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ABSTRACT

The class imbalance problem has been recognized as a crucial problem in machine learning and data
mining. Learning systems tend to be biased towards the majority class and thus have poor
performance on the minority class instances. This thesis analyses the imbalance problem in accuracy-
based classifier system XCS which is a most successful kind of Learning Classifier System. In
particularly, we propose two methods Cost-sensitive XCS and Sampling Ensemble XCS to solve the
problem. In Cost-sensitive XCS, the classification reward for each class is set differently. The reward
value of correctly identifying the positive (rare) class outweighs the value of correctly identifying the
common class. We provide guidelines to set reward value based on the dataset imbalance ratio and a
method calculating reward online based on the information collected by XCS during training is also
proposed. In the second approach, Sampling Ensemble XCS is a combination of sampling technique
and ensemble learning where sampling technique modifies the distribution of the training data and
ensemble learning constructs a set of classifiers and then classifies new data points by taking a
(weighted) vote of their predictions. An artificial problem and thirteen UCI imbalance datasets are
used to verify the feasibility of our proposals. The experimental results and comparative studies
indicate that Cost-sensitive XCS and Sampling Ensemble XCS are effective tools in solving

imbalance data problem.
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Chapter 1

Introduction

1.1 Background

The growth in the amount of data collected and generated has exploded in recent times with
the widespread automation of various day-to-day activities, advances in high-level scientific and
engineering research and the development of efficient data collection tools. This has given rise to the
need for automatically analyzing the data in order to extract knowledge from it, thereby making the
data potentially more useful. Data mining, or knowledge discovery in databases (KDD), is a process
satisfied that requirement. It is an interdisciplinary area that integrates techniques from several fields
including machine learning, statistics, and database systems, for the analysis of large volumes of data
as described in Figure 1.1 [3]. In this introductory chapter, we present an overview of Data Mining,

Artificial Intelligence and outline the key topics to be covered this study.

Database Technology, Parallel Computing, Distributed Computing

Figure 1.1 Data mining as a confluence of many disciplines

There has been a rapid growth in the successful use of intelligent systems in diverse areas
such as science, medicine and commerce [3]. The main contributing factor influencing the
development of intelligent systems in data mining has been the demand for a more powerful yet
flexible and robust technique. This is in order to cope with the extensive amount of data and
knowledge stored in databases, and more importantly, the complexity of interpretation. The successful
artificial intelligence tools for data mining are: Rule-based Systems, Artificial Neural Networks,

Decision Trees, Fuzzy Systems, Genetic Algorithms and etc. In this study, we would like to introduce



one kind of rule-based system, also successful in data mining that is Learning Classifier System
(LCS).

Learning Classifier System is introduced by Holland [4], which is a combination of
Reinforcement Learning and Genetic Algorithm. LCS represents a technique by which various
characteristics of a given problem space may be deduced and presented to the user in a readable
format, that is, the Learning Classifier System could be used within a Knowledge Discovery system.
There have been several studies published that have demonstrated Learning Classifier System’s and,
in particular, the XCS classifier system’s capabilities for data-mining through rule induction. Bernado
et al [25] describe an experimental comparison of XCS [8] with seven other learning schemes using
fifteen UCI repository datasets [74]. The XCS classifier system is shown to be highly competitive
when compared with the other learning schemes. In addition, Wilson [17] demonstrated the
capabilities of a new encoding when used to induce rules describing the Wisconsin Breast Cancer
dataset, where the XCS classifier system improved on the best known performance for that dataset.
The XCS classifier system would seem an appropriate technique by which to support decision-makers
in the identification of interesting regions of a solution space.

Recently, imbalance problem has been recognized as a crucial problem in data mining and
machine learning, where the number of instances in one class is much less than that of the other
classes. It occurs frequently in many real-world applications such as fraud detection [40], product
inspection, text classification [44], and medical diagnosis [39], [42]. When a classifier is learned from
an imbalanced or skewed data set, it will cause bias and, then, the tendency is that the classifier will
produce high predictive accuracy over the majority class, but will predict poorly over the minority
class [45]. Furthermore, the examples in the minority class can be treated as noise and are ignored
completely by the classifier.

As described, XCS is an appropriate technique of data mining and quite robust to imbalance
problem [28]. However, there remain various aspects of XCS that can be further improved to achieve
satisfactory performance levels on this difficult problem. This thesis represents an investigation into
various aspects of the data-mining process using the XCS classifier system on imbalance problem. We

will discuss more detail in the next sections.



1.2 Objective of the Study

To solve imbalance problems, there are two approaches: in classifier level and in data level.
In this thesis, we would like to study these approaches in XCS classifier system. In more details, we
summarize concrete objectives as follows.
® To explore the parameter settings that control XCS. There are many parameters that could be
adjusted in XCS. We think it is significant that XCS works well with the default parameter
settings. However, it might be possible to substantially improve the performance of XCS with
tuning some of these parameters.
® To analyze effects of sampling techniques to XCS performance on imbalance problems
® To find an efficient method to combine sampling techniques and ensemble learning to
enhance XCS performance.
® To verify the feasibility of our proposals by getting experimental results and comparing with

other methods.

1.3  Assumption of this study

There are some assumptions in this thesis. Firstly, we know that the process of knowledge
discovery in data bases (KDD) consists of a series of transformation steps: Data preprocessing, Data
Mining and Post-processing. Each process has its own function: the purpose of preprocessing is to
transform the raw input data into an appropriate format for subsequent analysis. Beside that, the post-
processing integrates data mining results into decision support system. Various techniques are
developed to cope with these issues. In this thesis, we concentrate on the classification problems of
Data Mining process rather than Dimensionality Reduction, Feature Selection or Clustering
techniques, Association Analysis. With this assumption, our system will not focus on removing noise,
duplicate instances, missing or redundant features which should be done in the preprocessing step.
Particularly, imbalance datasets are considered where the interesting information is usually stored in
positive (rare) class.

Secondly, to be able to adapt XCS classifier system suitably for imbalance problem, in this
thesis, we will present components of XCS ahd explain how it works. Some other background
knowledge as Evolutionary algorithm, Re-enforcement learning and Rule-based system are only

presented briefly and some useful references are provided for interesting readers.



Thirdly, it is interesting to point out that all of the studies we are aware of (including our
own) never eliminate members from the minority class. Since there are so few members of the
minority class, researchers are very hesitant to eliminate members of the minority class. Instead, the
assumption is that each minority class member is very important. This may or may not be the case in
practice since some minority class members may represent noise. However, with so few data points, it
is difficult to differentiate between noise and minority class members which represent very rarely seen
instances (i.e. class disjunctions in the intra class imbalance problem).

Least but not last, our framework supports for artificial and real-life datasets where values of

attributes are binary, integer, category and real.

1.4  Theory or Concept to be Used in this Research

There are some crucial theories and concepts described as following:

+ Niche genetic algorithm (GA): a set of environmental states is applied genetic operators:
crossover and mutation.

In the original XCS, the genetic algorithm was executed in the match set instead of
panmictically using the whole population as in many classifier systems. The basic idea of a niche
instead of panmictic GA is to eliminate the undesirable competition that otherwise occurs between
classifiers in different match sets of a common, cooberative chain of actions. In addition, as Wilson
[10] pointed out, crossovers'within a niche are more likely to yield useful classifiers than crossovers
between potentially unrelated classifiers that match in different niches. XCS first followed Goldberg
[5] in performing the GA in the match set [M], but the GA now takes place in the action set [A]. As
will be explained in Section 3.5, this change increases the proportion of accurate, maximally general
classifiers in the population.

+ Steady-state GA: The steady state genetic algorithm is different from the generational
genetic algorithm used in many other systems in that there is typically a single new member inserted
to the population at any one time in stead of all chromosomes in population are replaced by a new
population set.

+ Macroclassifier is a combination of all classifiers having the same condition to only one
classifier having the most general condition.

+ Positive class or rare class or minority class is the class having the smallest number of

instances in a dataset. Other classes are Negative class or common class or majority class.



+ Imbalance ratio (i) is the ratio between the number of the majority instances and minority

class instances.

1.5  Scope of the Research Work
According to the objective described in section 1.2, the scope of this thesis is illustrated as
following:

1.6

® Imbalance Problem: Classification Imbalance Problem is studied. We analyze its effects to

standard classifiers.

Classification Algorithm: XCS Classifier System and all its advantages as well as
disadvantages are studied. Although XCS is successful on both multi-step problems and
single-step problem, our study only focuses on single-step problems which are classification
problems and particularly imbalance problems.

Support methods: Cost-sensitive Learning, Sampling techniques and Ensemble Learning are
investigated on conjunction with XCS to enhance performance of system in imbalance
problems. There are various algorithms of these three methods proposed by scientific
community, but we only study some algorithms which are suitable for XCS in imbalance

dataset problem.

Research Methodology

Firstly, investigating methods for knowledge representation of classifier in XCS: XCS

evolves a distributed knowledge representation expressed by a population (set) of classifiers (rules)

where classifier conditions are usually represented by bit-strings of fixed length on the ternary

alphabet {0, 1, #}. Recently, generalization capabilities become the main focus of researches in XCS,

so, the representation of classifier conditions turns out to be probably the most interesting topic. The

generalization capabilities of classifiers in fact rely on their ability to represent the knowledge that

system acquires in a compact form. Many kinds of knowledge representation are proposed: Integer-

valued, continuous-valued intervals, messy, s-expression, even neural and fuzzy encodings. We

analyze each kind of representation in order to find a way of representing information that is suitable

for imbalance dataset problem.



Secondly, studying components and performance of XCS: There are three main components
in XCS: Performance Component, Reinforcement Component and Discovery Component. These
components are considered so that we can know how to adapt XCS and make it work well in our
interested problems.

Thirdly, working with Cost-sensitive Learning, Sampling Techniques and Ensemble
Learning; Cost-sensitive Learning and Sampling techniques are famous algorithms for solving
imbalance problems, in while Ensemble learning can reduce both the bias and the variance of single
classifier. So, we study these learning methods to find a way to combine or learn advantages of these
methods and apply them to XCS.

Fourthly, proposing Cost-sensitive XCS to solve Imbalance Problem: After studying
components of XCS and Cost-sensitive learning, we must define a combination between them. Based
on the combination of reinforcement Component, particularly Q-learning algorithm in updating
parameters and cost matrix of Cost-sensitive learning, we can create a new system, Cost-sensitive
XCS.

Fifthly, proposing Sampling Ensemble XCS by combining sampling techniques and ensemble
learning to solve Imbalance Problem: Various algorithms of Ensemble and Sampling are considered.
They are adapted and integrated into our ensemble-XCS. This system must get advantages from
Ensemble learning and Sampling techniques, and reduce as much disadvantage of this combination as
possible.

And finally, publishing some papers which present our methods in International Conferences
to make sure that our proposals are new ones and new approaches in Data mining as well as Artificial

Intelligence field.

1.7  Thesis Organization

We divide this thesis into 8 chapters with title and brief description as following

Chapter 2 Literature Survey

This chapter introduces the nature of imbalance problems. We analyze effects of imbalance
problems as well as other factors as small training sample size, distance between classes and the
existence of within-class sub-concepts to performance of classifier systems. Then we present methods

for dealing with rarity and point out drawbacks with some of these methods. Finally, we discuss the



use of appropriate evaluation metrics to guide the search algorithms employed by data mining

systems.

Chapter 3 The XCS Classifier System

The goal of this chapter is to offer an overview of the fundamental aspects of XCS and of the
recent developments it is giving rise to. In order to reach that goal, we first present the two
mechanisms on which they rely, namely Genetic Algorithm (GA) and Reinforcement Learning (RL).
Afterward, we reviews some of the ways in which rules, and especially rule condition, have been
represented in classifier systems. Then three main components of XCS: Performance Component,

Reinforcement Component and Discovery Component are presented.

Chapter 4 Guidelines for XCS in Imbalance Problems

This chapter analyzes effects of Imbalance problems to XCS’s performance on population
initialization and on the creation and deletion of classifiers of the minority class. We show that XCS
with standard parameter settings is quite robust to class imbalances. For high class imbalances, XCS
suffers from biases toward the majority class. Three main points: population initialization, generation
of correct classifiers of the minority class and time to extinction of correct classifiers of the minority
class are analyzed. Then we extend the theory of computational complexity of XCS to imbalance
problems and highlight the impact of leamning from class-imbalanced domains on different

mechanisms of XCS.

Chapter 5 Cost-sensitive XCS in Imbalance Problems

This chapter presents our first proposed method, Cost-sensitive XCS to solve imbalance
dataset problem. We begin with foundations of Cost-sensitive Learning, reward function and value
function in XCS. After that is how to combine XCS with cost-sensitive learning to solve Imbalance
problems. Finally, experimental results of our first proposal on synthetic and real-life datasets are

shown to verify the feasibility of Cost-sensitive XCS.

Chapter 6 Sampling Ensemble XCS in Imbalance Problems
This chapter presents our second proposed method based on adaptation data distribution and
multi-classifier to solve imbalance problem, Sampling Ensemble XCS. We begin with foundations of

Sampling and Ensemble learning algorithms. We explain why we need sampling and ensemble



method in solving imbalance problems. Then under-sampling, over-sampling of sampling technique
and Bagging, Boosting algorithms of Ensemble learning are considered. Finally, the proposed method

is described and following that is experimental results on our imbalance datasets

Chapter 7 The Proposed Methods Compared to Other Related Works

This chapter compares the performance, in terms of F1-measure evaluation, of our proposals
described in chapter 5 and 6 to six well-known learning algorithms, coming from instance based
learning, Rule-learning, Ensemble learning, Decision Tree Induction, Neural Networks, Support
Vector Machine and Bayesian Classifier Systems. The experiments verify and show the feasibility of

our proposals for imbalance classification tasks.

Chapter 8 Conclusions and Future Researches
This chapter presents main results achieved in the thesis. The conclusions outline limitations
with this research and the next steps necessary for further XCS analysis and more competent XCS

design.



Chapter 2

Literature Survey

In this chapter, we introduce the nature of imbalance problem. Before proceeding, it is useful
to discuss what exactly is meant by rarity. Much of the research on rarity relates to rare classes, or,
more generally, class imbalance. This type of rarity requires labeled examples and is associated with
classification problems. A second type of rarity concerns minority cases. Informally, minority cases
correspond to a meaningful but relatively small subset of the data, or equivalently, define a small
region of the instance space. Minority cases depend only on the distribution of data and therefore are
defined for both labeled and unlabeled data, and for supervised and unsupervised data mining tasks.
Minority cases are naturally defined by the domain and will share common characteristics. In the
following of this chapter, the categories of imbalance problems are provided in section 2.2. In Section
2.3 we present the methods for dealing with rarity and point out drawbacks with some of these
methods. Finally, in Section 2.4, we discuss the use of appropriate evaluation metrics to guide the

search algorithms employed by data mining systems.

2.1 Nature of the Imbalance Problems

In a data set with the class imbalance problem, the most obvious characteristic is the skewed
data distribution between classes or degree of imbalance. However, theoretical and experimental
studies presented in [32], [33], [75] indicate that the skewed data distribution is not the only parameter
that influences the modeling of a capable classifier in identifying rare events. Other influential facts
include small training sample size, distance between classes and the existence of within-class sub-
concepts. These studies show that classifier systems can perform well in some imbalance domains if

the training datasets size is large enough and the distance between classes is appropriate.

2.1.1 Degree of Imbalance

The imbalance degree of a class distribution can be denoted by the imbalance ratio which is
the sample size of the majority/large class to that of the minority/small class. In practical applications,

the imbalance ratio can be as drastic as 100:1, 1000:1 or even larger [57]. In [33], research was
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conducted to explore the relationship between the class distribution of a training dataset and the
classification performances of decision trees. Their study indicates that a relatively balanced
distribution usually attains a better result. However, at what imbalance degree the tlass distribution
deteriorates the classification performance cannot be stated explicitly, since other factors such as
sample size and distance between classes also affect performance. In some applications, a ratio as low
as 35:1 can make some methods adequate for building a good model, but in some other cases, ratio

10:1 also makes classifiers difficult to find solutions of minority class [75].

2.1.2 Training Dataset Size

Given a fixed imbalance degree, the sample size plays a crucial role in determining the
“goodness” of a classification model. In the case that the sample size is limited, uncovering
regularities inherent in small class is unreliable. Experimental observations reported in one of our
researches [75] indicate that as the size of the training set increases, the large error rate caused by the
imbalanced class distribution decreases. This observation is quite understandable. When more data
can be used, relatively more information about the small class benefits the classification modeling,
which becomes able to distinguish minority samples from the majority. Hence, we suggest that the
imbalanced class distribution may not be a hindrance to classification by providing a large enough
data set, assuming that the data set is available and the learning time required for a sizeable data set is

acceptable.

2.1.3 Distance between Classes

The difficulty in separating the small class from the prevalent class is the key issue of the
small class problem. Assuming that there exist highly discriminative patterns among each class, and
then not very sophisticated rules are required to distinguish class objects. However, if patterns among
each class are overlapping at different levels in some feature space; discriminative rules are hard to
induce. Experiments conducted in [38] vary the degree of c;\—/erlap between classes. It is then
concluded that “the class imbalance distribution, by itself, does not seem to be a problem, but when
allied to highly overlapped classes, it can significantly decrease the number of minority class
examples correctly classified”. A similar claim based on experiments is also reported in [37] as
“Linearly separable domains do not sensitive to any amount of imbalance. As a matter of fact, as the

degree of concept complexity increases, so does the system’s sensitivity to imbalance.”
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2.14 Within-class Concepts

In many classification problems, a single class is composed of various sub-clusters, or sub-
concepts. Samples-of a class are collected from different sub-concepts. These sub-concepts do not
always contain the same number of examples. This phenomenon is referred to as within-class
imbalance, corresponding to the imbalanced class distribution between classes [32]. The presence of
within-class sub-concepts worsens the imbalance distribution problem (no matter between or within
class) in two aspects: (1) the presence of within-class sub-concepts increases the learning concept

complexity of the data set; and (2) the presence of within-class sub-concepts is implicit in most cases.

2.2 Categories of Imbalance Problems

There are a number of problems that arise when mining imbalance datasets and there are a
number of reasons making an imbalance dataset. Therefore, appropriate categorization of all these
imbalance problems may help for us to grasp their basic idea. We divide these reasons into categories

and describe each one in detail in separate subsections.

221 Lack of Data: Absolute Imbalance

The most fundamental problem with imbalance is the associated lack of data. In this section
we are concerned with absolute imbalance, where the number of examples associated with the rare
(minority) class/case is small in an absolute sense. In this situation the lack of data makes it difficult
to detect regularities within the rare class/cases.

Figure 2.1 demonstrates the problems that can result from an “absolute” lack of data. The left
side of Figure 2.1 shows the original situation, where A3 contains only one positive example, while
the right side represents the situation where much more data are available. As can clearly be seen, the
learned decision boundaries (shown using dashed lines) much more closely approximate the true
decision boundaries when more data are available.

So, minority cases may be due to a lack of data. The impact that these rare cases have on
classification performance has been analyzed. In one of our researches, we employed synthetically
generated data sets to show that minority cases have a much higher misclassification rate than
majority (common) cases [75]. We refer to this as the problem with minority cases. This research
further demonstrated something that had previously been assumed — that minority cases cause small

disjunctions in the learned classifier. The problem with small disjunctions, observed in many
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empirical studies, is that they (i.e., small disjunctions) generally have a much higher error rate than
large disjunctions [55], [56], [67], [75]. We can see that this is again the result of a lack of data. The
most thorough empirical study of small disjunctions analyzed thirty real-world data sets and showed
that, in the classifiers induced from these data sets, the vast majority of errors are concentrated in the

smaller disjunctions [68].
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Figure 2.1 The impact of an “absolute” lack of data [3]

The error-prone nature of small disjunctions is a direct result of rarity. Therefore, an
understanding of why small disjunctions are so error prone will help explain why rarity is a problem.
One explanation is that some small disjunctions may not represent rare, or exceptional, cases, but
rather something else—such as noisy data. Thus, only small disjunctions that are “meaningful” should
be kept. Most classifier induction systems have some means of preventing over-fitting, to remove sul;-
concepts (i.e., disjunctions) that are not believed to be meaningful. Statistical significance testing is
used by some systems to prevent this over-fitting. Disjunctions that cover few examples will not pass
these significance tests. If a data set has two classes and an equal number of training examples in
each, then a disjunction is 99% significant if and only if it covers at least 7 training examples [56].
The basic problem is that the significance of small disjunctions cannot be reliably estimated and
consequently significant small disjunctions may be eliminated along with the insignificant ones.
Empirical results [56] show that the strategy of eliminating all small disjunctions results in an increase
in overall error rate and hence is not a good strategy. Error estimation techniques are also unreliable
when there are only a few examples, and hence they suffer from the same basic problem. These

approaches work well for large disjunctions because in these cases statistical significance and error
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rate estimation techniques yield relatively reliable estimates—something they do not do for small

disjunctions.

222 Relative Lack of Data: Relative Imbalance

One problem with imbalance problems is that minority “objects” can be hard to find. This
holds true even if imbalance is relative — that is, objects are not rare in an absolute sense but are rare
relative to other objects. A popular phrase that illustrates this is “like a needle in a haystack”. This
phrase is relevant because it is the large number of strands of hay in the haystack that makes it hard to
find the needle.

So why is finding/identifying minority objects (patterns, cases, events, etc.) difficult when
data mining? One reason is that the minority objects are not easily located using greedy search
heuristics and more global methods are, in general, not tractable. Greedy search heuristics have a
problem with imbalance problem for several reasons. First, minority objects may depend on the
conjunction of many conditions and therefore examining any single condition in isolation may not
provide much information, or guidance. While this may also be true of common objects, with
minority objects the impact is greater because the common objects may obscure the true signal (the
related issue of data fragmentation is covered in Section 2.2.3).

As a specific example of this general problem, consider the association rule mining problem
described earlier, where we want to be able to detect the association between food processor and
cooking pan. The problem is that both items are rarely purchased in a supermarket, so that even if the
two are often purchased together when either one is purchased, this association may not be found. To
find this association, the minimum support threshold for the algorithm must be set quite low.
However, if this were done, it would cause a combinatorial explosion because frequently occurring
items will be associated with one another in an enormous number of ways. This problem has been
called the rare item problem [69]. The fact that these random co-occurrences will swamp the

meaningful associations between rare items is one example of the problem with relative rarity.

223 Data Fragmentation

Many data mining algorithms employ a divide-and-conquer approach, where the original
problem is decomposed into smaller and smaller problems, which results in the instance space being
partitioned into smaller and smaller pieces. Decision tree algorithms are a good example of this

approach in that they begin with all of the data (all of the instance space) and repeatedly partition it
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into smaller and smaller pieces. This process may lead to data fragmentation [70]. Data fragmentation
is a problem because regularities can then only be found within each individual partition, which will
contain less data. While data fragmentation is always a concern, it is more of a concern when mining
rare classes/cases, because of the existing “lack of data” problem described in Section 2.2.1. Thus all

iterative divide-and-conquer approaches may have difficulty in the presence of imbalance problem.

224 Inappropriate Inductive Bias

Generalizing from specific examples, or induction, requires an extra-evidentiary bias.
Without such a bias “inductive leaps” are not possible and l¢arning cannot occur. The bias of a data
mining system is therefore critical to its performance. Many leamers utilize a general bias in order to
foster generalization and avoid over-fitting. This bias can adversely impact the ability to learn the
minority class.

Consider a learner with a maximum-generality bias [56]. Once the learner decides to create a
disjunction that covers some set of training examples, it selects the most general set of conditions that
satisfy those examples but no others. This can be contrasted with a maximum-specificity bias, which
will add all possible conditions that satisfy the training examples. The maximum-generality bias
works well for large disjunctions but not for small disjunctions, leading to the observed problem with
small disjunctions. Thus we infer that the maximum-generality bias is not appropriate for minority
cases, since it may make them overly general. This leads to error-prone classification rules for
predicting the minority class, which may subsequently be pruned. Most methods for addressing the
problem of small disjunctions (and minority cases) operate by adjusting the bias of the learner.
Inductive bias also plays a role with respect to imbalance problems. Many induction systems will tend
to prefer the more common classes in the presence of uncertainty (i.e., they will be biased in favor of

the class priors).

225 Noise

Noisy data will affect the way any data mining system behaves, but, what is interesting from
the perspective of this article is that noise has a greater impact on rare cases than on common cases.
To see this, consider Figure 2.2 where A is the minority class and B is the majority class. The right
side of this Figure presents a noise-free dataset, but the left side introduces some noisy examples.
Noise creates a problem when positive-class examples are found in the negative class (class B) and

negative-class examrles are found in the positive class (class A).
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Figure 2.2 The effect of noise on minority instances [39]

Because rare cases have fewer examples to begin with, it will take fewer “noisy” examples to
impact the learned sub-concept. As we can see in Figure 2.2, the four noisy data points in Al have no
impact on the learned decision boundary, because of the learner’s ability to generalize. However, the
two noisy data point in A3 cause the learner to not learn this rare case at all (i.c., there is no decision
boundary). In this case the learner ca?nnot distinguish between exceptional (minority) cases and noise,
a problem that has been analyzed previously [33]. If the learer were modified to generalize less, so
that a portion of A3 were correctly leamed, this would most likely have the undesirable effect of
having small disjunctions formed to cover the noisy examples in A1 and B1. Thus, noise necessitates
the use of over-fitting avoidance techniques (e.g., pruning) to eliminate noise-induced small
disjunctions and a consequence of this is that some “true” minority cases will not be learned. Should
these minority cases be important enough, one should be able to adjust the bias of the leamner to

include them, even though this will have some undesirable consequences.

2.3 Related Works

Methods to deal with class imbalances can be applied at the data-level or at the algorithm-
level. Those acting at the data-level aim at balancing the a priori probabilities of classes, either by
over-sampling the minority class instances or under-sampling the majority class instances. The second
class of methods tries to adapt the classifier to class imbalances, e.g., by measuring each classification

cost separately.

2.3.1 Data-level Approaches

Solutions at the data level include many different forms of re-sampling, such as randomly

over-sampling the small class, randomly under-sampling the prevalent class, informatively over-
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sampling the small class (in which no new samples are created, but the choice of samples to resample
is targeted rather than random), informatively under-sampling the prevalent class (the choice of
samples to eliminate is targeted), over-sampling the small class by generating new synthetic data, and
combinations of the above techniques.

Chawla et al [44] devised a method called Synthetic Minority Oversampling Technique
(SMOTE). This technique involved creating new instances through “phantom-transduction.” For each
positive instance, its nearest positive neighbors were identified and new positive instances were
created and placed randomly in between the instance and its neighbors. Since this technique creates
new positive instances, we found this technique to be more useful for XCS than simple oversampling.

In [49], Kubat and Matwin selectively under-sampled the majority class while keeping the
original population of the minority class. They have used the geometric mean as a performance
measure for the classifier, which can be related to a single point on the ROC curve where the ROC
curve is a popular measurement evaluating the performance of classifier in imbalance problems. We
describe detail ROC curve in section 2.4.3. The minority examples were divided into four categories:
some noise overlapping the positive class decision region, borderline samples, redundant samples and
safe samples. Another related work proposed the SHRINK system that classifies an overlapping
region of minority (positive) and majority (negative) classes as positive; it searches for the “best
positive region” [49].

