. When they are omitted, many incorrect
predictions are initially made. As the training set increases in size the number of

accurate predictions increases.

5.1.7 Discussion

The above evaluation has demonstrated that the performance of the two learning
algorithms vary with respect to their ability to accurately predict user actions for
incoming messages. The characteristics of different message types vary, so whilst
one learning approach performs better with certain types of messages, another
approach may perform better with other types of message. For example, the
performance of IBPL1 was superior to CN2 when making predictions for messages
from the phd_stuff mailbox, but inferior when making predictions for messages

from other mailboxes.

The results indicate that the From and Subject fields help to reduce the number
of incorrect predictions made. For example, let us consider the changes in per-
formance for each algorithm when From terms are used. With CN2, the number
of accurate predictions increases; however, with IBPL1, the number of accurate
predictions appears to be constant, but the number of incorrect predictions is

reduced.

One important difference between the two algorithms is the time taken to induce
and apply user profiles to new mail messages. The instance-based approach builds
a sub-symbolic representation in the form of weights and distance metrics. Unlike
rule induction in CN2, these calculations do not involve searching through a large
space of possible solutions. The search performed by CN2 is compounded by

the large number of terms generated by the message body. It was found that
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tests involving CN2 took significantly (30 to 40 times) longer than tests involving
IBPL1. However, it should be remembered that these timings include the time
taken for CN2 to induce the rules (a computationally expensive process). Hence,
no conclusions can be drawn for either method regarding the time taken to predict

the action for a single message.

5.2 Comparison of IBPL1 and IBPL2

Section 4.2.2 introduced an alternative distance metric to the one used by IBPL1.
Instead of averaging all the distances between symbols within two sets, the new
distance metric averaged only the closest distances to the symbols within the
query set. IBPL2 is a variant of IBPL1 that utilises this distance metric. To
evaluate its performance, IBPL2 was compared with IBPLI using the Email data
set described above (Section 5.1.1).

Both IBPL1 and IBPL2 performed equally well when applied to classifying email
messages. Figures 5.10 and 5.11 illustrate the number of messages for which
predictions are made (i.e. coverage), and the accuracy of those predictions for
both algorithms on the Agents mail box (Figure 5.10) and Phd_Possibilities mail
box (Figure 5.11).
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Figure 5.10: Comparing IBPL1 & IBPL2 on the agents data set.

These results demonstrate that the set-valued attribute representation can be

successfully used by a nearest neighbour learning algorithms to filter electronic
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Figure 5.11: Comparing IBPL1 & IBPL2 on the phd data set.

mail messages. However, although the performance of IBPL1 and IBPL2 vary
slightly for different mailboxes, there is no overall significant difference between

the results of the two algorithms.

5.3 Evaluation of PIBPL

The PIBPL algorithm (Section 4.2.3) attempts to identify and eliminate irrelevant
elements within a set-valued attribute, by utilising the VDM weights (Equation
2.8). To evaluate this algorithm, an alternative data set was used. A USENET
News data set consisting of varying numbers of news articles from five different
USENET news groups was obtained? and is summarised in Table 5.2. A similar
technique to the one described in Section 5.1.1 was used to extract terms from
three of the news fields: Author, Subject, and the article body. The learning task

was to determine the news group from which each article had been taken.

The holdout evaluation approach (Kohavi, 1995) was again used to compare the
learning curves of the different nearest neighbour algorithms. The size of the
training partition was varied from 10% to 90% of the news articles in 10% intervals.
Each test was repeated 25 times with randomly partitioned data. A number of

selection thresholds were tested in the range [0..1], in intervals of 0.1.

2The USENET News data set was kindly supplied by Claire L. Green, Department of Com-
puting Science, King’s College, University of Aberdeen, Scotland, AB24 3UE.
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Articles USENET News Group
126 abdn.student

226 alt.education.research
112 alt.lefthanders
503 rec.humor

178 sci.stat.math

Table 5.2: Characteristics of the USENET News data set.
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Figure 5.12: Comparing PIBPL with various selection thresholds on the USENET
news data set.

Figure 5.12 illustrates the effects of varying the selection threshold for PIBPL.
In general, the larger the size of the training set, the higher the classification ac-
curacy of PIBPL. The accuracy of PIBPL remains constant with small selection
thresholds, but then varies once the threshold reaches 0.5. This can be explained
by considering the uniform distribution weight, w(u) (Equation 2.9). This repre-
sents the weight of a symbolic value which appears in instances of each class with
an equal (i.e. uniform) probability. It also corresponds to the minimum possible
weight for the domain being tested, as its value is a function of the number of
different classes. Instances within the USENET news data set belong to one of

five classes, and hence w(u) = [5|7%5 = 0.447.

The average classification accuracy rises slightly for selection thresholds between



5.3 Bvaluation of PIBPL 99

the range [0.5..0.7], reaching a maximum average classification accuracy of 90.42%
when the selection threshold = 0.6 (this compares to an average accuracy of
90.22% when the selection threshold < 0.4, i.e. no symbols are rejected). This
suggests that the elimination of low weighted symbols can result in a slight in-
crease in the classification accuracy of PIBPL. However, as the selection threshold
rises above 0.7, the overall accuracy falls below that achieved when no pruning
was performed (i.e. when the selection threshold was < 0.4). This behaviour is
not surprising, as one would expect the accuracy of PIBPL to fall as the highly

weighted terms are removed from the attribute sets.

Figure 5.13 illustrates the different learning curves for IBPL1, IBPL2 and PIBPL
(using three selection thresholds: 0.0, 0.6 and 1.0) on the USENET news data set.
The learning curves are very similar for PIBPL with the selection thresholds 0.0
and 0.6, although there is no significant difference between these two curves at
the 5% level (using a one-tailed paired t-test). However, if a selection threshold
of 1.0 is used, then the curve significantly falls by an average of 2.4% from that

achieved with a 0.0 selection threshold.
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Figure 5.13: Comparing the learning curves of IBPL1, IBPL2 and PIBPL on the
USENET news data set.

There is no significant difference between the performance of IBPLI and IBPL2
on the USENET news data, thus supporting the results presented in Section 5.1.
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However, both curves were significantly lower than those achieved by PIBPL.
For example, the difference in accuracy between IBPL2 and PIBPL (with a 0.0
threshold) ranged from an average of 16.41% (for 10% training data) up to 2.78%
(for 90% training data). As the threshold is too small to reject any of the symbols,
the only difference between these two algorithms is their behaviour with respect
to unknown symbols. PIBPL discards unknown symbols, whereas IBPL2 assigns
a maximum distance to such symbols. Hence, the decision to use the maximum
distance within both IBPL1 and IBPL2 may have been inappropriate for the
domains tested so far. This may also explain the greater discrepancy in accuracy
between IBPL2 and PIBPL for the smaller training data sets. As the size of
the training set increases, one would also expect the number of different symbols
present in the training set to increase. Thus, the number of unknown symbols
encountered within the test data set will decrease, and the detrimental effects of

unknown symbols on the classification accuracy will diminish.

5.4 Related Work

This chapter has introduced three novel nearest neighbour algorithms designed to
learn classification hypotheses from high dimensional symbolic data. So far, the
techniques have been tested on domains containing English text. However, the

approaches presented are suitable for any form of unordered symbolic data.

The set-valued attribute representation introduced in Section 4.2 was first pre-
sented as part of a nearest neighbour algorithm known as MBR in Payne et al.
(1995). The name was then changed to IBPL1 (Payne & Edwards 1995) to avoid
confusion with the nearest neighbour algorithm employed by the MBRtalk system
(Stanfill & Waltz 1986).

Set valued attributes have subsequently appeared within other learning paradigms.
Cohen (1996b) proposed a method for learning rules from this representation.
When the decision metric (such as ID3’s Information Gain (Quinlan, 1986) or the
Distance-Based Gain Ratio (De Mantaras, 1991)) is calculated, instead of per-
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forming an equality test, a set membership test can be performed. The greedy
rule induction algorithm, RIPPER. (Cohen, 1995) was modified in this way. RIP-
PER constructs a set of rules by repeatedly adding rules to an initially empty set
until all the positive instances of a concept are covered. The rules are constructed
by greedily adding conditions (to an initially empty antecedent) until no negative
instances are covered. The rules are then pruned to reduce the size of the rule

set, and to avoid overfitting.

The modified RIPPER rule induction algorithm was evaluated using a variety
of email filtering domains (Cohen 1996a). The learning algorithm was compared
with a tfidf weighted classification algorithm, based on Rocchio’s relevance feed-
back algorithm (Rocchio Jr 1971). Terms are parsed from the From, To, Subject
and message body fields of electronic mail messages, and represented using the
vector space representation (Figure 1.2). Each element of the vector corresponds
to a term that appears within one of the four email fields. The value of each
element is dependent on the number of times the corresponding term appears in
the respective field of the email message; the total number of terms in the email
message, and the inverse frequency of the term also in other messages. A set of
prototypical class vectors are then generated from the vector representations of
all the training email messages; where each vector represents a single class. New
email messages are mapped into a vector space representation, and compared to
the prototypical class vectors. The resulting classification is then determined by

finding the most similar prototypical class vectors.

In general, the performance of RIPPER was comparable to that achieved by the
tfidf classifier when filtering email messages, and was only occasionally statistically
significant. The results demonstrated that the classification accuracy increased
asymptotically as the number of training instances increased, but that the opti-
mal classification accuracy of both algorithms varied for different email domains.

These results are similar to those reported for IBPLI (Section 5.1).

An alternative approach to data representation was proposed by Boone (1998) as
part of the Re:Agent email filtering system. It is based on the premiss that email

messages can be used to define high-level concept features, which are in turn used



5.4 Related Work 102

to represent the email messages prior to learning. The method used to construct
concept features is similar to that used to construct tfidf prototypical class vectors.
The email messages are first grouped together so that each group represents a
concept. For example, all the email messages relating to robotics research would
be grouped together to represent the robotics concept®. The messages are then
mapped into a vector space representation, and the tfidf weights are calculated
for each of the terms (£1,...,¢,) in the message. The centroid vector is then
calculated for each concept by averaging the values of the tfidf weights for each of

the elements in the vectors.

Query Vector Concept Centroids
q F F, Fs
& & & &
7527 7327 7527 7527
- Compare - - -
& _ € €5 &
I with... - - I
&, &, &4 &,

| | | | | |
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...to construct feature vector
f= | daF) d@R) daF) |

Figure 5.14: Generating features from concept centroids with Re:Agent (Boone,
1998).

The resulting concept centroid vectors are not directly used for classification, but
are used to construct concept features. Each centroid corresponds to one of the
attributes in the final representation. For example, Figure 5.14 illustrates three
concept centroid vectors Fy, F5 and F3, which can be used to construct values for
the three attributes in the final representation. An email message is converted
into its vector space representation, and the tfidf weights calculated (e.g. ¢ in

Figure 5.14). The cosine distance metric (Section 2.2.3) is then used to calculate

3For many domains, there may be no distinction between a concept and the target
classification.
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the distance between the email message and each of the concept centroids. For
example, the message ¢ is mapped into the three element feature vector f, as

follows:

Va € A: f,[a] = d(q, F,)

where a is an attribute in the set of all attributes, A, and the value f,[a] is the

value of the a’th element of the vector f,.

Once all the messages in the training set have been converted into feature vectors,
they can be presented to a learning algorithm. Boone evaluated this approach us-
ing two different learning algorithms, a simple nearest neighbour algorithm, and
the Backpropagation neural network algorithm (Rumelhart, Hinton, & Williams
1986). The concept feature approach was also contrasted with a tfidf weighted
classification algorithm. The results suggested that the combination of generating
concept features and presenting them to a learning algorithm could classify a sig-
nificantly higher percentage of email messages than the tfidf approach. However,
there appears to be no significant difference in the performance of the two learning

algorithms tested.

5.5 Conclusions

The set-valued attribute representation provides a mechanism for encoding high
dimensional data (such as large, sparse, document vectors) in a condensed, propo-
sitional form. The performance of algorithms using set-valued attributes is com-
parable to that of other classification approaches, such as CN2 or tfidf weighted
algorithms. Ripper differs from IBPL1 in that it generates keyword-spotting rules
(Cohen 1996b) by greedily selecting elements from the training data. Thus, one
would expect that irrelevant or redundant elements appearing in the set-valued

attributes would not appear in the induced rule set*. As IBPLI is a nearest

4A number of studies have demonstrated that the decision metrics used by various rule
induction techniques can be used to eliminate irrelevant and redundant attributes (Almuallim
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neighbour learning algorithm, there is no implicit mechanism for eliminating ir-
relevant or redundant elements. Hence, it may be susceptible to the presence
of such elements (Section 2.3). This may necessitate the need for an additional
pre-processing stage responsible for removing such symbols. Although PIBPL has
demonstrated that probablistic approaches can be used to eliminate irrelevant or
redundant data, many other selection approaches have been proposed (Chapter

3).

& Dietterich 1991; Cardie 1993; Kubat, Flotzinger, & Pfurtscheller 1993). See Section 7.3 for
details.



Chapter 6

Novel Approaches for

Dimensionality Reduction

Chapter Outline

In earlier chapters, a number of existing dimensionality reduction approaches were
introduced, and their applicability to the nearest neighbour paradigm discussed.
Many of these techniques have been shown to improve the classification accuracy
of a learning algorithm on a number of different data sets. However, some of
these techniques are unsuited to domains where the dimensionality is high, such
as the problem of text categorisation. This chapter presents a variety of different
approaches to the task of dimensionality reduction, and discusses the rationale be-
hind each approach. An evaluation strategy involving a nearest neighbour learning

algorithm is then presented.

105



6.1 Introduction 106

6.1 Introduction

Attribute selection and dimensionality reduction techniques have been proposed
that attempt to reduce the detrimental effects of irrelevant or redundant attributes
on the performance of a number of different learning algorithms. Some techniques
utilise simple heuristics to identify whether the inclusion of certain attributes are
necessary to preserve the consistency of the data set (Almuallim & Dietterich
1991), or select only certain attributes based on statistical criteria (Yang & Ped-
ersen 1997). Other approaches determine a vector of weights and utilise these to
augment or attenuate the effects of individual attributes (Wettschereck & Diet-
terich 1995), or to select a subset of attributes (Kira & Rendell 1992a). A number
of other techniques perform a heuristic search through a space of attribute sub-
sets, evaluating each state within this space by empirically testing the learning

algorithm with a data set containing the subset of attributes.

However, these studies (summarised in Section 3) have demonstrated that there is
no single approach suited to the characteristics of all data sets. Approaches that
consider each attribute independently of the other attributes may reject those
attributes whose values are dependent on the values of another. However, whilst
approaches that evaluate the merits of attribute subsets may capture such depen-
dencies, they may be computationally intractable when the dimensionality of the

domain is large (such as in text categorisation problems).

This chapter investigates a number of alternative approaches to dimensionality
reduction and attribute selection. Each approach is discussed in detail, and the
results of the evaluation of each approach on a variety of data sets is presented
in the next chapter. However, before the approaches are presented, the nearest

neighbour algorithm and evaluation environment used must be described.
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6.2 Testing Framework

The 1-Nearest Neighbour learning algorithm (Section 2.2.2) is used to evaluate
the dimensionality reduction techniques in this study. The nearest neighbours
are determined by utilising a specified distance metric, and by comparing the
test instance with each of the instances in the training data set. Only the single

nearest neighbour is used to determine the class of a test instance.

Numerical values are normalised when numerical distance metrics are used. This
is performed so that attributes with large numerical ranges do not overwhelm
those with relatively smaller ranges (Section 2.2.3). Normalisation is achieved by
determining the maximum and minimum values for each attribute in the training
set and using these values to transform all the attribute values into the range
[0..1]. Any values in the test instances that fall outside this range are mapped
to the nearest boundary, i.e. i, =1 iff (i, > 1) or i, =0 iff (i, < 0) where
i, 1s the value corresponding to the attribute a within the instance i. Different
transformations are used for each attribute. The transformation used is then

applied to the test data set.