Japkowicz [34] discussed the effect of imbalance in a dataset. She evaluated three strategies:
under-sampling, re-sampling and a recognition-based induction scheme. We focus on her sampling
approaches. She experimented on artificial 1D data in order to easily measure and construct concept
complexity. Two re-sampling methods were considered. Random re-sampling consisted of re-
sampling the smaller class at random until it consisted of as many samples as the majority class and
“focused re-sampling” consisted of re-sampling only those minority examples that occurred on the
boundary between the minority and majority classes. Random under-sampling was considered, which
involved under-sampling the majority class samples at random until their numbers matched the
number of minority class samples; focused under-sampling involved under-sampling the majority
class samples lying further away. She noted that both the sampling approaches were effective, and she
also observed that using the sophisticated sampling techniques did not give any clear advantage in the
domain considered.

Another approach that is similar to our work is that of Domingos [65]. He compares the

“metacost” approach to each of majority under-sampling and minority over-sampling. He finds that
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metacost improves over either, and that under-sampling is preferable to minority over-sampling.
Error-based classifiers are made cost-sensitive. The probability of each class for each example is
estimated, and the examples are relabeled optimally with respect to the misclassification costs. The
relabeling of the examples expands the decision space as it creates new samples from which the
classifier may learn.

The information retrieval domain [35], [43] also faces the problem of class imbalance in the
‘dataset. A document or web page is converted into a bag-of-words representation; that is, a feature
vector reflecting occurrences of words in the page is constructed. Usually, there are very few
instances of the interesting category in text categorization. This over-representation of the negative
class in information retrieval problems can cause problems in evaluating classifiers’ performances.
Since error rate is not a good metric for skewed datasets, the classification performance of algorithms
in information retrieval is usually measured by precision and recall (detail in section 2.4).

Even though re-sampling is an often-used method in dealing with the class imbalance
problem, the matter at issue is what is or how to decide the optimal class distribution given a data set.
A thorough experimental study on the effect of a training set’s class distribution on a classifier’s
performance is conducted in [33]. The general conclusion is that, with respect to the classification
performance on the small class, a balanced class distribution (class size ratio is 1:1) performs

relatively well but is not necessarily optimal. Optimal class distributions differ from data to data.

2.3.2 Algorithm-level Approaches

Generally, a common strategy to deal with the class imbalance problem is to choose an
appropriate inductive bias. To develop an algorithmic solution, one needs knowledge of both the
corresponding classifier learning algorithm and the application domain, especially a thorough
comprehension on why the learning algorithm fails when the class distribution of available data is
unever.

For neural networks, a feed-forward neural network trained on an imbalanced dataset may not
learn to discriminate enough between classes [58]. The authors proposed that the learning rate of the
neural network be adapted to the statistics of class representation in the data. They calculated an
attention factor from the proportion of samples presented to the neural network for training. The
learning rate of the network elements was adjusted based on the attention factor. They experimented

on an artificially generated training set and on a real-world training set, both with multiple (more than

58060
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two) classes. They compared this to the approach of replicating the minority class samples to balance
the data set used for training. The classification accuracy on the minority class was improved.

Lewis and Catlett [73] examined heterogeneous uncertainty sampling for supervised learning.
This method is useful for training samples with uncertain classes. The training samples are labeled
incrementally in two phases and the uncertain instances are passed on to the next phase. They
modified C4.5 to include a loss ratio for determining the class values at the leaves. The class values
were determined by comparison with a probability threshold of LR/ALR + 1), where LR is the loss
ratio.

Association-rule mining systems generally employ an exhaustive search algorithm [36] and
are therefore, in theory, capable of finding rare associations. The problem, previously described in
Section 2.2, is that these algorithms become intractable if the minimum level of support is set small
enough to find rare associations. Thus, such algorithms are heuristically inadequate for findjng rare
associations. This problem can be solved by specifying multiple minimum levels of support to reflect
the frequencies of the associated items in the distribution [59].

For the kNN classifier, we see some interesting general trends. The k nearest neighbor
classification algorithm is an instance-based learning method first proposed in [60]. kNN is simple yet
efficient and has been used in the past on classification. In particular, kNN is popular since the only
parameters one needs to choose are k and an appropriate distance metric. In particular, kKNN works
quite well on several imbalance datasets. Since kNN classifies input instance based on local
neighborhoods of the data, the minority class consisted of instances which were very similar to each

other. In this case, simple approaches seem to work best.

2.33 In Learning Classifier System Field

In the Learning Classifier System field, there are few studies analyzing LCS’s behavior with
imbalanced datasets. Holmes [30] addressed this topic in the context of epidemiological datasets, and
adapted EpiCS applying a strategy based on disproportionate reinforcement per class.

In {29], A. Orriols and E.B. Mansilla, proposed a solution dealing with the class imbalance
problem by finding fitness adaptation based on class-sensitive accuracy in combination with UCS, a
supervised LCS derived from XCS, as a useful tool for alleviating the effects of class imbalances.
UCS is also studied in [27], this research analyzes that XCS, UCS and some other learning classifier
systems have their fitness based on accuracy; they present a high bias toward the majority class

instances and evolve easily over-general classifiers. Idea of the proposal is restrict classifiers to cover
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regions formed by examples of a single class and make accuracy class-sensitive rather than instance-
sensitive. Thus, accuracy is modified so that each class is considered equally important regardless of
the number of instances representing in each class. The experiments show that this model evolved
with imbalance level up to i=7.

In addition, in [28], they proposed to adapt value of learning rate of classifiers and the genetic
algorithm triggering rate (0 4)- Their suggestion is to set learning rate according to the proportion of

frequencies between the least occurring niche (f

min

) and the most frequent niche (f, ). If the imbalance
ratio increases, we should also decrease the learning rate. Beside that, this study analyzed the function
of GA triggering rate, if this rate is very low, the genetic algorithm will be activated very often and
will favor the most frequent classifiers. Those classifiers occurring infrequently will recetve a GA
event only when they belong to an action set, A way to counterbalance the reproductive opportunities
of niches is to set the triggering GA rate to a value higher than the maximum delay between
infrequent niches. This would guarantee that all niches will receive the same opportunities, regardless
of the occurrence frequency of each niche.

Another kind of research related to our work is studying Learning Classifier System in
Intrusion Detection [31]. An intrusion detection problem is characterized by huge network traffic
volumes, difficult to realize decision boundaries between attacks and normal activities and highly
imbalanced attack class distribution. Moreover, it demands high accuracy, fast processing times and
adaptability to a changing environment. They presented the results and analysis of two classifier
systems (XCS and UCS) on a subset of a publicly available benchmark intrusion detection dataset
which features serious class imbalances and two very rare classes. They also introduced an approach
for handling the situation when no rules match an input on the test set and recommended this be
adopted as a standard part of XCS and UCS. By experiments, both systems tend to reach near-best

performance in very few passes over the training data.

2.4 Evaluation Measures

The accuracy measure, which is used extensively to compare the performance of classifiers,
may not be well suited for evaluating models derived from imbalanced data sets. For example, if 1%
of the credit card transactions are fraudulent, then a model that predicts every transaction as legitimate

has an accuracy of 99% even though it fails to detect any of the fraudulent activities. This section
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presents some of the measures: precision, recall, F-measure and g-mean used in our thesis for

evaluating the performance of classifiers in imbalance datasets.

24.1 Precision, Recall and F-measure

In classification tasks, one class with very few training samples but high identification
importance is referred to as the positive class; the other as the negative class. Samples can be
categorized into four groups after a classification process as denoted in the confusion matrix presented
in Table 2.1 for bi-class problems and table 2.2 for multi-class problems. In table 2.1, we consider all

others classes as the negative class.

Table 2.1 A confusion matrix for a binary classification problem in which the classes are not equally

important

Predicted Class

+ £

+ | A+ (TP) | f+-(FN)
- | A+ FP) | f(IN)

Actual Class

Table 2.2 A confusion matrix for a multi-classification problem in which the classes are not equally

important

Predicted Class

+ Others

+ | f++(TP) | f+-(FN)
Others | f~+(FP) | f~(TN)

Actual Class

The following terminology is often used when referring to the counts tabulated in a confusion
matrix:

+ True Positive (TP) or f++, which corresponds to the number of positive examples correctly
predicted by the classification model.

+ False Negative (FN) or f+-, which corresponds to the number of positive examples
incorrectly predicted as negative by the classification model.

+ False Positive (FP) or f~+, which corresponds to the number of negative examples

incorrectly predicted as positive by the classification model.
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+ True Negative (TN) or f-, which corresponds to the number of negative examples
correctly predicted by the classification model.

Several measures can be derived using the confusion matrix:

T
» True Positive Rate: TP, ,, =.————i—
TP+ FN
TN
* True Negative Rate: IV, = —————
TN + FP
» False Positive Rate: FP_ = —F—P—-—
TN + FP
F,
- False Negative Rate: N, , = __]\_/'_
TP+ FN

Recall and precision are two widely used metrics employed in applications where successful
detection of one of the classes is considered more significant than detection of the other classes. A

formal definition of these metrics is given below.

TP
Precision, p = ————— 2.1
recision, p TP+ FP (2.1)
Recall, r = —T}—)—— .2)
TP+ FN

Precision determines the fraction of records that actually turns out to be positive in the group
the classifier has declared as a positive class. The higher the precision is, the lower the number of
false positive errors committed by the classifier. Recall measures the fraction of positive examples
correctly predicted by the classifier. Classifiers with large recall have very few positive examples
misclassified as the negative class. In fact, the value of recall is equivalent to true positive rate (TPR).

It is often possible to construct baseline models that maximize one metric but not the other.
For example, a model that declares every record to be the positive class will have a perfect recall, but
very poor precision. Conversely, a model that assigns a positive class to every test record that matches
one of the positive records in the training set has very high precision, but low recall. Building a model
that maximizes both precision and recall is the key challenge of classification algorithms.

Precision and recall can be summarized into another metric known as the F'I-measure.
F = 2rp 2x TP
'"r+p 2xTP+FP+FN

In principle, F, represents a harmonic mean between recall and precision, i.e.,

2
11

...._+_.__
rop

(2.3)

F = (2.4)
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The harmonic mean F1 of two numbers 7 and p tends to be closer to the smaller of the two
numbers. Hence, a high value of F,-measure ensures that both precision and recall are reasonably
high.

More generally, the Fg measure can be used to examine the tradeoff between recall and

precision:

_B+Dmp _ (B +1)xTP
r+fp (B +1)xTIP+p*xFP+FN

(2.5)

Both precision and recall are special cases of Fg by setting 3=0 and =0, respectively. Low

values of 3 make Fjg closer to precision, and high values make it closer to recall.

24.2 g-mean

When the performance of both classes is concerned, both True Positive Rate (TPrate) and
True Negative Rate (TINrate) are expected to be high simultaneously. Kubat et al. [49] suggested the

g-mean defined as

TN,

g —mean = .|TP. ) Jrs 2.6)

rate

g-mean measures the balanced performance of a leaming algorithm between these two
classes. The comparison among harmonic F1, geometric, and arithmetic means are illustrated in [3] by
way of an example. Suppose that there are two positive numbers 1 and 5. Their arithmetic mean is 3,
their geometric mean is 2.236, and their F1-measure is 1.667. The Fl-measure is the closest to the

smaller value and the geometric mean is closer than the arithmetic mean to the smaller number.

243 ROC Analysis

A receiver operating characteristic (ROC) curve is a graphical approach for displaying the
tradeoff between true positive rate and false positive rate of a classifier. In an ROC curve, the true
positive rate (TPR) is plotted along the y axis and the false positive rate (FPR) is shown on the x axis.
Each point along the curve corresponds to one of the models induced by the classifier. Figure 2.3
shows the ROC curves for a pair of classifiers, M, and M,.

There are several critical points along an ROC curve that have well-known interpretations:

(TPR = 0, FPR = 0): Model predicts every instance to be a negative class.
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(TPR = 1, FPR = 1): Model predicts every instance to be a positive class.
(TPR = 1, FPR = 0): The ideal model.

A good classification model should be located as close as possible to the upper left corner of
the diagram, while a model that makes random guesses should reside along the main diagonal,
‘connecting the points (TPR = 0, FPR = 0) and (TPR = 1, FPR = 1). Random guessing means that a
record is classified as a positive class with a fixed probability p, irrespective of its attribute set. For
example, consider a data set that contains n, positive instances an n_negative instances. The random
classifier is expected to correctly classify pn, of the positive instances and to misclassify pn_of the
negative instances. Therefore, the TPR of the classifier is (pn,)/n, = p, while its FPR is (pn)/p=p.
Since the TPR and FPR are identical, the ROC curve for a random classifier always resides along the

main diagonal.
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Figure 2.3 ROC curves for two different classifiers [3]

An ROC cure is useful for comparing the relative performance among different classifiers. In
Figure 2.3, M, is better than M, when FPR is less than 0.36 is superior when FPR is greater than 0.36.
Clearly, neither of these two classifiers dominates the other.

The area under the ROC curve (AUC) provides another approach for evaluating which model
is better on average. If the model is perfect, then its area under the ROC curve would equal 1. If the
model simply performs random guessing, then its area under the ROC curve would equal 0.5. A

model that is strictly better than another would have a larger area under the ROC cure.
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2.5 Summary

This chapter investigates the issues related to mining in the presence of imbalance problems.
The problems that can arise from these two forms of rarity are categorized and described in detail.
Methods for addressing these problems are also described. In most instances the descriptions of the
problems and solution methods include descriptions of relevant research and data mining programs;
thus, this chapter provides a good survey of the literature on data mining with imbalance problems.
This chapter also demonstrates that minority classes and minority cases both suffer from the same set
of problems and generally can benefit from the same solutions. Thus both forms of rarity can be
viewed as being instances of the same basic phenomenon. This realization is described in the next

chapters.



Chapter 3

The XCS Classifier System

Learning Classifier Systems (LCSs) are rule-based systems that automatically build their
rule-set. LCSs seek to gain reinforcement from their environment based on an evolving set of
condition-action rules called classifiers. Via a Darwinian process, useful classifiers in gaining
reinforcement are selected and propagate over those less useful, leading to increasing system
performance. Recently, LCSs and particularly XCS have arisen as promising methods for
classification tasks and data mining. XCS is a most successful kind of learning classifier system that
differs from the traditional kind primarily in its definition of classifier fitness and its relation to
contemporary reinforcement learning. Advantages of XCS include improved performance and an
ability to form accurate maximal generalizations. The goal of this chapter is to offer an overview of
the fundamental aspects of XCS and of the recent developments it is giving rise to.

In order to reach that goal, we first present the two mechanisms on which they rely, namely
Genetic Algorithm (GA) and Reinforcement Learning (RL). Afterward, we present recent research on
XCS with respect to representation and three components: Performance Component, Reinforcement

Component and Discovery Component.

3.1  Background Knowledge

311 Genetic Algorithm

Genetic algorithms (GAs) are part of a class of what is known as evolutionary algorithms [5].
Evolutionary algorithms are computational models that solve a given problem by maintaining a
changing population of individuals, each with its own level of “fitness”. The change in the population
is achieved by the reproduction, crossover and mutation procedures within the method. The operation
of these three procedures is dependent upon the fitness of the individuals concerned. Given a clearly
defined problem to be solved and a binary string representation for candidate solutions, a basic GA

can be represented as in Figure 3.1
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Simple GA(Q) {
Initialize population;
Evaluate population;
While termination criterion not reached {
Select solution for next population;
Perform crossover and mutation;

Evaluate population;

Figure 3.1 Simple Genetic Algorithm structure

Since research on GAs is now a field in itself, we will not survey it in this article. Though
GAs are at their root, LCSs have made limited use of the important extensions of this field. As a
consequence, in order to introduce the GAs used in LCSs, it is only necessary to describe the
following aspects:

— We must classically distinguish between the one-point crossover operator, which cuts two
genotypes into two parts at a randomly selected place and builds a new genotype by inverting the sub-
parts from distinct parents, and the multi-point crossover operator, which does the same after cutting
the parent genotypes into several pieces. Historically, most early LCSs were using the one-point
crossover operator. Recently, a surge of interest on the discovery of complex “building blocks” in the
structure of input data led to a more frequent use of multi-point crossover.

— We must also distinguish between generational GAs, where all or an important part of the
population is renewed from one generation to the next, and steady state GAs, where individuals are
changed in the population one by one without notion of generation. Most LCSs use a steady-state GA,
since this less disruptive mechanism results in a better interplay between the evolutionary process and

the learning process, as explained below.

3.1.2 Markov Chain Model

The second fundamental mechanism in LCSs is Reinforcement Learning. In order to describe
this mechanism, it is necessary to briefly present the Markov Decision Process (MDP) framework and
the Q-learning algorithm, which is now the learning algorithm most used in LCSs. This presentation is

as succinct as possible; the reader who wants to get a deeper view is referred to [66].
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An MDP is defined as the collection of the following elements:

— A finite set S of discrete states s of an agent;

— A finite set 4 of discrete actions a;

_ A transition function P: §x A — I1(.S) where II(.S) is the set of probability distributions
over S. A particular probability distribution Pr{s,, |s, a) indicates the probabilities that the agent
reaches the different s, , possible states when he performs action at in state s,;

— A reward function R: § x 4 = IR which gives for each (s, a) pair the scalar reward signal
that the agent receives when he performs action at in state s,.

The MDP formalism describes the stochastic structure of a problem faced by an agent, and
does not tell anything about the behavior of this agent in its environment. It only tells what, depending
on its current state and action, will be its future situation and reward.

The above definition of the transition function implies a specific assumption about the nature
of the state of the agent. This assumption, known as the Markov property, stipulates that the
probability distribution specifying the s,,, state only depends on s, and 4, but not on the past of the
agent. Thus P(s,, |s, a) = P(s,,|s, @, S}, @15 ++» Sp» G,)- This means that, when the Markov property
holds, knowledge of the past of the agent does not bring any further information on its next state.

The behavior of the agent is described by a policy T giving for each state the probability
distribution of the choice of all possible actions.

When the transition and reward functions are known in advance, Dynamic Programming
(DP) methods such as policy iteration and value iteration efficiently find a policy maximizing the
accumulated reward that the agent can get out of its behavior [66].

In order to define the accumulated reward, a discount factor ¥ € [0, 1]. This factor defines
how much the future rewards are taken into account in the computation of the accumulated reward at

time ¢ as follows:
T max
Re, ()= Z y*0r, (k) (3.1)
k=t

where T can be finite or infinite and r(K) represents the immediate reward received at time k if the
agent follows policy .

DP methods introduce a value function 7™ where V'(s) represents for each state s the
accumulated reward that the agent can expect if it follows policy T from state s. If the Markov

property holds, " is solution of the Bellman equation:
Vse S,V”(S) = Zﬂ(s,,a,)[R(s,,a,) + 7ZP(SI+1 I s,,a,)V”(sM)] 32

S
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Rather than the value function V7, it is often useful to introduce an action-value function Q1r
where QT(s, a) represents the accumulated reward that the agent can expect if it follows policy 7 after
having done action a in state s. Everything that was said of v directly applies to Q‘K, given that V’r(s)
= maxaQw(s, a). The corresponding optimal functions are independent of the policy of the agent; they

are denoted ¥ and Q'.

313 Reinforcement Learning

Learning becomes necessary when the transition and reward functions are not known in
advance. In such a case, the agent must explore the outcome of each action in each situation, looking

for the (s,, a,) pairs that bring it a high reward.

ADAPTIVE LEARNING ARCHITECTURE :

state rainforcement
information feedback wction

ENVIRONMENT

Figure 3.2 In RL problems an adaptive agent interacts with an environment executing actions and

receiving state information and reinforcement feedback.

The main RL methods consist in trying to estimate Vor Q. iteratively from the trials of the
agent in its environment. All these methods rely on a general approximation technique in order to
estimate the average of a stochastic signal received at each time step without storing any information
from the past of the agent. Let us consider the case of the average immediate reward. Its exact value

after k iterations is

nAn .t

E(s)= (3.3)
(5) .
Furthermore,
Hhtr,+..th+
E | 2 M k k+1 3.4
Hl(s) r+1 (3.4)
Thus
k r
E, (s)= —E,(s) + % 3.5
(S k1 +(5) [ (3.5)

Which can be rewritten:
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k+1 1

,
=" E.(s)——— Jrn .
Er®) k+1 ¢(s) k+1Ek(s)+k+1 (3.6)
Or
) 1
E,.(s)=E, (s)+—m[r,m ~E,(s)] 3.7

Formulated that way, we can compute the exact average by merely storing k. If we do not
want to store even k, we can approximate 1/(k + 1) with, which results in equation (3.7) whose general
form is found everywhere in RL:

E,. () =E(s)+ dr,,,— E(s)] (3.8)

The parameter @, called learning rate, must be tuned adequately because it influences the
speed of convergence towards the exact average.

We do not detail all of the RL method relying on this estimation principle. We only give the

update equation of the Q-learning algorithm, which is the following:
Os»a,) < Qs,,a,) +alr,, + ymaxQ(s,,,a) = Qsa)] - GI)

3.2 Classifier Rule Encodings

This section reviews some of the ways in which rules, and especially rule condition, have
been represented in LCS. There are a number of different types of classifier rule encoding that have
been used with classifier systerns and, in particular, with the XCS classifier system including binary,
continuous-valued and integer-valued intervals, messy, s-expression and even neural and fuzzy

encodings have been used.

3.2.1 Binary

Binary appears to represent the first type of encoding used in the classifier system, which
may be a result of the close historical development between the classifier system and Genetic
Algorithms. A great deal of analytical work has been carried out on binary Genetic Algorithms (the
standard encoding for this technique), which will have an indirect relevance to any analysis of binary-
encoded classifier systems. Using what we will call the standard ternary LCS language each rule has a
single condition and a single action. Conditions are fixed length strings from {0, 1, #}, while rule
actions and environmental inputs are fixed length strings from {0, 1}.

A rule’s condition c is said to match an environmental input m if for each character m, the

character in the corresponding position c, is identical or the wildcard (#). For example, the condition
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00# matches two inputs: 000 and 001. The wildcard is the means by which rules generalize over
environmental states; the more #s a rule contains the more general it is. The most general 3-bit rule
condition is ###, and the most specific are those without any #s, e.g., 000, 001, 010 and so on. Since

actions do not contain wildcards the system cannot generalize over them.

3.2.2 Messy

In [15), Lanzi presented a version (mXCS) of the XCS classifier system which has a Messy-
encoding for classifier rule conditions. The implementation is very similar to the standard Binary
implementation except for the classifier-specific issues related to matching and the cover operator. In
particular, an under-specified sensor is seen by the classifier system as a don’t care for that sensor
while positional precedence is used for any over-specified sensor value. The cover operator makes use
of this under-specification by generating a random condition of messy genes where the probability of
including a given sensor position is P, (the messy gene’s value is taken directly from the
environmental state). In addition, a constraint is enforced in which a covered condition must have at
least one gene in order to avoid trivial classifier rules. In order to overcome problems related to the
proliferation of classifier rules with many under-specified sensors, Lanzi modified the mutation
operator and matching procedures. In particular, the mutation operator was extended such that p,,,,,, =
D.ones @ Messy gene that matches one of current sensory inputs can be added or a messy gene can be
removed with probability p_,, and p,, ., respectively. The matching procedure was modified such
that a condition only matches the cur;ent sensor input if all sensor values (if over-specified) match the
sensors. These modifications allowed the Messy XCS classifier system to achieve optimal
performance for the test environments used, matching the performance of the Binary XCS system for

the same environments.

323 Continuous-Valued and Integer-Valued Intervals

In [11], Wilson presented a version (XCSR) of the XCS classifier system [8] for problems
which can be defined by a vector of bounded continuous real-coded variables. In [11], a condition C is
defined as consisting of / interval predicates of the form {{c,, s,},..., {c, 5} }, where c, is the interval’s
range centre, s, is the spread from that centre and / is the number of variables. This is termed the
Centre-Spread encoding throughout this study. Each interval predicate’s upper and lower bounds are
calculated as follows: [c; - s; ¢; + s]. If an interval predicate goes outside the variable’s defined

bounds, it is truncated. In order for a classifier rule to match the environmental stimulus, each input
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vector value must be within the interval predicate defined for that variable. In [17], Wilson described
the XCSI classifier system, which uses a different kind of numerical encoding for multi-variable
problems. A solution is defined as a vector of integer-coded interval predicates in the form {[/,, u},...,
[1, u]}, where /, and u, are the intervals’ lower and upper bounds, respectively. Although, there is no
necessity for integers in this type of interval encoding, a real-coded version would be trivial to

implement.

3.24 Fuzzy Sets

The idea of a fuzzy set is an alternative to the crisp set defined in standard set theory. In [19],
Bonarini et al present a comparison between a crisp and a fuzzy Leaming Classifier System
(“Michigan-style”) for a robot navigation application. The crisp representation used is analogous to
the continuous interval encoding described above. Both classifier systems use rules whose condition
represents a conjunction of symbolic values for both the input variables and output variables. In the
crisp system, each symbol describes an interval of real-values for a given variable while in the fuzzy
system, each symbol represents a fuzzy subset of the given variable’s range. Conditions may also
contain don’t care symbols which are used to identify irrelevant variables. In addition, symbols used
for each output variable corresponds to a crisp value. The system uses a fuzzy aggregation operator
[1] to combine the proposed actions, or turmmed in to a crisp output value. The interested reader is

referred to [18] for an overview of fuzzy-encoded Learning Classifier Systems.

325 S-expressions

In [16], Lanzi presented a version (XCSL) of the XCS classifier system that uses a general-
purpose representation for classifier rule conditions, namely, s-expressions. The implementation of
the XCSL classifier system was both clarified and extended in [16] and as such [16] forms the basis of
the following description. In particular, the XCSL classifier system works in the same way as the
standard XCS system except that it differs in four important ways, that is, during condition matching,
the cover operator, the genetic operators used in the discovery component and condensation. Lanzi
discovered a tendency in the XCSL system to evolve large populations of over-complicated classifier
conditions making analysis of evolved solutions impossible. In fact, Wilson [8] suggested that
executing a condensation phase at the end of a period of learning would cause the classifier system to
compact its knowledge without loss of performance. The condensation phase involves executing the

Genetic Algorithm with no recombination or mutation operators. This causes weaker individuals to be
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removed allowing fitter individuals to reproduce preferentially. As a result of these modifications, the
XCSL classifier system was shown to outperform C4.5 at high level of statistical significance (P <

0:005) [16].

3.2.6 Neural Nets

In [20], Bull and O’Hara introduced two new versions of the XCS system, that is, X-NCS
which uses a Multi-layer Perceptron encoding and X-NFCS which uses a Radial Basis Function
encoding. In the first encoding, a single, fully connected Multi-layer Perceptron replaces both the
condition and action parts of the standard classifier rule as represented by an arbitrary concatenation
of network weights that described an instantiation of an Multi-layer Perceptron. All Muiti-layer
Perceptron rules have an input node for each input variable, a fixed-size hidden layer and n + 1 output
nodes where n represents the number of possible actions. The output node with the highest output
value represents the classifier rule’s proposed action except when the extra output node has the
highest output value which signifies that the classifier rule should not be added to the Match Set. In
the second encoding, a fully connected Radial Basis Function replaces the standard classifier rule and
is represented by an arbitrary concatenation of basis function centers, widths and network weights
describing an instantiation of an Radial Basis Function. The system works in the same way as the X-
NCS, except a positive response on the extra node is all that is required to stop the rule being added to
the Match Set. Bull and O’Hara suggest that the X-NFCS classifier system is capable of building co-
evolutionary solutions such that “different rules emerge to handle different regions of the input space
together covering the total problem space”. An added advantage to both types of neural representation
is the capability to describe both discrete and continuous action spaces.

In conclusion, after analysis all kinds of representations and all kinds of UCI datasets used in
this thesis, we see that the third representation, continuous-valued and integer-valued intervals are
suitable for our imbalance data. So, in this thesis, all experimental results are gotten by using this

representation kind. In the next sections, we introduce three main components of XCS.

3.3  Performance Component

Figure 3.3 gives an overall picture of the system, which is shown in interaction with an

environment via detectors for sensory input and effectors for motor actions.
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Performance of XCS {

Step 1: Initialize population

While termination criterion not reached {

Step 2: Encoding input by Detectors
Step 3: Creating Match set [M]
Step 4: Calculating Prediction Array
Step 5: Creating Action set [A]

Step 6: Decoding the output by Effectors

Step 7: Get reward and update parameters

Step 8: Using a niche GA to generate new rules

Figure 3.4 Pseudo code of XCS performance

Given a clearly defined problem to be solved and a string representation as described in

section 3.2, XCS performance can be represented as in Figure 3.4 and Figure 3.5. As we see, XCS

represents an iterative process. Each iteration is called a generation. The number of generations is

based on the complexity of problem needed to solve. The environment at times provides a scalar
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reinforcement, here termed reward. The box labeled [P] contains the classifier population, and shows
some example classifiers. The left side of each classifier consists of a single condition; the right side
codes an environmental action. Associated with each classifier are prediction, prediction error, and
fitness parameters, symbolized by p, €, and F, respectively. Where prediction p is an average of the
payoff received - internal or external - when that classifier’s action controlled the system; prediction
error € is an average of a measure of the error in the prediction parameter; and fitness F is an inverse
function of the prediction error.

Here, we explain performance of XCS detail step by step as following:

Step 1: Initialize population. The population has a fixed maximum size N and may be
initialized in a variety of ways: with N randomly generated classifiers; with potentially useful “seed”
classifiers; with no classifiers; or with one general (condition consisting of #’s) classifier for each
action; etc. The initial values of p, €, and F can be set more or less arbitrarily; there is little effect on
performance.

Step 2: Encoding input by Detectors. Encoding input is one of three encoding tasks in XCS.
The two other encoding tasks are: encoding condition and encoding action. As described in section
3.2, there are several ways to represent condition of classifier as well as input of environment. A
simple example will help us to understand how an XCS works. Let us classify a classification problem
having 2 input attributes: Al and A2, each attribute has 4 possible values: {0, 1, 2 and 3}. For
simplicity, we may assume that Al and A2 take only integer values. Thus, the input can be encoded

with only four genes:

Table 3.1 Condition Encoding

Binary Binary Binary Binary
Al A2 Al A2 Al A2 Al | A2
Code Code Code Code
0 0 0000 1 0 0100 2 0 1000 3 0 1100
0 1 0001 1 1 0101 2 1 1001 3 1 1101
0 2 0010 1 2 0110 2 2 1010 3 2 1110
0 3 0011 1 3 0111 2 3 1011 3 3 1111

Classifier systems employ a “don’t care” (#) symbol in the syntax of their conditions and thus

permit the formation of generalizations. For example, the condition 00## matches four inputs: 0000,
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0001, 0010 and 0011. In this input, we ignore the value of attribute A2 or we can get more general
classifiers when using #’s symbol.

For encoding action or class of input problem, XCS usually uses binary code for action
presentation. For instance, one classification problem has four classes: 0, 1, 2 and 3, we can encode

these actions as following table:

Table 3.2 Action Encoding

Class Binary Code
0 00
1 01
2 10
3 11

Step 3: Creating Match set [M]. At each step, an input from environment used to build a
match set [M], which is formed by all the classifiers in [P] whose conditions are satisfied by the input
example. The binary input string S = {0, 1}' is matched with the conditions that specify the attributes
it requires to be match set. If the condition part is satisfied by the current problem instance, the
classifier is said to match. Table 3.3 shows an example of a potential problem instance and all

conditions that would match this problem instance.

Table 3.3 All classifier conditions whose specified attributes are identical to the corresponding values
in the problem instance match the current problem instance. The more general a condition

part, the more problem instances it matches.

Instance | Matching conditions Matching problem instances Condition
1001 1001 1001 1001
100# 10#1 1#01 #001 1001 1000 100#
10#  1#0# #OO#  1##1 1011 1010 1001 1000 10##
#0#1 ##01 ###1  #H0# 1111 1101...0011 0001 #HH
HO#H i 1111 1110...0001 0000 | ####
HH
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If the number of actions represented in [M] is less than a threshold 0 then covering is

triggered to create a new classifier that matches the current input and has a random action from those
not present in [M].
Step 4: Calculating Prediction Array [PA]. From the resulting match set, an action must be

selected and sent to the environment. For this purpose, a payoff prediction P(a,) is computed for each

action g, in [M] as following equation:

P(a;) = 20k (3.10)
2.7
P(a) estimates the payoff that the system will receive if action a, is chosen. It is computed as
fitness-weighted average of the predictions of all classifiers proposing that action. For example, in
figure 3.5, the system has 4 actions: 00, 01, 10 and 11, but Match set [M] contains only 2 actions: 01
and 11, so P(a = 00) = P(a = 10) = 0 (nil) while P(a = 01) and P(a = 11) are calculated as following:

2 P(a=0D*F(a=01) 43%99+27*3

P(a=01)= =425

‘e S F(a=01) 99+3

P(a=11)=ZP(azll)*F(“zll)=14*52+18*92=166
D F(a=1}) 52492 '

Step 5: Creating Action set [A]. Many action-selection methods are possible. The system
may simply pick the action with the largest prediction; for brevity, we shall call this deterministic
action selection. In figure 3.5, action 01 is chosen based on deterministic action scheme.
Alternatively, the action may be selected probabilistically, with the probability of selection
proportional to P(a,.); we shall call this roulette-wheel action selection. In some cases the action may
be selected completely at random (from actions with non-null predictions), ignoring the P(a,). There
are of course additional schemes. The chosen action determines the action set [A] which consists of
all the classifiers in [M] advocating this action.

In classification, the winning action is usually selected using either pure explore mode or pure
exploit mode. In pure explore mode, the action is selected randomly. This makes sense during
training, i.e., when the system is learning the consequences of all possible actions for a given input. In
pure exploit mode, the action is selected deterministically according to the highest prediction. This is
used in test, that is, when the system classifies new unseen instances based on the knowledge it has

acquired.
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Step 6: Decoding the output by Effectors. Decoding is the opposite process - the conversion

of an encoded format back into the original sequence of characters. By conversing table 3.2, we have

Action Decoding table as following:

Table 3.4 Action Decoding

Binary Code Class
00 0
01 1
10 2
11 3

Step 7: Get reward and update parameters. The technique update parameters used in XCS is

closer conceptually and algorithmically to Q-learning [66], a theoretically grounded and widely used

technique in contemporary reinforcement leamning. This step is described detail in section 3.4.

Step 8: Using a niche GA to generate new rules. This is the final step in the performance of

XCS, also the most complex. By using accuracy-based fitness and niche GA, two equally accurate

classifiers where one matches a subset of the states matched by the other, the more general classifier

a

will win out because it has more reproductive opportunities. We describe detail this step in section 3.5

| 0011 Environment
| Detcctors |
[P} match  (Step 2)
p £ F
#011:01 43 01 99
11#%#:00 32 13 9
(Step D] pomni11 14 05 852 01
001#:01 27 24 3
#081-11 18 .02 02 (Step 6)
1#01:10 24 17 15
-1 {8
| Reward
If’ﬁ,'}‘]tch Sej (Step 3) (Step 5 Action Set
Prediction ~ (5®P3) a] "\
#011:01 43 01 99 Array action
HOHE: 11 14 05 52 #011:01\ 43 .01 99
#021:11 18 .02 92 (Step 4 selection

Figure 3.5 Detail schematic illustration of XCS

(Step7)
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3.4  Reinforcement Component

XCS’s reinforcement component consists of updating the prediction, prediction error and
fitness of classifiers in the action set [A}, as shown in Figure 3.4.

In classification problems, classifier parameters are updated with respect to the immediate
feedback R in the current action set [A]. In multi-step problems, all classifiers in [A] are updated with
respect to the immediate reward R plus the estimated discounted future reward as follows:

Q=max,_, P"'(x) (3.11)
where the (¢ + 1) term refers to the prediction array in the consequent learning iteration ¢ + 1.

The prediction p; of the classifiers in [A] using standard Widrow-Hoff delta rule [21] is

updated by:

pi<p;+pp-p;) (3.12)
where 0 = R in classification problems and 0 = R + “/Q in multi-step problems. Parameter B € [0, 1]
denotes the learning rate influencing accuracy and adaptation of the moving average prediction.
Similar to the learning rate dependence in reinforcement learning (see section 3.1.3), a higher learming
rate (3 results in less history dependence and thus faster adaptation but also higher variance if different
reward values may be received.

Next, prediction error € of each classifier in [A] is updated by:

g, <¢+p(p—R|-¢;) (3.13)
with the same notation as in the update of p. Note how XCS essentially applies a Q-learning update.
However, Q-values are not approximated by a tabular entry but by a collection of rules expressed in
the prediction array P(4).
The fitness value of each classifier in [A] is updated with respect to its current scaled relative

accuracy K, which is derived from the current reward prediction error € as follows:

£; v .
k=195, ) 0 5% (14
1 otherwise
K-num
K'= (3.15)
z cl.x-clnum

cle[A]
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Figure 3.6 The scaling of accuracy K is crucial for successful selection of genetic algorithm

Essentially, K measures the current absolute accuracy of a classifier using a power function
with exponént v to further prefer low error classifiers. Threshold €, denotes a threshold of maximal
error tolerance. That is, classifiers whose error estimate € drops below threshold €, are considered
accurate. The derivation of accuracy K with respect to € is illustrated in Figure 3.5. The relative
accuracy K’ then reflects the relative accuracy with respect to the other classifiers in the current action
set. In effect, each classifier in [A] competes for a limited fitness resource that is distributed
dependent onx - num.

Finally, fitness estimate F is updated with respect to the current action set relative accuracy

K’ as follows:
F « F + f(x'-F) (3.16)
In effect, fitness reflects the moving average, set-relative accuracy of a classifier. As before,

(3 controls the sensitivity of the fitness.

3.5 Discovery Component

The rule discovery system is the third and final of XCS’s major subsystems. It is responsible
for the generation of new rules and the removal of old rules. Rules may be created in one of three
ways: 1) as part of a random initial population, 2) by covering, and 3) by the genetic algorithm. Each
of these is discussed in turn, along with the selection of rules for deletion, subset deletion, and the

initialization of newly created rules.

Random Initial Populations
One approach to initializing the rule population in XCS is to fill it with random rules at the
outset. N rules are generated, each with a random condition and random action. Each bit in a rule’s

condition is a # with probability P,, otherwise it is equally likely to be a 0 or 1. This produces a
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random initial population consisting of more and less general hypotheses. In practice, however,

covering has almost always been used instead.

Covering

The alternative to creating a random initial population is to start with an empty initial
population and create matching rules as needed through covering. When a classifier is created through
covering, its condition is a copy of the current environmental input and it is given a randomly chosen
action. Each character in the condition is then mutated with probability P, into a #. This procedure
allows the newly generated rule to generalize, but guarantees that it matches the current input. The
covering classifier is then inserted into [P] and if the population size limit is exceeded, a classifier is
deleted using the normal method. When covering is used to initialize a population, it normally occurs
only a few times at the beginning of the run. This is sufficient to start the system, after which the

genetic algorithm takes over.

The Niche Genetic Algorithm

Most LCSs employ a panmictic GA, that is, all classifiers are eligible for selection as parents.
XCS, however, employs a niche GA, in which only a subset of classifiers participates in the process
of selecting parents. In other words, the niche GA is a form of restricted mating scheme. The niche
GA was first introduced by Booker [71] as a way of focusing genetic search. Booker reasoned that
since the rules in a match set were related (in that they apply to the same input), crossover among
them would be more productive than crossover between unrelated rules, In XCS the GA originally
operated upon [M] [8] but was moved to [A] when Wilson realized this was more effective [10].

Selection: The probability of a classifier being selected for reproduction is proportional to its
fitness [8). In practice, Wilson and others have used roulette wheel selection.

Genetic Operators: Copies of the parent classifiers are generated and then transformed using
standard genetic algorithm operators. One point crossover occurs with probability X per pair of
chromosomes (i.e., per pair of bit-string) and point mutation occurs with probability [4 per allele (i.e.,
per bit) [8]. Crossover only occurs in the conditions, but mutation occurs in both the condition and

action [9].
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Crossover

Figure 3.7 The Genetic Algorithm cycle

Deletion: If [P] contains less than N members, the copies are inserted into the population and
no compensating deletion occurs. Otherwise, two classifiers are deleted stochastically from [P] to
make room. There are two methods of selecting the classifiers to be deleted:

1. Every classifier keeps an estimate of the size of the action sets in which it occurs. The
estimate is updated every time the classifier takes part in an [A], using the MAM technique with rate
B. A classifier’s deletion probability is set proportional to the action set size estimate, which tends to
make all action sets have about the same size, so that classifier resources are allocated more or less
equally to all niches (action sets). This deletion technique is similar to one introduced by Booker [71]
for the same purpose.

2. A classifier’s deletion probability is as in (1), except if its fitness is less than a small
fraction & of the average fitness of population. Then the probability from (1) is multiplied by the
average/mean fitness divided by the classifier’s fitness. If for example 0 is 0.1, the result is to delete

such low-fitness classifiers with a probability 10 times that of the others.
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3.6 Summary

This chapter has given detailed specification of an accuracy-based classifier system called
XCS, which add to the classical Reinforcement Learning framework the possibility of representing
the state as a vector of attributes and finding a compact expression of the representation so induced.
Their formalism conveys a nice interaction between learning and evolution, which makes them a class
of particularly rich systems, at the intersection of several research domains. As a result, they profit
from the accumulated extensions of these domains.

In effect, XCS is designed to evolve a complete, maximally accurate, and maximally general
problem solution represented by a population of classifiers. Each classifier defines a problem
subspace in which it predicts the corresponding Q-value accurately.

While the base XCS system introduced in this chapter leamns a generalized representation of
the underlying Q-value function, it should be noted that XCS is not limited to approximating Q-
functions. In fact, XCS can be modified yielding a general, online leaming function approximation
technigue [22). Due the rule-based structure, XCS is designed to partition its space dependent on the
representation of classifier conditions. Each classifier then -approximates, or predicts, the actual
function value in its defined subspace. In the base XCS, conditions define hyper-cubes as subspaces
and predict constant reward values-consequently applying piece-wise constant function
approximation. Wilson [22] experimented with piecewise linear approximations. Lanzi [16]
experimented with S-expressions for conditions. Dependent on the problem structure at hand, other
condition representations may be applied. Similarly, other prediction methods are imaginable.

This chapter introduces the XCS classifier system. We provide a concise description of
problem representation and all fundamental mechanisms. The algorithmic description found in
Appendix A provides an exact description of all problem notation and parameters in XCS facilitating

the implementation of the system.



Chapter 4

Guidelines for XCS in Imbalance Problems

This chapter analyzes effects of imbalance problems to XCS’s performance on population
initialization and on the creation and deletion of classifiers of the minority class. We show that XCS
with standard parameter settings is quite robust to class imbalances. For high class imbalances, XCS
suffers from biases toward the majority class. We provide guidelines to improve performances of A
XCS by setting parameters appropriately. Specially, the inheritance procedure of classifiers’
parameters mutation and subsumption are analyzed and improvements in XCS’s mechanisms are
proposed to effectively and efficiently handle imbalance problems. To investigate these points, we
undertake a general analysis of all evolutionary pressures of XCS in classification. Evolutionary

pressures can be regarded as evolutionary biases that influence or bias learning in XCS.

4.1 XCS in Classification

As introduced in the previous chapter, XCS represents the knowledge extracted from the
problem in a set of rules. From [11], XCS is extended to represent continuous state spaces with using
hyper-rectangle codification. In the hyper-rectangle representation, the condition of the rule is
represented as a concatenation of interval predicates of type [/, u,], where [, and v, are the lower and
upper extremes of the hyper-rectangle in each dimension i, /, Su,, 1 < <5 and n is the number of
attributes. A condition ([7,, u,}, [1,, u,], ... [1,, u,]) matches an input example (x,, x,, ..., x,) if and only
if Vi=1I...n,1, <, <u, XCSI [17] introduced this type of representation for integer attributes, where
I, and u, were integers. We can see that this representation can be easily adapted to deal with real
attributes, by coding /, and u, as real.

The hyper-rectangle representation is used to analyze the properties of the decision
boundaries evolved by XCS. For this purpose, we will use a graphical analysis that shows the evolved
rules and the decision boundaries. To facilitate the graphical display, we restrict the analysis to two-

dimensional data.
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consistently correct rules evolved by XCS, and the decision boundaries obtained

by XCS, respectively.

We select checkerboard domain, a well-known problem in classification, to analyze
performance of XCS. The domain has two real attributes ranging in the interval [0,1], and two classes
distributed in alternating squares drawing a checkerboard in the feature space. Figure 4.1 shows the
checkerboard problem along with the result where (a) is the training set, (b) is the rule-set evolved by
XCS and (c) is the classification boundaries determined by XCS. Plot (a) shows the training points in
the two-dimensional space depicted differently depending on the class to which they belong. The rule-

set evolved by XCS shown in plot (b). The rules are depicted using different line types, depending on
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the class they predict, i.e., a solid line is used for rules predicting class 0, a dashed line for rules
predicting class 1. Plot (c) represents the classification boundaries induced by XCS. This test is done
by using XCS in pure exploit mode, and therefore all the rules evolved by XCS participate in the
process.

It would appear, therefore, that the application of a, possibly modified, form of XCS to data
mining has the potential to address the significant classification problems. This hypothesis was first
identified and examined empirically by [4]. In this work XCS is applied to the Monk data sets, and it
is shown that where an appropriate representation is used XCS can produce a classification rate that is
as accurate as or better than that provided by the closest competitive Machine Leamning algorithm,
even within a noisy problem domain. Works by [25] illustrated the competitiveness of XCS on a
range of further data mining tasks drawn from the UCI Repository. [12] applied XCS to a data mining
problem where the encoding used for the classifiers (a conjunction of range values) was oblique to the
representation required. It was demonstrated that even though the encoding was not appropriate, XCS
would identify and preserve the necessarily large population of optimally general rules.

Furthermore, in [24], the performance of XCS is analyzed and tested on 30 real datasets
which include different characteristics that may imply a factor of complexity for learning systems,
such as high dimensionality, small number of available instances, missing attributes, real-valued
attributes, high number of classes, etc. The performance of XCS is compared to a variety of learning
algorithms: ZeroR, nearest neighbor algorithms: IB1 and IBk, statistical method: Naive Bayes,
induction trees: C4.5, combination of decision trees and the separate-and-conquer rule learning
strategy: PART and Support Vector Classifier System: SMO. The experimental results show that the
overall performance of XCS is comparable to the other well-known learning algorithms or XCS is

completely suitable for solving classification problems.

4.2 XCS on Imbalance Problems

This section analyses effects of imbalance datasets to the performance of XCS. For this
purpose, we run XCS with 11-MUX problem for different imbalance levels and seven UCI imbalance
datasets [67] (table 4.1) with the number in the parentheses indicates the target class we chose as the
positive and all the other classes are regarded as negative. The more detail information of these

datasets is presented in' Appendix C.2.



Table 4.1 UCI dataset description

DATASET (+) Inst. (-) Inst. ir #ALtr.
Echocardiogram 44 88 1:1.2 12
Breast-w 241 458 1:2 9
Wine3 47 129 13 ° 8
Glass7 29 185 1:6 9
Vowel3 90 900 1:10 10
Hypothyroidl 93 3679 1:40 21
Abalonel9 32 4145 1:130 8
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(+) Inst. = number of positive instances, (-) Inst. = number of negative instances, ir = imbalance

ratio, #Attr = number of attributes.

These Boolean functions are defined for binary strings of length / =k+2" under which the first

k bits index into the remaining 2 bits, returning the value of the indexed bit. For example, in the 6-

multiplexer (/=6), the value for the input string 100010 is 1, since the “address”, 10, indexes bit 2 of

the remaining four bits, we do not care the other bits (note that we begin counting from 0 or 00

indexes bit 1 and 01 indexes bit 2 of the remaining four bits). The 64-string input space can be

covered by exactly eight such maximally general classifiers, each having three #s (don’t care symbol)

in its condition so it matches eight strings as described in Table 4.2. The more detail information of

multiplexer problem is presented in Appendix C.1.

Table 4.2 The 6-multiplexer problem

In disjunctive normal form, the 6-multiplexer is fairly complicated:

Majority class Minority class
000###:0 -001###:1
01#0##:0 01#1##:1
10##0#:0 10##1#:1
11###0:0 11###1:1

Fy = Xox1x, + XoX Xy + Xy X, X4 + XX, X5

4.1)
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The imbalance complexity is controlled by means of the probability of sampling an instance
of the minority class P_,. At each learning interaction, the environment chooses an instance
randomly. If it is a majority class instance is passed to XCS with probability P, . If it is not accepted,
a new instance is randomly sampled which undergoes the same decision process. Specially, the
minority class is sampled with probability P, =1/(I+ir) and the majority class sampled with
probability P, =ir/(I1+ir). Another definition is also used that is imbalance level i where i=log,(ir).
Thus, level i=0 represents the balanced multiplexer. For level i =, there are half of the minority class
instances with respect to i-1.

We ran XCS with the following parameter settings (as introduced in [9]): N=1000, 6=0.2,
0=0.1, €,=1, V=5, 0,25, X=0.8, [1=0.04, 0, =20, 06=0.1, §_,=200, P,=0.6. The meaning of
parameters in XCS is provided detail in Appendix A.1. Table 4.3 and table 4.4 show performances of
XCS on standard parameter settings, called standard XCS or XCS shortly to distinguish to our
approach, Cost-sensitive XCS. All experiments presented are averaged over 10 independent runs of
10-fold cross-validation technique [2]. As expected, when imbalance level increases, the performance
of XCS decreases. In 11-MUX problem, XCS’s FI-measure raises to value 1 for imbalance levels up
to i=4. For i=5, Fl-measure is 0.8 and FI-measure is 0.2 for i=6. It means that for lower imbalance
levels, XCS classifies correctly, for imbalance level i=5 or higher, XCS begins to find difficulties
classifying the minority class examples. XCS also encounters this problem in UCI datasets as results
shown in table 4.4. XCS’s Fl-measure reduces from 0.980 to 0 as imbalance ratio increases from
1:1.2 (Echocardiogram data) to 1:130 (4balone data).

We analyzed possible reasons of this problem by looking at the classifier population of XCS,
we found that when imbalance level is high, the population mainly consists of the two most
overgeneral classifiers which contain only #’s symbols (don’t care symbols) at their condition part.
They cover accurately all the instances of the majority class and cover wrongly the instances of
minority class, so, XCS has poor performance for the minority class or FI-measure is low. In the next
chapter, we proposed some methods based on reward setting and ensemble learning to overcome this

problem.



Table 4.3 Standard XCS’s performance on 11-MUX

p T F1 g
0 1 1 1 1
1 1 1 1 1
2 1 1 1 1
3 1 1 1 1
4 0.99+.01 1 0.99+.01 0.99+.01
5 0.8+.002 0.8+.001 0.8+.015 0.8+.015
6 0.2+.01 0.19+.02 0.2+.01 0.2+.01
7 0 0 0 0
8 0 0 0 0
9 0 0 0 0
Table 4.4 Standard XCS’s performance on UCI datasets
dataset P r Fl1 g
Echocardiogram 0.980+.063 0.980+.063 0.978+.047 0.986+.034
Breast-w 0.931+.041 0.967+.042 0.948+.024 0.964+.020
Wine3 0.971+.090 0.748+.311 0.801+.230 0.831+.193
Glass7 0.900+.161 0.867+.172 0.873+.142 0.919+£.099
Vowel3 _ 0.673+.326 0.522+.119 0.590+.233 0.557+.073
Hypothyroidl 0.290+.418 0.217+.343 0.215+.301 0.269+.367
Abalonel9 0+.00 0+.00 0+.00 0+.00

4.3  Population Initialization

(the values following “t” gre standard deviation)
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In this section we analyze the effect of class imbalances on the covering operator, which is

responsible for initializing the population. As described in the XCS introduction, covering creates

classifiers given a problem instance that is not matched by at least one classifier for each possible

classification. Recall, in XCS, reproduction occurs in action sets and deletion occurs in population

sets. Since the population is of fixed size N, if the population is already filled up with classifiers, other
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classifiers are deleted to make space for the new covering classifiers. In the beginning of a run, with a
population of classifiers that have a very low experience, the fitness F' as well as the action set size
estimate as of these classifiers is basically meaningless. Consequently, the deletion method chooses
classifiers for deletion at random. Dependent on the specificity of classifiers generated by covering
(determined by the parameter don ’t care probability P,) the average specificity in the population may
be too high to cover the whole problem space. Thus, it may happen that the population fills up with
over-specialized classifiers and a covering-random deletion cycle continues forever. The issue
basically can only happen if parameter P, is set too low so that the initial specificity in the population
is too high.

In our analysis, we assume that P, is appropriately set to a high value to guarantee the
covering challenge. As the imbalance ratio ir increases, less instances of the minority class will be
sampled during the first iterations. Thus, for high class imbalances, covering will be activated on
examples of any class other than the minority class, and so, all classifiers’ conditions, regardless the
action they advocate, will be mainly a generalization of instances of any class other than the minority
class. However, the covering operator should be applied on enough instances of the minority class to
initially supply the population with sufficient classifiers of the minority class. In the following, we
derive a lower bound of the probability of activating covering when the first instance of the minority
class is sampled.