An evaluation framework was designed to partition the data sets in a consis-
tent fashion and execute various experiments on this partitioned data. Although
some of the standard UCI data sets used (Merz & Murphy 1996) are available
partitioned into separate training and test data sets, the majority of data sets
are provided as a single file. Different evaluation strategies partition this data
in different ways (Kohavi 1995). For example, the Holdout method partitions a
data set into two sets, a training set and a test set. The training set typically
consists of two-thirds of the data set, the remaining third constituting the test
set. Alternatively, the k-fold cross validation method partitions the data set into
multiple folds of approximately equal size, and then tests the learning algorithm
by selecting one of the k folds as a test set, and using the remaining folds as
the data set. This is repeated until all £ folds have been tested. This evaluation
method was chosen for the testing framework, as other studies (Kohavi 1995) have

demonstrated that the variance of the results generated by this method are lower
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Figure 6.1: The various search states in a four dimensional ASV space (after
Langley 1994).

than for other methods.

Each data set was partitioned into /N folds. The value of N was dependent on
the data type: 10 folds were used for the symbolic data sets, and 20 folds for
the numeric data sets. The training data was then pre-processed in a variety of
different ways, such as first normalising numeric training data, and then present-
ing the normalised data to an attribute selection algorithm. The details of each

individual experiment are presented in Chapter 7.

6.3 Wrapper Method Framework

The wrapper model eliminates redundant and irrelevant attributes by evaluating
the performance of a learning algorithm on different attribute subsets. A search
method is used to explore the space of possible attribute subsets, and the results
of each evaluation are used to guide the search. The framework used to implement
the wrapper approach generates an attribute selection vector for a given data set.

The attribute selection vector (ASV) is a binary vector whose length is equal to the
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number of attributes in the original data set. Each ASV element corresponds to
one of the attributes, and determines whether that attribute should be included in
the new reduced data set. The search space consists of all combinations of ASVs,
where each ASV corresponds to a state within this space (Figure 6.1). The ASVs
of adjacent states differ by only one element, i.e. a move from one search state to
an adjacent state is equivalent to the selection or rejection of one of the attributes

in that initial state.

Each search state is evaluated as follows:

1. An attribute selection vector (ASV) is generated for the current state;

2. The ASV is applied to the data set to generate a new data set containing
only the attributes selected;

3. The nearest neighbour algorithm is then evaluated with the new, reduced

data set. The leave-one-out cross validation method is used;

4. The results of the evaluation are then used to guide the search algorithm.

Some studies utilise a k-fold cross validation approach when evaluating each at-
tribute state. Whilst this may reduce the time taken to generate the final attribute
subset, it would render the resulting subset dependent on the order in which the
training data was presented to the wrapper. This dependency is due to the way
in which the data is partitioned into folds. If a k-fold cross validation method
is used, then the partitioning of the data should be deterministic, so that the

evaluated search states can be compared.

Four search algorithms have been investigated and are described below. None of
the approaches explicitly perform an exhaustive search through the state space;
instead they utilise a heuristic or stochastic search strategy to locate optimal (or
sub-optimal) states in the space. The Forward Selection and Backward Elimina-
tion algorithms utilise a greedy hill climbing approach (Devijer & Kittler 1982)

to search for sub-optimal solutions. These methods have been investigated using
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a variety of other learning algorithms (Caruana & Freitag 1994; John, Kohavi, &
Pfleger 1994; Langley & Sage 1994b; Moore & Lee 1994; Singh & Provan 1995).
The two methods differ in their starting conditions; the Forward Selection algo-
rithm starts with no members in its attribute subset, and incrementally adds new
attributes to this set. In contrast, the Backward Elimination method starts with a
full complement of attributes, and progresses by eliminating irrelevant attributes.
However, both approaches are susceptible to the problem of finding local maxima
within the state space. To overcome this, the wrapper framework was tested with
a Simulated Annealing search algorithm. Whilst this search algorithm is essen-
tially a hill climbing algorithm, it is less susceptible to the effects of local maxima
than either of the two greedy hill climbing approaches described above. In con-
trast, the Monte Carlo algorithm uses a stochastic sampling approach to find the
optimal state. Instead of performing a heuristic search though the state space,
it randomly samples different states to find the state with the highest evaluation

function.

6.3.1 Forward Selection

The Forward Selection algorithm (FSS) starts with an empty attribute selection
set, represented in Figure 6.2 as selectset. A record of the best selection set
performance, evalp.g, is initially set to zero. It explores the effects of adding an
additional attribute to the current selection set by evaluating the performance
of the selection set with each of the remaining attributes, i.e. selectset U j. If
the inclusion of any of the attributes results in an increase in performance, then
the attribute responsible for the highest increase in performance, jpes, is added
to the selection set. The process is then repeated until no further increase in
performance can be achieved. Figure 6.1 illustrates the legitimate moves that the

algorithm can take from each state.
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1 var

2 AttrSet Set of all attributes
3 n Total number of members in AttrSet
4 end

5 proc forward_selection(AttrSet,n) =

6 selectset = (); Selection Set contains no attributes
7 evalpes = 0;

8 for i =1tondo

9 Joest = Q);

10 foreach j in AttrSet do

11 eval = evaluate(selectset U j);

12 if (eval > evalpes) If eval is better than ...
13 evalpes = eval;

14 jbest = j;

15 fi

16 done

17 if (Jpest == 0) Halt if no improvement is found
18 return(selectset);

19 fi

20 selectset = selectset U Jpest; Add jpest to selectset
21 AttrSet : AttrSet N Jpess = 0; Remove jp.s; from AttrSet
22 done

23 return(selectset).

Figure 6.2: The Forward Selection Algorithm.

6.3.2 Backward Elimination

The Backward Elimination algorithm (BSE) is similar to the Forward Selection

algorithm, except that it starts by including all the attributes in the attribute se-

lection set, and greedily removes attributes from the set. Both algorithms search

the state space of attribute subsets for the smallest set of attributes that can

achieve the best performance. However, the termination conditions of the Back-

ward Elimination search differ slightly from those used by the Forward Selection

algorithm. If two states result in the same performance, but one of the states rep-

resents a selection set with fewer attributes, then this state is preferred over the

state with more attributes. For this reason, the Backward Elimination algorithm

(illustrated in Figure 6.3) will continue to explore attribute selection sets where

the removal of an attribute has no effect on the resulting performance.
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1 var

2
3

4 end

AttrSet Set of all attributes
N Total number of members in AttrSet

5 proc backward_elimination(AttrSet, N) =

6

7

8

9
10
11
12
13
14
15
16
17
18
19
20
21
23
24

selectset = AttrSet; Selection Set contains all attributes
evalyesy = evaluate(selectset);
fori=1to N do
jbest = Q);
foreach j in AttrSet do
eval = evaluate(selectset : selectset N j = );
if (eval > evalpest) If eval equal to or better than ...
evalpes = eval;
jbest = j;
fi
done
if (Jpest == 0) Halt if no improvement is found
return(selectset);
fi
AttrSet : AttrSet N jJpess = 0; Remove jp.s; from AttrSet
selectset : selectset N Jpest = 0 Remove jp.; from selectset
done
return(selectset).

Figure 6.3: The Backward Elimination Algorithm.

6.3.3 Simulated Annealing

The Simulated Annealing algorithm (Kirkpatrick, Gelatt, & Vecchi 1983) is a hill

climbing search algorithm that overcomes the problem of becoming trapped in a

local maxima by taking downhill steps as well as uphill steps. It differs from other

hill climbing algorithms in that it selects a random move to a neighbouring state

instead of determining the best move from the current state. If the new state

returns a higher value for the evaluation function than the current state, then the

algorithm moves to this new state. Otherwise, it moves to the new state with

a probability less than one. The probability is exponentially dependent on two

factors; the difference between the evaluation functions of the current and new

state, AF; and a temperature parameter, 7.
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var

end

AttrSet Set of all attributes
InitialTemp Initial temperature value
TemperatureDrop Decrement factor for T
Moves Number of states evaluated

at each temperature gradient

proc simulated_annealing(AttrSet) =

selectset = AttrSet,; Start State
evalyss = evaluate(selectset);
T = InitialTemp;
while (7" > 0) do
for m =1 to Moves do
newset = Random_Step(selectset);
eval = evaluate(newset);
if (SA_Accept(T, eval, evalyes;))
selectset = newset;
evalyes = eval;

fi
done
T — = TemperatureDrop; Reduce temperature
done
return(selectset).

Figure 6.4: The Simulated Annealing Algorithm.

proc SA_accept(T, eval, evalpes;) =

if (eval > evalpest)
return(TRUE);
fi

AFE = evalpes; — eval,
_AR

P(AE)=¢e T ;

if (Random [0..1] < P(AE))
return(TRUE);

fi

return(FALSE).

Figure 6.5: Acceptance Routine for the Simulated Annealing Algorithm.
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The parameter T is used to control the number of downward steps taken by the
search algorithm. When 7" has a high value, the probability of moving in a down-
ward direction is greater than when the value of 7" is lower. When the algorithm
starts the search, the temperature parameter 7 is high. At this high temperature,
the search is random, and can therefore explore the landscape without becoming
trapped by local maxima. As the value of T" decreases, the probability of making
downward moves reduces, and hence the search starts to ezploit the features of the
landscape. Figure 6.4 illustrates the search algorithm. It searches a fixed num-
ber of states (Moves) for each temperature gradient. The drop in temperature
(TemperatureDrop) is also fixed. The algorithm terminates when the value of T

falls below zero.

The acceptance criteria for downward moves is a function of the difference in

evaluation functions for the two states, and is given by the following equation:

AE

P(AE)=¢ 7 (6.1)

Figure 6.5 illustrates how this equation is used to determine whether a downward
step should be accepted. The value of InitialTemp was determined to initially
accept a move to a lower state (where AE = 0.5) with a probability of 1%. It
was calculated by expressing the acceptance criteria (Equation 6.1) as a function

of probability and error, i.e.

—AF

= nPan)



6.3 Wrapper Method Framework 115

Simulated Annealing Probability Function
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Figure 6.6: Variation in the Simulated Annealing probability function as the tem-
perature falls.

Hence, an initial value of 7" = 0.109 can be calculated, i.e.

AE = 50% = 0.5

P(AE) = 1% =

—0.5

T = = 0.1
In(0.01) 0-109

A step size of 0.004 will reduce the temperature, 7', to a lower bound (0.001) in
27 steps. At each temperature gradient, 10 iterations are performed value which
results in of 10 x 27 = 270 steps. At the lower bound, the probability of accepting

a 1% error is:

AE = 1% = 0.01
T = 0.001

0.0

P(AE) = e oor = 0.004%

The variation in the probability curve is presented in Figure 6.6 as a function of the
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temperature, 7. The Error (%) refers to the difference between the classification of
the two states (i.e. AFE), and P(err) is the probability that the move will be taken
by the search algorithm. The graph illustrates how the probability of accepting a

bad move drops as the temperature falls.

6.3.4 Monte Carlo

1 var
2 AttrSet Set of all attributes
3 Numlterations Number of states to be evaluated
4 end
5 proc monte_carlo(AttrSet) =
6 selectset = AttrSet; Start State
7 evalyesy = evaluate(selectset);

8 for i = 1 to Numlterations do
9 newset = Random_State;

10 eval = evaluate(newset);

11 if (eval > evalpest)

12 selectset = newset;

13 evalpes = eval;

14 fi

15 done

16 return(selectset).

Figure 6.7: The Monte Carlo Algorithm.

The Monte Carlo algorithm utilises a stochastic, or random sample approach to
search the state space (Skalak 1994; Liu & Setiono 1996a; Liu & Setiono 1996b).
Unlike the search methods described above, this method does not traverse the
search space in search of sub-optimal states, but rather evaluates a fixed number
of random states. As a consequence, it is not susceptible to local maxima. It
is also possible to show that as the number of states visited increases, so does
the probability of finding an optimal solution (Liu & Setiono 1996a). The Monte
Carlo search algorithm is presented in Figure 6.7. A total of 270 search states
were sampled by the algorithm; this number was chosen as a similar number of

states are visited by the Simulated Annealing algorithm described above.
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6.4 Weighted Method Framework

A number of different attribute selection approaches have utilised the notion of
weights to determine the significance of each of the different attributes. Many
of these approaches achieve this by determining a vector of weights, where each
element (i.e. weight) in the vector corresponds to one of the attributes. The
weights can then be used to reduce the detrimental effects of irrelevant attributes
in one of two ways. Some approaches use the weights to determine the most sig-
nificant set of attributes for a data set, and then discard the remaining attributes
(Kira & Rendell 1992b; Kononenko 1994). Other approaches integrate the weights
within the distance metric to either augment or diminish the effect each attribute
has on the distance between two instances (Aha 1992b; Salzberg 1991a). These

techniques are discussed in greater detail in Chapter 3.

The relevance weights are determined by observing the evaluation of a nearest
neighbour algorithm on the training data. A vector of attribute weights is gener-
ated, where each element in the vector corresponds to each of the attributes. The
values of the initial weights are all equal. The leave-one out cross validation tech-
nique (Kohavi 1995) is then used to predict the class label of each of the instances
in the data set. As each instance is evaluated, the weights are adjusted according
to whether or not the classification is correct. This algorithm (which is presented
in Figure 6.8) is similar to that used by Salzberg (1991a). The ath element of the
attribute weight vector, corresponding to the ath attribute, is represented as w,.
The update coefficient, y, is dependent on the outcome of the classification of the
instance i (where j is the nearest neighbour). If the classification is correct, then

the value of the update coefficient is positive, otherwise negative.

Update Coefficient - A Coeff

The intuition behind this algorithm is that irrelevant attributes will contribute
very little overall to the classification task. The function used to update the

weights is designed to reward attributes if they are responsible for making correct
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1 var

2 7 New Instance
3 J Nearest Instance to ¢
4 end

5 proc Update_Weight(i, j, classification) =

6 Determine whether a positive or negative
7 update coefficient should be used
8 if classification = TRUE

9 then y = ACoeff; correct classification
10 else y = —ACoeff; incorrect classification
11 fi

12 foreach a; do For each attribute a; ...
19 if (3(ic o) < A)

1 then w, = wy(1 + p); Attribute values are similar
15 else w, = w,(1 — p); Attribute values are different
16 fi

17 od

Figure 6.8: Weight Update Algorithm.

predictions, and penalise them if they are responsible for incorrect ones. Thus, the
contribution made by the irrelevant attributes towards the classification task falls
as the contribution made by other attributes rises. The variable pu is used to modify
the different weights. Its value is either +A Coeff or —ACoeff depending on the
result of the classification, where A Coeff is the update coefficient. The value of
this coefficient determines the rate at which the weights change. If the coefficient
is small, then a great many evaluations are required before there is a significant
difference between low and high weights. Hence, the value of the coefficient may

be predicted by determining the number of instances in the training data set!.

Inclusion Threshold - )\

The algorithm updates weights according to whether or not the distance for each
<attribute,value> pair is small or large. For symbolic distance metrics such as the

Overlap Metric, this is relatively simple to determine, as the distance can return

!Note that the update coefficient, A Coeff is determined empirically in Appendix B
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one of two values. However, numeric distance metrics such as the Fuclidean Met-
ric return a continuous valued distance measure. For this reason, the A threshold
is used to determine if the distance between two attribute values is either small
or large. However, the value chosen for this threshold can strongly influence the
resulting weights. If this value is too small, then all distances will exceed this
threshold; likewise, if the value is too great then all the distances will lie below
the threshold. In such cases, the resulting weights will tend to be equal, and
thus cannot be used to differentiate between relevant and irrelevant attributes.
The threshold will also be dependent on the characteristics of each data set, such
as the distribution of instances within the instance space and the density of in-
stances within clusters. For this reason, the inclusion threshold will be determined

empirically for each attribute.

6.5 The Sub-space Approximation Framework

In the previous sections, various techniques were introduced that determine the
most relevant attributes within a given domain. Lower dimensional instances can
then be represented using this subset of attributes. The dimensionality of a do-
main can also be reduced by using a technique known as Correspondence Analysis
(Greenacre 1984). This technique (described in detail in Section 3.5.1) projects
the instances used to represent a domain into an alternative instance space, which
can then be approximated by a lower dimensional subspace. There are several dif-
ferences between this approach and the other dimensionality reduction methods

discussed in this chapter:

1. Correspondence analysis identifies linear combinations of the dimensions of
the original space to determine the dimensions of the new space. Low in-
ertia dimensions are eliminated, resulting in a lower rank approximation of
the original space. Thus, although the dimensionality is reduced, none of
the original dimensions (i.e. attributes) are eliminated. This differs from

attribute selection approaches, which select a subset of the original dimen-
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sions.

2. Correspondence analysis does not make use of any class information when

determining a sub-space approximation.

3. The method proposed for identifying the basis for a sub-space is designed to
work with numerically defined spaces; i.e. the dimensions have continuous

values. Therefore, this method is not suitable for symbolic data.