The situation can be formalized by determining the probability P(cover) that an input is
covered by at least one classifier in a randomly generated population, as a function of the specificity
in the population s([P]) (initially equal to 1 — P,) which is the rate between the number of specific bits
(0 and 1) and the total bits (0, 1 and #) of all classifiers in the population P. First, according to [13] the

probability P(match) that a random classifier matches an input

P(match) = (-S—([—zpl—) +(1- s(P))) = (z—"szL[PD) @.1)

where / is the length of the input string. For example, an input 110100 has /=6. Then, the probability
P(no match in [P]) that no classifier in a randomly generated population matches the current input

string is computed as:

P(no match in [P]) = (1 - P(match))" 43)
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where N denotes the size of the population. Finally, the probability P(cover) that at least one classifier
matches the current input string is derived from the previous equations as
P(cover) = 1 — P(no match in [P])
=1-(1- P(match))"

! N
=1 —(1 -(2—_32(—[’112) J (4.4)

In the imbalance problem with a given imbalance ratio ir, let us assume the worst case where
a) XCS receives ir instances of the other classes before receiving the first instance of the minority
class, and b) the covering operator is triggered for each instance supplying n classifiers per instance
(where n is the number of classes). The probability that XCS covers the first instance of the minority
«class is:

P(cover on_minotty)=1— [l 2 —1-(#]-)-) ] 4.5)
n

The equation supposes that N > n*ir, i.e., that XCS will not delete any classifier during the
first ir iterations. Given a fixed 7 and s[P], the term in brackets in the right hand of the equation
decreases exponentially as the imbalance ratio increases; thus, the probability of covering minority
class instances tends to one exponentially with the imbalance ratio.

Provided that the probability of activating covering is 1 - P(cover), and recognizing that (1 -
r/n)’ =e’, we obtain that the probability of activating covering having sampled a minority class
instance is:

P(activate cov. on. min.) = 1 - P(cover_on_minority)

_ 1~1(2—s([P]))’
n 2

-ir-(l-@)’

re

i {1 QP )’
~e 24

—ireBLP)

e 2 4.6)

which decreases exponentially with the imbalance ratio and, in a higher degree, with the condition

length and the initial specificity. Figure 4.2 depicts the equation for / = 20, n = 2 and different initial
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specificities, showing that the probability of activating covering on the first sampled instance of the

minority class decreases exponentially with the imbalance ratio.

Probabiiity of Activating Covering on the first Minority Class Instance

1

—_olP]=10/P,=00
_o_0lP]=08/P, =02
.. OP1=06/P, =04 [
._A_.O[P]=OA/P'=0.B -

—y_OlP]=08/P,=02 ||
»,‘A :
...... *........................-...........-.....-...............:.. 6.............,....................._
: °°0¢ »
................ .;........-...........-.u.......-....................-..-..-..-......-..‘......0.-:0.’.‘05__‘
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Imbalance Ratio (ir)

Figure 4.2 Probability of activating covering on a minority class instance given a certain specificity
s([P]) and the imbalance ratio ir. The curves have been drawn from formula 4-5 with

different specificity s([P]) and setting 1=20.

The analysis made above shows up that the covering operator fails to supply classifiers
representing correct schemas of the minority class for moderate and high imbalance ratios. In
classification tasks, dynamic re-sampling techniques could be applied to overcome this problem [41].
However, in this chapter we are interested in the intrinsic capabilities of XCS to discover the minority
class, and so, re-sampling techniques will be remained to consider in Chapter 6. Consequently, XCS
will start the search with a high general population that contains few schemas of the minority class.
So, the genetic search will be the main responsible for obtaining the first correct classifiers of the
minority.class. In the next section we analyze the probabilities that the GA generates new classifiers

that represent starved niches.

4.4 Generation of Correct Classifiers of the Minority Class

In this section, we analyze the probability of generating correct classifiers of the minority

class assuming that covering has not provided any classifier representing any schema of the minority
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class. Since mutation is the primary operator for exploring new regions of the input space, we propose
a simplified model where only the effect of mutation is considered. We also assume low values of the
probability of mutation 4 (L <0.5) as it is usual in practice.

Accurate classifiers of the minority class can be obtained while exploring any class in the
feature space. In the following, we derive the probabilities of generating a correct classifier of the
minority class when sampling instances of any class, and gather them together deriving the probability

of generating new correct classifiers of the minority class.

44.1 Sampling Minority Class Instances

A minority class instance is sampled with probability P(inst_, ) = 1/(1 + ir). As XCS chooses
the class to be explored randomly, two possible scenarios are possible: 1) every 1/n times, XCS
activates high rewarded niches of the minority class, and 2) the other (n - 1)/n times; XCS explores
low rewarded niches of another class. Next, we derive the probabilities of obtaining a correct
classifier of the minority class in both cases.

First, if the GA is triggered on a niche of the minority class (assuming that there are not
correci classifiers in the niche), it will generate a correct classifier of the minority class if all the bits
of the schema are set to their correct value, and the class of the classifier is not flipped. We consider
the worst case, that is, that all the bits of the schema need to be changed. That gives the following

lower bound on the probability of generating a new correct classifier of the minority class:

k
P(cl_,, |inst . A niche_; )= (%) -(1-p) 4.7

with A is the probability of mutation and £, is the order of the schema which is the number of defined
bits (non-asterisks) in a schema. The schema H = 1*¥***(, for example, has two defined bits, and thus
its order is 2. That is, the formula defines a parabola on the values of [A; for k =1, the probability is
maximized at JL = 0.5. However, this high value of [l may introduce too much disruption in the
genetic search. When we increase the order of the schema &, the probability of obtaining a correct
classifier of the minority class is decreased.

Second, if the GA is activated on a niche of any class other than the minority class, not only
all bits of the schema have to be correctly set, but also the class has to be mutated to the minority
class. Thus, the lower bound on the probability of GA activating on a niche of any class other than the

minority class to generate a minority class classifier is:

\km
P(cl_;, |inst ;A —niche ;)= (ﬁ) A (6-8)
2 n-1
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As above, the probability of generating a new correct classifier of the minority class depends
on the mutation probability [L and the order of the schema k. Moreover, it also depends inversely on

the number of classes of the problem.

44.2 Sampling Instances of Other Classes

XCS can also create correct classifiers of the minority class when sampling instances that do
not belong to the minority class. The probability of sampling these instances is P(—instmin) = ir/(1 +
ir). Two possible scenarios are possible when an instance of any class other than the minority class is
sampled: 1) a niche of the minority class is triggered, and 2) a niche of another class is triggered. The
first case implies that all the bits of the schema must be specified. The second case also requires that

the class is flipped to the minority class. Thus, the derived probabilities are:

km
P(cl ;, | —inst,,, Aniche )= (%) (1= p) 4.9
klll
P(cl_;, | —inst,, A—niche )= (—EJ  dad (4.10)
2 n-1

These probabilities are equivalent to the ones obtained in formulas (4.7) and 4.8)

respectively. They are guided by the probability of mutation [ and the order of the schema k.

443 Time to Create Correct Classifiers of the Minority Class

Given the derived sampling probabilities and lower bounds of formulas from (4.7) to (4.10),
we a;nalyze the minimum time required to generate the first correct representative of the minority
class. We assume that the genetic event is always applied (0 o« = 0) and only one classifier is created
by the effect of mutation. Under these circumstances, the probability of generating a correct classifier
of the minority class is the sum of the following probabilities:

® The probability p, of generating a minority class classifier when sampling a minority class
k
1 1 "

instance. Thatis, py =—— — B
1+ir n\(2

® The probability p, of generating a minority class classifier when sampling an instance of any

k
b1 n
class other than the minority class. Thatis, p, = T-lr—— —(g)
+ir n

The time required to discover the first representative is derived from the addition of both

probabilities:
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P(cl,) p+p, \H

which depends linearly on the number of classes and exponentially on the order of the schema, but

kn
el o) =— ! =n(—2—) @11)

does not depend on the imbalance ratio.

Thus, even though covering fails to provide classifiers representing schemas of the minority
class, XCS will be able to generate the first correct classifiers of the minority class independently of
the imbalance ratio. In the following, we derive the time until the deletion of these classifiers. With
both the generation and deletion time, we calculate the minimum population size to maintain these

classifiers and ensure the growth of the best representatives of the minority class.

4.5  Deletion Time of Minority Class Classifiers

XCS deletes classifiers depending on their action set size as and their fitness. Having a good
estimation of as, deletion would remove classifiers that belong to numerous niches and have low
fitness; consequently, it would maintain accurate classifiers in starved niches. Nevertheless,
overgeneral classifiers, whose presence is numerous in imbalance domains [28], tend to bias the
action set size estimate of accurate classifiers that belong to the same action sets. Under these
circumstances, deletion may be better approached as a random deletion. As we delete two classifiers

every GA application, we obtain that:

2
P(deletecl . )= — 4.12
(delete cl_, ) N )

From this formula, we derive the time until deletion:
N
t(deletecl ;) = - (4.13)
In the following, we use formulas (4.11) and (4.13) to derive the minimum population size

that guarantees the discovery, maintenance and growth of starved niches.

4.6 Bounding the Population Size

Herein, we use the formulas of generation and deletion of minority class classifiers to derive
two population size bounds. First, the minimum population size to ensure that XCS will be able to

create and maintain correct classifiers of the minority class is derived. Then, the population size
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bound to ensure the growth of the niches that contain these correct classifiers of the minority class is

derived.

4.6.1 Minimum Population Size to Guarantee Representation

Our first concern is to ensure that there would be correct classifiers representing the niches of
the minority class. Our sake is to guarantee that, before deleting any classifier of the minority class,
another correct classifier of the minority class will be created. Thus, we require that the time until

deletion be greater than the time until a correct classifier of the minority class is generated.

t(delete cl_. ) > el ) (4.14)
That is:
2\
N >2n| — (4.15)
7

which indicates that, to guarantee that all the minority class niches of the system have at least
one correct classifier, the population size have fo increase linearly with the number of classes and

exponentially with the order of the schema; however, it does not depend on the imbalance ratio.

4.6.2 Population Size Bound to Guarantee Reproductive Opportunities

Above, we discussed the minimum time required to generate the first correct classifiers of the
minority class. Now, we are concerned about the requirements to ensure that classifiers of minority
class will evolve to better ones.

To ensure the growth of niches of the minority class, we should guarantee that the best
classifiers in the niche receive, at least, one genetic opportunity. Otherwise, XCS could be
continuously creating and removing classifiers from a niche, but not searching toward better
classifiers. As before, we consider 0 o4 = 0; moreover, we assume that the selection procedure chooses
one of the strongest classifiers in the niche. Then, the time required for a minority class classifier to
receive a genetic event is inversely proportional to the probability of activation of the niche it belongs

to:

H{GA niche

min

Y=n-(1+ir) (4.16)

which depends on the imbalance ratio and the number of classes.
To guarantee that these strong classifiers of the minority class will receive a genetic

opportunity before being deleted, we require that:
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t(delete niche

min

) > t(GA nichemin) 4.17)

from which we derive the population size bound:

N>2n-(1+ir) (4.18)

That is, the population size N has to increase linearly with the number of classes and the
imbalance ratio to warrant that correct classifiers of the minority class will receive, at least, one
genetic event before being deleted.

In this section a theoretical model for learning under class imbalances is derived. The analysis
revealed a failure of covering to provide schemas of the minority class for high imbalance ratios,
giving the responsibility for generating correct classifiers of the minority class to the GA. Under this
scenario, a population size bound is developed that indicated that XCS should be able to create and
maintain correct classifiers of the minority class regardless of the imbalance ratio; furthermore, a
second bound denoting that the population size should increase linearly with the imbalance ratio to
ensure the growth of starved niches is described. In the next section we describe the test problems

used to validate the theoretical models developed.

4.7 Summary

In this chapter, we provided theoretical models that analyzed the effects of class imbalances
on the covering operator, the creation and deletion of correct classifiers of the minority class, and the
number of genetic opportunities that these classifiers receive. In recently, much work based on XCS
focuses on data mining, with some excellent results, but there is a need to extend XCS to handle more
challenging and real world problems such as imbalance problems. This chapter extends the theory of
computationa] complexity of XCS [14] to imbalance problems, highlighting the impact of learning
from class-imbalanced domains on different mechanisms of XCS. In order to achieve an optimal
population, XCS has to evolve different niches distributed around the problem subspace. In
imbalanced domains, examples of minority class are sampled in a lower frequency than the others;
thus, niches activated by these instances are poorly nourished. We are interested in the discovering

and maintenance of classifiers belonging to high rewarded niches but poorly nourished; to which we
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refer as correct classifiers of the minority class. For that purpose, three main points: population
initialization, generation of correct classifiers of the minority class and time to extinction of correct
classifiers of the minority class are analyzed. A bound on the population size to ensure that XCS will
be able to maintain correct classifiers of the minority class is presented and that these classifiers will
receive, at least, one genetic event before being removed. In the analysis, we consider problems that
consist of n classes in which one of the classes, addressed as the minority class, is sampled in a lower
frequency than the others. Specifically, the minority class is sampled with a probability 1/(1+ir). From
that, we propose two methods: Cost-sensitive XCS and Sampling Ensemble XCS to solve imbalance
problems which are described in the two next chapters. These methods focus on the creation,

maintenance and deletion of correct classifiers that advocate the minority class.



Chapter §

Cost-sensitive XCS in Imbalance Problems

This chapter presents our first proposed method, Cost-sensitive XCS. We begin with
foundations of Cost-sensitive Learning, reward function and value function in XCS. After that is how
to combine XCS with cost-sensitive learning to solve Imbalance problems. In our approach, the
reward value of correctly identifying the positive (rare) class outweighs the value of correctly
identifying the common class. This chapter provides guidelines to set reward base on the dataset
imbalance ratio and a method to calculate reward online base on the information collected by XCS
during training is also proposed. Experimental results on synthetic and real-life datasets show that,

with appropriate reward settings, XCS is robust to class imbalances.

5.1 Foundations of Cost-sensitive Learning

In many real-world applications, the costs of different errors are often unequal. For example,
in medical diagnosis, the cost of erroneously diagnosing a patient to-be healthy may be much bigger
than that of mistakenly diagnosing a healthy person as being sick, because the former kind of error
may result in the loss of a life. In fact, cost-sensitive learninig has already attracted much attention
from the machine learning and data mining communities. As it has been stated in the Technological
Roadmap of the MLnetll project [51], the inclusion of costs into learming has been regarded as one of
the most relevant topics of future machine learning research. During the past years, many cost-
sensitive learning methods have been developed [45], [47]. However, although there are many
research efforts devoted to making decision trees cost-sensitive [46], [47], [48], only a few studies
discuss cost-sensitive learning classifier systems, while usually it is not feasible to apply cost-
sensitive decision tree learning methods to learning classifier system directly. For example, the
instance-weighting method [48] requires the learning algorithm to accept weighted-examples, which
is not a problem for C4.5 decision trees but is difficult for common feed forward learning classifier
systems. In this section, we present the background of Cost-sensitive learning and its application to

imbalance problems.
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5.1.1 Costs versus Benefits

There are two methods to create a confusion matrix: cost matrix and benefit matrix. When
thinking in terms of costs, it is easy to posit a cost matrix that is logically contradictory because not all
entries in the matrix are measured from the same baseline. For example, consider the so-called
German credit dataset that was published as part of the Statlog project [52]. The cost matrix given

with this dataset is as follows:

Table 5.1 Cost matrix

Actual bad | Actual good

Predict bad 0 1

Predict good 5 0

Here examples are people who apply for a loan from a bank. “Actual good” means that a
customer would repay a loan while “actual bad” means that the customer would default. The action
associated with “predict bad” is to deny the loan. Hence, the cashflow relative to any baseline
associated with this prediction is the same regardless of whether “actual good” or “actual bad” is true.
In every economically reasonable cost matrix for this domain, both entries in the “predict bad” row
must be the same.

Costs or benefits can be measured against any baseline, but the baseline must be fixed. An
opportunity cost is a foregone benefit, i.e. a missed opportunity rather than an actual penalty. It is easy
to make the mistake of measuring different opportunity costs against different baselines. For example,
the erroneous cost matrix above can be justified informally as follows: “The cost of approving a good
customer is zero, and the cost of rejecting a bad customer is zero, because in both cases the correct
decision has been made. If a good customer is rejected, the cost is an opportunity cost, the foregone
profit of 1. If a bad customer is approved for a loan, the cost is the lost loan principal of 5.”

To see concretely that the reasoning in quotes above is incorrect, suppose that the bank has
one customer of each of the four types. Clearly the cost matrix above is intended to imply that the net
change in the assets of the bank is then -4. Alternatively, suppose that we have four customers who
receive loans and repay them. The net change in assets is then +4. Regardless of the baseline, any
method of accounting should give a difference of 8 between these scenarios. But with the erroneous
cost matrix above, the first scenario gives a total cost of 6, while the second scenario gives a total cost

of 0.



60

In general the amount in some cells of a cost or benefit matrix may not be constant, and may
be different for different examples. For example, consider the credit card transactions domain. Here

the benefit matrix might be

Table 5.2 Benefit matrix

Fraudulent | Legitimate

Refuse $20 -$20

Approve X 0.02x

where x is the size of the transaction in dollars. Approving a fraudulent transaction costs the amount
of the transaction because the bank is liable for the expenses of fraud. Refusing a legitimate
transaction has a non-trivial cost because it annoys a customer. Refusing a fraudulent transaction has a
nontrivial benefit because it may prevent further fraud and lead to the arrest of a criminal. Research on
cost-sensitive learning and decision-making when costs may be example-dependent is only just

beginning [53].

51.2 Cost-Sensitive Classification

If the costs are known, they can be incorporated into a financial analysis of the decision-
making process. In the two-class case where the confusion matrix is like that of Table 5.1, the two
kinds of error — false positives and false negatives — will have different costs; likewise, the two types
of correct classification may have different benefits. In the two-class case, costs can be summarized in
the form of a 2x2 matrix in which the diagonal elements represent the two types of correct
classification and the off-diagonal elements represent the two types of error. In the multiclass case this
generalizes to a square matrix whose size is the number of classes, and again the diagonal elements
represent the cost of correct classification. Table 5.3 (a) and (b) show default cost matrixes for the
two- and three-class cases whose values simply give the number of errors: misclassification costs are
all 1.

Taking the cost matrix into account replaces the success rate by the average cost (or, thinking
more positively, profit) per decision.

Although we will not do so here, a complete financial analysis of the decision-making
process might also take into account the cost of using the machine learning tool - including the cost of

gathering the training data — an the cost of using the model, or decision structure, that it produces —
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that is, the cost of determining the attributes for the test instances. If all costs are known, and the
projected number of the different outcomes in the cost matrix can be estimated — say, using cross-

validation — it is straightforward to perform this kind of financial analysis.

Table 5.3 Default cost matrixes: (a) a two-class case and (b) a three-class case

Predicted class Predicted class
yes no a B c
Actual yes 0 1 Actual a 0 1 1
class No 1 0 class b 1 0 1
c 1 1 0
(2) ®)

Given a cost matrix, we can calculate the cost of a particular learned model on a given test set
just by summing the relevant elements of the cost matrix for the model’s prediction for each test
instance. Hear, the costs are ignored when making predictions, but taken into account when evaluating
them.

If the model outputs the probability associated with each prediction, it can be adjusted to
minimize the expected cost of the predictions. Given a set of predicted probabilities for each outcome
on a certain test instance, one normally selects. the most likely outcome. Instead, the model could
predict the class with the smallest expected misclassification cost. For example, suppose in a three-
class situation the model assigns the classes a, b and ¢ to a test instance with probabilities p,, p, and
D, an the cost matrix is that in Table 5.3 (b). If it predicts a, the expected cost of the prediction is
obtained by multiplying the first column of the matrix, {0, 1, 1], by the probability vector, [p,, p,, p.1,
yielding p, + p, or 1 - p_ because the three probabilities sum to 1. Similarly, the costs for predicting
the other two classes are 1 — p, and 1 — p_. For this cost matrix, choosing the prediction with the
lowest expected cost is the same as choosing the one with the greatest probability. For a different cost

matrix it might be different.

5.1.3 Making Optimal Decisions

In the two-class case, the optimal prediction is class 1 if and only if the expected cost of this

prediction is less than or equal to the expected cost of predicting class 0, i.e. if and only if
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P(j = 0x)c,, + P( = 1x)e,, <P(j = 0fx)ey, + P(=1] x)ey, (.1
which is equivalent to
(1 -p)c, + pey, S(l-p)coo + pe,, (5.2)
given p= P(j=1|x). If this inequality is in fact equality, then predicting either class is optimal.
The threshold for making optimal decisions is p. such that
(1=p)cy,+p ey =1=p ey +P ¢y (5.3)
Assuming the reasonableness conditions the optimal prediction is class 1 if and only if p =

p'. Rearranging the equation for p‘ leads to the solution
* Co —C
p = 1. 70 (5.4)
€10 = Coo + €t —Cn

assuming the denominator is nonzero, which is implied by the reasonableness conditions. This

formula for p* shows that any 2x2 cost matrix has essentially only one degree of freedom from a
decision-making perspective, although it has two degrees of freedom from a matrix perspective. The
cause of the apparent contradiction is that the optimal decision-making policy is a nonlinear function

of the cost matrix.

5.2  Guidelines for Reward Setting

In this section, the foundations of reward function, value function from Reinforcement
Learning, a component of XCS, and our reward setting method are introduced. Both synthetic and real
datasets are employed to verify the feasibility of our proposal. The experiments show that our

suggestion can improve performance of XCS on imbalance problems.

5.2.1 Reward Function

As introduced in Chapter 3, XCS is a combination of Reinforcement Learning and Genetic
Algorithm. In reinforcement learning, the purpose of classifiers in single-step tasks or goal of the
agent in multi-step tasks is formalized in terms of a special signal, called the reward, that passes from
the training data to classifiers or from the environment to the agent. The reward is just a single
number whose value varies from step to step. Informally, the agent's goal is to maximize the total
amount of reward it receives. This means maximizing not just immediate reward, but cumulative
reward in the long run. The use of a reward signal to formalize the idea of a goal is one of the most
distinctive features of reinforcement learning. Although this way of formulating goals might at first

appear limiting, in practice it has proven to be flexible and widely applicable.
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A reward function defines the goal in a reinforcement learning problem. Roughly speaking, it
maps perceived states (or state-action pairs) of the environment to a single number, a reward,
indicating the intrinsic desirability of the state. The reward function defines what the good and bad
events for the agent are. In a biological system, it would not be inappropriate to identify rewards with
pleasure and pain. They are the immediate and defining features of the problem faced by the agent. As
such, the reward function must necessarily be fixed. It may, however, be used as a basis for changing
the policy. For example, if an action selected by the policy is followed by low reward then the policy
may be changed to select some other action in that situation in the future. In general, reward functions
may also be stochastic.

In XCS, when the environment returns a reward r, it is used to update the parameters of the
classifiers in action set [4] following order [8]: prediction, prediction error, and finally fitness.
Prediction p is updated with learning rate as follows:

pep+Br-p) (5.:5)
where [ (0 <p=s l) is the leaming rate. Then, the prediction error is updated as:
E &+ ,BG r—pl| —6‘). Finally, classifier fitness is updated in two steps: first, the relative accuracy

K’ of the classifiers in [A] is computed; then K’ is used to update the classifier fitness as:

F « F+ B(x'-F).

5.2.2 Value Function

Whereas a reward function indicates what is good in an immediate sense, a value function
specifies what is good in the long run. Roughly speaking, the value of a state is the total amount of
reward a classifier or an agent can expect to accumulate over the future, starting from that state.
Whereas rewards determine the immediate, intrinsic desirability of environmental states, values
indicate the long-term desirability of states after taking into account the states that are likely to follow,
and the rewards available in those states. For example, a state might always yield a low immediate
reward but still have a high value because it is regularly followed by other states that yield high
rewards. Or the reverse could be true. To make a human analogy, rewards are like pleasure (if high)
and pain (if low), whereas values correspond to a more refined and farsighted judgment of how
pleased or displeased we are that our environment is in a particular state.

Rewards are in a sense primary, whereas values, as predictions of rewards, are secondary.
Without rewards there could be no values, and the only purpose of estimating values is to achieve

more reward. Nevertheless, it is values with which we are most concermmed when making and
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evaluating decisions. Action choices are made based on value judgments. We seek actions that bring’
about states of highest value, not highest reward, because these actions obtain the greatest amount of
reward for us over the long run. In decision-making and planning, the derived quantity called value is
the one with which we are most concerned. Unfortunately, it is much harder to determine values than
4t is to determine rewards. Rewards are basically given directly by the environment, but values must
be estimated and re-estimated from the sequences of observations during training time of classifier or
over its entire lifetime of an agent. In fact, the most important component of almost all reinforcement
learning algorithms is a method for efficiently estimating values. XCS uses Q-learning technique to
estimate prediction value p which is as a value function. In the next sub-section, we introduce how to

set reward of XCS appropriately to solve imbalance data problems.

52.3 Achieving Reward Setting Based on Imbalance Ratio

Because XCS’s fitness is based on accuracy, an inverse value of the classifier’s average
prediction error, it presents a high bias towards the majority class instances. In addition, XCS pays
equally reward for correctly identifying of all classes, combined with the generalization tendency of
the genetic algorithm. This made XCS to evolve easily overgeneral classifiers that cover all the
feature space as analysis in the previous chapter. Making difference of reward for each class could
help in the reduction of overgeneral classifiers. The idea is to assign a greater reward to true positive
classifying than to true negative classifying which will improve performance with respect to the
positive (rare) class. The hope is that the bias introduced on the training data would be able to output a
hypothesis that minimizes the overall costs of the decisions for unknown future examples.

In XCS, the reward computation should be modified. Our suggestion is to set the proportion

of true positive reward (r,,, ... and true negative reward (

o ) according to the proportion of

rrrue_nega:ive

frequencies between the occurring of negative instances (f, eg) and the occurring of positive instances

(os):

r true _ positive f;leg =

= ir (5.6)

r true_negative f pos

The ratio f, /f,, tells us how many examples of the majority class (negative class) are
provided with respect to those of the minority class (positive class) which is imbalance ratio (ir), so

with 11-MUX problem, i=log,(ir) we can rewrite equation (5.6) as follows:

7, W .
true _ positive ne, . i
=P — g —jr=2

g true_ negative pos

5.7
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If the imbalance ratio increases, we should also increase the proportion 7,.,, ,o.in/T e negarive I
addition, the population size should be assured that no niche will be loss (as analyzed in chapter 4). It

should be increased proportionally with the imbalance ratio ir.

Table 5.4 Cost-Sensitive XCS’s performance on 11-MUX

i P r F1 g
0 1 1 1 1
1 1 1 1 1
2 1 1 1 1
3 1 1 1 1
4 1 1 1 1
5 1 0.99+.010 0.99+.013 1
6 0.90+.013 0.91+.027 0.91+.014 0.91+.012
7 0.821+.040 0.833+.097 0.824+.062 0.827+.053
8 0.71%.121 0.712+.311 0.7£:155 0.69+.219
9 0.51+.092 0.512+.113 0.500+.015 0.49+.182
Table 5.5 Cost-sensitive XCS’s performance on UCI datasets
dataset p r F1 g
J Echocardiogram 0.975+.109 1.00+.00 0.983+.062 0.984+.028
Breast-w 0.946+.029 0.971+.044 0.958+.021 0.970+.020
Wine3 0.931+.147 0.842+.295 0.839+.224 0.875+.185
Glass7 0.913+.274 0.900+.161 0.912+.224 0.924+.133
Vowel3 0.812+.147 0.822+.192 0.815+.101 0.817+.153
Hypothyroidl 0.654+.201 0.649+.193 0.655+.178 0.651+.166
Abalonel9 0.500+.198 0.593+.271 0.519+.275 0.553+.203
Average 0.819+.158 0.825+.165 0.812+.155 0.825+.127

We show the performance of Cost-sensitive XCS in table 5.4 and table 5.5. Experimental
results reveal that Cost-sensitive XCS performs better than standard XCS on almost imbalance

datasets. On 11-MUX problem, the proposed system can reach until /=8, which is a notable
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improvement with respect to the initial experiments in the previous chapter. Recall that, with standard
parameter settings, XCS can reach to i = 4 only.

With imbalance datasets having small imbalance ratio as Echocardiogram, Breast-w, Wine3
and i 4 in 11-MUX, both standard XCS and Cost-sensitive XCS work well. On Glass7 and i=5 of
11-MUX, performances of Cost-sensitive XCS are slightly better than that of standard XCS. On
extremely imbalance datasets as Hypothyroidl, Abalonel9 and i =1 of 11-MUX, performances of
Cost-sensitive XCS are significantly better. Furthermore, the tending of evolving overgeneral rules
has been restrained. The population evolved by Cost-sensitive XCS contains accurately and

maximally general rules predicting both the minority class and majority class.

52.4 Online Reward Adaptation

The provided guidelines assumed that the frequency of minority and majority classes is
known. However, in real-world datasets containing class imbalances, the frequencies are unknown. To
solve this problem, our approach is to use information collected during XCS’s training. One way to
estimate this is by averaging the proportion between instances of negative class and instances of
positive class. Employing an idea from Q-learning of Reinforcement Learning [66], we averaged

online imbalance ration as equation following:

e @+ 1) =0, (D) + ¥ ( n()
n(+)

(0) =1, 0&=0.2 is step-size in Q-learning or learning rate in supervised learning; n(-) and

o ironline (t)) (58)

where i7,,;;..
n(+) are number of negative and positive instances gotten in each iteration, respectively.

We calculated ir,,,,, by (5.8), reward calculation as equation (5.6) and we got results as well

line
as table 5.4 and table 5.5 although the training time is longer. That is because of Cost-sensitive XCS
needing some time to realize the imbalance ratio of problems. The online reward adaptation simplifies
Cost-sensitive XCS’s tuning, since it does not require a previous estimation of the imbalance ratio,

which is important for Cost-sensitive XCS’s performance.

5.3 Cost-Sensitive XCS in Multi-Class Tasks

Some of the classification techniques, described in this chapter, are originally designed for
binary classification problems. Yet there are many real-world problems, such as character recognition,

face identification, and text classification, where the input data is divided into more than two
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categories. Learning with multiclass tasks is more difficult than with two-class tasks and a higher
degree of class imbalance may increase the difficulty. First, we overview several approaches and then
present our proposal for extending the binary classifiers to handle multiclass problems. To illustrate
these approaches, let Y= {y,, 5,, ..., y,} be the set of classes of the input data.

The first approach decomposes the multiclass problem into X binary problems [54]. For each
class y, € Y, a binary problem is created where all instances that belong to y, are considered positive
examples, while the remaining instances are considered negative examples. A binary classifier is then
constructed to separate instances of class y, from the rest of the classes. ’fhis is known as the one-
against-rest (1-r) approach.

The second approach, which is known as the one-against-one (1-1) approach, constructs X(X-
1)/2 binary classifiers, where each classifier is used to distinguish between a pair of classes, (v, ¥)-
Instances that do not belong to either y, or y, are ignored when constructing the binary classifier for (y,

‘yj). In both 1-7 and 1-1 approaches, a test instance is classified by combining the predictions made by
the binary classifiers. A voting scheme is typically employed to combine the predictions, where the
class that receives the highest number of votes is assigned to the test instance. In the 1-r approach, if
an instance is classified as negative, then all classes except for the positive class receive a vote. This
approach, however, may lead to ties among the different classes. Another possibility is to transform
the outputs of the binary classifiers into probability estimates and then assign the test instance to the
class that has the highest probability.

In this section, we present a method extended from our proposal in section 5.2 by using 1-n
approach for solving multi-class cost-sensitive learning problems. We establish some theoretical
guarantees concerning the performance of this method. We also empirically evaluate the performance
of the proposal method using benchmark datasets and verify our proposed method to performance of
standard XCS. We propose that the reward of instance in one class classified correctly should be set
according to the proportion of frequencies between the occurring of the minority class and the
occurring of instances in that class by following equation:

+ Reward of minority class: H(minority) = maximum reward = 1000

+ Reward of instance, in class i, classified correctly:
n(minority) ,

lass i) =
riclass ) n(class i)

r(minority) (5.9
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We run XCS with the proposal on eight multi-class UCI datasets shown in table 5.6, there

are. The more detail information of these datasets is provided in Appendix C.2. The results on them

. with standard XCS and Cost-sensitive XCS are shown in table 5.7

Table 5.6 UCI Datasets Used in the Empirical Study

Data set Size Attribute Class Class distribution
lymphography 148 9B 9N 4 2/4/61/81
glass 214 9C 6 9/13/17/29/70/76
ecoli 336 10C 6 2%2/5/20/35/52/77/143
vowel 990 10C 11 90*11
optdigits 5600 64N 10 552/557/558*2/560/562/566/568/571/572
satellite 6435 36C 6 626/703/707/1358/1508/1533
pendigits 10992 16N 10 1055*4/1056/1142/1143%2/1144*2
letters 20000 16N 26 734*2/736/739/747/148/152/153/755/
758/761/764/766/768/173/775/783*2/
786/787/ 789/792/796/803/805/813

(B: Binary, N: Nominal, C: Continuous)

The results from table 5.7 show that, Cost-sensitive XCS performs better than Standard XCS
on seven of nine datasets. The most significant improvement is in e-coli dataset where F1 increases
from 0.772 to 0.821. The second improvement is in letters dataset from 0.759 to 0.823. Both Standard
XCS and Cost-sensitive XCS encounter problem when classify lymphograhy dataset. Standard XCS
reaches to 0.286 while Cost-sensitive XCS performs better with 0.333 in term of Fl-measure.
Although this dataset has small number of instance, the imbalance ratio is chosen to test is high
(2.70% of minority instances). There are two datasets: glass and optdigits where Cost-sensitive XCS
performs worse than Standard XCS.

We can conclude that cost-sensitive learning is relatively easy on two-class tasks while hard
on multi-class tasks. This is not difficult to understand because an example can be misclassified in
more way in multiclass tasks than it might be in two-class tasks, which means the multiclass cost
function structure can be more complex to be incorporated in any learning algorithms. Investigating
the nature of multi-class cost-sensitive learning and designing powerful learning methods remain

important open problems.
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Table 5.7 Performance of Standard XCS and Cost-sensitive XCS on muiti-class UCI datasets

Datasets Standard XCS Cost-sensitive XCS
e-coli 0.722 0.821
glass 0.769 0.750
letters 0.759 0.823
lymphography 0.286 0.333
optdigits 0.957 0.946
pendigits 0.957 0.981
satellite 0.949 0.966
vowel 0.922 0.960
Average 0.790 0.823

54  Adapting Other Parameters

In XCS, there are many other parameters that could be adjusted. We think it is significant that
XCS works well with the default parameter settings. However, it might be possible to substantially
improve the performance of XCS with tuning some of these parameters. In this section, we explore
the settings of parameters €(), ¥ and (. These parameters affect to calculate accuracies of classifiers.
Changing accuracy also changes fitness so that we expect the genetic algorithm to be guided towards

classifiers predicting correctly instances of minority class.

54.1 Parameter €, ¥ and (! Dependence in Imbalance Problems

As noted in Chapter 3, a classifier’s fitness is based on the accuracy of its payoff prediction.

The fitness is arrived at in steps. First, the classifier’s accuracy K; is computed using the formula:

g; ~
K, = a(g) » £;28 (5.10)
1 otherwise
In this expression, €, is a threshold such that if the classifier’s error is less than €,, the
classifier is deemed “accurate”, and given accuracy 1. If, on the other hand, the error is greater than
€,, the resulting lower accuracy is given by the falling exponential of the error that is also employed

and controlled by parameter V.
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So, we see that parameters €, ¥ and (X are very important to decide whether a classifier is
accurate or not. In imbalance problem, these parameters should be adapted approximately then over-
general classifiers are considered inaccurate and accurate classifiers are protected where over-general
classifier is a classifier or a rule covering more than one class. The idea behind adapting these
parameters is that in highly imbalanced datasets, an over-general classifier will often be correct more
often than wrong. Any change in the classifier’s condition will be reflected in a change in its statistical
correctness and - thus its error € - and this will tend to guide the system toward accurate classifiers.

Adapting these parameters can be approached mathematically. Let us assume a two-level R/0
payoff landscape, where R is provided if the prediction is correct, 0, otherwise. According to [14] and
[28], the prediction P of a classifier can be approximated by:

P=P(cD R, +(1—P(D)-R,, (5.11)
where P,(cl) is the probability that a classifier classifies the matching input correctly, R is the
maximum reward or R,__= R, and R, the minimum reward given by the environment. The error of a
classifier can be approximated by:
€=\P—R_PLcD+|P—R,I(1—P) (5.12)

For classification problems, R_, is usually 0, so that the prediction of a classifier can be

estimated by: P = P (cD)R,, . Substituting P into formula (5.11), we get a prediction error estimate:
€=2R,_(P(ch— P(c])") (5.13)

P (cl) can be approximated as:

B == (519

where C is the number of instances that the classifier predicts correctly (i.e., the predicted class agrees
with that of the sample) and !C is the number of instances that the classifier predicts incorrectly G.e.,
the predicted class does not agree with that of the sample). The sum C+!C corresponds to the total

number of examples that the classifier matches. Let’s denote as p the ratio between !C and C:

1C
p= Lol (5.15)
We can derive the classifier’s probability of being correct as:
Pc(cl)=———l— (5.16)
1+p
and its error estimate as:
2p
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In an accurate classifier, p = 0, which gives an error estimate equal to zero. For the maximally
overgeneral classifier predicting the majority class, p=1/ir. An overgeneral classifier would be

considered inaccurate as long as:

£E2§, (5.18)
Using equation (5.17), we get:
2p
R 2¢ (5.19)
a+p) ™
Deriving the formula, we obtain:
& & &
2 *ir2+2( 2 —1)*ir+ -<0 (5.20)
Rmax Rmax
Sett=€y/R__, where €, is quite small when compared with R, .., so we only need consider 0
< <.

Substituting # to equation 5.20, we get:
t*irt + 20t =1)*ir +1<0 (5.21)

The boundary of ir respected to changingint=€yJR  :

I-t=y1-2t  1-t+91-20 (5.22)
t t
Because:
liml—t——\ll—Zt__lim t =0
t>0° t 0" 1 =1 ++/1-2t
(5.23)
L l=t+1=2

hm—t——— = 40
0%

So, if we decrease the value of £ = € /R

max?

the boundary of parameter ir increases or XCS can
solve problems with higher imbalance levels. Our proposal is to set € /R, based on imbalance level
i, E=1/i.

Additionally, in equation (5.10), O causes a strong distinction between accurate and not quite
accurate classifiers. The steepness of the succeeding slope is influenced by », so we should set (X low
enough and V high enough. Moreover, population size should assure that no niche will be lost as
suggested in chapter 4, it should be increased proportionally with the imbalance rate i, B and f)m
should set with an appropriate window size as suggested in [27]. We run XCS on imbalanced
multiplexer problems with imbalance level from i=1 to i=10 with the following parameter setting:
€,~1/i, N=1000, 0&=0.05, V=10, X=0.8, =0.04, 8,,=20, 6=0.1, 0,200, P,=0.6. The meaning of

these parameters is provided in Appendix A.1.
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Figure 5.1 shows that XCS is able to solve the imbalance problem if appropriate €, ¥ and O
values are chosen. From experimental results, we can see that although adaptive XCS needs some
first steps to evolve accurate classifiers, it can reach to 100% performance with <7, 95% with i = 8
and 80% with i = 9 which is a notable improvement. For the highest imbalance level, i = 10 or ir = 2"
= 1024, XCS can only classify correctly about 5% minority instances. Because this is extremely
imbalanced, for i=10 XCS sees about 1000 examples of the minority class in 1,000,000 learning
iterations. Under a pure exploration regime, half of these 1000 examples activate niches of class 1
(highly rewarded niches), and the other half activate niches of class 0 (with reward 0). Thus, the
system has only approximately 500 examples for discovering the high rewarding niches of the
minority class. Such a severe imbalance ratio’ makes learning of the minority class really difficult.
However, we believe that XCS is quite robust to high class imbalances. Imbalance levels i = 10 and
further i = 11 represent two extreme cases in which we suspect that many learners will also suffer
from biases. In addition, variant values of €, ¥ and (X were tested and € =1/i, ¥ = 10 and (X = 0.05
show a better performance speed and stability in the imbalance problems. If we set ¥ 210and O <
0.05, we can get the results as same as Figure 5.1, but XCS needs a longer time in the beginning steps

to evolve a population with accurate classifiers.
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Figure 5.1 XCS in imbalance 11-MUX problem with parameter adaptation

542 Layered Payoff Benefits for Imbalance Problem

This section investigates XCS’s behavior further. We apply XCS to the multiplexer problem
with layered reward as well as combination with parameter adaptation analysis in section 5.4. In the

imbalance problems, combinatory events are highly beneficial.
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The layered reward multiplexer [8] provides useful fitness guidance for XCS. The more
position bits are specified (starting from the most significant one) the less different reward levels are
available and the closer the values of the different reward levels are together so that classifiers that
have more position bits specified have higher accuracy. Consequently, those classifiers get
propagated. Thus, the reward scheme somewhat simplifies the imbalance problem.

The exact equation of the layered reward scheme is [8l:

reward = (value of the k address bits

+ value of addressed bit ) *100 + (correctness)*300 (5.24)

where correctness is 1 if the action is correct, 0, otherwise. For example, in the 6-multiplexer the
(incorrect) classification 0 of instance (100010) would result in a payoff of 500 while the (correct)

classification 1 would result in a payoff of 800.
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Figure 5.2 XCS in imbalance 11-MUX problem with benefits of Layered Payoff

Figure 5.2 shows experimental results for the layered 11-multiplexer when parameters are set
as section 5.4.1. The performances in all imbalanced levels are look quite similar to that on Figure 5.1
only difference on some initial steps where XCS learn on layered reward faster than on original

reward setting a little bit.

5.5  Summary

We have introduced a Cost-sensitive XCS learning classifier system to solve imbalance
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problems. When implementing classifier tasks, a standard learning classifier system based on
accuracy as XCS aims to minimize the overall error rate. For an imbalance dataset, the majority class
has dominant influence on the overall error since XCS tends to prioritize the different classes in favor
of the class with more training data examples in order to achieve a high overall accuracy. This biased
favor makes a poor performance on classifying minority class and achieves a high accuracy on the
majority class but a very low, sometimes unacceptable, accuracy on the minority class. Our
mechanism for parameter adaptation is a novel approach that takes advantage of XCS’s learning
mechanism. An online reward adaptation is proposed; it does not need any priori estimation of the
imbalance ratio because it uses the information collected by the classifiers themselves.

In this chapter, we first analyzed effects of imbalance datasets to performances of XCS. The
results showed that with standard parameter settings, XCS is quite robust to imbalance problems up to
imbalance ratio ir=16 with 11-MUX and ir=6 with real datasets. For higher imbalance levels, XCS’s
parameters are needed to adapt to improve its performance. This is mainly due to the fact that XCS
has a bias towards the majority class. We identified the presenc.e of overgeneral rules predicting the
majority class which covered almost all the feature space. The constrained reward function and
adapting other parameters that we proposed makes it possible for XCS to address imbalance
problems. Cost-sensitive XCS attempts not only to maximize the total reward of positive class in long
runs but also to increase the performance of XCS. One problem with this approach is that specific cost
information is rarely available. So, we proposed to use online reward adaptation which can be yielded
during the training time. We tested 11-MUX problem and seven UCI imbalance datasets by XCS first,
by Cost-sensitive XCS following the guidelines, and further using the online adaptation method.
Results showed that, performances of the proposed method are improved significantly in term of
accuracy in positive class.

Experiments reveal that when the percentage of positive class gets larger, the increase of the
g-mean and F1-measure values get smaller. It means that when the data balance issue get less severe
(i.e., the datasets are more balanced), the improvement of the Cost-sensitive XCS over standard XCS
gets smaller; when the data constitution is relatively balanced, the Cost-sensitive XCS does show
significant superiority over standard XCS. And from experiments, we can see that with the same
parameter settings, XCS performs on 11-MUX datasets more robustly than on real datasets
(imbalance ratio ir=16 comparing to ir=6). This is because of difference on overlapping and

complexity of each dataset. In [75], we investigated on this approach to analyze effects of imbalance
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problems in combining with other factors as small disjunction, overlapping degree and complexity of

problem to performance of classifiers.



Chapter 6

Sampling Ensemble XCS in Imbalance Problems

There are generally two methods of dealing with imbalance datasets. The first method is to
modify the classifier as our first proposal described in the previous chapter. The second general
approach to solve the imbalanced dataset problem is to modify the data itself. The most widespread
and typical way to modify the dataset is to re-sample the data or sampling-based approach. Re-
sampling refers to the process of changing the prior probabilities of the majority and minority class in
the training set by changing the number of instances in the majority and minority class. In particular,
over-sampling refers to the process of increasing the number of records in the minority class while
under-sampling refers to the process of decreasing the number of records in the majority class. In this
chapter, we analysis effects of re-sampling methods, ensemble leaming algorithms and combining of
re-sampling and ensemble to performance of XCS in imbalance datasets, where ensemble learning
method is described detail in following.

The classification techniques we have seen so far in the previous chapter predict the class
labels of unknown examples using a single classifier induced from training data. This chapter presents
techniques for improving classification accuracy by aggregation the predictions of multiple classifiers.
These techniques are known as the ensemble or classifier combination methods. An ensemble method
constructs a set of base classifiers from training data and performs classification by taking a
(weighted) vote on the predictions made by each base classifier. We will explain why ensemble
methods tend to perform better than any single classifier and present techniques for combining

ensemble methods with re-sampling techniques.

6.1  Rational for Ensemble and Sampling methods

6.1.1 Ensemble-based Learning

The following example illustrates how an ensemble method can improve a classifier’s
performance. Consider an ensemble of twenty-five binary classifiers, each of which has an error rate
of € = 0.35. The ensemble classifier predicts the class label of a test example by taking a majority

vote on the predictions made by the base classifiers. If the base classifiers are identical, then the
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ensemble will misclassify the same examples predicted incorrectly by the base classifiers. Thus, the
error rate of the ensemble remains 0.35. On the other hand, if the base classifiers are independent —~
i.e., their errors are uncorrelated — then the ensemble makes a wrong prediction only if more than half

of the base classifiers predict incorrectly. In this case, the error rate of the ensemble classifier is

S bia-ey = 0.06
€ ensemble -Z . ( _8) - V. (6.1)

i=13
which is considerably lower than the error rate of the base classifiers.

Figure 6.1 shows the error rate of an ensemble of twenty-five binary classifiers (e,,,,,.,) for
different base classifier error rates (€). The diagonal line represents the case in which the base
classifiers are identical, while the solid line represents the case in which the base classifiers are
independent. Observe that the ensemble classifier performs worse than the base classifiers when € is
'larger than 0.5.

The preceding example illustrates two necessary conditions for an ensemble classifier to
gperform better than a single classifier: (1) the base classifiers should be independent of each other, and
(2) the base classifiers should do better than a classifier that performs random guessing. In practice, it
is difficult to ensure total independence among the base classifiers. Nevertheless, improvements in
classification accuracies have been observed in ensemble methods in which the base classifiers are

lightly correlated.

i i i
0.4 0.6 0.8 1
Base classifier error

Figure 6.1 Comparison between errors of base classifiers and errors of the ensemble classifier [3].
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6.1.2 Sampling-based Approaches

Sampling is a widely used approach for handling the class imbalance problem. The idea of
sampling is to modify the distribution of instances so that the rare class is well represented in the
training set. Some of the available techniques for sampling include under-sampling, over-sampling,
and hybrid of both approaches. To illustrate these techniques, consider a data set that contains 100
positive examples and 1000 negative examples.

In the case of under-sampling, a random sample of 100 negative examples is chosen to form
the training set along with all the positive examples. One potential problem with this approach is that
some of the useful negative examples may not be chosen for training, therefore, resulting in a less
than optimal model. To overcome this problem, we propose one method, described in the next section,
performing under-sampling multiple times and inducing multiple classifiers similar to the ensemble
Jearning approach. Focused under-sampling methods may also be used, where the sampling procedure
makes an informed choice with regard to the negative examples that should be eliminated, e.g., those
located far away from the decision boundary.

Over-sampling replicates the positive examples until the training set has an equal number of
positive and negative examples. Figure 6.2 illustrates the effect of over-sampling on the construction
of a decision boundary. Without oversampling, only the positive examples at the bottom right-hand
side of Figure 6.2(a) are classified correctly. The positive example in the middle of the diagram is
misclassified because there are not enough examples to justify the creation of a new decision
boundary to separate the positive and negative instances. Over-sampling provides the additional
examples needed to ensure that the decision boundary surrounding the positive example is not pruned,
as illustrated in Figure 6.2(b).

The hybrid approach uses a combination of under-sampling the majority class and over-
sampling the rare class to achieve uniform class distribution. Under-sampling can be performed using
random for focused sub-sampling. Over-sampling, on the other hand, can be done by replicating the
existing positive examples or generating new positive examples in the neighborhood of the existing
positive examples. In the latter approach, we must first determine the k-nearest neighbors for each
existing positive example. A new positive example is then generated at some random point along the
line segment that joins the positive example to one of its k-nearest neighbors. This process is repeated
until the desired number of positive examples is reached. Unlike the data replication approach, the
new examples allow us to extend the decision boundary for the positive class outward. Nevertheless,

this approach may still be quite susceptible to model over-fitting.



79

» v > - M bt
-
» * » L]
- P . - » »
’ . ® % hd » * v ¢ ‘
L] » L4 *
» . .
» Dl . . 4 .
* . * L]
¥ & . . - .
»* r *
b L =
. . . .
L] . ‘e : 4 1 L .y
. .
a8 B .+ . ol B ’ vl
» 3 - 1 + v
- > - * -
» .
hd . ' h - - * M
»
* » » d * ~ - - ¥ . 2
» . » * .
- . -
.
-
¥ - . & - » *
* L N A h*_‘f + v 2t .
. v, 4 . < L
+ - 2 ¥ -~ - Y t

(a) Without over-sampling (b) With oversampling

Figure 6.2 Illustrating the effect of over-sampling of the rare class

6.2  Ensemble Learning XCS

In the past few years, vast of experimental studies conducted by the machine learning
community show that combining the outputs of multiple classifiers reduce the generalization error
(see for instance [63], [64]). Ensemble methods are very effective; mainly due to the phenomenon that
various types of classifiers have different “inductive biases” [2]. Indeed, ensemble methods can
effectively make use of such diversity to reduce the variance-error without increasing the bias-error.
In certain situations, an ensemble can also reduce bias-error, as shown by the theory of large margin
classifiers.

Bagging and Boosting are two most popular methods in ensemble learning. In the following

sections, we present effects of these methods to performance of XCS on imbalance datasets.

6.2.1 Bagging in XCSs

Figure 6.3 presents the pseudo-code of the bagging algorithm [63]. Each classifier is trained
on a sample of instances taken with replacement from the training set. Usually each sample size is

equal to the size of the original training set.

1: Let k be the number of bootstrap samples
2:Fori=1tokdo
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3 Create a bootstrap sample of size N, D,.
4: Train a base classifier C, on the bootstrap sample D,
5: End for

6: C"(x) = argmax Zi5(Ci(x) =y).

{6(.) = 1 if its argument is true and 0 otherwise}

Figure 6.3 The Bagging Algorithm.

In figure 6.3, since sampling with replacement is used, some of the original instances of D may
appear more than once in D, and some may not be included at all. So the training sets D, are different
from each other, but are certainly not independent. To classify a new instance, each classifier returns
the class prediction for the unknown instance. The composite bagged classifier, C’, returns the class
that has been predicted most often (voting method). The result is that bagging produces a combined
model that often performs better than the single model built from the original single data. In [62],
Breiman notes that this is true especially for unstable inducers because bagging can eliminate their
instability.

We test effects of Bagging leaming method to performance of XCS on imbalanced datasets
described in table 4.1 of chapter 4. The experimental results are shown in table 6.1. For easy to
compare, we also present the performance of standard XCS in the imbalance datasets.

It is clear that, over these seven datasets, Bagging XCSs leads to markedly higher precision
classifiers; but in the process may achieve very poor recall. Bagging XCSs reaches to optimal =97.7
%, in terms of precision in all datasets which make Bagging XCSs performs well on the first three
datasets. It outperforms standard XCS when FI reaches to optimal solutions and reduces the variances
(standard deviation is reduced significantly). However, on the last three datasets, Bagging XCSs
encounters problem. That is because the weight update scheme shifts the classifier boundary all over
the region of positive examples, such that every positive example gets covered by at least some
classifier. Because in each iteration, the recall is limited by the weak of XCS leamer on difficult
datasets as Vowel3, Hypothyroidl and Abalonel9, in a given number of iterations, each example may
get predicted as positive class only by a few number of classifier. Thus, the ensemble-based prediction

may assign it a class of negative, thus achieving an overall poor recall.
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Standard XCS Bagging XCSs
Dataset
}4 r Fl P r Fi
Echocardiogram | 0.980+.063 | 0.980+.063 | 0.978+.047 1.0+.0 0.972+0.034 | 0.989+0.021
Breast-w 0.931+.041 | 0.967+.042 | 0.948+.024 | 0.977+.002 | 0.974+0.008 | 0.975+0.005
Wine3 0.971£.090 | 0.748+.311 | 0.801+.230 | 0.999+.001 | 0.998+0.007 | 0.998+0.001
&Ims7 0.900+.161 | 0.867+.172 | 0.873+.142 1.0+.0 0.579+0.176 | 0.733+0.165
Vowel3 0.673+.326 | 0.522+.119 | 0.590+.233 1.0+.0 0.256+0.122 | 0.407+0.068
Hypothyroidl 0.290+.418 | 0.217+.343 | 0.215+.301 1.0+.0 0.0+0.0 0.0£0.0
Abalonel9 0+.00 0+.00 0+£.00 1.0+.0 0.0£0.0 0.0+0.0
Average 0.678+.157 | 0.614+.15 | 0.629+.140 | 0.997+.000 | 0.540+.050 | 0.586+.037
6.2.2 Boosting in XCSs

Boosting is an iterative procedure used to adaptively change the distribution of training

examples so that the base classifiers will focus on examples that are hard to classify. Unlike bagging,

boosting assigns a weight to each training example and may adaptively change the weight at the end

of each boosting round.