4. Tt is difficult to determine the number of dimensions that can best approx-
imate the space. The ideal approximation is one that maximises the clas-
sification accuracy of a learning algorithm, but minimises the number of

dimensions.

The sub-space approximation framework consists of two main routines: one that
generates a mapping function between the original space and the transformed
and approximated sub-space (Figure 6.9); and a routine that uses the mapping
function to project instances from the original space into the new space (Figure
6.10). Data sets are presented to these routines as matrices, where each row of
the matrix corresponds to an instance, and each column corresponds to one of the
attributes of the data set. The mapping function consists of the basis R of the
approximated sub-space, and the centroid, y. Instances, represented as vectors in

the matrix Y, are projected into the new space by translating them with respect

proc generate_mapping (Y, rank) =
y = get_centroid_vector(Y');
X = translate_data(Y,y);

R(ky = low_rank(D, R, rank);
mapl|basis] = Rx);
map|centroid| = y;

10 return(map).

1
2
3
4
5 [L,D, R] = SVD(X);
6
7
8
9

Figure 6.9: Generating a sub-space mapping.
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1 proc apply_mapping(Y, map) =

2 X = translate_data(Y, map[centroid]);
3 F = matrix_multiply (X, map|basis|)
y return(F).

Figure 6.10: Applying the sub-space mapping to a new data set.

to the centroid vector, and then multiplied with the basis (illustrated in Figure

6.10).

proc generate_class_projected_-mapping (Y, rank) =
y = get_centroid_vector(Y');
X = translate_data(Y,y);
P = get_class_prototypes(X);

[L,D,R] = SVD(P);

R(ky = low_rank(D, R, rank);
mapl|basis] = Rx);

10 map|centroid| = y;

11 return(map).

1
2
3
4
5
6
7
8
9

Figure 6.11: Generating a class projected sub-space mapping

The sub-space mapping approach described above is unsupervised, i.e. no class
information is used when the mapping function is determined. A second approach
was therefore devised, which exploits the class labels when determining the map-
ping function. The generate_class_projected_mapping routine (Figure 6.11) gen-
erates a single prototype point for each class, by finding the centroid of all the
instances belonging to that class. Once all the prototype points have been found,

they are used to generate the new basis, R.



Chapter 7

An Evaluation of the
Dimensionality Reduction

Approaches

Chapter Outline

In the previous chapter, a number of different dimensionality reduction approaches
were discussed. Fach approach reduced the number of attributes by searching
through a state space of attribute combinations, and then evaluating each com-
bination with a Nearest Neighbour algorithm. This chapter describes in detail an

evaluation of each approach, when applied to different single-attribute data sets.

122
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7.1 Introduction

This chapter reviews the different attribute selection methods discussed in chapter
6. It starts by reviewing the data sets used to compare the different methods. The
performance of the basic Nearest Neighbour is determined, so that the results can
be used as a benchmark with which to compare the different selection methods.
Four different approaches to attribute selection and dimensionality reduction are

then evaluated.

The filter approach proposed by Cardie (1993) is evaluated in Section 7.3. This
approach employs the rule induction algorithm, C4.5 (Quinlan 1993), to select at-
tributes. A Nearest Neighbour algorithm is then tested, either using the attributes
that appear within the C4.5 decision tree, or using all the attributes available, in
an attempt to determine which of the data sets contain irrelevant or redundant
attributes. The classification accuracy of C4.5 is also compared with the basic

Nearest Neighbour algorithm and the filtered approach.

The wrapper approach is tested with four different search algorithms (Section
7.4). Three of these search algorithms have previously been investigated with
various other learning algorithms as part of other studies (see Chapter 3). The
fourth search algorithm, Simulated Annealing, combines the heuristic properties
of the two greedy searches, Forward Selection and Backward Elimination, with
the stochastic properties of the Monte Carlo search. For this reason, it has been
investigated here to determine whether or not it can improve on the performance

on the other search methods.

Section 7.5 investigates a method for determining attribute weights, and com-
pares a variety of different ways in which the weights can be used. The weights
are generated by monitoring the performance of the learning algorithm on the
training data. The algorithm used to generate the weights extends that proposed
by Salzberg (1991a) to utilise distance metrics that return continuous values (such
as the VDM or FEuclidean metrics (Section 2.2.3)). The weights can be used to
reject low-weighted values or attributes; they can be employed directly by the dis-

tance metric, or a combination of both methods used. These alternative strategies
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are compared to determine the best approach for different domains.

The final approach investigates the whether subspace mapping techniques can be
successfully used to reduce the dimensionality of the data set, and contrasts the

differences between dimensionality reduction and attribute selection.

7.2 Data Sets

The approaches described in the previous chapter were evaluated on a number of
different ‘real-world’ and ‘artificial’ data sets; all of which are available from the
UCIT Machine Learning Database Repository (Merz & Murphy 1996). The real-
world data sets are summarised in Table 7.1, and are divided into two categories:
symbolic and numeric. Symbolic data sets contain only symbolic or binary valued
data, whereas numeric data sets contain either numeric or ordered values. Only
data sets with homogeneous data types are used to simplify comparisons between

different selection methods and different data types.

Several data sets contained a unique identification attribute. These artificially
created attributes were removed as their values may be correlated with the class
label, and hence effect the classification accuracy. For example, the glass data set
contains an ordered numeric identifier, which is highly correlated with the class
label (the correlation coefficient is 0.958 using Spearman’s Rank Correlation). If
used, for example, the result for a leave-one-out cross validated Euclidean test NN

rises from 69.16% to 90.65%.

Instances containing missing values were also removed, to eliminate the require-
ment for an additional learning component to resolve the unknown values. Two of
the attributes of the primary-tumor data set contained large numbers of missing

values and hence were removed.

A number of artificial symbolic data sets have also been utilised. These data sets
have well defined properties that allow specific characteristics (such as irrelevance
or attribute dependence) to be investigated. The five symbolic and three numeric

data sets used here are described below.
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Artificial Symbolic Data Sets

The LED display problem consists of two similar data sets: the led and led+17
data sets. The led data set contains seven binary valued attributes corresponding
to the different segments within an LED seven segment numeric display. There are
ten classes, each corresponding to a displayed digit. The 24-attribute led+17 data
set, is a variant of the led data set, where the digits appear on a 24-segment display
(Figure 7.1). The additional 17 segments are not used to display the digits, but
can be switched on or off with a probability of 0.5 (Breiman, Freidman, Olshen, &
Stone 1984; Aha, Kibler, & Albert 1991). Both data sets comprise of 200 randomly
generated instances with 10% noise (i.e. each attribute value had a 10% chance

of being inverted). This noise simulates the behaviour of a noisy display.

Figure 7.1: The 24 segment led display used to generate the led+17 data set. Note
that only segments 1-7 are used to display the digits.

The Monk’s problems represent three binary classification problems (Thrun et al.,
1991). The instances are described by six symbolic attributes, and their class is

determined by one of three rules:
Monks-1 : (aqy = az) V (a5 = 1)
Monks-2 : (a, = 1) for exactly two choices of n, where 1 <n <6
Monks-3 : (a5 =3ANas =1)V (a5 #4 N ag # 3)

The Monks-1 and Monks-3 data sets are in standard disjunctive normal form, and
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consist of three relevant and three irrelevant attributes. The Monks-3 data set
has 5% class noise (i.e. instances may be misclassified) in the training set. The
Monks-2 problem is similar to parity problems, and thus all the attributes are

weakly relevant.

Artificial Numeric Data Sets

The balance scale weight problem (Seigler 1976) was generated to model one of
a number of psychological experiments that were used to investigate cognitive
development. It consists of four attributes: left-weight, left-distance, right-weight
and right-distance. Each attribute is represented by a discrete value from the
ordered set { 123 45 }. The class is determined by combining the values as

follows:

¢y — left-weight x left-distance > right-weight X right-distance
co — left-weight x left-distance < right-weight x right-distance

c3 — otherwise

This data set contains no irrelevant or redundant attributes.

The waveform recognition problem (Breiman, Freidman, Olshen, & Stone 1984;
Aha 1990) is based on combinations of the different waveforms presented in Figure
7.2. The resulting waveforms are grouped into three classes, depending on which
pair of waveforms were combined, and are represented in the waveform-21 data
set by 21 discrete samples (corresponding to the 21 attributes). The amplitude of
each sample is noisy; this noise is generated by generating a normally distributed
random co-efficient (¢ = 0, 0> = 1). The waveform-40 data set is a variant of the
waveform-21 data set with an additional 19 normally distributed random valued

irrelevant attributes
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Waveform W,

Class 1:  z, = ulWi(a) + (1 — u)Ws(a) + r,
Class 2:  z, = uWi(a) + (1 — u)W3(a) + r,
Class 3:  x, = ulWs(a) + (1 — u)Ws(a) + r,

Figure 7.2: The waveforms used to generate the waveform-21 data set. Each
instance belongs to one of three classes, and the value of x, for each attribute
a € {1..21} is defined above, where u is a uniformly distributed random number
between 0..1, and 7, is a normally distributed number (u =0, o = 1).
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7.3 Evaluation of the Filter Method

The basic Nearest Neighbour algorithm (NN) was evaluated to determine a base-
line accuracy for each of the data sets. The dimensionality approaches can then
be compared with these results to determine whether an improvement in accuracy
can be achieved. The Owerlap and Euclidean distance metrics were used for the
symbolic and numeric data sets (respectively)!. The numeric data was normalised

by the NN algorithm prior to classification.

The results were obtained by performing an n-fold cross validation on each of the
data sets, where the value of n = 10 for the symbolic data sets and n = 20 for the
numerical data sets. Each classification is determined by identifying the single
nearest neighbour to the query instance. Although the performance of the k-NN
approach is generally superior to that of the 1-NN approach (Section 2.2.2), the
latter avoids the necessity of determining the appropriate size of neighbourhood
for each data set. This is especially important as the optimal neighbourhood size

may vary depending on the number of irrelevant attributes.

The C4.5 decision tree learning algorithm (Quinlan 1993) was also tested on the
data sets to provide a comparison with an alternative learning approach. This
algorithm uses a divide and conquer approach to inducing decision trees, by re-
cursively determining the attribute that best splits the data into homogeneously
classified clusters of instances. As a consequence, many resulting decision trees
utilise a subset of the available attributes, which reduces the impact of irrelevant
attributes on the target concept?. This behaviour has been exploited as an at-
tribute selection mechanism in its own right, with the resulting attributes being
tested with other learning algorithms (Kubat, Flotzinger, & Pfurtscheller 1993;
Cardie 1993).

!The distance metric used by the algorithm is denoted by a subscript; i.e. the NNoas
algorithm is the basic Nearest Neighbour algorithm using the Owerlap Metric, whereas the
NNgur uses the Fuclidean Metric.

2The selection metrics utilised by decision tree learning algorithms will not necessarily select
the optimal set of attributes (Almuallim & Dietterich 1991).
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Symbolic Data

The results of the evaluation of NN, and C4.5 with symbolic data are presented
in Table 7.2. The classification accuracy achieved by C4.5 was statistically higher
than that achieved by NNg;, for five of the eight symbolic data sets. The accuracy
of C4.5 was lower than NNg,, for only two data sets, lymph and zoo; however,
only the zoo result was significant at the 5% level. The numbers of attributes
that appear in the pruned C4.5 decision trees were lower than the total number
of attributes available in the data sets for seven of the eight symbolic data sets.
Although C4.5 utilises all the attributes present in the tic data set, it still achieves

a higher classification accuracy than NN.

‘ Data Sets H NNowm ‘ C4.5 ‘ FNNom ‘
breast-cancer 70.73 (9) | 1 75.06 (2.8) | T 71.84
lung-cancer 40.00 (56) | 1 80.01 (2.9) | 1+ 71.67
lymph 81.24 (18) | | 79.81 (8.2) | | 73.81

- primary-tumor || 32.05 (15) | T 40.68 (13.1) | | 32.04

5 | promoters 77.00 (57) | T 79.17 (4.7) | T 82.82

= | tic 80.90 (9) | T 86.21 (9.0) —

'?B votes 92.44 (16) | 1 95.20 (4.8) | T 94.06

~ | zoo 96.09 (16) | | 92.00 (7.2) | | 87.18
led 6950 (7) | T 7150 (1) ] —

— led+17 34.50 (24) | 1 62.00 (15.3) | T 46.00

£ | monks-1 7870 (6) |1 7570  (5) | T 86.11

Z | monks-2 73.84 (6) | | 6500 (6) | —

<t | monks-3 82.87 (6) | T 97.20 (2) | + 88.89

Table 7.2: A Comparison of the basic Nearest Neighbour algorithm using the
Owverlap distance metrics with the C4.5 rule induction algorithm on symbolic
data. Values in bold indicate a significant difference in classification accuracy
with respect to the NNgjys results (at the 5% confidence level). The vertical ar-
rows indicate whether or not an increase or decrease in accuracy was achieved.
The average number of attributes that appear in the pruned C4.5 decision trees
are given in parentheses.

The two artificial led domains illustrate that the performance of both learning
algorithms deteriorate in the presence of irrelevant attributes, but at different
rates. Both C4.5 and NNgp,, achieve a similar classification accuracy for the basic
led data set, and C4.5 utilises all the seven attributes in the resulting decision

tree. However, when irrelevant attributes are present (led+17), both algorithms
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experience a drop in classification accuracy. The decision tree generated by C4.5
included all the relevant attributes and nine of the irrelevant attributes. The
resulting accuracy fell by 7.5% (when compared to the corresponding result for

the led data set).

The performance of NN, is superior to that of C4.5 for the Monks-1 and Monks-
2 data sets®. The inferior performance of NNoy, on the Monks-3 data set was due
to the inclusion of noise within the training set. If a &~-NN variant of the NN, is
used, then the degradation in accuracy due to noise can be reduced (e.g. 3-NNpy,
increases the classification accuracy to 85.88%). The accuracy of NNpj rises to
86.57% if the noise is removed (i.e. the noisy class labels are corrected); however
the decision tree generated by C4.5 is unaffected. These Monks-3 results confirm

that the 1-NN algorithm is susceptible to the presence of noise.

(C4.5 utilises all the attributes available in the Monks-2 data set, but selects subsets
of attributes for the Monks-1 and Monks-3 data sets. However neither subsets are
optimal: two irrelevant attributes are included in the Monks-1 subset, whereas

one of the relevant attributes is omitted in the Monks-3 subset.

The final column of Table 7.2 lists the results obtained when the NNgy,, algorithm
is used with the attribute subsets that appear in the pruned C4.5 decision trees.
This approach is similar to that used by Cardie (1993), where the C4.5 decision
tree algorithm is used as an attribute filter (hence FNNgj/). The results for the
tic, led and Monks-2 data sets are omitted from this list, as all the attributes in

the data sets appeared in the pruned decision trees.

The filtered NN algorithm FNNgj, achieved higher classification accuracies than
NNoyus for four of the seven symbolic data sets, although only the result for the
lung-cancer data set was significant. For two of the data sets (lymph and zo00), the
accuracy of the NN algorithm fell significantly when the corresponding attribute
subsets were used. However, these were the only symbolic data sets for which the

accuracy of C4.5 was less than that of NNpj,, and hence the attribute subsets

3The performance of C4.5 with the Monks data sets can be improved if the attribute values
are grouped (Quinlan 1993, pages 63-69).
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may not have been appropriate to the concepts represented by the data sets.

The filtered led+17 data set contains eight fewer irrelevant attributes than the
original, and there is a corresponding increase in accuracy for FNN, although this
is significantly lower (p=0.001) than the accuracy achieved by C4.5. This suggests
that NN is more susceptible (than C4.5) to the presence of irrelevant attributes
in the data set, even when the irrelevant attributes appear in the in the induced
decision trees. The rejection of some of the irrelevant attributes from the Monks-1
and Monks-3 data sets also results in an increase in classification for the filtered
NN algorithm. The accuracy of F'NNg,, is still inferior to that achieved by C4.5
on the Monks-3 data set, although this accuracy rises from 88.89% to 97.22% if

the noisy class labels are corrected.

Numeric Data

(C4.5 achieved superior classification results for only seven of the twelve numerical
data sets (Table 7.3), of which only two results were significant (for the ionosphere
and yeast data sets). Of these seven data sets, the decision trees utilised a subset
of attributes for the ionosphere, wdbe, ecoli and glass data sets. In contrast, NNz,
achieved significantly better classification accuracies for two of the five remaining

data sets.