Let us describe AdaBoost, one popular algorithm in Boosting Approaches. Let {(x, y) [/ =1,

2, ..., N} denote a set of N training examples. In the AdaBoost algorithm, the importance of a base

classifier C, depends on its error rate, which is defined as

1 N
6= W{Z; w G %y,
%

ﬂ

(6.2)

where I(p) = 1 if the predicate p is true, and 0 otherwise. The importance of a classifier C, is given by

the following parameter,

i

a. = lln(l —&

2 &,

i

(6.3)

Note that O, has as large positive value if the error rate is close to 0 and a large negative value

if the error rate is close to 1.

The Q! parameter is also used to update the weight of the training examples. To illustrate, let

w,m denote the weight assigned to example (x, y) during the fh boosting round. The weight update

mechanism for AdaBoost is given by the equation:
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gy W e i Cix)=y, 6.4)
‘ Z; |e¥ if Ci(x)# y; |

where Z; is the normalization factor used to ensure that Ziwfj“) =1. The weight update formula

given in Equation 6.4 increases the weights of incorrectly classified examples and decreases the
weights of those classified correctly. The algorithm of AdaBoost in the pseudo-code is presented in

figure 6.4 [63].

L:w={w,=1/N|j=1,2, ... N}. {Initialize the weights for all N examples.}
2: Let k be the number of boosting rounds.

3:Fori=1tokdo

4; Create training set D, by sampling (with replacement) from D according to w.

5: Train a base classifier C, on D,.

6: Apply C, to all examples in the original training set, D.

7: g = —]l;/_-[z] w,o(C(x;))#y; )] {Calculate the weighted error.}

8: if €,> 0.5 then

9: w={w=1UN|j=12,., N}.  {Reset the weights for all N examples.}
10: Go back to Step 4.

11 end if

122 ¢ =%1n1;8"

H
13: Update the weight of each example according to Equation 6.1)
14: end for

T

15: C"(x) = arg maxXl=1 a ,-5 (C;(x)=y))

Figure 6.4 AdaBoost algorithm

Table 6.2 shows the results of AdaBoost XCSs in our imbalance data problems. It is clearly
to see that AdaBoost XCSs performs as well as or a little better than Standard XCS in the first four
datasets, begins to find the difficulty from Vowel3 dataset and classifies all input data as majority

class in Abalonel9 or we can recognize that Abalonel9 is a really difficult problem. That is because in
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the first four datasets, the based learner — XCS performs well, it gets accuracy greater than 50%, so
AdaBoost XCSs has ability to improve performance by using meta-technique. In Vowel3, the
accuracy of XCS is only little greater than 50%, meta-technique does not have any improvement, even
makes problem worse. To improve this problem, we propose to combine meta-technique and
sampling algorithms in solving imbalance data problems. We can use advantages of sampling
algorithms to increase performance of based lea.lmer, and then use meta-technique to reduce variant
error of each based learner and boost performance of all system. In the next section, we describe

sampling techniques and following is the combination of these techniques with ensemble learning.

Table 6.2 AdaBoost XCSs
Standard XCS AdaBoost XCSs
Dataset
P r Fl p r Fl1
Echocardiogram | 0.980£.063 | 0.980+.063 | 0.978+.047 | 0.987+.005 | 0.980+.018 | 0.983+.008
Breast-w 0.931+.041 | 0.967+.042 | 0.948+.024 | 0.950+.023 | 0.967+.042 | 0.958+.019
Wine3 0.971£.090 | 0.748+.311 | 0.801+.230 | 0.972+.032 | 0.971+.051 | 0.970+.025
Glass7 0.900+.161 | 0.867+.172 | 0.873+.142 | 0.982+.023 | 0.759+.046 | 0.855+.034
Vowel3 0.673+.326 | 0.522+.119 | 0.590+.233 | 0.200+.422 | 0.009+.021 | 0.017+.040
Hypothyroidl 0.290+.418 | 0.217+.343 | 0.215+.301 | 0.792+.336 | 0.143+.039 | 0.227+.055
Abalonel9 0+.00 0+.00 0+.00 0+.00 0+.00 0+.00
Average 0.678+.157 | 0.614+.15 | 0.629+.140 | 0.698+.120 | 0.547+.031 | 0.573+.026
6.3  Sampling XCS

As described in section 6.1, re-sampling methods are applicable to many types of classifier.
The aim of re-sampling is to balance a priori probabilities of the classes. In this section, we analyze

effects of over-sampling and under-sampling methods to XCS on our seven UCI datasets.

6.3.1 Over-sampling XCS
Figure 6.5 represents the idea of over-sampling with replacement method. In this figure, the
minority class is over-sampled by increasing amounts. We study different over-sampling techniques

simply to see if any of these techniques are promising on XCS to solve imbalance dataset problems.

The simplest over-sampling approach is random oversampling. There, one chooses instances from the
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minority class at random,; these randomly chosen instances are then duplicated and added to the new
training set. This method only lightly improves performance of XCS on our imbalance dataset. A
promising over-sampling technique used in this study is neighbor Based Over-sampling Technique
(NBOTE) [33]. That is, for each minority instance, we find the K nearest neighbors, draw a line
between the instance and each of its K nearest neighbors and then randomly select a point on each line
to use as a new minority instance. In this way, Kxn new minority instances.are added to the training
data, where n is the number of minority class instances in original training data and X is based on

imbalance ratio ir.
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Figure 6.5 Over-sampling method

Table 6.3 Results of Over-sampling XCS

Standard XCS Over-sampling XCS
Dataset
p r F1 p r FI

Echocardiogram | 0.980+.063 | 0.980+.063 | 0.978+.047 | 0.953+.048 | 0.870+.063 | 0.907+.024
Breast-w 0.931+.041 | 0.967+.042 | 0.948+.024 | 0.997+.002 | 0.946+.005 | 0.971+.002
Wine3 0.971+.090 | 0.748+.311 | 0.801+.230 | 0.998+.007 | 0.960+.018 | 0.979+.010
Glass7 0.900+.161 | 0.867+.172 | 0.873+.142 | 0.969+.011 | 0.886+.041 | 0.925+.020
Vowel3 0.673+.326 | 0.522+.119 | 0.590+.233 | 1.0+.0.0 | 0.858+.043 | 0.923+.025
Hypothyroidl | 0.290+.418 | 0.217+.343 | 0.215+.301 | 0.997+.005 | 0.625+.116 | 0.762+.093
Abalonel9 0+.00 0+.00 0+.00 0.997+.010 | 0.086+.064 | 0.154+.095
Average 0.678+.157 | 0.614+.15 | 0.629+.140 | 0.987+.014 | 0.747+.050 | 0.803+.038

The experimental results are shown in table 6.3. Our experimental result is 10-fold cross-

validation method. Table 6.3 shows that XCS works quite well on several imbalance datasets without
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sampling. However, with re-sampling, the performance of XCS increases significantly, except
Echocardiogram data. In general, since generative over-sampling creates new instances of minority
class, it is possible that generative over-sampling helps XCS to learn a more accurate model of the
minority class, thus increasing precision. Recall, precision measure determines the fraction of records
that actually turns out to be positive in the group the classifier has declared as a positive class,
p=TP/(TP+FP). The higher the precision is, the lower the number of false positive errors committed
by the classifier. And since we are creating new instances based only on the instances in the training
set, we are probably over-fitting the training set, thus resulting in lower recall. However, it is a bit
_surprising that the value of recall is also improved in Wine3, Vowel3, Hypothyroid and a bit better in
Glass7.

Under oversampling, XCS sees a dataset with the same number examples per class, but as
described in figure 6.5, there are still some gaps in the feature space that are not represented by any
example. These gaps are mostly covered by rules predicting the majority class rather than by minority
class rules. In fact, what happens is that rules from both classes tend to expand as much as possible
into these gaps until they reach points belonging to the opposite classes. That is, rules tend to expand
as long as they are accurate. Thus, there are overlapping rules belonging to different classes in the
regions that are not covered by any example. When we test XCS in these regions, the majority class
rules have higher numerosities and their vote into the prediction array is higher. The majority class
rules have higher numerosities is that their boundaries are less complex, so in many cases a single rule
suffices for all the regions. This rule tends to cover all the examples of a majority class square and
benefits from long experience and numerosity. On the contrary, minority class regions are more
complex, and rules covering these regions tend to have less experience and numerosity. Generative
oversampling, which creates completely new minority class documents, also does quite well, but there

are several datasets on which it performs poorly as Abalone.

6.3.2 Under-sampling XCS

Under-sampling seeks to reduce the number of majority class members in the training set. As
a result, the overall number of records in the training set is greatly reduced, we can see in figure 6.6.
This means that during classification, training time is also greatly reduced. So, there is a significant
savings in memory as well if we deal with high dimensional datasets. We test effect of under-

sampling to XCS on our seven UCI datasets and get results shown in table 6.4.
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Figure 6.6 Under-sampling method
Table 6.4 Results of Under-sampling XCS
Standard XCS Under-sampling XCS
Dataset
P r Fl P r Fl
Echocardiogram | 0.980£.063 | 0.980+.063 | 0.978+.047 | 0.948+.079 | 0.827+.160 | 0.874+.119
Breast-w 0.931+.041 | 0.967+.042 | 0.948+.024 | 0.913+.043 | 0.998+.002 | 0.953+.023
Wine3 0.971£.090 | 0.748+.311 | 0.801+.230 | 0.959+.028 1.0+.0 0.979+.014
Glass7 0.900+.161 | 0.867+.172 | 0.873+.142 | 0.728+.132 | 0.945+.024 | 0.815+.089
Vowel3 0.673+.326 | 0.522+.119 | 0.590+.233 | 0.142+.037 1.0+.0 0.247+.055
Hypothyroidl 0.290+.418 | 0.217+.343 | 0.215+.301 0.025+.0 1.0+£.0 0.048+.0
Abalonel9 0+.00 0+.00 0+.00 0.008+.001 1.0+.0 0.016+.001

1

From the results, we can see that, under-sampling tends to outperform over-sampling in terms

of recall, but at a very high cost of precision, in some datasets as Vowel3 and Hypothyroidl, the value

of precision is too low. When compared to over-sampling, over-sampling technique yields much

better F1-measure. Finally, none of dataset, under-sampling significantly outperforms over-sampling.

That is to say, under-sampling seems to be a very poor choice when using XCS classifier system.

Analyzing the behavior of XCS under these two strategies, we found that under under-

sampling there is less generalization pressure towards the minority class rules than with oversampling.

Under oversampling, minority class instances are always sampled at the same a priori probability as

majority class instances, keeping the same generalization pressure towards both classes. This may

justify why, with under-sampling, XCS finds more difficulties in the generalization of rules covering

the minority class instances, especially for the highest imbalance levels.
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6.4  Over-sampling Ensemble XCSs

Figure 6.7 presents the framework of Over-sampling Ensemble XCS whose performance
includes 3 steps: Step 1 creates multiple datasets from original Training data using Over-sampling
techniques. Given a dataset having two classes: minority class and majority class, Over-sampling is
used only on minority class to create minority training subsets. The number of instance in each
minority training subset is equal to the number of the majority class instances. This process is
repeated ir times where ir is the imbalance ratio between of majority class instances and minority
class instances. After that, each minority subset is combined with all the majority examples to be an
individual training data subset. In step 2, each training data subset is used to train one XCS classifier
system. And finally, in step 3, all ir XCSs are combined to make a prediction. on a test example. The
outputs of all individual classifiers are aggregated to produce the output of the ensemble.

After each classifier is trained independently, aggregating the results of each classifier are
interesting research issues concerning XCS ensembles. Some combination strategies are suggested by
previous studies: if only class labels are considered, a majority vote can be used; if continuous-valued
outputs like posteriori probabilities are available, the sum of all the output probabilities has been
suggested (Sum Rule) [78]. Besides these direct combination strategies, it is possible to “stacked”
another learning method on top using the outputs of the input classifiers as new features [78], [79]. A
mixture model of XCSs with another neural network (NN) as a gate has been proposed to solve very
large-scale classification problem [77]. One simple and effective ensemble method is weighted voting
where the output of an individual classifier with small training error contributes to the output of the
ensemble more than an individual classifier with large training error. So, in XCS ensemble, we choose

weighted voting to aggregate results from individual classifier.
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Figure 6.7 Over-sampling Ensemble XCSs Framework

The experimental results of over-sampling ensemble XCS are shown in table 6.5. All
experiments presented are averaged over 10 independent runs of 10-fold cross-validation technique
[3]. The performance of Over-sampling Ensemble XCS in table 6.5 increases significantly in
comparing to the performance of Standard XCS. In general, since generative over-sampling creates
new instances of mincrity class, it is possible that generative over-sampling helps XCS to learn a
more accurate model of the minority class, thus increasing precision. The higher the precision is, the
lower the number of false positive errors committed by the classifier. And since we are creating new
instances based only on the instances in the training set, we are probably over-fitting the training set,
thus resulting in lower recall as we discussed in sub-section 6.3.2. However, because of the
combination with ensemble learning, the value of recall is improved significantly as in Wine3,
Vowel3, Hypothyroid and a bit better in Glass7.

In addition, we can observe that over-sampling ensemble XCS outperforms on almost
datasets compared with Standard XCS, it yields a 20% improvement on the average performance. We
present a brief comparison between methods in the next section after getting results of Under-

sampling Ensemble XCS.
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Dataset Standard XCS Over-sampling Ensemble XCS
)4 r Fl p r F1

Echocardiogram | 0.980+.063 | 0.980+.063 | 0.978+.047 | 0.993+.048 | 0.950+.063 | 0.977+.008
Breast-w 0.931+.041 | 0.967+.042 | 0.948+.024 1.0£.0 0.986+.005 | 0.999+.001
Wine3 0.971+.090 | 0.748+.311 { 0.801+.230 1.0£.0 | 0.980+.012 1.0+.0
Glass7 0.900+.161 | 0.867+.172 | 0.873+.142 | 0.990+.011 | 0.960+.040 | 0.981+.053
Vowel3 0.673+.326 | 0.522+.119 | 0.590+.233 1.0+.0 0.958+.043 | 0.961+.062
Hypothyroidl 0.290+.418 | 0.217+.343 | 0.215£.301 | 0.997+.005 | 0.525+.116 | 0.690+.133
Abalonel9 0+.00 0+.00 0+.00 0.997+.010 | 0.006+.064 | 0.0+.01
Average 0.678+.157 | 0.614+.15 | 0.629+.140 | 0.996+.012 | 0.766+.049 | 0.801+.038
6.5  Under-sampling Ensemble XCSs

Figure 6.8 presents the framework of Under-sampling Ensemble XCS, as Over-sampling
Ensemble XCS, there are three main steps in performance of Under-sampling Ensemble XCS:
Creating training subset by using Under-sampling, Building multiple classifiers and Aggregating
results from based classifiers. Under-sampling Ensemble XCS is inherited from Over-sampling XCS
on step 2 and step 3; only different in step 1 where Under-sampling technique is used to create
training subsets, instead of Over-sampling technique. Under-sampling is used ir times on majority
class instances to generate ir bootstrap samples so that each bootstrap sample has the same or similar
size with the minority instances. Then, each bootstrap sample (of the majority class) is combined with
the entire minority instances to form training sets. Finally, the ir XCSs are combined to make a

prediction on a test example by casting a weighted voting from the ensemble of XCSs.

There are also some under-sampling strategies suggested by the past studies. Like random
Over-sampling, random Under-sampling is a simple yet effective approach to re-sampling. The
following under-sampling method used in our study is taken from [50] with some adjustment in order

to be suited for our imbalance datasets. In particular, for each minority class member in the training
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set, we select the n closest majority class documents in the training set, where #=(target num majority

class instances) / (number minority class instances).
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Figure 6.8 Under-sampling Ensemble XCSs Framework

Table 6.6 Results of Under-sampling Ensemble XCS on Imbalance Datasets

Standard XCS Under-sampling Ensemble XCS
Dataset

p r Fi P r Fl
Echocardiogram | 0.980+.063 | 0.980.063 | 0.978+.047 | 0.938+.079 } 0.977£.160 | 0.959+0.019
Breast-w 0.931+.041 | 0.967£.042 | 0.948+.024 | 0.913+.043 } 0.998+.002 | 0.985+0.014
Wine3 0.971+.090 | 0.748+.311 | 0.801+.230 | 0.959+.028 |  1.0+0 | 0.991+0.004
Glass7 0.900+.161 | 0.867+.172 | 0.873+.142 | 0.728+.132 | 0.945+.024 | 0.753+0.165
Vowel3 0.673+.326 | 0.522+.119 | 0.590+.233 | 0.142+.037 |  1.0£0 | 0.117+0.068
Hypothyroidl | 0.290+.418 | 0.217+.343 | 0.215+.301 | 0.025+.0 1.0+.0 0.0+0.0
Abalonel9 0+.00 0+.00 0+£.00 | 0.008+001 | 1.0+.0 0.0+0.0
Average 0.678+.157 | 0.614+.15 | 0.629+.140 | 0.530+.046 | 0.989+.027 | 0.621+.039

The experimental results of Under-sampling Ensemble XCS are shown in table 6.9. All

experiments presented are averaged over 10 independent runs of 10-fold cross-validation technique
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[3]. We can observe that, Under-sampling Ensemble XCS tends to outperform over-sampling
ensemble XCS in terms of recall, but at a very high cost of precision. In some datasets as Vowel3 and
Hypothyroidl, the value of precision is too low. That is because under-sampling tries to reduce the
number of majority class instances, then in training phrase, many minority instances will get covered
by many classifiers. Thus, the overall ensemble can achieve very good recall levels. However, in the
process, sufficiently large number of majority class instances can also get covered within minority
rules’ boundaries. Remember that the total number of minority examples is small, so even if a small
fraction of total number of majority examples get captured by sufficiently many classifiers, the
precision will suffer.

In our imbalance datasets, Under-sampling Ensemble XCS outperforms, in terms of F1I-
measure, standard XCS on the first four datasets: Echocardiogram, Breast-w, Wine3 and Glass7.
However, it begins to find difficulties classifying the minority class examples of the last three datasets
wh;re the imbalance ratio increases. With Hypothyroidl and Abalonel9, Under-sampling Ensemble
XCS classifies all input data as majority class instances. When compared to over-sampling ensemble,
pone of dataset, under-sampling ensemble XCS significantly outperforms over-sampling ensemble

XCS. That is to say, under-sampling ensemble seems to be a very poor choice when using XCS

classifier system.

6.6 Summary

In this chapter, we have introduced the rational of sampling and ensemble method in
classification problems. Then, we have analyzed effects of these methods to performance of XCS on
imbalance datasets. After that, we present our proposed systems, ensemble XCS.

In our proposed systems, it is found some advantages over the basic methods. First, ensemble
XCS uses the information of the entire dataset compared to under-sampling which uses only part of
the dataset. Second, ensemble XCS is able to overcome the limitation of the current XCS classifier
system. XCS is stable classification methods and expected to leamn a global optimum [24]. However,
XCS is also an Evolution-Based learning [8] and we cannot guarantee that a single XCS, which is
used for the over/under-sampling case, always provides the optimal performance over the test data.
XCS ensembles can overcome this limitation by combining those potentially suboptimal solutions and

thus achieve better performance.
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Results from seven UCI imbalance datasets showed that, performances of the proposed
methods are improved significantly in term of accuracy in positive class. We conclude that Sampling
Ensemble XCS is good candidates to address the imbalance dataset problem in scene classification,

which can simultaneously achieve high effectiveness as well as high efficiency.



Chapter 7

The Proposed Methods Compared to Other Related Works

Chapter 4 through chapter 6, we have described in detail our proposals: Cost-sensitive XCS
and Sampling Ensemble XCS to solve imbalance problems. In this chapter, we compare the
performance, in terms of Fl-measure evaluation, of our proposals to seven well-known learning
algorithms, coming from instance based learning, Rule-learning, Ensemble learning, Decision Tree
Induction, Neural Networks, Support Vector Machine, Bayesian Classifier Systems and Nearest
Neighbor Algorithms. All these algorithms are obtained from the Weka package developed at the
University of Waikato in New Zealand. The code is available from the http address:
http://www.cs.waikato.ac.nz/ml/weka. These algorithms are run with the default configuration
provided by Weka. The experiments, performed on several imbalance datasets, show the suitability of
our proposals for imbalance classification tasks.

Before we start the comparison, let us summarize and emphasize some key properties and
results, in term of F1-measure, of our proposals.

® In Cost-sensitive XCS, deriving from the idea of Cost-sensitive learning, we propose to set
reward for correctly identifying the positive class outweighs the value of correctly identifying
the common class. This takes a cost matrix into consideration during model building and
generates a model that has the lowest cost or lowest error rate.

® On other hand, Sampling Ensemble XCSs get benefits from sampling techniques and
ensemble learning. As sampling techniques, Sampling Ensemble XCSs change the priors in
the training set by decreasing points from the majority class. Sampling Ensemble XCSs
inherited from Ensemble learning reducing variance, or instability of learning classifiers.

® Table 7.1 summarizes performance of our proposal systems on imbalance datasets. From this
table, we can see that, Over-sampling is quite suitable for XCS in solving imbalance
problems while Sampling Ensemble XCSs outperform on datasets that standard XCS
classifies inputs correctly greater than 50% as Echocardiogram, Breast-w, Wine3 in Under-
sampling ensemble XCS and these datasets including Galss7, Vowel3 in Over-sampling

Ensemble XCS. Cost-sensitive XCS has acceptable results on almost datasets.
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Table 7.1 Summarize performances of Under-sampling XCS, Over-sampling XCS, Cost-sensitive

XCS and Ensemble XCSs on imbalance datasets

Under- Over- Un-sampling | Over-sampling
Cost-sensitive
Dataset sampling sampling Ensemble Ensemble XCS
XCs XCs XS XCS
Echocardiogram | 0.874+.119 0.907+.024 0.983+.062 0.959+.019 0.977+.008
Breast-w 0.953+.023 0.971+.002 0.958+.021 0.985+.014 0.999+.001
Wine3 0.979+.014 0.979+.010 0.839+.224 0.991+.004 1.0+.0
Glass7 0.815+.089 0.925+.020 0.912+.224 0.753+.165 . 0.981+.053
Vowel3 0.247+.055 0.923+.025 0.815+.101 0.117+.068 0.961+.062
Hypothyroidl 0.048+.0 0.762+.093 0.655+.178 0.0+.0 0.690+.133
Abalonel9 0.016+.001 0.154+.095 0.519+.275 0.0+.0 0.0+.01
Average 0.562+.043 0.803+.0384 0.812+.155 0.544+.039 0.801+.038

In each the following section, we briefly introduce algorithms chosen to compare and discuss

detail performance of these systems in comparison with our proposals. We give a few references for
further reading, and anyone who wants to understand any of these methods may find from elsewhere;

the references contained here would only serve to get one started.

7.1  The Proposals and Other Rule-based Approaches

A rule-based classifier is a technique for classifying records using a collection of “if...
then...” rules. To build a rule-based classifier, we need to extract a set of rules that identifies key
relationships between the attributes of a dataset and the class label. There are two broad classes of
methods for extracting classification rules: (1) direct methods, which extract classification rules
directly from data, and (2) indirect methods, which extract classification rules from other
classification models, such as decision trees and neural networks.

The four Rule-based Systems are chosen to compare are: Conjunctive Rule, JRip, PART and Ridor.
Conjunctive Rule leamns a single rule that predicts either a numeric or a nominal class value.
Uncovered test instances are assigned the default class value (or distribution) of the uncovered
training instances. The information gain (nominal class) or variance reduction (numeric class) of each

antecedent is computed, and rules are pruned using reduced-error pruning [7]. JRip implements
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RIPPER [61] algorithm, including heuristic global optimization of the rule set, where RIPPER is an
algorithm particularly suited for building models from datasets with imbalanced class distributions
[61]. RIPPER also works well with noisy datasets because it uses a validation set to prevent model
over-fitting. Beside that, PART and Ridor are also evaluated, where the former is an alternative
approach to rule induction that avoids global optimization but nevertheless produces accurate,
compact, rule sets. The method combines the divide-and-conquer strategy for decision tree learning
with the separate-and-conquer one for rule learning. The latter leamns rules with exceptions by
generating the default rule, using incremental reduced-error pruning to find exceptions with the

smallest error rate, finding the best exceptions fro each exception and iterating [7].

Table 7.2 Performances of Rule-based Approaches on imbalance datasets

Conjunctive
Dataset JRip PART Ridor
Rule

Echocardiogram 0.842 0.827 0.790 0.831
Breast-w 0.888 0.933 0.905 0.924
Wine3 0.863 0.948 0.894 0.899
Glass7 0.897 0.877 0.764 0.787
Vowel3 0 0.681 0.635 0.667
Hypothyroidl 0.771 0.963 0.963 0.968

Abalonel9 0 0 0 0
Average 0.609 0.747 0.707 0.725

Table 7.2 summarizes the performances of the different rule-based systems on all the
‘datasets. Several observations can be drawn from this table. Almost the rule-based systems
performing on these datasets are quite similar. Comparing all kinds of XCS Classifiers and the rule-
based systems, we observe that there are significant differences between them in these datasets. XCS-
based classifiers perform better in the first five datasets: Echocardiogram, Breast-w, Wine3, Glass7
and Vowel3 (except Under-sampling XCS in Vowel3 dataset). In Breast-w and Wine3, Sampling
Ensemble XCSs, both under-sampling and over-sampling, outperform significantly nearly all
classifier schemes. These systems also show a good performance on Echocardiogram dataset,
whereas the worst performances of XCS-based classifiers are obtained on Hypothyroidl and

Abalonel9. And as expected, as imbalance ratio increases, the performances of classifiers decrease.
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Because almost classifiers, including XCS-based and other approaches, perform poorly on
Abalonel9 dataset, the most surprising occurs on Hypothyroidl dataset. We observe all kind of XCS-
based classifiers encounter problem when learning from this dataset, however, almost other learning
approaches classify Hypothyroidl dataset well, at a confidence level greater than 95%. That is maybe
because of geometrical complexity of the problem, such as the degree of clustering of the points of the
same class and the proximity between the classes, as discuss in [23]. Nevertheless, the performance of
Ridor on Hypothyroidl is the best one on table 7.2. From this table, we can observe that JRip
algorithm has significantly higher prediction accuracy than Conjunctive Rule, PART and Ridor in
almost datasets that is because JRip implements RIPPER algorithm, one algorithm is proposed to

solve imbalance problems [61].

7.2 The Proposals and Other Ensemble Approaches

As introduced in chapter 6, ensemble approaches are combination the decisions of different
models to reduce the variance-error without increasing the bias-error. This section describes briefly
results from applying some ensemble learning algorithms to our imbalance datasets. Three well-
known ensemble learning algorithms are chosen: AdaBoostM1, Bagging REPTree and
MultiBoostAB.

First, we describe a widely used method called AdaBoostM1 that is designed specifically for
classification. AdaBoostM1 can be applied to any classification learning algorithm that can handle
weighted instance, where the weight of an instance is a positive number. By weighting instances, the
learning algorithm can be forced to concentrate on a particular set of instances, namely, those with
weight. Such instances become particularly important because there is a greater incentive to classify
them correctly. AdaBoostM1 implements the algorithm described in chapter 6. It can be accelerated
by specifying a threshold for weight pruning. AdaBoostM1 resamples if the base classifier cannot
handle weighted instances.

Second, Bagging REPTRee uses Fast Tree [3] learner that uses reduced-error pruning as
weak leaner. Because Bagging Algorithm is described quite detail in chapter 6, we do not more
describe it in this section.

Third, MultiBoostAB is a boosting algorithm combining boosting with a variant of bagging
to prevent over-fitting. It is able to harness both AdaBoost’s high bias and variance reduction with

wagging’s superior variance reduction. Using C4.5 as the base leaming algorithm, Multi-boostingAB
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is demonstrated to produce decision committees with lower error than either AdaBoost or wagging
significantly. It offers the further advantage over AdaBoost of suiting parallel execution. It operates
by selectively re-sampling from the training data to generate derived training sets to which the base

learner is applied.

Table 7.3 Performances of Other Ensemble Approaches on imbalance datasets

Dataset AdaBoéstMl Bagging REPTree | MultiBoostAB
Echocardiogram 0.850 0.857 0.857
Breast-w 0.918 0.932 0.914
Wine3 0.929 0.959 0.918
Glass7 0.862 0.897 0.897
Vowel3 0.130 0.699 0
Hypothyroidl 0.963 0.957 0.968
Abalonel9 0 0 0
Average 0.665 0.757 0.651

Table 7.3 summarizes the performances of the different ensemble learning algorithms-on our
imbalance datasets. The experimental results show that. ensemble approaches are little better than
Rule-based approaches. From the observation Bagging REPTree is the best ensemble algorithm on
these datasets. Looking closer to training time, the effective training time specifies the number of
(effective) generations or epochs until the minimum validation error occurred. As expected, the more
complex problems cause more difficulty for classifiers, thus, a longer effective training time.
Nommnally, ensemble learning approaches need longer time to build model than other approaches do.

In term of Fl-measure, like our proposals, ensemble approaches classify well on
Echocardiogram, Breast-w, Wine3 and Glass7; begin encounter difficulty on Vowel3. Only Bagging
REPTree gets 69.9% on Vowel3, AdaBoostM1 and MultiBoostAB classify all inputs of this dataset as
negative class. Once again, we can see that non-XCS-based classifiers perform well on Hypothyroidl;
like Ridor of Rule-based system in the previous section, MultiBoostAB even gets the highest
performance at 96.8% on this dataset. Recall, XCS is a genetic-based system and Hypothyroidl is
characterized by a high number of attributes and instances, 21 attributes and 3772 instances, the
results in this section confirm the observations made in the previous section; where XCS was

hypothesized to perform worse in problems with a high number of classes, so further investigation
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should be done to improve this problem. With almost classifiers, Wine3 gets a high performance and

all ensemble approaches considered in this section cannot classify Abalone dataset.

7.3  The Proposals and Decision Tree Approaches

This section introduces some decision tree classifiers in imbalance datasets, which are simple
yet widely used classification techniques. The attractiveness of decision trees is due to the fact that,
like XCS and in contrast to neural networks, decision trees represent rules. Rules can readily be
expressed so that humans can understand them or even directly used in a database access language
like SQL so that records falling into a particular category may be retrieved [6].

In principle, there are exponentially many decision trees that can be constructed from a given
set of attributes. While some of the trees are more accurate than others, finding the optimal tree is
computationally infeasible because of the exponential size of the search space. Nevertheless, efficient
algorithms have been developed to induce a reasonably accurate, albeit suboptimal, decision tree in a
reasonable amount of time. Four well-known Decision Tree Inductions are chosen to compare in this
section: Random Tree, Random Forest, REPTree and C4.5 revision 8. In the following, we describe
briefly the properties of these classifiers.

Random Tree chooses a test based on a given number of random features at each node,
performing no pruning. The strength of the random tree method is that it can be used to generate new
random sequences in a reproducible and non-centralized fashion. This is valuable, for example, in
applications in which new tasks and hence new random generators must be created dynamically [33].

Random forests are a combination of tree predictors such that each tree depends on the values
of a random vector sampled independently and with the same distribution for all trees in the forest.
The generalization error for forests converges to a limit as the number of trees in the forest becomes
large. As other ensemble learning, the generalization error of a forest of tree classifiers depends on the
strength of the individual trees in the forest and the correlation between them [62].

REPTree builds a decision tree using information gain/variance reduction and prunes it using
reduced-error pruning. Optimized for speed, it only sorts values for numeric attributes once. It deals
with missing values by splitting instances into pieces [46].

The most well-known decision tree learner is C4.5. For many domains, the trees produced by
C4.5 are both small and accurate, resulting in fast, reliable classifiers. These properties make decision

trees a valuable and popular tool for classification. C4.5 and its predecessor, ID3, use formulas based
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on information theory to evaluate the “goodness” of a test; in particular, they choose the test that
extracts the maximum amount of information from a set of cases, given the constraint that only one

attribute will be tested [46].

Table 7.4 Performances of Decision Tree Approaches on imbalance datasets

Dataset Random Tree Random Forest REPTree C4.5 revision 8
Echocardiogram 0.659 0.857 0.868 . 0.842
Breast-w 0.919 0.940 0.915 0.930
Wine3 0.894 0.947 0.898 0.894
Glass7 0.659 0.873 0.897 0.842
Vowel3 0.659 0.817 0.601 0.689
Hypothyroidl 0.846 0.904 0.969 0.963

Abalonel9 0.037 0 0 0

Average 0.667 0.763 0.735 0.737

The results for the 4 chosen decision tree classifiers are shown in Table 7.4. The first point to
note is that the results fall into three categories: less than 70% (Random Tree), ~73.5% (REPTree and
C4.5 revision 8) and the best technique (Random Forest). Although there are little differences within
these categories, it is probably possible to experiment with parameters improve each technique’s
performance within the categories. This implies there are levels of complexity in the underlying
relationship between the attributes and the response, and the level of accuracy attained is determined
in part by the level of complexity of model considered. This point is reinforced by the fact that the
more complex model Random Forest outperforms Random Tree.

Before our work, Quinlan [6] compared performance of Decision Tree and Classifier
Systems. Particularly, he showed that BOOLE, one kind of Classifier System, introduced by Wilson
[4], is noted extremely slow convergence rate and obtained much better results when using C4.5
algorithm and post-processing to rules. However, after BOOLE, Wilson proposed NewBOOLE a new
version of Boole and especially in 1995, XCS was introduced which converges significantly faster to
accurate results. It requires around 800 examples to find an (almost) accurate hypothesis and around
5000 examples to find the minimal set of rules. The same author also used neural nets of different

sizes to learn the same concept. He report convergence after 1600 cycles for a reasonable net (6:20-
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20-10-10:1). Furthermore, on the 11-multiplexer problem, NewBOOLE requires around 4000
examples to converge, a ne;ural net around 8000.

From table 7.4, Random Forest is the best technique for classifying our imbalance dataset.
Using a Fl-measure assuming unequal variance, the mean testing accuracy of Random Forest is
significantly higher than that of all other techniques at the 3% level. With advantages of decision trees
as small and simple to understand, interpret and results gotten, we can conclude that performances of

decision trees on imbalance problem are reliable and accuracy.

7.4  The Proposals and Bayesian Classifier Approaches

The Bayesian Classifier techniques are based on the so-called Bayesian theorem and are
particularly suited when the dimensionality of the inputs is high. Despite its simplicity, Bayesian
classifiers can often outperform more sophisticated classification methods. This section presents
results of four well-known Bayesian Classifiers: Bayes Net, Complement Naive Bayes, Naive Bayes
Simple and Naive Bayes.

Bayes Net learns Bayesian networks under the assumptions: nominal attributes (numeric ones
are prediscretized) and no missing values (any such values are replaced globally). There are two
different algorithms for estimating the conditionally probability tables of the network. Search is done
using K2 or the TAN algorithm or more sophisticated methods based on hill-climbing, simulated
annealing, tabu search and genetic algorithm [3].

Complement Naive Bayes builds a Complement Naive Bayes classifier as described by
Remnie et al. [72]. This system is proposed to tackle poor assumptions of Naive Bayes classifier:
features are independent and attributes are nominal. Complement Naive Bayes is a combination of
Naive Bayes classifier and heuristic solutions to address both systemic issues as well as problems of
multi-nominal model.

Naive Bayes [7] implements the probabilistic Naive Bayes classifier while Naive Bayes
Simple uses the normal distribution to model numeric attributes. Naive Bayes classifiers assume that
the effect of a variable value on a given class is independent of the values of other variable. This
assumption is called class conditional independence. It is made to simplify the computation and in this
sense considered to be “Naive”. This assumption is a fairly strong assumption and is often not
applicable. However, bias in estimating probabilities often may not make a difference in practice - it

is the order of the probabilities, not their exact values that determine the classifications.
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Table 7.5 Performances of Bayesian Classifier Approaches on imbalance datasets

Complement Naive Bayes
Dataset Bayes Net Naive Bayes
Naive Bayes Simple
Echocardiogram 0.872 - - 0.787
Breast-w 0.960 0.791 0.944 0.942
Wine3 0.979 0.596 0.960 0.960
Glass7 0.800 0.658 0.806 0.820
Vowel3 0.566 - 0.568 0.569
Hypothyroid! 0.922 = 0.800 0.810
Abalonel9 0 < 0.021 0.018
Average 0.728 0.681 0.683 0.701

The performances of Bayesian Classifier Systems are shown in Table 7.5. Some datasets, not
suitable for classifiers, are indicated by symb;>l “” An-overview, we can see that Bayesian Classifiers
are not good for imbalance problems, at least for our datasets. They perform worse than our proposals
and Decision Tree approaches. The Bayes Net achieved the best performance with 72.8% and Naive
Bayes is the closest second with 70.1%.

Although Complement Naive Bayes is expected to perform well in difficult dataset, as
imbalance problems, its results are low, even in Wine3 dataset where all other classifiers reach to
optimal solutions; Complement Naive Bayes only reaches 59.6% of Fl-measure. The same results
occur when it classifies Breast-w and Galss7. Beside that, Naive Bayes Simple is a simple method but
it performs quite well. It can not classify Echocardiogram but, in Breast-w, Wine3 and Glass’, it has
compatible results to other methods.

In issue of training time, Bayesian Classifiers learn typically faster than XCS and Decision
Trees, because they are straightforward method for supervised learning and are based on probability
theory. They provide a flexible way for dealing with any number of attributes and classes. The benefit
of using the normal method in Naive Bayes is that is fast in both learning and classification time and

requires little memory.
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7.5  The Proposals and Neural Network, SVM and Nearest Neighbor Approaches

This is the last section comparing our work to other related works in classification field which
are: Neural Network, Support Vector Machine and Nearest Neighbor Algorithm.

Neural networks [52] are predictive models loosely based on the action of biological neurons.
There are many types of Neural Networks; in this article, we use Multi-Layer-Perceptron (MLP) that
trains using back-propagation. MLP networks are general-purpose, flexible, nonlinear models
consisting of a number of units organized into multiple layers. The complexity of the MLP network
can be changed by varying the number of layers and the number of units in each layer. Given enough
hidden units and enough data, it has been shown that MLPs can approximate virtually any function to
any desired accuracy. The principle of the MLP is that when data from an input pattern is presented at
the input layer the network nodes perform calculations in the successive layers until an output value is
computed at each of the output nodes. This output signal should indicate which the appropriate class
for the input data is i.e. we expect to have a high output value on the correct class node and a low
output value on all the rest.

A Support Vector Machine (SVM) [59] performs classification by constructing an N-
dimensional hyper-plane that optimally separates the data into two categories. SVM models are
closely related to neural networks. In fact, a SVM model using a sigmoid kemel function is equivalent
to a two-layer, perceptron neural network. The algorithm we choose to analyze Support Vector
Machine is Sequential Minimal Optimization (SMO). Training a SVM requires the solution of a very
large quadratic programming (QP) optimization problem. SMO breaks this large QP problem into a
series of smallest possible QP problems. The amount of memory required for SMO is linear in the
training set size, which allows SMO to handle very large training sets.

The nearest-neighbor algorithm [60] is extremely simple to implement and leaves itself open
to a wide variety of variations. In brief, the training portion of nearest-neighbor does little more than
store the data points presented to it. When asked to make a prediction about an unknown point, the
nearest-neighbor classifier finds the closest (according to some distance metric) training-point to the
unknown point and predicts the category of that training-point.

The k-nearest-neighbor algorithm is a variation of nearest-neighbor. Instead of looking at
only the point that is closest to input, we instead look at the k points in S = {x, x,, ... , x,} that are
closest to the input. Since we know the categories of each of the k nearest points, we find the majority

category in this subset. If it exists, the query input point is predicted to be in that category. If no
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majority exists, the result is considered inconclusive. k-nearest-neighbor is more general than nearest-
neighbor. Put another way, nearest-neighbor is a special case of k-nearest-neighbor, where k= 1. For
the tests in this thesis, we chose k = 1 and k = 3, called IB1 and IB3 where IB stands for instance-

based learner. IBk uses the Euclidean distance to find the training instance closest to the input.

Table 7.6 Performances of Multi-Layer-Perceptron, Support Vector Machine and Nearest Neighbor

Approaches on imbalance datasets

Dataset MLP SMO IB1 IB3
Echocardiogram 0.805 0.827 0.738 0.795
Breast-w 0.924 0.955 0.929 0.952
Wine3 0.969 0.980 0.96 0.960
Glass7 0.847 0.807 0.842 0.836
Vowel3 0.852 0 0.983 0.939
Hypothyroidl 0.849 0.689 0.757 0.658

. Abalonel9 0 \ 0 0 0
' Average 0.749 0.608 0.744 ‘ 0.734

Table 7.6 summarizes performances of Multi-Layer-Perceptron, Sequential Minimal
Optimization and Nearest Neighbor Algorithms on our imbalance datasets. All 4 algorithms have high
accuracy for the first five datasets (except SMO in Vowel3). In fact, in Breast-w and Wine3, all scored
> 92%, especially, SMO scored 98% in Wine3. Vowel3 is recorded as a difficult problem for the
previous classifiers, but, MLP, IB1 and IB3 can score very high. IB1, a simple method, even performs
on Vowel3 better than all XCS-based classifiers. However, in the first 4 datasets, the XCS-based
classifiers have been seen performing better than non-XCS machine learning. The highest
performance in this section is Neural Network — MLP, with 74.9% while the second highest is IB1
with 74.4%. Because, IBk considers only & closest points in local area, its performance in imbalance
dataset is quite good. We can observe that IB1 classifies minority instances better than IB3 in our
datasets due to the number of minority instances in imbalance datasets are small.

In issue of training time, MLP and SMO are complex systems, so, the training time of these
classifiers are. long. Because SMO is a descendant of SVM, it has properties of SVM as: the training
is slow, especially for large problems and training algorithm is complex, subtle and sometimes

difficult to implement. Although SMO is fastest for linear SVMs and sparse data sets, it is slowest for
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all classifiers we study in this thesis. In the other hand, IBk is a simple classifier; its training time is

short even in large data with high number of instances.

7.6  Summary

In this chapter, we have shown that our proposals are capable of learning complex, non-
linear, imbalance classification problems and that they can be used to accurately predict unseen cases.
We have also directly compared the performance of our proposals with several popular machine
learning algorithms and have shown the suitability of the genetic-based learning classifier system for
imbalance classification tasks. Our methods significantly achieved better results than that of Decision
Trees and Bayesian approaches. Besides, any method could not outperform our methods significantly.
However, for LCS, a standard set of benchmark problems still does not exist. Such a set would give
researchers the opportunity for a better comparability of their published methods and results. An
appropriate benchmark set should be composed of real-world datasets taken from real problem
domains as well as artificial problems in which the characteristics of the data are exactly known.

From the experimental results, we also observe that Nearest Neighbor methods are simple
methods but get a good results when performing on imbalance problems. It is possible to find some
properties of Nearest Neighbor methods and applying them to XCS to improve XCS’s performance.
Another issue needs to be studied in LCS field is identify what kind of problems XCS is well and
poorly suited. This issue is derived when we study performance of XCS on Hypothyroidl dataset.

While non-LCS approaches classify this dataset well, LCS approaches encounter problem.



Chapter 8

Conclusions and Future Researches

This thesis provides an empirical study of imbalance dataset problem, its impact on XCS
Classifier System and we have proposed two methods to solve this problem: Cost-sensitive XCS and
Sampling Ensemble XCS. This chapter summarizes the main contributions and lessons leamned from
this study. Limitations with this study are then discussed, including the reliance on XCS Classifier
System throughout this thesis. In this discussion we do provide some reasons to believe that our
results may generalize beyond this one important class of learners. Areas of possible future research

are then discussed.

8.1  Summary of Contributions

The contributions of the research are best summarized by the evaluation of the research
outcome, corresponding to the research objectives as stated in Section 1.2. Although the study of
Cost-sensitive XCS and Sampling Ensemble XCS are separated, many of the main contributions for
each are related, since the studies share the same general framework. We begin by describing the
contribution of each algorithm.

®  Analysis effects of imbalance dataset problem to XCS classifier. We first analyzed effects
of imbalance datasets to performances of XCS. Imbalance dataset makes a poor performance
of standard classifiers on classifying minority class and a high accuracy on the majority class
but a very low, sometimes unacceptable, accuracy on the minority class. That is because
standard learning classifier systems aim to minimize the overall error rate and in imbalance
dataset, the majority class has dominant influence on the overall error than minority. From
that, we provide guidelines to improve performances of XCS by setting parameters
appropriately and combining with sampling techniques as well as ensemble learning.

® (Cost-sensitive XCS for bi-class imbalanced data. We have introduced a Cost-sensitive

XCS learning classifier system to solve imbalanced data by introducing cost items into the

reward setting of XCS. In our approach, the reward value of correctly identifying the positive

class outweighs the value of correctly identifying the common class. The adaptation reward
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based on imbalance ratio allows maximizing the total reward of positive class in long runs,
which has demonstrated to be useful in solving imbalance dataset problems.

Cost-sensitive XCS for multi-class imbalanced data. In practice, there are some
applications with more than two classes where the imbalanced class distribution hinders the
classification performance. For classifying multi-class imbalanced data, the Cost-sensitive
XCS for multi-class is developed by expanding Cost-sensitive XCS for bi-class.

The results suggest that cost-sensitive learning is relatively easy on two-class tasks while it is
difficult on multiclass tasks and a higher degree of class imbalance usually results in higher
difficulty in cost-sensitive learning.

Under-sampling Ensemble XCS for Imbalanced data. The well-known technique to solve
imbalance problems is sampling. Under-sampling Ensemble XCS is a combination of Under-
sampling and Ensemble learning with XCS to solve imbalanced data. Firstly, an overview of
the system is presented. All components of the classifier are described. Secondly, the
performance of system is described to understand how Under-sampling Ensemble XCS
works. In which, Under-sampling techniques are employed to change the distribution of
training datasets by under-sampling the majority class multiple time and inducing multiple
classifiers by ensemble learning algorithm. Finally, seven UCI imbalance datasets described
in the previous section are used to verify the feasibility of our proposals.

Over-sampling Ensemble XCS for Imbalanced data. Over-sampling is second well-known
sampling technique. Over-sampling Ensemble XCS is developed with a framework similar to
that of Under-sampling Ensemble XCS on 2 steps: creating multiple classifiers and
aggregating results; only step creating training subsets is different where Over-sampling
technique is used to create training subsets instead of Under-sampling technique. The study in
this dissertation shows that Over-sampling Ensemble XCS tends to outperform all other
algorithms in solving our imbalanced data.

Experimental evaluations on the proposed algorithms. Experiments are conducted on
synthetic dataset as well as real-world datasets for evaluating our proposal methods in terms
of accuracy improvement for both bi-class and multi-class imbalanced data in terms of the
recognition performance on a specific minority class and the balanced performance among all

classes.
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When compared with other related algorithms, these experimental results indicate that the
proposed algorithms are superior in achieving better measurements with respect to the

learning objectives.

8.2 Discussion

In this section, we briefly discuss several additional issues of our framework that related to
Cost-sensitive Learning, Sampling Technique and Ensemble Algorithms.
® Cost-sensitive XCS

A cost-sensitive classification technique takes the cost matrix into consideration during model
building and generates a model. In these cases, it is important to create a classifier that minimizes the
overall misclassification cost. This tends to cause the classifiers to perform better on the minority
class than if the misclassification costs were equal. For highly skewed class distribution, this also
ensures that the classifier does not only predict the majority class.

The empirical study presented in chapter 5 reveals that cost-sensitive learning is relatively
easy on two-class tasks while hard on multiclass tasks. This is not difficult to understand because an
example can be misclassified in more ways in multiclass tasks than it might be in two-class tasks,
which means the multiclass cost function structure can be more complex to be incorporated in any
learning algorithms. Note that multiclass problems can be converted into a series of binary
classification problems, and methods effective in two-class cost-sensitive learning can be used after
the conversion. However, this approach might be troublesome when there are many classes and a user
asually favors a more direct solution. This is just like that although multiclass classification can be
‘addressed by our cost-sensitive XCS for bi-class via pair-wise coupling; we still attempt to design
multiclass cost-sensitive XCS and our future work is improve its performance. Nevertheless, an
interesting future issue is to compare the effect of doing multiclass cost-sensitive learning directly and
the effect of decoupling multiclass problems.

And from experiments, we can see that with the same parameter settings, XCS performs on
11-MUX datasets more robustly than on real datasets (imbalance ratio ir=16 comparing to ir=6). This
is because of difference on overlapping and complexity of each dataset. In [75], we investigated on
this approach to analyze effects of imbalance problems in combining with other factors as small
disjunction, overlapping degree, training dataset size and complexity of problem to performance of

classifiers. We thus suggest that addressing the class imbalance problem is not necessarily the best
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way to deal with the problem of performance degradation in the presence of class imbalances. Instead,
it may be more effective if we study imbalance problem in combination with studying small

disjunction, overlapping degree and training dataset size.

® Sampling Ensemble XCS

From the eyes of statistician, sampling consists of selecting part of a population to observe so
that one may estimate something about the whole population. In while, the ensemble scheme is a set
of classifiers that can make lower the variation of each individual classifier so that the performance of
the system can be more stable. Thus, Sampling Ensemble XCS can integrate the strength of both
sampling and the ensemble scheme.

Two related tasks in sampling are (1) how best to obtain a sample, and once the sample data
are in hand, (2) how best to use them to estimate the characteristics of the whole population. We
should note that we might get very different results if we change the level of re-sampling. In
particular, some re-sampling methods might perform better with a higher or lower amount of re-
sampling. It is also quite likely that re-sampling until the minority class data makes up 50% of the
training data does not yield optimal results [37). However, to reach to optimal results by variety the
level of re-sampling is still an open interesting issue.

In ensemble learning, clearly there is no advantage to combining a set of classifiers which are
identical; identical that is, in that they generalize in the same way. The emphasis here is on the
similarity or otherwise of the pattern of generalization. In principle, a set of classifiers could vary in
terms of their weights, the time they took to converge, and even their architecture and yet constitute
essentially the same solution, since they resulted in the same pattern of errors when tested on a test
set. There are a number of parameters which can be manipulated in efforts to obtain a set of classifiers
which generalize differently. These include the following: initial conditions, the training data, the
typology of the nets, and the training algorithm. In XCS, we use different seed in creating new
chromosome of genetic algorithm.

From experimental results in chapter 6, we can see that although we used the same ensemble
learning algorithm, performance of Over-sampling Ensemble XCS is better than Under-sampling
Ensemble XCS, that because XCS performs on over-sampling training dataset better than on under-
sampling training datasets. So, we can conclude that for rare class scenarios, the ability of an

ensemble algorithm is dependent on the abilities of its base learner.
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8.3 Limitations and Future Researches

Although the experiments have provided evidence that the proposed method can be
successful for learning from imbalanced data sets, future work is needed to address its possible

drawbacks.

® More investigations on other application domains. In chapter 2, several application
domains where the class imbalance problem prevails are listed. In our experimental study
on classifying imbalanced data, most of the data sets are taken from the UCI machine
learning repository. The proposed cost-sensitive XCS algorithm can also be applied to
other application domains, such as fraud detection and network intrusion, to explore their
effectiveness in these specific domains.

® More investigations on other base classification systems. In this thesis, XCS classifier
system is investigated for classifying imbalanced data by using the proposed cost-sensitive
algorithm, sampling techniques and ensemble leamning. Other standard classification
systems, such as Decision Trees, bayesian network classifier, neural networks, and support
vector machines, are all reported to be affected by the class imbalance problem. The
proposed cost-sensitive algorithm and combination of sampling and ensemble learning are
applicable to any base classifier where Bagging and Boosting can be applied. As ensemble
learning performs differently with respect to the base classification systems, further study
can investigate how the cost-sensitive algorithm, sampling techniques and ensemble
learning affect different base classification systems.

® XCS classifier system. XCS still suffers from higher training times, so further
investigation should be done to reduce its training time. Some issues in this direction may
include the use of reduction techniques that minimize the number of rules during training,
especially in problems with real attributes.

® Sampling Techniques. Till now, that there are relative fewer sampling schemes used in
data mining compared with the large variety of sampling methods with have been existed
for a long time in the area of statistics. Furthermore, due to the inherent requirement of data
mining, some conclusions of traditional sampling methodology may not apply or not much

desirable. Therefore, more theoretical and empirical research is needed before we can
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claim a thorough understanding of sampling and further its application in data mining.

Further research on sampling in data mining should, include:

o

O
o

To find the best sampling approach (including new sampling scheme) for varied
data mining algorithms;

Practical methods for determining optimal sample size for different learning tasks;
Practical techniques for measuring the sample quality and controlling the loss of
original information;

Practical off-line and on-line sampling algorithms (possibly combining with data
mining algorithms);

Sampling from special data structures such as semi-structured data;

Sampling in parallel or distributed databases;

There are of course many other worthwhile research possibilities that are not included in the

list. We believe that because of the challenging topics and tremendous potential applications, the

classification of imbalanced data will continue to receive more and more attention in both the

scientific and the industrial worlds.
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S problem space
sesS problem instance
S={0, l}l binary problem space of length /
l problem length / (that is, number of features in a problem instance)
A problem classes
ac€A current class
A={0,1} binary (two-class) problem
n number of problem classes
XCS Classifier System

LCS Parameters

N maximal population size

P, don’t care probability

P,¢&,,F, defauit parameter initialization values

& e-greedy strategy parameter

B learning rate

a,&,,V accuracy determination parameters

O;, threshold that controls GA invocation

7] probability of mutating a condition attribute (or the action)

4 probability of applying the chosen crossover operator

0, threshold that requires minimal experience for fitness influence during deletion

S fraction of mean fitness below which deletion probability is further decreased

sub

threshold that requires minimal experience for subsumption

Classifier Parameters

C
A

condition part — in binary domains, C € {0, 1, #}I
action part4 €A

reward prediction
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& mean absolute reward prediction error

F fitness (in macro classifiers)

as the mean action set size the classifier is part of

ts the time the classifier was part of an action set in which the GA was applied

exp the number of evaluation steps the classifier underwent so far

num the numerosity, that is, the number of micro-classifiers represented by this
(macro-) classifier

Other Notations

[P] classifier population

[M] match set

[4] action set

o (c) specificity of condition part of classifier ¢/; in binary domains, specificity equals
to the number of specified attributes over /

o [X] average specificity in classifier set X

K the current accuracy of a classifier

K' the current set-relative accuracy of a classifier

P the (combined) reward received by the current action set

P(A) prediction array estimating the value of each possible action A

P4 the predicted value of action 4
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Appendix B

Implementation of the XCS Classifier System in C/C++

This appendix explains how to download, compile and use the XCS code version in C/C-++. It
discusses how to select various parameter settings, how to add and remove certain procedures in the
XCS, how to apply the XCS in the imbalanced multiplexer environment and real-world dataset
environments. All instructions are suited for UNIX operating systems. But, as the code is written in

C/C++ it should not cause problems to compile and run the code on other machines.