The iris data set is known to contain two relevant attributes and two irrelevant
attributes (Michie, Spiegelhalter, & Taylor 1994). Although the C4.5 decision
trees only utilised the two relevant attributes, the classification accuracy of C4.5
was lower (though not significant) than that achieved by NNg,. If the decision
trees are used to eliminate the irrelevant attributes from the data set (i.e. using

FNNg)) then the accuracy increases significantly to 98.13%.

(C4.5 successfully utilised all four attributes in the balance data set, and gener-
ally selected only the most relevant attributes in the waveform-21 data set. The
NNz classification accuracy for the waveform-40 was lower than that for the
waveform-21; this may possibly be due to the additional attributes. This hypoth-

esis is supported when a histogram of the attributes selected by C4.5 is examined
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‘ Data Sets H NNgm ‘ C4.5 ‘ FNNgm
bupa 61.98 (6) | 1 65.17 (6.0)] —
ionosphere 87.17 (34) | 1 90.81 (9.6) | T 92.60
pima 70.99 (8) |+ 7291 (8.0)| —
sonar 85.96 (60) | | 75.45 (13.6) | | 82.32
wisconsin 95.90 (9) | J 95.16 (5.7) 95.90
wdbc 95.40 (30) | T 95.60 (7.8) | T 95.43
wpbc 69.06 (33) | | 68.22 (13.4) | + 70.50

| ecoli 80.59 (7) |+ 84.19 (5.3) | | 79.71

= | glass 68.09 (9) |+ 7176 (8.8) 68.09

= | iris 96.16 (4) | | 94.82 (2.0) | + 98.13

3 | wine 94.86 (13) | 1 90.91 (3.7) | + 96.04

& | yeast 52.56 (8) | +54.80 (8.0) | —

=

g balance 78.10 (4) | L 76.98 (4.0) —

Z | waveform-21 || 73.33 (21) | | 69.99 (16.1) | | 73.00

< | waveform-40 | 68.33 (40) | 1 69.33 (17.6) | + 74.33

Table 7.3: A Comparison of the basic Nearest Neighbour algorithm using the
Fuclidean distance metric with the C4.5 rule induction algorithm on numeric data.
Values in bold or italic indicate a significant difference in classification accuracy
with respect to the NNgy, results (at the 5% or 10% confidence level respectively).
The vertical arrows indicate whether or not an increase or decrease in accuracy
was achieved. The average number of attributes that appear in the pruned C4.5
decision trees are given in parentheses.

(Figure 7.3). The first twenty-one bars refer to the attributes generated to repre-
sent the waveforms, and the remaining nineteen bars refer to the attributes with
random values. The relevant attributes were selected in most cases, although some
attributes were frequently rejected (such as attributes 3, 9 and 18). However, the
frequency of the selection of irrelevant attributes much lower than that of relevant

attributes.

FNNgy succeeded in improving the classification accuracy with respect to both
NNz and C4.5 for five of the real world data sets. The results for ionosphere and
iris were significant at the 5% level. Although there was a drop in classification
accuracy for two of the data sets, the results were not significant. The rejection

of attributes had no effect on the results for the wisconsin and glass data sets.
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Figure 7.3: Histogram representing the frequency of attributes appearing in the
C4.5 decision tree for the different n-fold evaluations (with the waveform-40 data
set).

Discussion

In general, the C4.5 classification algorithm appears to be more accurate than the
Nearest Neighbour algorithm when presented with symbolic data sets. However,
the accuracy of both algorithms are comparable when presented with numeric
data sets. For the majority of data sets, C4.5 utilised a subset of the available
attributes. This suggests that not all the attributes are required to represent the
target hypothesis, and that the rejected attributes may be either irrelevant or
redundant. However, the decision trees induced by C4.5 for the artificial data sets
suggest that the attributes selected are not optimal and that relevant attributes
may be rejected in favour of irrelevant ones. The results for the filtered Nearest
Neighbour algorithm fail to demonstrate any overall increase in the accuracy when
used with symbolic data sets, although there a slight overall increase when applied

to numeric data sets.

The filtered approach was also used by Cardie (1993) to improve the case-based
learning (CBL) component of a natural language processing system. The CBL
component employed a &-NN approach (Section 2.2.2) to predicting the necessary
lexical or semantic characteristics of unknown terms encountered when parsing

text. The classification accuracy of the CBL algorithm was compared with that
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of the C4.5 algorithm when predicting one of three different characteristics*: the
part of speech, general semantic class and specific semantic class characteristics.
It was believed that each of these characteristics were dependent on only a subset
of the attributes used to describe the unknown terms. The decision trees induced
by C4.5 utilised different attribute subsets for each characteristic, confirming this
hypothesis. The classification accuracy of the resulting trees was significantly
greater than that achieved by CBL when £ = 1, but was significantly lower when
k = 10. A hybrid approach was then investigated, which determined the attribute
subsets selected by C4.5 for each of the characteristics, and discarded the remain-
ing attributes prior to classifying new instances with the CBL algorithm. The
classification accuracy of this hybrid system was significantly better than either

C4.5 or the CBL approach (when k = 10).

This study demonstrated that the filtered approach could be used to eliminate
irrelevant attributes and thus improve the classification of a A&-NN algorithm for
a single symbolic domain. The results presented above (Section 7.3) extend this
study, and demonstrate that for some domains, C4.5 fails to identify the rele-
vant attributes, and may retain irrelevant attributes instead. This results in a

deterioration in classification accuracy.

7.4 Evaluation of the Wrapper Method

The wrapper method (Section 6.3) utilises a search algorithm to explore a space
of different attribute subsets. This approach has been evaluated using the four
search algorithms described above: Forward Selection (FSS), Simulated Annealing
(SA), Monte Carlo (MC) and Backward Elimination (BSE).

The results for the different wrapper methods were obtained by performing an
n-fold cross validation on each of the data sets, with n = 10 for the symbolic data
sets and n = 20 for the numerical data sets. During the training stage, the search

algorithm is used to determine the best attribute subset for the current training

4The three characteristics represent three different learning tasks.
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data. The best attribute subset is that which achieves the best leave-one-out cross
validation result on the training set. The Overlap and Fuclidean distance metrics
were used to determine the nearest neighbours for instances from the symbolic
and numeric data sets (respectively). The numeric data was normalised by the

NN algorithm prior to classification.

Table 7.4 lists the delta accuracies of each of the search methods with respect to the
NNoas and NNy, accuracies (listed in Tables 7.2 and 7.3 respectively). Positive
results indicate an increase in accuracy due to the selection of attributes, whereas
negative results denote a decrease in accuracy. The numbers to the right of the
names of the data sets (first column) represent the total number of attributes in
the data sets, whereas the numbers in parenthesis represent the average number

attributes selected in each fold.

Symbolic Data

Each of the search methods succeeded in improving the accuracy for all but one
of the symbolic data sets (zo0) whilst reducing the average number of attributes
used. Of these seven results, four were significant, although these were achieved
either by the Forward Selection approach (breast-cancer & votes) or the Backward
Elimination approach (lung-cancer & tic). The Forward Selection approach had a
significant affect on the classification accuracy for more data sets than the other
search techniques at the 5% level (two results were significantly higher than the
NNoys result, and three others were significantly lower). The Monte Carlo method
achieved an increase in accuracy for four of the eight symbolic data sets, but
of these, only two (tic & wotes) were significant at the 5% level. In contrast,
the Simulated Annealing method failed to significantly increase the classification
accuracy for any of the data sets, but significantly reduced the accuracy for the

breast-cancer and zoo data sets at the 5% level.

Significant increases in accuracy were achieved for the breast-cancer, lung-cancer,
tic and wvotes data sets only. This suggests that these data sets may contain

irrelevant and possibly redundant attributes, as the elimination of some attributes
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results in a higher classification accuracy. The filter approach (FNNp,s) also
succeeded in reducing the number of attributes required for learning accurate
concept hypotheses for three of the four data sets. In each case, the resulting
classification accuracy was greater than that achieved by NNg,,, although only

the results for the lung-cancer data set were significant at the 5% level.

In contrast, each of the four search methods resulted in a degradation in classi-
fication accuracy for the zoo data set and only the Backward Elimination search
method succeeded in generating a slight, but not significant improvement in clas-
sification accuracy for the lymph data set; this search method also selected the
largest of the four attribute subsets (with an average of 13.2 attributes). The filter
approach (FNNg) also failed to increase the classification accuracy for these two

data sets.

Of the four search methods investigated, the Forward Selection search consistently
selected the smallest attribute subset, with an average of 3.6 attributes over all
the real world symbolic data sets. In comparison, the Backward Elimination
search selected the largest subsets (average 15.4 attributes) whereas the stochastic
searches selected slightly smaller subsets on average (10.5 attributes for SA and
12.1 for MC). The bar chart in Figure 7.4 illustrates the average proportional size

of the attribute subsets for each of the real world symbolic data sets.

The artificial symbolic data sets confirm the hypothesis that the wrapper method
can be used to eliminate irrelevant attributes. Of the four search methods tested,
the Simulated Annealing search was the only one that rejected any of the attributes
in the led data set; this resulted in a reduction in classification accuracy. How-
ever, when applied to the led+17 data set, all four methods attempted to reject
some of the irrelevant attributes and hence increased the classification accuracy.
The Forward Selection search found the smallest attribute subsets (there were an
average of 7.3 attributes in each subset), although one of the relevant attributes
was rejected in favour of an irrelevant attribute for most of the folds. However,
it succeeded in raising the classification accuracy of NNojs from 34.5% to 61.0%,
which was only 8.5% short of the accuracy achieved when all the irrelevant at-

tributes were rejected (i.e. the led data set). The Backward Elimination search
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Data Sets | A(FSS) | A(SA) | A(MC) A(BSE)
breast-cancer 9 5.42 (2.5) | -6.11 (3.7) 2.48 (3.0) | -4.35 (6.9)
lung-cancer 56 20.00 (3.6) 0.00 (16.4) | -10.00 (24.9) | 23.34 (16.5)
lymph 18 || -8.90 (5.3) | -1.48 (9.5) | -0.86 (9.5) | 0.52 (13.2)

— | primary-tumor 15 -4.14 (3.5) 0.65 (7.9) 1.23 (8.9) | -2.07 (10.3)
= | promoters 57 || 6.82 (4.5) | -4.64 (26.0) | -2.64 (28.6) | 0.09 (50.2)
= | tic 9 | -15.58 (1.0) | -0.03 (6.3)| 3.24 (7.3)| 5.22 (7.0)
3 | votes 16 || 2.07 (28) | 1.61 (5.6) | 1.83 (5.6) | 0.9 (10.0)
& | 700 16 | -5.91 (5.6) | -6.82 (8.2) | -3.00 (8.9)| -1.09 (9.1)
led 7 0.00 (7.0) -2.00 (6.9) 0.00 (7.0) 0.00 (7.0)
= led+17 24 26.50 (7.3) | 19.50 (10.1) | 16.50 (12.0) | 17.50 (14.7)
;g monks-1 6 -12.03  (4) | 18.52 (3) | 18.52 (3) | 18.52 (3)
= monks-2 6 -6.71 (1) -6.71 (2) | -13.42 (4) 0.00 (6)
<0 | monks-3 6 10.19 (3) 6.94 (4) | 10.19 (3) 6.94 (4)
bupa 6] -3.53 (1.5) | -0.08 (4.4) | -1.60 (4.5) | -0.13 (4.6)
ionosphere 34 || 1.18 (5.2) | 3.66 (13.5) | .46 (14.7) | 2.02 (21.9)
pima || -6.14 (3.2) | -4.20 (4.7) | -3.04 (4.3) | -2.35 (7.5)
sonar 60 || -8.50 (8.3) | -1.86 (25.7) | -2.27 (28.7) | -1.86 (41.5)
wisconsin 9| -058(5.0)| -058 (5.3) | -0.87 (5.5) | -1.31 (6.5)
wdbc 30 | -0.36 (5.1) | 0.54 (14.6) | 0.71 (14.5) | 1.06 (19.6)
wpbe 33| 106 (1.2) | -2.78 (14.9) | 2.11 (15.2) | -2.61 (26.1)
| ecoli 71| -3.05(6.3) | -3.94 (5.9) | -4.23 (6.4) | -4.23 (6.4)
S | glass 9 2.32 (5.4) 3.36 (5.5) 291 (5.4) 4.18 (5.7)
= | iris 4 1.97 (20)| 1.97 (21)| 1.97 (2.0)| -0.18 (2.3)
3 | wine 13 0.07(3.9) | -049 (6.8) | -0.07 (7.7) | -0.56 (8.8)
& | yeast 8| -1.75 (7.5) | -1.35 (7.4) | -0.41 (7.7) | -0.88 (7.7)
E balance 4| -15.68 (1.7) | 0.00 (4.0)| 0.0 (4.0)| 0.00 (4.0)
Z | waveform-21 21 | -7.33 (5.8) | 0.00 (11.4) | -3.93 (12.2) | -0.33 (18.0)
< | waveform-40 40 || 0.33 (6.4) | 1.33 (20.8) | -1.33 (20.4) | 0.00 (32.8)

Table 7.4: Accuracies of different wrapper methods for the UCI data sets. These
values indicate the difference in accuracy between NN and the different wrappers.
Those values in bold or italic indicate a significant difference at the 5% or 10%
confidence level respectively. The average number of selected attributes appear in
parentheses.
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Figure 7.4: Bar Chart illustrating the average proportional size of the attribute
subsets selected by the different wrapper search methods.

included all of the relevant attributes in the subsets, but the overall average size
of the subsets was 14.7 attributes. The importance of selecting relevant attributes
over irrelevant ones was demonstrated by the Monte Carlo search; although fewer
attributes were selected for each subset than by the BSE search (an average of
12.0 attributes), only six of the seven relevant attributes were selected for most
of the folds. As a consequence, the resulting accuracy of the MC search was 1.0%

lower than that achieved when using the BSFE approach on the led+17 data set.

The Forward Selection approach was the only search method not to select the three
relevant attributes for the Monks-1 data set. The concept hypothesis included
a clause that was represented a relationship between two attributes (a; = as).
Thus, it was impossible to identify one of these relevant attributes without having
selected the other, as no increase in classification accuracy would be observed until

both attributes have been selected.

The Backward Elimination search was the only one to successfully identify the
optimal subset for the Monks-2 data set (i.e. all six attributes). The Forward
Selection search failed to to identify a single optimal attribute, as when evaluated,

all the single attribute subsets were equal. However, the inclusion of a second
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attribute resulted in a drop in classification accuracy, and hence the resulting

attribute subset contained only one attribute.

All four search methods succeeded in identifying at least two of the three rele-
vant attributes for the Monks-3 data set, but included one additional irrelevant
attribute. The FSS & and MC methods both selected the same three attributes;
whereas the other two search methods selected all three relevant attributes and
the same additional irrelevant attribute. Surprisingly, the resulting classification
accuracies (when evaluated on the test data) were higher for the smaller attribute
subsets, even though one relevant attribute was missing. This may be due to the
noise in the training data; if the noise is removed then all four search methods

succeed in identifying the three relevant attributes.

Numeric Data

All four search methods failed to maintain or increase the classification accuracy
after selecting attribute subsets for six of the twelve data sets. The results obtained
for the pima, ecoli and yeast data sets were all significant lower than for NNz,
whereas only a single search method yielded a significant drop in accuracy with
the sonar (FSS) and wisconsin (BSFE) data sets. None of the results obtained for

the bupa data set were significant.

Mixed results were obtained for the wdbc, wpbc and wine data sets, although
none were significant. The Forward Selection method selected an average of 5.1
attributes for the wdbc data set, resulting in a slight decrease in accuracy. However,
the other search methods selected a greater number of attributes which all yielded
improvements in the classification accuracy. In contrast, selecting larger attribute

subsets for the wine data set has a detrimental effect on the classification accuracy.

There was an increase in classification accuracy with the ionosphere and glass
data sets for all four search methods, although not all the results were significant.
The filter approach also succeeded in selecting attribute subsets that significantly
increased the accuracy of the Nearest Neighbour algorithm for the ‘onosphere

data set, but failed to identify smaller attribute subsets for the glass data sets.
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Figure 7.5 illustrates the frequency of which each attribute was selected by the
different search methods for the glass data set. The most frequently selected
attributes were { a; as a3 ag a7 ag}, although in some of the folds one or more of
these attributes were rejected. If this attribute subset is used for all the training
folds, then the classification accuracy rises significantly by 10.41% to 78.502%.
As the different search methods select a subset of attributes that maximises the
evaluation function for each training fold, this suggests that whilst these subsets
may be optimal for the training data, they are not optimal for the test data. This
behaviour, known as overfitting, was also observed within a study that examined
the performance of a Best-First search within the wrapper framework (Kohavi &

Sommerfield 1995).

AFsSOMC OSA IBSEI

Percentage of
Attributes Selected

Attributes

Figure 7.5: Histogram illustrating the frequency that attributes were selected by
the different search techniques for the glass data set.

Three of the four search methods successfully identified the two relevant attributes
in the iris data set, although the Simulated Annealing search also selected all four
attributes for one of the folds. However, the Backward Elimination search selected
all the attributes in some of the folds, and rejected one of the relevant attributes

in others. As a consequence, the average classification accuracy fell slightly.
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Discussion

The attribute subsets selected by the different search methods varied in both size
and corresponding classification accuracy. The Forward Selection search selected
the smallest attribute subset in the majority of cases, whereas the Backward Elim-
ination search selected the largest subsets. This behaviour has also been reported
in another study (John, Kohavi, & Pfleger 1994), and may be due to both searches
becoming trapped within local maxima. For example, the Forward Selection failed
to determine that all the attributes were relevant for the monks-2 data set, as the
selection of any single attribute appeared to be more optimal than the selection
of two attributes. The average size of the attribute subsets selected by the two
stochastic searches were similar (the Simulated Annealing search selected an av-
erage of 9.7 attributes across all the data sets, compared to 10.7 selected by the
Monte Carlo search). A similar trend was also observed for the average classifica-
tion accuracy across all the data sets; the lowest average accuracy was achieved
when using the FSS search (73.79%), whereas the highest average accuracy was
achieved by the BSFE search (76.67%). The averages for the two stochastic search
methods were 75.12% (SA) and 75.23% (MC).

Figure 7.6 illustrates how the accuracy of the Nearest Neighbour algorithm (plot-
ted along the X axis) compares with the results obtained when the different search
methods were used (plotted along the Y axis) for the individual data sets. Points
plotted above the diagonal line represent cases where the wrapper method suc-
ceeded in increasing the classification accuracy of the Nearest Neighbour algo-

rithm, whereas points plotted below this line represent a drop in accuracy.

Several other studies have investigated the utility of the wrapper method for
attribute selection when learning with a rule induction algorithm (Caruana &
Freitag, 1994; John et al., 1994; Kohavi, 1994) or a Nearest Neighbour algorithm
(Salzberg, 1992; Aha & Bankert, 1994; Moore & Lee, 1994; Skalak, 1994) (see Ta-
ble 3.2). The rule induction studies utilised variants of the Forward Selection and
Backward Elimination searches. In general, the wrapper method was observed

to identify smaller decision trees, but any resulting improvements in classifica-



7.4 FEvaluation of the Wrapper Method 143

100.00
g e Fss
S OBSE .
S 80.00 .
S @sA 4
= +MC
£ 60.00] e o*
S 60,
5
o
2
S, 40.00
z +
O 20.00-
©
()
Z
0-00 T T T T

0.00 20.00 40.00 60.00 80.00 100.0
Nearest Neighbour

Figure 7.6: Scatter chart to illustrate the comparative performances of the differ-
ent wrapper methods to the Nearest Neighbour algorithm.

tion accuracy were slight. The Nearest Neighbour studies found that the wrapper
method could be used to identify small subsets of attributes when learning target
concepts for certain domains. This resulted in a significant increase in classifica-

tion accuracy for these domains.

The results presented in Table 7.4 suggest that the lymph and zoo data sets may
not contain any irrelevant or redundant attributes, as all the subsets generated
by the wrapper and filter selection techniques reduce the resulting classification
accuracy of the NN algorithm. However, the primary-tumor and promoters data
sets may contain redundant attributes, as although it is possible in most cases to
reduce the number of attributes for each data set, this does not yield an increase

in classification accuracy.
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7.5 Evaluation of the Weighted Method

In Section 6.4, a method for determining a vector of attribute weights was intro-
duced. This vector of weights could be utilised by a Nearest Neighbour algorithm
to reduce the effects of irrelevant attributes present in a data set. This section
describes three different ways in which this can be achieved, and evaluates each
approach on both numeric and symbolic data sets. The three approaches are as

follows:

Threshold Selection: The weights are first generated to rate the relevance of
each attribute. A selection threshold is then used to determine whether
attributes should be rejected, or retained within the attribute subset. If the
attribute weight is greater than this threshold, the attributes are selected.
This approach is similar to that used by Relief (Kira & Rendell 1992a; Kira
& Rendell 1992b; Kononenko 1994).

Weighted Distance Metric: Weights are used adjust the effect each attribute
has on the distance between two features, by utilising the weights within
the distance metric. No explicit selection is performed with this method;
however, if the value of the weight approaches zero, then this is equivalent

to having removed the attribute from the attribute subset.

Weighted Threshold Selection: This hybrid approach combines the selection
of attributes based on the selection threshold, and the inclusion of weights
within the inter-instance distance calculations. This method should elimi-
nate most of the irrelevant attributes from the attribute subset, and weight

the remaining attributes accordingly.

Each of the three weighted methods described above was evaluated by performing
an n-fold cross validation on the real-world and artificial data sets. A 10-fold
cross validation approach was used for the symbolic data sets whereas a 20-fold

approach was used for the numerical data sets. The weights were generated by
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observing the distance metric during an evaluation of the training set’. The
function Update-Weight() presented in Figure 6.8 was used to modify the weights
during this phase. The resulting vector of weights was then used to either weight
or select attributes, depending on the weighting method used. The numeric data

was normalised by the NN algorithm prior to this weight generation process.

The Update Coefficient (page 117) determines the rate at which the weights are
modified during the generation phase. A single coefficient of 0.02 was determined
empirically and is used to update weights for all the data sets. The selection of a
single coefficient is described in detail in Appendix B. When generating weights
for numeric domains, an inclusion threshold, X is also required (page 118). The

value of )\ varies for each data set. Table 7.5 lists the values of A used for each

data set.

Data Set A Data Set A
bupa 0.05 ecoli 0.2
ionosphere  0.05 glass 0.02
pima 0.5 iris 0.02
sonar 0.05 wine 0.05
wisconsin 0.3 yeast 0.1
wdbc 0.2 balance 0.05
wpbc 0.001 waveform-21  0.05

waveform-40 0.2

Table 7.5: The different inclusion thresholds used by the numeric data sets.

7.5.1 Threshold Selection

This approach generates a vector of attribute weights and then utilises them to
determine whether or not attributes should be selected for the attribute subset.
The intuition behind this approach is that the weights represent the relevance of
each attribute; the greater the weight, the more frequently the respective attribute
participated in determining the correct (or discriminating against the incorrect)

nearest neighbour during the generation phase. A selection threshold is used to

A leave-one-out cross validation approach was used to evaluate the training set when gen-
erating the weights.



7.5 Fvaluation of the Weighted Method 146

select highly weighted attributes, and add these attributes to the attribute subset.

The higher the selection threshold, the fewer attributes are selected.

The Threshold Selection algorithm, ThS, was evaluated using a variety of different
selection thresholds in the range [0..1]. Tables 7.6 and 7.7 list the highest classifi-
cation accuracies achieved for each data set. The number of attributes belonging
to each data set is listed to the right of the name of the data set. The classifica-
tion accuracy achieved for each data set is listed with the difference in accuracy
between that method and the NN algorithm. The final two columns reflect the
threshold used to achieve the listed result, and the number of attributes (averaged
over all the folds used in the evaluation) that were selected. For some data sets,
the selection of attributes resulted in a decrease in classification accuracy. In such

cases, no entries for the threshold and average number of attributes are listed.

Symbolic Data

ThSpys succeeded in raising the classification accuracy for five of the eight sym-
bolic real world data sets (Table 7.6). Of these, four were significant (at either
the 5% or 10% level). The rejection of attributes from the primary-tumor, tic
and zoo data sets resulted in a decrease in accuracy: for this reason no threshold
values have been listed for these data sets. However, none of the attribute se-
lection methods tested so far have succeeded in identifying attribute subsets that
significantly increased the accuracy for either the primary-tumor or zoo data sets.
No significant increase in accuracy was achieved for the lymph data set, although
the average number of attributes selected was reduced from 18 to 13.7. A similar
result was also obtained by the Backward Elimination wrapper; an average of 13.2
attributes were selected which resulted in a slight but not significant increase in
accuracy. The other selection methods identified smaller subsets, but the corre-
sponding classification accuracies were worse than when all the attributes were

used (i.e. using NNpy/).

The accuracy achieved for the promoters data set was higher than the respec-

tive accuracies achieved by any other method tested so far. However, unlike the
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Forward Selection wrapper and the filtered NN algorithm which both selected an
average of approximately 4.5 attributes, this method selected an average of 34
attributes. This could suggest that there are a number of redundant attributes
present within this data set, although there is no evidence for this within the other

wrapper results.

Data Sets | ThSonm  A(ThSon) || T'hold | Attrs. |
breast-cancer 9 75.70 4.97 0.80 3.5
lung-cancer 56 50.00 10.00 0.74 37.4
lymph 18 83.10 1.86 0.50 13.7
~ primary-tumor 15 32.05 0.00 — —
T's promoters 57 83.55 6.55 0.56 34.0
= | tic 9 80.90 0.00 — —
?3 votes 16 94.29 1.85 0.44 2.6
&= | zoo 16 96.09 0.00 — —

led 7 69.50 0.00 — —
— led+17 24 53.00 18.50 0.56 5.4
L?;’ monks-1 6 97.22 18.52 0.50 3.0
g monks-2 6 73.84 0.00 — —
<t | monks-3 6 94.44 11.57 0.80 3.0

Table 7.6: The results of applying the Threshold Selection algorithm to the UCI
symbolic data sets. Values in bold or italic indicate a significant difference at the
5% or 10% confidence level respectively.

None of the relevant attributes were rejected for the led artificial data set; however,
only an average of 5.4 attributes were selected for the led+17 data set. Although
the elimination of the majority of irrelevant attributes reduced the detrimental
impact of the additional irrelevant attributes on the overall accuracy, the rejection
of two of the relevant attributes (a; & ag) compromised the resulting concept
hypothesis. Hence, the difference in classification accuracy between the two led
data sets was 16.5%. The relevant attributes were selected for all three Monks
data sets, and thus ThSp,; achieved the maximum classification accuracy possible

for each.
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Numeric Data

The classification accuracy increased significantly for four of the twelve data sets,
and increased slightly for a further six when the Threshold Selection algorithm
was used. It failed to detect the presence of any irrelevant attributes within the
pima and wdbe data sets. Although none of the other selection approaches have
so far identified any irrelevance in the pima data set, all but the Forward Selection
wrapper approaches have succeeded in reducing the dimensionality for the wdbc
data set (although no significant increase in accuracy was achieved). In contrast,
small increases in accuracy were achieved (with a corresponding reduction in di-
mensionality) for the bupa, ecoli, sonar, wisconsin and yeast data sets, whereas
the wrapper and filter methods failed to yield such improvements. This suggests
that the Threshold Selection approach may identify different attributes as being
relevant to those identified by either wrapper or filter approaches. For exam-
ple, five of the six attributes predominantly selected by the wrapper approaches
appeared in the subsets selected by ThSg,, for the glass data set (Figure 7.5).
However, ThSg, selected ag in preference to as for the majority of folds tested,

and consequently achieved a higher classification accuracy.

The result presented for the balance data set is somewhat misleading. Although
the average number of attributes selected could be reduced slightly without any
detrimental effect on the classification accuracy, this was actually due to the re-
moval of two attributes from only one of the twenty folds tested. The removal
of any further attributes from any of the other folds resulted in a drop in classi-
fication accuracy for ThSg,,. Significant increases in accuracy were achieved for
both waveform data sets, although the reduction in dimensionality was less than
that achieved by other methods. The majority of the twenty-one significant at-
tributes in the waveform-40 data set were selected in most of the folds (attributes
as ...arg were selected in at least 17 of the 20 folds), although three irrelevant
attributes were also selected with this frequency. This differs somewhat to the
subsets selected by the filter method (Figure 7.3). If a higher threshold is selected
for the waveform-40 data set (e.g. 0.42), then although the average number of
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| DataSets || ThSgm A(ThSga) || T'hold | Attrs. |
bupa 6 64.72 2.74 0.52 4.9
ionosphere 34 90.38 3.21 0.06 17.6
pima, 8 70.99 0.00 — —
sonar 60 87.55 1.60 0.36 42.6
wisconsin 9 96.77 0.87 0.60 7.4
wdbc 30 95.40 0.00 — —
wpbc 33 73.17 4.11 0.50 1.2
- ecoli 7 81.18 0.59 0.86 6.2
75 glass 9 73.36 5.27 0.36 6.0
= | iris 4 98.13 1.97 0.60 2.0
:'cg wine 13 96.04 1.18 0.40 8.3
A | yeast 8 53.03 0.47 0.50 7.8
=
E balance 4 78.10 0.00 0.32 3.9
= waveform-21 21 76.67 3.34 0.24 18.4
<t | waveform-40 40 75.67 7.34 0.32 24.4

Table 7.7: The results of applying the Threshold Selection algorithm to the UCI
numeric data sets. Values in bold or italic indicate a significant difference at the
5% or 10% confidence level respectively.

attributes selected by ThSg), is similar to that selected by FNNg,, (i.e. 17.8 and
17.6 respectively), the accuracy achieved by ThSg,, drops significantly (p=0.07)
by 5.0%, suggesting that of the two methods, the filter method is more successful

in identifying the relevant attributes.

7.5.2 Weighted Distance Metric

The Nearest Neighbour algorithm described in Section 7.5.1 uses the vector of
relevance weights to select relevant attributes. This is achieved by comparing
each weight with a selection threshold. The Weighted Distance Metric approach
(wNN) combines the weights with the distance metric to adjust the effect each

attribute has on the distance between two instances.

Most distance metrics (Section 2.2.3) determine the distance between two in-
stances by summing the individual distances between the respective features for

each attribute (Equation 2.2). In the case of the Overlap or Euclidean® metrics,

6Tf the numeric attributes are not normalised, then this range will be determined by the
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the distance between each feature pair will lie within the range [0..1]. An attribute
weight can be used to restrict this range, and thus reduce the apparent distance
between the two features. For example, if the distance between the two respective
features of instances ¢ and j is d(i,, j,), and the two features are diametrically
positioned within the (normalised) feature space, then §(i,,j,) = 1 (Equation
2.5). If this distance is then multiplied by the weight w,, then §(ig, j4) - wa = Wa-
However, if the two features occupy the same position within the feature space,

then 0(i4,j.) = 0, and hence 0 - w, = 0.

The larger the attribute distance, the greater effect it will have on the value of
D(i, j), the distance between the instances i and j. Thus if a small weight is used
(i.e. if the attribute is irrelevant), then (4, jo) - w, will also be small and thus

have a reduced impact on the choice of nearest neighbour”.

The classification accuracies obtained by the Weighted Distance Metric are pre-
sented in Tables 7.8 and 7.9. The results obtained by the basic nearest neighbour
algorithm have been listed in the second columns of both tables for reference. The
difference in accuracies between the nearest neighbour algorithm and the Weighted

Distance Metric algorithm are presented in the final columns.

Symbolic Data

The classification accuracy increased for five of the eight symbolic data sets when
the weights were employed by the Ouverlap distance metric. Of these, only the re-
sults for the lung-cancer and votes data sets were significant at the 5% significance
level. However, there was a significant drop in the classification accuracy for the
breast-cancer data set. In general, the performance of WNNgj, was slightly worse
than that of ThSpy, (Figure 7.6), although the wNNg,, classification accuracy
was significantly lower when tested on the breast-cancer data set (the accuracy of

wNNour was 65.37%, compared to 75.70% achieved by ThSox).

The Threshold Selection method (ThSp,,) failed to reject any of the attributes

maximal value of each attribute.
TA similar principal is utilised by the Value Difference Metric (page 37).
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| Data Sets | NNow || wNNow  A(wNNowy) |
breast-cancer 9 || 70.73 65.37 -5.36
lung-cancer 56 || 40.00 46.67 6.67
lymph 18 || 81.24 78.53 -2.71
= primary-tumor 15 || 32.05 32.37 0.32
T's promoters 57 || 77.00 79.91 291
= | tic 91 80.90 82.88 1.97
?B votes 16 || 92.44 94.74 2.29
/= | zoo 16 || 96.09 95.09 -1.00
led 71 69.50 65.50 -4.00
— led+17 24 || 34.50 55.50 21.00
E monks-1 6| 78.70 98.38 19.68
i= monks-2 6| 73.84 70.83 -3.01
<t | monks-3 6 || 82.87 94.91 12.04

Table 7.8: Classification accuracies of the Weighted Distance Metric algorithm
(WNNgys) for the UCI symbolic data sets. Values in bold or italic indicate a
significant difference at the 5% or 10% confidence level respectively. The results
of the basic nearest neighbour algorithm have been reproduced from Table 7.2 for
reference.

of the primary-tumor or tic data sets, and hence had no affect on the resulting
classification accuracy. However, there was a slight (but not significant) increase
in accuracy for wNNpy, with these data sets. This suggests that some of the
domains tested may contain attributes that are only slightly relevant to the target
concept. As a consequence, the inclusion of such attributes may be essential for
the accurate classification of some of the instances of a domain, but they may
also adversely bias the algorithm when classifying others. Hence, the weighting
of such attributes can minimise this adverse behaviour, without degrading the

overall classification accuracy.

The wNNpys algorithm significantly increased the accuracy for all of the artificial
data sets that contained irrelevant attributes (i.e. led+17, monks-1 and monks-3).
This confirms the hypothesis that combining weights with the distance metric can
improve the classification accuracy of a nearest neighbour algorithm when irrele-
vant attributes are present within the data set. However, there was an unexpected
drop in accuracy for the (led and monks-2) data sets. Neither of these data sets
contained irrelevant or redundant attributes, and thus one would expect all the

attributes to be highly weighted. One possible explanation for this behaviour may
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be the way in which the weights were generated. If a data set consists of a set
of attributes that were equally relevant to the target concept (such as within the
monks-2 problem; see page 126), then the resulting vector of weights should all
be equal. However, if the data set contains a skewed sample of instances that
represent only part of this concept (e.g. if the classification of the majority of
the positive instances was determined by only a subset of the attributes), then
the vector of weights generated from this training set would reflect this skew in

attribute relevance.

Numeric Data

The Weighted Distance Metric algorithm increased the classification accuracy of
the nearest neighbour algorithm for all but one of the numeric real world data
sets. The increase was significant at the 5% level for the ionosphere, wisconsin
and wine data sets, and significant at the 10% level for a further four data sets.
There was a slight, but not significant reduction in classification accuracy for the

bupa data set.

The results obtained by the Weighted Distance Metric algorithm were higher than
those obtained by the Threshold Selection algorithm for seven of the twelve real
world data sets. In addition, the other attribute selection methods tested so far
have failed to increase the classification accuracy for four of these data sets: pima,

sonar, ecoli and yeast.

There was a slight decrease in the accuracy for the balance data set. However,
a significant increase in accuracy was observed for the two waveform data sets
(both at the 5% confidence level). In general, the weights for the relevant and
irrelevant attributes in the waveform-40 data set differ. The median weight for
the 21 relevant attributes is 1.308 4= 1.040, whereas the median weight for the
remaining 19 irrelevant attributes is 0.708 4= 0.448.
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| DataSets [ NNgy || oNNgy  A(wNNgy) |
bupa 6 61.98 61.70 -0.28
ionosphere 34 87.17 91.78 4.61
pima, 8 70.99 71.25 0.26
sonar 60 || 85.96 88.96 3.00
wisconsin 9 95.90 96.64 0.74
wdbc 30 || 95.40 95.59 0.18
wpbc 33 69.06 70.06 1.00
- ecoli 7| 80.59 81.49 0.90
T's glass 9 68.09 72.00 3.91
= | iris 4 || 96.16 96.79 0.63
?3 wine 13 94.86 97.15 2.29
/o | yeast 8 52.56 53.37 0.81
=
g balance 4 78.10 77.15 -0.94
= waveform-21 21 73.33 76.67 3.33
<t | waveform-40 40 || 68.33 76.00 7.67

Table 7.9: Classification accuracies of the Weighted Distance Metric algorithm
(WNNgy) for the UCI symbolic data sets. Values in bold or italic indicate a
significant difference at the 5% or 10% confidence level respectively. The results
of the basic nearest neighbour algorithm have been reproduced from Table 7.3 for
reference.

7.5.3 Weighted Threshold Selection

The Weighted Threshold Selection algorithm is a hybrid algorithm that combines
the Threshold Selection approach (Section 7.5.1) for selecting highly weighted at-
tributes, and utilising the attribute weights of the selected attributes within the
distance metric (Section 7.5.2). It was evaluated using a variety of different selec-
tion thresholds in the range [0..1]. The highest classification accuracies are listed
in Tables 7.10 (for symbolic data sets) and 7.11 (for numeric data sets). The third
columns list the differences in accuracy when compared to the Nearest Neighbour
algorithms (see Tables 7.2 and 7.3). As in previous tables, the final two columns
reflect the threshold used to achieve the listed result, and the number of attributes
(averaged over all the folds used in the evaluation) selected. For some data sets,
the selection of attributes resulted in a decrease in classification accuracy. In such

cases, no entries for the threshold and average number of attributes are listed.
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Symbolic Data

The performance of the Weighted Threshold Selection algorithm was no better
than that of of either the Threshold Selection algorithm (ThSpys) or the Weighted
Distance Metric algorithm (wWNNgy/) for five of the eight real world symbolic data
sets (Table 7.10). The classification accuracy of the hybrid algorithm was slightly
lower than either ThSpy, or wNNgpy, for the lymph data set, but higher for the
promoters data set (ThSpyr = 83.55%, wThSpy = 83.64%), and for the votes data
set (WNNoy = 94.74%, wThSpy = 95.43%). However, none of these differences

between weighted methods were statistically significant.

| Data Sets | wThSon  A(wThSpur) [| T'hold | Astrs. |
breast-cancer 9 75.70 4.97 0.80 3.5
lung-cancer 56 50.00 10.00 0.74 374
lymph 18 79.19 -2.05 0.34 16.2
= primary-tumor 15 32.37 0.32 — —
T's promoters 57 83.64 6.64 0.58 31.0
= | tic 9 82.88 1.97 — —
?‘3 votes 16 95.43 2.99 0.28 8.4
/= | zoo 16 95.09 -1.00 — —
led 7 65.50 -4.00 — —
— led+17 24 56.00 21.50 0.32 19.2
L?;’ monks-1 6 98.38 19.68 — —
i= monks-2 6 70.83 -3.01 — —
<t | monks-3 6 95.14 12.27 0.50 5.0

Table 7.10: The classification accuracies obtained by the Weighted Threshold Se-
lection algorithm (wThSpys) for the UCI symbolic data sets. Values in bold or
italic indicate a significant difference at the 5% or 10% confidence level respec-
tively. The threshold and average number of selected attributes are only given
for data sets where attribute selection resulted in an increase in classification
accuracy.

wThSpys achieved a significant rise in accuracy for the led+17 data set, although
only an average of 4.8 attributes were rejected. This result was higher than that
obtained by the Threshold Selection algorithm, which had rejected the majority of
attributes (including relevant attributes). No attributes were rejected from the led,
monks-1 and monks-2 data sets. Thus, the classification accuracies achieved for

these data sets were the same as those obtained by the Weighted Distance Metric
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algorithm. The wThSp), algorithm rejected one of the three irrelevant attributes
for the monks-3 data set, and yet obtained a higher accuracy than that for ThSpj,
(95.14% and 94.44% respectively). This result was surprising, as the Threshold
Selection algorithm had rejected all the irrelevant attributes. However, the result
obtained by wNNpys was also high (94.91%, see Table 7.8), demonstrating that
weights employed within the distance metric can often be as effective as attribute

selection when irrelevant attributes are present.

Numeric Data

An overall increase in accuracy was achieved by wThSg), for all twelve numeric
data sets when compared to the NNy, classification accuracy (see Table 7.11).
The hybrid algorithm also achieved an increase in accuracy for six of the twelve
data sets, when compared to either ThSoy; or WNNpys. In each case, the number
of attributes selected (on average) by the wThSgy, algorithm was the same or
greater than that by ThSgy,. The ThSgy, algorithm achieved slightly higher (but
not significantly) classification results for a further four data sets, but on average

selected a similar number of attributes.

There was degradation in classification accuracy for the balance data set. As
this data set contains no irrelevant attributes, this behaviour could be due to
the distance metric being weighted. In Section 7.5.2, the classification accuracy
was observed to fall for data sets containing no irrelevant attributes when weights
were integrated into the distance metric. The resulting classification accuracy of
wNNpgar for the balance data set was 77.15%. The accuracy for wThSgy, was
slightly higher than wNNg,, (77.48%), but this was due to the thresholding and
subsequent rejection of some of the attributes. However, it should be noted that
the number of attributes rejected was very small (i.e. 0.1 attributes rejected,
which is equivalent to one attribute being omitted from the subset in only two of
the 20-fold evaluations), and hence their rejection was almost certainly due to the

effects of overfitting.

There was also a significant rise in accuracy for the two waveform data sets.
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| DataSets || wThSpy A(wThSgy) || T'hold | Attrs. |
bupa 6 63.55 1.57 0.54 4.8
ionosphere 34 92.32 5.15 0.06 17.6
pima 8 71.25 0.26 — —
sonar 60 89.50 3.55 0.32 47.4
wisconsin 9 96.92 1.02 0.54 8.6
wdbc 30 95.93 0.53 0.70 20.6
wpbc 33 72.61 3.55 0.90 1.0
- ecoli 7 81.49 0.90 0.88 6.2
T's glass 9 72.91 4.82 0.22 7.8
= | iris 4 98.04 1.88 0.52 2.1
?‘3 wine 13 97.71 2.85 0.38 9.3
/o | yeast 8 53.91 1.35 0.50 7.8
=
g balance 4 77.48 -0.62 0.34 3.9
= waveform-21 21 76.67 3.33 — —
<t | waveform-40 40 76.33 8.00 0.16 38.3

Table 7.11: A comparison of the delta classification accuracies for the Weighted
Distance Metric algorithm (A(wNNgys)) and the Weighted Threshold Selection
algorithm (A(wThSgy,)) for the UCI symbolic data sets. Values in bold or italic
indicate a significant difference at the 5% or 10% confidence level respectively.
The threshold and average number of selected attributes are only given for data
sets where attribute selection resulted in an increase in classification accuracy.

However, none of the attributes were rejected for the waveform-21 data set, and
hence this result was the same as that achieved by wWNNgj,. Although an average
of 1.7 attributes were eliminated from the waveform-40 data set, the threshold
selected was very low (0.16) which suggests that these attributes had little effect
on the classification accuracy when the Weighted Distance Metric was used (their

omission from the subset yielded an increase in accuracy of 0.33%).

Discussion

The behaviour of each of the three weighting strategies presented above appears
to be dependent on the data type of each data set. Although the average clas-
sification accuracies achieved by each of the three methods were generally better
than those achieved by other techniques described above, the difference between

the Weighted Distance Metric algorithm and the Threshold Selection algorithm
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was much more pronounced for the symbolic data set than the numeric data set.
ThSop achieved a greater average accuracy for the symbolic data sets (75.67%)
than either wNNpys (73.90%) or wThSon (75.40%). In contrast, the weighted
threshold selection algorithm wThSg;, achieved a slightly greater average accu-
racy (81.11%) for the numeric data sets than other weighed approaches (80.74%
with ThSpy; and 81.11% with wNNg ).

The performance of the Weighted Distance method was weaker than that of the
other two weighted methods across the majority of data sets, and in several cases
resulted in a drop in accuracy (relative to the performance of the basic nearest
neighbour algorithm). This method was observed to improve the performance
of the nearest neighbour algorithm only when there were a number of irrelevant
attributes (such as the artificial data sets). However, the accuracy degrades when

there is little irrelevance present in the data set.

The Weighted Threshold Selection algorithm selected fewer attributes than the
Threshold Selection algorithm, but performed as well as the Threshold Selection
algorithm (with symbolic data sets) or better than this algorithm (with numeric
data sets). This suggests that there may be a number of attributes that may be
only slightly relevant to the learning task for the majority of instances, but who’s

values are important in determining the class of a few instances.

A small number of studies have contrasted different weighting strategies. As part
of a study that evaluated a number of different methods for generating weights,
Wettschereck, Aha, & Mohri (1997) compared the performance of two weighting
strategies; one that assigned weights to attributes, and another that performed
selection based on weights. The results suggested that attribute selection yielded
higher classification accuracies when attributes were either highly correlated with
the class labels (i.e. highly relevant), or if attributes were irrelevant. However,
attribute weighting is more appropriate when the relevance of attributes can vary.
Kohavi, Langley, & Yun (1997) investigated the utility of generating discrete
weights as an alternative to continuous weights or binary weights (i.e. selecting
or rejecting attributes). They found that although the use of weights improved

the classification accuracy of a nearest neighbour learning algorithm, a drop in
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accuracy was observed when more than a few discrete weights were used, and
typically that the best performance was observed with only one non-zero weight

(i.e. binary weights).

7.6 Evaluation of Sub-space Method

The sub-space approximation technique differs from the attribute selection meth-
ods evaluated so far in that instances are mapped from the instance space into
an alternative, lower dimensional approximation of the instance space. Thus,
no explicit attribute selection stage is performed, although the number of di-
mensions used to describe the data sets should fall. The various mapping func-
tions employed by the sub-space approximation method were introduced in Sec-
tion 6.5. Two alternative methods for generating the mapping between the in-
stance space and the approximated subspace were presented: an unsupervised
mapping function generate_mapping (Figure 6.9), and a supervised variant gen-
erate_class_projected_mapping (Figure 6.11). These two functions have been em-
bedded within two nearest neighbour learning algorithms: CA-NN utilised gener-
ate_mapping to determine the mapping between the two spaces, whereas CACP-

NN used generate_class_projected_mapping.

The quality of the sub-space approximation, i.e. how well the approximated sub-
space represents the original space, is determined by the rank of the approximation
(see Section 3.5.1). The rank is an integer in the range [1..J], where .J represents
the number of attributes used to describe the original data set (i.e. the dimen-
sionality of the instance space). The rank determines the dimensionality of the
approximated sub-space, so that a high rank sub-space will better approximate

the original instance space than a low rank sub space.

The two learning algorithms were evaluated by performing an 20-fold cross vali-
dation on each of the data sets tested. As the sub-space mapping functions were
designed to work with numerical data, only the numerical data sets were tested.

The Fuclidean distance metric was used to determine the distance between in-
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| Data Sets | CA [A(CA)| CACP | A(CACP) |
bupa 6 || 61.98 (6) 0.00 | 61.98 (6) 0.00
ionosphere 34 11 90.90 (22) 3.72 | 91.19 (11) 4.02
pima 8 || 70.99 (8) 0.00 | 70.99 (8) 0.00
sonar 60 || 86.96 (23) 1.00 | 85.50 (30) -0.46
wisconsin 91 97.36 (6) 1.47 | 96.19 (3) 0.30
wdbc 30 || 96.65 (5) 1.25 | 96.29 (16) 0.89
wpbc 33 || 71.61 (16) 2.56 | 73.06 (15) 4.00
| ecoli 71| 80.59 (7) 0.00 | 81.82 (5) 1.23
5 | glass 9 || 68.09 (8) 0.00 | 70.00 (8) 1.91
= | iris 41/ 96.16 (4) 0.00 | 96.70 (3) 0.54
Z | wine 13 || 97.08 (6) 2.22 | 97.64 (6) 2.78
e | yeast 8 || 52.62 (7) 0.06 | 52.62 (7) 0.06
&
£ | balance 4 7812 (4) 0.02 | 88.95 (1) 10.86
Z | waveform-21 21 || 81.00 (3) |  7.67 [ 79.33 (3) 6.00
<t | waveform-40 40 || 83.00 (2) 14.67 | 84.67 (3) 16.33

Table 7.12: Accuracies of the two sub-space approximation algorithms for numeric
UCI data sets. These values indicate the relative difference in accuracy between
NN and CA-NN/CACP-NN. Those values in bold or italic indicate a significant
difference at the 5% or 10% confidence level respectively. The average number of
selected attributes appear in parentheses.

stances. The rank of the approximation was varied between 1 and .J for each of
the data sets. The results, presented in Table 7.12, list the highest accuracies
and corresponding ranks (in parentheses) for each of the data sets. For some
of the data sets, the approximation of the instance space resulted in a drop in

classification accuracy. In these cases, the full rank is listed.

Numeric Data

CA-NN succeeded in raising the classification accuracy whilst reducing the di-
mensionality for seven of the twelve real-world data sets; three of which were
significant at the 5% significance level. It also succeeded in reducing the dimen-
sionality for one further data set (glass); however, this reduction was slight and
the classification accuracy was unaffected. No reduction in dimensionality was
achieved for the pima, ecoil and iris data sets, although the iris data set is known

to contain irrelevant attributes.
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The performance of CA-NN on both waveform data sets was superior to any
other dimensionality reduction method tested so far. The classification accuracy
was significantly greater than any other method, yet only three dimensions were
required to represent the waveform-21 data set (two for the waveform-40 data
set). However, as the waveform data set consists of linearly dependent attributes
(Section 7.2), this suggests that the subspace mapping function may be combining
these multiple attributes into a smaller number of dimensions (an example of this

is illustrated in Figure 3.6).

Although the class projected algorithm, CACP-NN, achieved an increase in classi-
fication accuracy for nine of the real-world data sets, only two of these results were
significant (ionosphere & wine). In addition there was a slight drop in classifica-
tion accuracy for the sonar data set. Again, a significant increase in classification

accuracy (and drop in dimensionality) was observed for the waveform data sets.

One of the most interesting results however, was observed for the balance data set.
Although this data set contains no irrelevant or redundant attributes, CACP-NN
succeeded in identifying a single dimensional subspace that could accurately ap-
proximate the original instance space. This one dimension space yielded a signifi-
cant increase in classification accuracy (88.95%, compared to 78.10% for NN). The
balance data set consists of linearly dependant attributes. However, it differs from
the waveform data set in that the instances are randomly distributed within the
instance space, and hence this attribute dependency may only be apparent when
the class centroids are calculated. This may explain why CA-NN was unable to
identify a low dimensional approximated subspace, and yet CACP-NN was more

successful.

Figure 7.7 illustrates how the classification accuracy of both CA-NN and CACP-
NN change as the number of dimensions (i.e. rank) is varied for three data sets.
The accuracy initially rises as the rank increases, and then plateaus out, indicating
that the additional dimensions make little contribution (if any) to the performance
of the algorithm. In the case of the ionosphere data set, the accuracies of both
algorithms fall slightly as additional dimensions are included. This could be due

to noise present in the data, which would be eliminated by performing lower rank



7.6 Fvaluation of Sub-space Method 161

(i.e. cruder) approximations.
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Figure 7.7: The learning curves for three data sets: ionosphere, wdbc and wpbc.
Each curve is plotted as a function of the rank of the approximated sub space.

The results obtained for the iris data set were lower than expected, as two of
the four attributes (petal length and petal width) are known to be highly relevant
to the classification task (Duda & Hart 1973; Michie, Spiegelhalter, & Taylor
1994). If only these two attributes are included in the data set, then the accuracy
for NN increases from 96.16% to 98.13%, and there is a corresponding increase
in accuracy for CA-NN (CACP-NN) from 92.05% (93.93%) to 96.67% (96.67%)
within a single rank subspace. This suggests that the classification accuracy of

both CA-NN and CACP-NN may degrade in the presence of irrelevant attributes.

The result achieved by CA-NN for the balance data set suggests that when all

the dimensions are present (i.e. no approximation is generated), the subspace

mapping may still affect the classification accuracy of the learning algorithm.
Figure 7.8 illustrates distribution of instances from the iris data set (using only the
petal length and petal width attributes) in the original, canonical space, and their
distribution within the new (full rank) subspace. This figure illustrates the effects
of the mapping function generated by C'A-NN on the instances. The mapping

function performs a rotation and a linear translation. The rotation should not
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affect the performance of the nearest neighbour algorithm. However, the varying
translation of each dimension has the affect of distorting the subspace with respect

to the original space, and hence can affect the distance function.

Results from artificial data sets

The results for the iris data set suggested that the performance of CA-NN and
CACP-NN may degrade in the presence of irrelevant attributes. To investigate
this hypothesis, two further data sets were created, consisting of 100 instances
each. These two dimension, binary class data sets are illustrated in Figure 7.9.
The first data set comprises of two linearly separable partitions. As CACP-NN
identifies and utilises class centroids, the second data set contains four linearly
inseparable partitions, two per class. A set of fifty, single attribute data sets were
constructed, each containing a single random value for each instance. New data
sets were created for each experiment by combining one of the binary class data

sets with a random sample of these irrelevant attribute data sets.

Linearly Separable Datapoints

Linearly Insepararable Datapoints

1 T T T T T T T T 1 T T T T T T T T T
+ +
0.9 - * * E 09 + * * E
+ +
0.8 |- Tt g B 0.8 | A B
++++* N + E 4
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06 F x T xx . 06 x 0 x X .
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0O 01 02 03 04 05 06 07 08 09 1 0O 01 02 03 04 05 06 07 08 09 1

Figure 7.9: Two dimensional artificial data. Datapoints are either Positive (4) or
Negative (X).

Various experiments were performed to investigate the behaviour of CA-NN and
CACP-NN in the presence of irrelevant attributes. For each experiment, the two
data sets containing the relevant attributes were augmented with an increasing
number of irrelevant attributes. Each data set was then tested with NN, CA-
NN and CACP-NN. This was repeated fifteen times for different combinations of
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irrelevant attributes.

Figure 7.10 illustrates the results obtained from experiments on the linearly sep-
arable data set. The classification accuracy of all three algorithms falls exponen-
tially, as the number of irrelevant attributes increase. The classification accuracies
for NN and CA-NN are comparable with data sets containing small numbers of
irrelevant attributes. However, after the number of irrelevant attributes exceeds
fourteen, the difference in classification accuracy between the two algorithms be-
comes small but significant (a one-tailed t-test shows significance at the 5% level),
with CA-NN achieving a slightly higher accuracy than NN. The number of dimen-
sions used by CA-NN varies as the number of irrelevant attributes in the data set
increases. There is no reduction in dimensionality for data sets with few irrelevant
attributes. As the number of irrelevant attributes increases beyond eight to forty
nine, the number of dimensions selected by CA-NN increases slowly from eight to

twenty nine.

The error rate of CACP-NN is much lower than that achieved by either CA-NN
or NN. CACP-NN achieved a mean accuracy of 74.74% with forty nine additional
attributes, whereas CA-NN and NN achieved mean accuracies of 57.47% and
55.93% respectively. The number of dimensions selected to approximate the space

remained relatively constant (between three to five dimensions).

The results for the three algorithms on the linearly inseparable data sets are shown
in Figure 7.11. Although CACP-NN achieved superior results for these data sets,
the overall performance was much lower than with linearly separable data. This
drop in accuracy for CACP-NN may be due to the method used to generate the
centroids for each class. These centroids occur within a close proximity to each
other, due to the distribution of the instances of each class. Although the instance
space is divided into multiple partitions for each class, only a single centroid is

generated for each class.

The initial drop in accuracy in NN is not surprising, as there is an additional
boundary separating the points of each class, and a small number of points lie

along this new boundary. However, the results after the addition of only a few
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Figure 7.10: The effects of additional irrelevant attributes for a linearly separable
data set on three learning algorithms.

attributes (e.g. 11 attributes) are little better than that achieved by pure chance,
indicating that any contribution that the relevant attributes have to any classi-
fication hypothesis has been obscured by the effects of the irrelevant attributes.
The results show an unusual increase in accuracy for CACP-NN for data sets con-
taining between five and fourteen additional attributes. As yet, no explanation

has been found for this behaviour.

The above experiments were repeated to investigate the behaviour of both CA-
NN and CACP-NN in the presence of redundant attributes. A set of forty-eight,
single attribute data sets were constructed, each containing a single value for each
instance. These values were based on those in the two data sets illustrated in
Figure 7.9, and were calculated in one of several ways: values were copied from one
of the dimensions of the original data sets; or values were calculated by inverting
one of the dimensions using the function f(z) =1 — z. In addition, some of the
single attribute data sets were modified using the function f(x) = x x (1+rnd(9)),
where rnd(J) generates a small random number between 0 and d; for this study

we used & = 0.05.
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Figure 7.11: The effects of additional irrelevant attributes for a linearly inseparable
data set on three learning algorithms.

All three algorithms achieved approximately 100% accuracy for the linearly sep-
arable data set and 96.00% for the linearly inseparable data set. A rank of two
was always selected for CA-NN, whereas the mean rank varied between one and

four for CACP-NN.

Discussion

The Sub-space Approxzimation techniques described above could successfully iden-
tify lower rank sub-spaces that maintained or increased the classification accuracy
of a nearest neighbour learning algorithm for the majority of data sets tested.
CAC-NNP achieved the highest average classification accuracy (81.80%, compared
to 78.57% for the basic NN algorithm) of all the methods tested (Appendix A),
whilst finding the second highest average reduction in dimensionality (an average

of 8.33 dimensions compared to 19.07 in the original data sets).

In general, attribute selection techniques have been used to identify and eliminate
both redundant and irrelevant attributes. The dimensionality reduction tech-

niques used by CA-NN and CACP-NN appear to be very successful in removing
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redundant dimensions from the data set. The data points are represented by an
attribute-by-instance matrix. Once this matrix has been decomposed, the rank
of the matrix can be determined by the resulting diagonal matrix. This rank
represents the number of linearly independent, orthogonal dimensions within a
subspace. Therefore, the addition of any duplicate attributes, or any linear com-
binations of attributes, will not result in an increase in rank, and so will be
eliminated by the decomposition. If two or more attributes contain very similar,
but not identical values, then there will be additional orthogonal dimensions to
express the slight deviations between them. Because the inertia of such dimen-
sions will be small, a lower rank subspace that excludes these dimensions will

closely approximate the original subspace.

Unlike many of the existing attribute selection techniques, the dimensionality
reduction techniques described here appear to have little impact in reducing the
effects of irrelevant attributes. However, the performance of the class projected
variant CACP-NN degrades at a slower rate than either CA-NN or a simple nearest

neighbour in the presence of irrelevant attributes.



Chapter 8

Summary, Conclusions and

Further Work

Chapter Outline

This final chapter summarises the results obtained from the empirical investigation
presented in Chapters 5 and 7. The impact of these results are discussed with re-
spect to nearest neighbour learning algorithms and the integration of such systems
within information agents. Finally, a number of the issues that have been raised

by this work are then discussed, and presented as directions for further study.

168
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8.1 Summary

The objectives of the thesis were to propose a compact data representation that
could preserve the structure of complex documents (such as electronic mail mes-
sages), and to investigate the role of attribute selection for nearest neighbour
learning algorithms. A summary of the representation proposed, the evaluation
of this representation, and the investigation of attribute selection techniques are

presented below.

A novel set-based representation was presented in Chapter 4. This representation
maps each of the fields in a complex document to a set-valued attribute. It differs
from the traditional representation in that it relaxes the constraint that attributes
can only express a single value within an instance. A set-valued attribute contains
a set of unordered values that can be used to represent a single field. For example,
a single set-valued attribute corresponding to the Journal Scope field within the
bibliographic entry example in Figure 1.1 may express all the terms that appear

in that field as an unordered collection of terms.

Three different nearest neighbour learning algorithms that utilise this representa-

tion were proposed:

e [/BPL1 determines the distance between two set-valued attributes by finding
the average of all the individual distances between combinations of feature
tuples, where each tuple contained two features, one from each of the set-

valued attributes;

e /BPL2 identifies the minimal distance for each of the features present in
the set taken from the query instance, by comparing each of these features
with all the features within the corresponding set of the training instance.
The minimal distances are then averaged to determine the overall distance

between the two sets.

e PIBPL utilises relevance weights to reject features from the set-valued at-

tributes prior to calculating the distance between sets.
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The results of the evaluations of each of these three nearest neighbour learning
algorithms were presented within Chapter 5. IBPLI was evaluated within the
framework of an intelligent mail filtering agent (Payne 1994). The motivation for
using this framework was to contrast the performance of IBPL1 with a variant
of the rule induction algorithm, CN2. The learning algorithms were employed
not only to predict a classification for each mail message within the test data
set, but also to determine a measure of reliability for each prediction. For this
reason, the performance of both learning algorithms was measured along two
dimensions: coverage and accuracy. The coverage represented the number of
reliable predictions made (i.e. a threshold was used to determine whether or not
a prediction was reliable). The accuracy represented the percentage of correct

classifications reliably predicted.

The results suggested that the performance of IBPL1 was comparable to CN2
across both dimensions. However, this performance varied depending on the learn-
ing algorithm used and the characteristics of the data tested. The performance of
both algorithms increased when a greater number of fields were mapped from the

email messages to training and test instances.

The performance of IBPL2 (Section 5.2) was determined across the email data
sets, and compared with that of IBPL1. Although there was a slight variation in
the results obtained for both algorithms (in terms of both coverage and accuracy),

there was no significant difference between the two algorithms.

The work on IBPLI and IBPL2 focussed on the use of set-valued attributes. The
agent framework used to evaluate both algorithms mapped only a small number of
terms from the fields in an email message to the set-valued attribute. These terms
were selected by utilising simple statistical measurements about the frequency
of various terms within the different email messages. PIBPL was designed to
automatically select which terms should be used when attempting to classify new
test instances. It utilised statistical weights to measure the relevance of each term,
and to reject the low weighted terms. The results demonstrated that the removal
of many of the terms from the set-valued attributes could significantly improve

the performance of the algorithm.
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The results obtained for PIBPL (Section 5.3) suggested that an approach for
selecting terms based on the learning biases could result in superior results to
methods that used naive selection heuristics. However, before further investigation
on selection methods within PIBPL could proceed, a greater understanding of
general selection methods for nearest neighbour learning was required. To achieve
this, a number of different selection methods were described in Chapter 6, and

systematically evaluated in Chapter 7.

The selection methods investigated were divided into four categories; the Filter
Method, the Wrapper Method, the Weighted Method and the Sub-space Approxi-
mation Method. The principals behind each category were introduced in Chapter
3. Although many of the selection methods investigated have been used with other
learning algorithms, some of the methods had not previously been tested with a
nearest neighbour learning algorithm, and many algorithms had been evaluated

within a single domain.

To better understand the differences between the different selection methods, they
were evaluated using traditional single-valued attribute data. Some of the algo-
rithms tested can be computationally complex, and as such unsuited for learning
from high dimensional problems (such as in term selection when learning from
documents). Thus, the motivation to use the single-valued attribute data sets,
was to compare all the different selection algorithms across a selection of differ-

ent, standardised domains.

A single filtering approach was evaluated as part of the Filter Method in Section
7.3. Tt utilised the information gain metric (Quinlan 1986) to greedily select
attributes for each data set. The rule induction algorithm C4.5 (Quinlan 1993) was
employed to perform this selection. The results confirmed that attribute selection
could result in an increase in classification accuracy for the nearest neighbour
learning algorithm with some data sets. However, further testing suggested that
this method failed to identify all the relevant attributes in a data set, and in many

cases selected irrelevant ones.

The Wrapper Method (Section 7.4) employed a search algorithm to locate optimal
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(or sub-optimal) attribute subsets. The nearest neighbour algorithm was used as
an evaluation function to score each search state. Four search algorithms were
evaluated: two heuristic searches (Forward Selection and Backward Elimination),
and two stochastic searches (Simulated Annealing and Monte Carlo). The For-
ward Selection search consistently found the smallest attribute subsets, but at the
expense of classification accuracy. This behaviour may be due to the greedy search
becoming trapped in local maxima. Although the Backward Elimination search
resulted in the highest classification accuracies for several data sets, the size of
the attribute subsets was larger than other searches. There was little difference
in the classification accuracy or size of subsets with either stochastic approach,
although the Monte Carlo search achieved a slightly higher average accuracy than

the Simulated Annealing search.

The investigation of the Weighted Method (Section 7.5) focussed on three different
strategies for utilising attribute weights within the nearest neighbour learning
algorithm. The Threshold Selection approach utilised a threshold to determine
whether or not attributes should be discarded. The Weighted Distance Metric
did not explicitly select attributes; instead the distance metric was modified to
utilise the weights when determining the nearest neighbour of a query instance.
The third approach combined selection of attributes through thresholding with
the weighted distance metric approach. This third approach was found to select
the smallest subset of attributes for most data sets, but yielded the best gains in

classification accuracy.

The Sub-space Approzimation Method (Section 7.6) differed from the previous
methods in that instances were mapped from one representation into an alterna-
tive, lower dimensional representation. Two algorithms were tested on numerical
data, and both were found to be successful in reducing the number of dimensions
required to represent the data. In addition, they achieved the highest average
classification accuracy of all the algorithms tested. Further investigation sug-
gested that this was not due to the elimination of irrelevant attributes, but to the

elimination of redundant attributes.
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8.2 Conclusions

This thesis makes a number of practical contributions towards an understanding
of the way nearest neighbour learning algorithms can be employed within high
dimensional domains, and how different dimensionality reduction techniques can

be used to improve the classification accuracy of the learning algorithm.

8.2.1 Set-Valued Attributes

The set-valued attribute representation provides a means of concisely represent-
ing a number of different symbolic values associated with the same characteristic,
or attribute. Previous representations utilised single-valued attributes, where an
attribute was exclusively represented by a single value. However, this represen-
tation could not be used when several different values could equally be used to
represent that attribute. The alternative was to utilise a binary vector to indicate
the presence or absence of each value. However, this results in large vectors when
the number of possible values is large. The set-valued attribute representation
offers a solution to this problem; the different attributes can be used to represent
different characteristics of a domain, whether or not the value of each attribute is

mutually exclusive.

Although two different distance metrics have been proposed, there is little differ-
ence in the performance of each. The size of the sets can be reduced by removing
the irrelevant members of each set by utilising relevance weights. This not only
reduces the time taken to classify new instances, but can reduce the deterioration

in classification accuracy due to the presence of irrelevant attributes.

8.2.2 Attribute Selection and Dimensionality Reduction

Many different attribute selection algorithms that improve the performance of
learning algorithms across several dimensions already exist. They can be used

to simplify the induced hypothesis from rule induction algorithms, or reduce the
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number of dimensions that describe the instance space. The classification accuracy
may improve due to the elimination of irrelevant or redundant attributes, and
fewer training instances may be required to learn a concept. However, there
have been few studies to date that have used the nearest neighbour algorithm
to systematically compare the different approaches. This thesis discusses these
issues, and presents an empirical comparison of a selection of different attribute

selection approaches in the context of a nearest neighbour learning algorithm.

Many nearest neighbour learning algorithms have favoured the integration of
weights within the distance metric. Although this can improve the classifica-
tion accuracy of data containing several irrelevant attributes, a drop in accuracy
can occur if no irrelevant attributes are present. However, weighted attributes can
be used to complement other selection techniques, resulting in an improvement
in classification accuracy at the expense of slightly larger attribute subsets. The
sub-space approximation methods were found to be as successful at increasing the
average classification accuracy as the weighted methods, but this was achieved

with smaller attribute subsets.

8.3 Future Work

The work presented in this thesis represents an initial investigation of dimension-
ality reduction for nearest neighbour learning algorithms. It has demonstrated the
suitability of set-valued attributes as a representation for learning, and a variety
of different attribute selection and dimensionality reduction techniques have been
explored. Although this work constitutes a significant contribution towards an
understanding of these issues, there are many directions in which this work could

now proceed.

The classification accuracy of the set based nearest neighbour algorithms may
vary significantly depending the choice of distance metric used. The Value Dif-
ference Metric (Section 2.2.3) was chosen as it determines the distance between

symbolic values on the basis of class distribution. Thus, the distance between sets
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of symbols with similar class distributions will be small, even if the sets contain
syntactically different symbols (Figure 2.4). However, if the Overlap metric was
used, then the distance between such sets would be expected to rise. These and
other symbolic distance metrics should be evaluated within a set-based nearest
neighbour learning algorithm (such as IBPL1) to try to determine the optimal

characteristics of a suitable distance metric for use with set-valued attributes

The VDM utilises weights to represent the relevance of each symbolic value (Equa-
tion 2.8). This weight was also used by PIBPL to eliminate irrelevant symbolic
values from the set-valued attributes. However, a recent investigation has demon-
strated that the weights have little impact on the classification accuracy of the
VDM (Payne & Edwards 1998b), and that the performance of the VDM does
not degrade when irrelevant attributes are added to a data set (see Appendix C).
The VDM should be investigated further to determine why this distance metric

is robust when irrelevant attributes are present in the data set.

The sub-space approximation method can be successfully applied to the task of
dimensionality reduction for numeric data sets. However, this is not due to the
elimination of irrelevant attributes present in the data set, as the inclusion of such
attributes can lead to a degradation in classification accuracy. An attribute selec-
tion algorithm could be combined with the sub-space approximation algorithms
(Section 6.5) to first eliminate irrelevant attributes, and then further reduce the
dimensionality of the resulting attribute subset. These algorithms should also be
investigated to determine if the lower rank sub spaces eliminate the effects of noise

within the data set.

The four selection techniques presented in Section 6.3 utilised a leave-one-out
cross validation strategy to identify the optimal sub-set of relevant attributes for
the training data. However, when evaluated, some of the resulting classification
accuracies were lower than expected. One possible explanation might be that
the wrapper is overfitting the training data: i.e. whilst the subset of selected
attributes might yield the optimal classification accuracy when cross validated
with the training data, they may be too specific for the test data. An investigation

is necessary to determine whether or not the attribute subset is overfitting the
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training data, and if so whether or not this is due to the cross validation strategy

used or the number of folds selected.

The Threshold Selection algorithm uses a threshold value to determine whether
attribute should be discarded. Similarly, both CA-NN and CACP-NN reduce the
dimensionality of the data set by reducing the rank of the approximated subspace.
At present, these parameters are determined empirically. Some existing learning
algorithms utilise n-fold cross validation techniques to identify suitable estimates
(Kohavi & John 1995), or utilise a stopping criteria to identify partition points
(Fayyad & Irani 1993). An automated method for reliably estimating values for
the threshold and the rank of these algorithms would be extremely useful.



Appendix A

A Summary of the Attribute

Selection Results

This Appendix contains a summary of the results obtained from the empirical
study presented in Chapter 7. Tables A.1 and A.2 compare the classification
accuracy of the nearest neighbour learning algorithm with different attribute se-
lection algorithms. The average numbers of attributes selected by each method

are presented in Tables A.3 and A.4.
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Appendix B

Determining the Weight Update
Coetfficient

The weight function described in Section 6.4 is induced by evaluating the training
set, and updating the weight for each attribute according to whether the attribute
value pairs for the query and nearest neighbour are equal, and whether or not the
classification of the query instance was correct. The way the weight is updated is

dependent on the weight update coefficient, A Coeff.

Various weight update coefficients were evaluated to determine their effects on the
classification accuracy for the different UCI symbolic data sets. A 10-fold cross
validation was performed to determine the classification accuracy of the Ouverlap
metric when combined with the weights. Five coefficients were investigated: 0.1,
0.05, 0.02, 0.01 and 0.005. To provide a set of base-line comparisons, two addi-
tional distance metrics were used. The basic Overlap metric was used to determine
the increase in classification accuracy when the induced weights were employed. In
addition, a Randomised Weighted Overlap metric was evaluated. This metric was
similar to the weighted Overlap metric, except that a random number generator

was used to determine the weights.

The results of the evaluation are given in Table B.1. These results show the dif-

ference in classification accuracy with respect to the Qverlap metric. The bottom
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row of the table indicates the average differences in accuracy for each of the weight
update coefficients. Although the 0.05 coefficient achieved the highest average ac-
curacy, this was largely due to the results achieved for the lung-cancer data set.
This result was significantly greater than that achieved with the Ouverlap metric if
a one-tailed t-test was used with p=0.08. At the 5% level, the increase in accuracy
was significant for only one data set (votes). However, a significant increase was
achieved for two data sets with update coefficients of 0.02 and 0.01. The average
increase in accuracy was higher for 0.02 coefficient, than 0.01 coefficient. If the
results for the lung-cancer data set are omitted, then the 0.02 update coefficient

achieves the highest average increase in accuracy.

The Randomised Weighted Overlap metric achieved a lower classification accuracy
than the Overlap Metric for all the data sets tested, although the results were

significant for only two of the data sets.

0.1 005 0.02 0.01 0.005 random
breast-cancer -3.20 -3.92 -4.29 -430 -3.93 -3.18
lung-cancer 3.33  6.67 0.00 0.00 0.00 -5.00
lymph -6.19 -2.76 1.33 2.05 2.05 -0.14
primary-tumor | -1.76  0.03  0.02 0.02  0.02 -3.86
promoters -0.09 273 573 3.73 3.73 -0.18
tic 1.56 1.66 198 2.71 2.1 -6.90
votes 1.61 275 229 1.82 1.36 0.01
700 -1.00  0.00 -1.00 -1.00 -1.00 -1.00
Average -0.72 0.89 0.76 0.63 0.63 -2.53

Table B.1: Relative change in classification accuracy (with respect to the Ouverlap
Metric) as the weight coefficient was varied.



Appendix C

Implicit Feature Selection with

the Value Difference Metric

The Value Difference Metric differs from many other distance metrics in that the
location of an instance within the instance space is not defined directly by the
values of its attributes, but by the class conditional distributions of these values.
The distributions vary from being skewed, where an attribute value appears in
instances of only one class, to a uniform distribution, where the attribute value
appears equally in instances of each class. In other words, attribute values with
skewed distributions may be highly relevant to the target concept, and attribute
values with a uniform distribution may be irrelevant. However, these distributions
assume that each attribute value is independent of any other value for any of the
attributes. The value weight component w(i,) provides some indication of the
skew of the class distribution for an attribute value, and can be used to control

the influence each attribute distance has on the final distance vdm(i, j).

The inclusion of a weight within the VDM has been questioned by a number of
studies. PEBLS (Cost & Salzberg 1993) is a NN learning algorithm which uses the
Modified Value Difference Metric (MVDM). This distance metric is a variant of
the VDM which omits w(i,), and it has been argued that the distance between two
attribute values should be symmetrical, i.e. vdm(i,j) = vdm(j,). A recent study

compared MVDM with the VDM, but concluded that there was no difference in
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the classification accuracies of either metric over several data sets (Wettschereck,

Aha, & Mohri 1997).

We have investigated the utility of w(i,), both as a component of the VDM,
and when combined with another distance metric. Several symbolic data sets
from the UCI Machine Learning Repository (Merz & Murphy 1996) were used
to evaluate the performance of five distance metrics: three of which were based
on class conditional probabilities (VDM, MVDM & VWo,,); and two which were
used for baseline comparisons with other studies. The MVDM differs from the
metric given in Section 2.6 in that the term w(i,) is omitted. In contrast, the
VWo utilises the value weight (Equaton 2.8), but instead of using the attribute
distance defined in (Equaton 2.7), the attribute distance for the Overlap metric
(2.5) is used.

The Weighted Distance Metric (Section 6.4) and the simple Overlap metric (NNoay)
were included to provide a comparison of the VDM, MVDM and VWg,, with
other distance metrics. wNNgpy; and VW, differ in that the weights used by
the VW, are probabilistic and can be rapidly determined from the training set,
whereas the weights in wWNNpj, are induced, and thus require a separate training

stage.

Three hypotheses were investigated:

H, There is no difference between the performance of MVDM and VDM, i.e.

w(i,) has no significant effect on the performance of the VDM.

H, The value weight component w(i,) of the VDM can be effectively utilised
by the Overlap metric to improve performance in terms of accuracy. The
performance of the VW), should be comparable to that of WNNpys, and

both metrics should achieve better results (in general) than NNg,;.

H; The use of class conditional probabilities within the distance metric should
improve the classification accuracy by reducing the effects of irrelevant at-
tributes, i.e. the performance of the VDM, MVDM and VW, should not

degrade in the presence of irrelevant attributes.
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Breast-cancer 70.73 66.44 T1.46 67.51 67.16
Lung-cancer 40.00 40.00 46.67 68.33 65.00
Lymphography | 81.24 82.57 83.24 83.24 83.19

Primary-tumor | 32.05 32.07 33.54 30.83 31.15

Promoters 77.00 82.73 79.73 89.36 87.36
Tic-tac-toe 80.90 82.88 72.75 90.71 90.71
Votes 92.44 94.73 93.80 94.51 94.97
Z.00 96.09 95.09 95.09 97.09 97.09

Table C.1: 10-fold cross validated classification accuracies.

To evaluate the performance of each of the distance metrics, a 10-fold cross val-
idation (Kohavi 1995) was performed on a number of different UCI data sets.
The results, given in Table C.1, list the classification accuracies achieved by each
metric for each of the data sets. Results presented in bold were found to be sig-
nificantly higher (p=0.05) than those achieved by the Overlap metric (NNpoyy),
whereas those in italics were significantly lower. A one-tailed paired t-test was
used to determine this significance. Figure C.1 plots the difference in the results

obtained by NNpj, and the other distance metrics.

There was no significant difference between the performance of the VDM and
MVDM for any of the data sets, which appears to support H;. The VDM suc-
ceeded in significantly improving the classification accuracy for four data sets
(p=0.05), and succeeded in raising the accuracy (though not significantly) for two
other data sets. The MVDM achieved similar success, except for the Votes data
set, where the increase in accuracy became significant when p=0.054. The results
for both distance metrics were significantly lower than NNgj, for only one data
set (Breast-Cancer). These results demonstrate that the VDM (and MVDM) can
achieve better classification accuracies than the Overlap metric. The accuracy of
the MVDM was significantly higher than wNNg,, for three data sets (Lung-cancer,

Promoters and Tic-tac-toe).

The VW, also succeeded in raising the classification accuracy for six of the data

sets, although the increase was only significant for three. A significant increase
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Figure C.1: Comparison of the 10 fold cross validated classification accuracies of
the distance metrics relative to the Overlap metric (NNoyy).

in accuracy was also achieved by wNNg,, for two of the same three data sets.
As wNNpy, has previously been demonstrated to be robust in the presence of
irrelevant attributes, and given that a similar increase in accuracy can be observed
for the VW, this suggests that the value weight w(i,) can be used to limit the
impact of irrelevant attributes on the classification accuracy. This appears to

support Hs.

Although the distance metrics based on the VDM performed well with the data
sets, a further investigation was required to determine if the performance of these
metrics would degrade in the presence of irrelevant attributes. For this reason, the
metrics were evaluated on the 24-attribute LED display problem. This problem
contains seven binary valued attributes (corresponding to the different segments
within an LED seven segment numeric display), and an additional seventeen ir-
relevant attributes (Aha, Kibler, & Albert 1991). If this number of additional
attributes is varied, it is possible to observe the effect of irrelevant attributes on
different learning algorithms. Data sets were constructed containing 200 randomly

generated instances with 10% noise (i.e. each attribute value had a 10% chance
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of being inverted). The number of irrelevant attributes was varied from zero to

seventeen, and each test was repeated ten times. The results are plotted in Figure

C.2.

70.00

60.00 R e e R X
Ay

 50.00
§ 40.00 1
= —@—NNom

30.00 +
§ — A — VWom
< 2000 | .. x..vom

10.00+ | — < — MvDM

O-OO f } T T T T T T T T T T T } 1

Number of Irrelevant Attributes

Figure C.2: LED artificial results.
As the number of irrelevant attributes increased, the performance of the Overlap
metric (NNoys) fell from 59.7% to 40.0%. There was a similar degradation in
the performance of the VW, although this degradation was not as acute as
NNown, and the classification accuracy of the VW), was significantly higher
than that of NNpj, when three or more irrelevant attributes were present. The
VDM and MVDM showed no signs of degradation as the number of irrelevant
attributes increased. These results support both Hy; and Hj, though it would
appear that w(i,) succeeds only in reducing the impact of the irrelevant attributes,

not eliminating their effects.

Conclusions

The Value Difference Metric is an alternative symbolic distance metric which can
be successfully applied to classification problems containing irrelevant attributes.
The distance metric utilises a set of value weights, which can be determined ‘on
the fly’ from the training data. These value weights modify the distance between
attribute values such that the distances between class discriminant values are aug-

mented, but otherwise diminished. The exclusion of these value weights appears
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to have no effect on the performance of the VDM. However, if combined with
the Overlap metric, the value weights improve the performance of the distance
metric (in terms of accuracy) on data containing irrelevant attributes. This in-
crease in performance is comparable to that achieved when attribute weights are
induced, and utilised by the Overlap metric. However, the value weights have the

advantage that no training is required.
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