B.1  How to Download, Extract, Compile and Run the Code

The package with the source code and some examples is available at the Illinois Genetic

Algorithms Laboratory, Anonymous FTP site in ftp:/ftp-illigal.ge.uiuc.edu/pub/sre/XCS/XCS tar.Z.

® Download and Extract
After downloading the package (XCS.tar.Z) into a directory, the directories and files can be

extracted by typing:

uncompress XCS.tar.Z

tar xvf XCS.tar

When extraction the files a new directory, called XCS, will be created that contents the

following:

Environments classifierList.c XCS.C
Makefile classifierList.h xcs.h
actionSelection.c env.c xcsMacros.h

actionSelectionh  env.h

The implementations of the multiplexer and the woods environment can be found in the

Environments subdirectory. The file Woodsl.txt and Woods2.txt in this subdirectory represent the
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Woods1 and Woods2 environment. Because in this thesis we only study XCS in classification (single-

step), we do not describe how to implement XCS in multi-step tasks, as Woods1 and Woods 2, here.

® Compile

The compilation works with the provided Makefile that can be found in the created XCS
directory together with the source code. A simple call of make will compile the files and create the
executable program xcs.out. A call of make clean deletes all *.0, *.out, and *~ files. A previous call of
make clean before make is not necessary, though.

The Makefile can be modified as follows:

+ Line 17: In the statement ‘CC = ... the preferred C compiler can be chosen. By default the
‘gee’ compiler is chosen here.

+ Line 18: In the statement ‘CC_OPTS = ...” diverse options can be chosen dependent on the

compiler.

® Choosing an Environment
The Makefile chooses by default the environment with source code env.c and env.h from the
XCS directory. By default env.c and env.h represent the Multiplexer environment. To change this to
other environment, simply copy from the Environments subdirectory the files woodsXCS.c and
wo0dsXCS.h to env.c and env.h, respectively and recompile the code. Then the XCS leamns in that
environment. To change back to the Multiplexer environment then again, copy the files multipXCS.c

and multipXCS.h from the Environments subdirectory to env.c and env.h and recompile again.

® Run the Code
After the code is compiled with the intended environment, the program can be executed by
typing:

Xxcs.out

B.2 Constants and Macros

This section describes how to modify the XCS program easily by the provided constants.
Furthermore, how to modify the environments to match perfectly into the XCS program is presented.

® The xcsMacros.h File
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The XCS classifier system uses a few constants for the different methods. The constants are
all defined in the xcsMacros.h file where they can all be modified. Moreover, xcsMacros.h
provides some other constants with that certain methods in the XCS mechanism can be selected
or deselected.

The following manipulations are possible:

+ Line 13: ‘“TABOUTFILE’ is the file where the statistics are going to be printed out.

+ Line 15; “NR EXPS’ is the number of experiments that are successively taken.

+ Line 16;: ‘MAX NR STEPS’ is the number of problems to solve in one experiment.

+ Line 18: ‘MAX POP SIZE’ is the maximum size of the population.

+ Line 20; ‘BETA’ is the used learning rate for prediction, prediction error, fitness and peer
set size updates.

+ Line 22: ‘MEAN LAST GATIME is the threshold to do a GA is the average number of
time-steps in a set since the last GA is greater than the threshold.

+ Line 23: ‘MINIMUM ERROR’ is equivalent to &, in Wilson’s parameters.

+ Line 24: ‘FALL OFF RATE’ is equivalent to (X in Wilson’s parameters.

+ Line 26: ‘CROSSPX’ is the probability of doing crossover, if applicable.

+ Line 27: ‘MUTPMUE’ is the probability to mutate one bit.

+ Line 29: ‘DELTA’ is part of the second deletion method. It is used to enforce the deletion
of low fitness classifiers.

+ Line 30: ‘DELETION EXPERIENCE’ is the minimum experience required to use the
second deletion method.

+ Line 32: ‘PREDICTION THRESHOLD is the threshold to do covering, if the average
prediction decreases under it.

+ Line 34: ‘DONTCARE PROBABILITY” is the probability of choosing a don’t care sign
in generating a new classifier with covering.

+ Line 36: ‘PRE INI’ is the initial prediction in new classifiers.

+ Line 37: ‘PREER INV is the initial prediction error in new classifiers.

+ Line 38: ‘FIT INI’ is the initial fitness in new classifiers.

+ Line 40: ‘PRE ERROR REDUCTION IN NEW CLASSIFIERS’ is the amount of
reducing the prediction error in a classifier that was generated with the genetic algorithm.

+ Line 41: ‘FITNESS REDUCTION IN NEW CLASSIFIERS’ is the amount of reducing

the fitness in a classifier that was generated with the genetic algorithm.



123

+ Line 42: ‘KAPPA MULTIPLIER’ is the multiplier to reduce the accuracy of a classifier,
if its prediction error is less than MINIMUM ERROR*PAYMENT_RANGE.

+ Line 44: ‘REDUCTION THRESHOLD?’ is the threshold to emphasize the usage of more
experienced classifiers in the prediction array (currently set to 0).

+ Line 45: ‘FITNESS REDUCTION? is the reduction that is used to reduce the contribution
of a classifier to the prediction array if its experience is lower than the reduction threshold.

+ Line 47: ‘SUBSUME EXPERIENCE’ is the experience required to serve for the
subsumption deletion method.

+ Line 49: ‘INITIALIZE POP’ is a Boolean that specifies if the population should be
generated randomly at first (1) or if an experiment should start with an empty population.

+ Line 51: ‘DECREASE FITNESS IN M NOT A’ is a Boolean that specifies if a classifiers
fitness is reduced, if it is in the match set but not in the action set (currently set to 0).

+ Line 52: ‘FITNESS REDUCTION IN M NOT A’ is the amount a classifier’s fitness will
be reduced, if it is in a match set but not in the action set and if the Boolean ‘DECREASE
FITNESS INM NOT A’ is set to 1.

+ Line 54: ‘DECREASE FITNESS IF MUTATED’ is a Boolean that specifies if a
classifier’s fitness should be decreased if it was mutated (not changed by crossover).

The Multiplexer Constants

The constants of the Multiplexer environment are found in the header of the environment
(either multipXCS.h or env.h once copied to the XCS directory). The size of the environment
can be specified and the type of payment given.

+ Line 14: ‘CONDITION LENGTH’ is the length of the situations generated by the
environment. The multiplexer environment is defined for length 6, 11, 20, 37....

+ Line 15: ‘ACTION LENGTH’ is the length of the action string that is possible to
generate. In the multiplexer environment this should always be 1.

+ Line 16: ‘NUMBER OF ACTIONS’ is the different number of actions possible. This
macro is used e.g. for the prediction array.

+ Line 17: “NRBITS’ is the number of bits that determine the position of the result in a
string. (e.g. 6 mp. = 2 bits, 11 mp. =3 bits ...)

+ Line 19: ‘PAYMENT RANGE’ is the maximum payment receivable from the

environment.
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+ Line 20: ‘PAYOFF LANDSCAPE’ is a Boolean that determines, if a payoff landscape
for the rewards should be constructed similar to Wilson [8] or rather a simple reward should
be given when the action was correct.

+ Line 22: ‘IS MULTI STEP’ is a Boolean that determines whether this is a multi-step
environment. Therefore, this Boolean should be 0 in the multiplexer environment and 1 in the

woods environment.

An Introduction to the Code

This section summarizes the different source code files of the XCS code. Furthermore, it
gives an introduction to the implementation of the multiplexer tasks. Finally, it outlines how to

plug-in other test environments.

® The XCS code

+ xc¢s.¢, xcs.h files

In the xcs.c / xcs.h files the general flow of the XCS classifier system is implemented. It
contains the ‘main’ method. In ‘startExperiments’ the specified number of experiments are
executed and the execution distinguishes between single-step and multi-step environments. In
‘startOneSingleStepExperiment’ the execution of one single-step experiment is implemented and
subsequently divided into the execution of one problem in explore or exploit mode in the
functions ‘doOneSingleStepProblemExplore’ and ‘doOneSingleStepProblemExploit’. Similar, in
‘startOneMultiStepExperiment’ the execution of one multi-step experiment is implemented and
subsequently the execution of one explore and one exploit problem in the functions
‘doOneMultiStepProblemExplore’ and - ‘doOneMultiStepProblemExploit’. Furthermore, the
‘writePerformance’ function writes the performance out to the file specified in xcsMacros.h.
‘randomize’ randomizes the pseudo random generator.

+ classifierList.c, classifierList.h files

In these files, all functions related to the classifier set are implemented. At first, the creation
of a random classifier list is specified. Then, the match set procedures and the action set
procedures are coded. After that, the discovery component is implemented where the genetic
algorithm is applied. The different subsume functions realize the procedure of subsumption
deletion. Then the actual crossover and the mutation functions are given. How to add a classifier

or a classifier pointer is realized in the three ‘addClassifier’ functions. Then, deletion functions
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are realized. First, functions that select a certain classifier for deletion and then functions that
actually delete a classifier or a whole set of classifiers. Finally, output functions and other utilities
are implemented.

+ actionSelection.c, actionSelection.h files

These files handle action procedures. The first function generates a prediction array. Then,
diverse functions for determining the action winner are given. Finally, two functions provide the

conversion of a represented action from a string to an integer and backwards.

® The Implemented Environments

Provided with the code are the Multiplexer environment and an implementation of a Woods
environment, which offers the application of diverse Woods environments. As outlined in B.1 the
two environments are provided in the subdirectory Environments in the directory XCS. In order
to apply the XCS in either of them the environment with the corresponding, the header must be
copied to the XCS directory to the file env.c / env.h.
4+ The Multiplexer Environment

The function ‘resetState’ generates a new randomly generated situation. ‘doAction’ executes
an action on the actual situation and returns the received reward and if the action was the correct
(better) one. ‘initEnv’ and ‘freeEnv’ normally initialize the environment and have always to be
provided. In this case they don’t initialize / free anything.
+ The Woods Environment

We do not concern this environment kind in classification tasks.

® How to Plug-In other Test Environments
It is very simple to plug-in other test environments. Any environment needs to be copied to
the env.c and the correspondiné header to the env.h file. The header must provide the following
constants:
+ CONDITION LENGTH: This macro must specify the number of bits that specify a
state in the environment.
+ ACTION LENGTH: This macro must specify the number of bits that are used for an
action.
+ NUMBER OF ACTIONS: Here, the number of different possible actions must be

specified. This is needed for the construction of the prediction array.
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+ PAYMENT RANGE: This macro specified the highest amount that can be received as
a reward.

+ IS MULTI STEP: This Boolean macro specifies if the environment is a single-step or
multi-step environment (0: single-step, 1: multi-step).

Moreover, the environment must include the following functions:

+ int initEnv(FILE *fp): This function initializes the environment and is always called
from the xcs program before the experiments start. It returns true (1) if the initialization was
sucessfull.

+ void freeEnv(): is always called in the end of all experiments and is supposed to free
the memory which was allocated by the environment.

+ void resetState(char *state): This function should execute a reset in the environment. In
a single-step environment this function is called before each problem. In a multi-step
environment it is called in the beginning of an experiment and when a new trial starts (i.e.
when the ‘doAction’ function returns that a reset must be executed, e.g. in the woods
environment, when reward was received).

+ double doAction(char *state, char *action, int *ret2): This function executes the
specified action in the environment. It sets the ‘state’ array to the perceived string after the
execution of the action. Moreover, it returns the received reward. ‘ret2’ in a single-step
environment returns if the correct (better) action was executed. In a multi-step environment
‘ret2’ should specify, if a reset should be executed or not.

Once these functions are properly implemented, the new environment can be plugged in to the
XCS mechanism. Even the output produced by the XCS should give a correct picture of the

performance of the XCS in the new environment.

B.4  The Structure of the Output

The XCS code always produces an output of the performance in the environment in that it is
applied in. The output is written to the file specified in “TABOUTFILE’ in the xcsMacros.h file
(line 13).

Every 50 problems the XCS code produces some output using the ‘writePerformance’
function. Each line in the output represents the performance at a certain point in time. The
different values are separated by °;’.

In a single-step environment it writes out:
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+ The number of the so far examined problems.
+ The percentage of correctness in the last 50 problems.
+ The error in the predictions averaged over the last 50 problems.

+ The current size of the population divided by the payment range.
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Appendix C

Imbalance Dataset Problems

C.1  Multiplexer Problem

The multiplexer problem has been the subject of a good deal of research in the machine
learning field in general and in the classifier system field in particular. The idea of multiplexer
problem is from digital circuit. It is introduced to apply in classifier system by Wilson [8]. There are

many versions of the multiplexer problem, each with a different size of the form & + 2", fork 1.

32__1_.
al—L

20—

Output

do—0 |~

i
Figure C.1 Boolean 11-multiplexer with input of 11001000000 and output of 1.

Examples of multiplexer sizes, beginning with the smallest and increasing in size, are the 3-
multiplexer, the 6-multiplexer, the 11-multiplexer, the 20-multiplexer, the 37-multiplexer, the 70-
multiplexer, etc. For brevity, we call these problems as the “3-MP”, the “6-MP”, the “11-MP”, and so
forth, respectively. The difficulty of a multiplexer problem is correlated with its size. The smaller
multiplexer problems are fairly simple to solve. For researchers who have used classifier systems to
solve the multiplexer problem, problems with interesting levels of difficulty begin with the 11-MP.
The multiplexer has 11 inputs and one output. The first three inputs, a,, a,, and a,, can be considered
as address lines. They describe the binary representation of an integer between 0 and 7. This integer
chooses one of the 7 remaining inputs, which are labeled d,, d,, d,, d,, d,, d;, dg, d,. The correct output

for the multiplexer is the input on the line specified by the address lines. A picture is shown in Figure
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C.1. In this picture, the address lines specify the integer 6, so the output should be the input on line d,,
which is 1. There are 2" = 2048 possible combinations for the 11 arguments of the Boolean 11-
muttiplexer function.

So in generally, a multiplexer problem generates messages — lists of bits of length k + 2",
where k is a positive integer. The size of a multiplexer problem (MP) is the length of the messages it
generates. An algorithm learning to solve a standard MP receives such messages from the MP and
learns whether to respond with a “1” or a “0” to any messages it may receive. The MP decides what
the correct reply is in this way:

1. The MP treats the first k bits (called the address bits) of its message as the encoding of an
integer in base 2. The MP converts the address bits of the message to i, the integer that the address
bits encode in base 2.

2. The MP treats the last 2* bits (the data bits) of its message as a list of possible responses.
Bit number 7 in this list is the data bit for a message with address bits encoding i in binary.

3. If the learning algorithm provides a response equal to the value of signal bit number i, the
MP provides positive reinforcement to the learning algorithm. If the learning algorithm provides a
response different from the value of signal bit number i, the MP provides negative reinforcement to
the learning algorithm.

Here are some examples of messages and the correct response to them for the 11-MP. (111is
of the form 3 + 23, so each message generated by an 11-MP will have three address bits and eight data
bits.) Note that here and in what follows, extra spaces are inserted to improve readability between the
address bits and the data bits. These spaces are not represented in the signals themselves.

11111111110:the 3 address bits encode 7 in base 2. The relevant data bit is the last
one, so the correct response is “0”. (Note that the counting starts from zero: the first data bit is bit
number zero, and the last is data bit number 7).

0111111000O0: the 3 address bits encode 3 in base 2. The relevant data bit is the final
one of the initial block of 1s, so the correct response is “1”.

0010101010 1: the 3 address bits encode 1 in base 2. The relevant data bit is the first
with the value of 1, so the correct response is “1”.

The messages generated by a standard MP are randomly generated. A standard MP of size m

will generate any message of length m with equal probability.
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C:2 UCI Datasets

In this thesis, we have used 13 UCI datasets both bi-class and multi-class which are:
Echocardiogram, Breast-w, Wine, Glass, Vowel, Hypothyroid, Abalone, E-coli, Letters Recognition,
Lymphography, Opt-digits, Pen-digits and Satellite. Following is description of these datasets:

1. Echocardiogram (Year: 1989)

Concept: All the patients suffered heart attacks at some point in the past. Some are still alive

and some are not. The survival and still-alive variables, when taken together, indicate whether a

patient survived for at least one year following the heart attack.

Table C.1 Echocardiogram

Attribute Class
No.
Name Type Range/Values Name Distribution (%)
i 1 survival Real [0, 57} Class 0 88 (66.7%)

2 still-alive Integer {0, 86) Class 1 44 (33.3%)
3 age-at-heart-attack Category {0, 1} Total 132 (100%)
4 pericardial-effusion Real {o, 1}

fractional-
5 Real [0, 40)

shortening
6 epss Real {o,71
7 vdd Real [0, 39]
8 wall-motion-score Real [0, 3]
9 wall-motion-index Real [0,2]
10 mult Category {namei
11 name Integer 10, 2]
12 group Infeger [0, 2]

2. Breast-w (Year: 1984)
Concept: Each record represents follow-up data for one breast cancer case.
These are consecutive patients seen by Dr. Wolberg since 1984, and include only those cases

exhibiting invasive breast cancer and no evidence of distant metastases at the time of diagnosis.

Table C.2 Breast-w

No. Attribute Class
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Name Type Range/Values Name Distribution (%)
1 Sample code number Integer {1,10] Benign 458 (65.5%)
2 Clump Thickness Integer {1, 10} Malignant 241 (34.5%)
Uniformity of Cell
3 Integer {1, 10] Total 699 (100%)
Size
Uniformity of Cell
4 Integer [1,10]
Shape
5 Marginal Adhesion Integer f1, 10]
Single Epithelial Cell
6 Integer [1,10]
Size
7 Bare Nuclei Integer [1, 10]
8 Bland Chromatin Integer [1, 10]
9 Normal Nucleoli Integer [1, 10}
10 | Mitoses Integer {1, 10]

3. Wine (Year: 1991)
Concept: These data are the results of a chemical analysis of wines grown in the same region
in Italy but derived from three different cultivars.

Minority class: Class 3 (26.97%)

Table C.3 Wine
Attribute Class
No. -

Name Type Range/Values Name Distribution (%)
1 Alcohol real [11,15] Class 0 59 (33.14%)
2 Malic acid real [0, 6] Class 1 71 (39.89%)
3 Ash real [1, 4] class 3 48 (26.97%)
4 Alcalinity of ash real {10, 30] Total 178 (100%)
5 Magnesium integer [70, 162])
6 Total phenols real [0, 4]
7 Flavanoids real [0, 6]

Nonflavanoid

8 real {0, 1]

phenols
9 Proanthocyanins real [0, 4]
10 Color intensity . real [1,13]
11 Hue real [0, 2]




0OD280/0D315 of
12 real (1, 4]
diluted wines
13 Proline integer [278, 1686]

4. Glass (Year: 1987)

Concept: This data determines whether the glass was a type of “float” glass or not,

Minority class: Class 5 (4.21%)

Table C.4 Glass
Attribute Class
No. -
Name Type Range/Values Name Distribution (%)

1 1d Integer [1, 214} Class 1 70 (32.71%)
2 RI REAL [1.5112, 1.5339] Class 2 v 76 (35.51%)
3 Na REAL [10.73, 17.38] Class 3 17 (7.94%)
4 Mg REAL [0, 4.49] Class 4 13 (6.07%)
5 Al REAL [0.29, 3.5} Class 5 9(4.21%)
6 Si REAL [69.81, 75.41] Class 6 29 (13.55%)
7 K: REAL [0, 6.21] Total 214 (100%)
8 Ca REAL [5.43, 16.19]
9 Ba REAL [0,3.15]
10 Fe REAL [0,0.51]

5. Vowel Recognition (Year 1989)
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Concept: Speaker independent recognition of the eleven steady state vowels of British

English using a specified training set.

Minority class: Class 0 (9.09%)

Table C.5 Vowel Recognition

Attribute Class
No.
Name Type Range/Values Name Distribution (%)
1 Feature 1 REAL [-6, 0} Class 0 90 (9.09%)
2 Feature 2 REAL [-2, 6] Class 1 90 (9.09%)
3 Feature 3 REAL [-3,2] Class 2 90 (9.09%)
4 Feature 4 REAL [-2, 3] Class 3 90 (9.09%)




5 Feature 5 REAL {-3, 2] Class 4 90 (9.09%)
6 Feature 6 REAL [-1,3] Class 5 90 (9.09%)
7 Feature 7 REAL [-2,2] Class 6 90 (9.09%)
8 Feature 8 REAL -2,3] Class 7 90 (9.09%)
9 Feature 9 REAL [-2,2] Class 8 90 (9.09%)
10 Feature 10 REAL {-2,2] Class 9 90 (9.09%)
11 Class 10 90 (9.09%)
12 Total 990 (100%)

6. Hypothyroid (Year )
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Concept: This is a medical diagnosis dataset to indicate hypothyroid patient based on input

attributes

Minority class: Class 1 (2.45%)

Table C.6 Hypothyroid
.Attribute Class
No.

Name Type Range/Values Name Distribution (%)
1 Feature 1 Real {0, 1] Class 0 3697 (97.55%)
2 Feature 2-16 Binary {0, 1} Class 1 93 (2.45%)
3 Feature 17 Real [0, 1] Total 3790 (100%)
4 Feature 18 Real [0, 1]
5 Feature 19 Real [0, 1]
6 Feature 20 Real [0, 1]
7 Feature 21 Real [0, 1]

7. Abalone (Year 1995)

Concept: Predicting the age of abalone from physical measurements. The age of abalone is

determined by cutting the shell through the cone, staining it, and counting the number of rings through

a microscope -- a boring and time-consuming task.

Minority class: Class 19 (0.77%)

Table C.7 Abalone

No.

Attribute

Class

Name

Type

Range/Values

Name

Distribution (%)
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1(0.02%)
{Male, Female, Class 1,2,
1 Sex Category (each class has 1
Infant} 25,26,29
instance)
2 Length Real [0,1] Class 24, 27 2 (0.04%)
3 Diameter Real [0,1] 3 15 (0.36%)
) 4 Height Real [0,2] 4 57 (1.36%)
5 Whole weight Real [0,3] 5 115 (2.75%)
6 Shucked weight Real [0,2] 6 259 (6.20%)
7 Viscera weight Real [0,1] 7 391 (9.36%)
8 Shell weight Real {0,2] 8 568 (13.60%)
9 Rings integer fo,1] 9 689 (16.50%)
. Class 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Dist. 634 | 487 | 267 | 203 | 126 | 103 | 67 58 42 32 26 14 6 9
(%) 1518 1 11.66 | 639 | 4.86 | 3.02 | 247 | 1.60 | 1.39 | 1.01 | 0.77 | 0.62 | 0.34 | 0.14 | 0.22

Total: 4177 (100%)
8. E-~coli (Year)

Concept: To determine the site of a protein within a cell by its amino acid sequence. There
are 8 classes: inner membrane lipoproteins (imL), outer membrane lipoproteins (omL), inner
membrane proteins with a cleavable signal sequence (imS), other outer membrane-proteins (om),
periplasmic proteins (pp), inner membrane proteins with an uncleavable signal sequence (imU), inner
membrane proteins without a signal sequence (im), and cytoplasmic proteins (cp).

Minority Class: Class imS (0.60%)

Table C.8 E-coli

Attribute Class
No.
Name Type Range/Values Name Distribution (%)
1 mcg Real [o, 1] cp 143 (42.56%)
2 gvh Real [0, 1] im 77 (22.92%)
3 lip Real [0, 1] ) 52 (15.48%)
4 chg Real fo,1] imU 35 (10.42%)
5 aac Real [o, 1} om 20 (5.95%)
6 alml Real [0, 1] omL 5(1.49%)
7 alm2 Real [0, 1] imL 2 (0.60%)




imS

2 (0.60%)

Total

336 (100%)

9. Lymphography (Year 1988)

135

Concept: This is one of three domains provided by the Oncology Institute that has repeatedly appeared

in the machine learning literature.

Minority Class: Class fibrosis (2.70%)

Table C.9 Lymphography
Attribute Class
No.
Name Type Range/Values Name Distribution (%)
1 lymphatics Category {1,2,3,4} normal find 2(1.35%)
2 block of affere Category yes, no metastases 81 (54.73%)
3 bl. of lymph. ¢ Category yes, no malign lymph 61 (41.22%)
4 bl. of lymph. s Category yes, no fibrosis 4 (2.70%)
5 by pass Category yes, no Total 148 (100%)
6 extravasates Category yes, no
7 regeneration Category yes, no
8 early uptake in Category yes, no
9 lym.nodes dimin Category {0, 1,2, 3}
10 lym.nodes enlar Category {1,2,3,4}
11 changes in lym. Category {1,2,3}
12 defect in node Category {1,2,3,4}
13 changes in node Category {1,2,3,4}
14 changes in stru Integer [1,8]
15 special forms Category {1,2,3}
16 dislocation of Category yes, no
17 exclusion of no Category yes, no
18 no. of nodes in Integer [1,8]

10. Opt-digits (Year 1998)

Concept: The data is to extract normalized bitmaps of handwritten digits from a preprinted form. From a

total of 43 people, 30 contributed to the training set and different 13 to the test set. 32x32 bitmaps are divided into

non-overlapping blocks of 4x4 and the number of on pixels is counted in each block. This generates an input matrix
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of 8x8 where each element is an integer in the range 0...16. This reduces dimensionality and gives invariance to

small distortions.

Minority Class: Class 0 (9.86%)

Table C.10 Opt-digits

Attribute Class
No.
Name Type Range/Values Name Distribution (%)
1 All 64 attributes Integer [0, 16] Class 0 554 (9.86%)
2 Class 1 571(10.16%)
3 Class 2 557 (9.91%)
4 Class 3 572 (10.18%)
5 Class 4 568 (10.11%)
6 Class 5 558 (9.93%)
7 Class 6 558 (9.93%)
8 Class 7 556 (10.07%)
9 Class 8 554 (9.86%)
10 Class 9 562 (10.00%)
11 Total 5610 (100%)

11. Satellite (Year 1993)

Concept: The database consists of the multi-spectral values of pixels in 3x3 neighborhoods in

a satellite image, and the classification associated with the central pixel in each neighborhood. The

aim is to predict this classification, given the multi-spectral values. In the sample database, the class

of a pixel is coded as a number.

There are 6 decision classes: 1,2,3,4,5and 7.

Minority Class: Class 4 (9.73%)

Table C.11 Satellite
Attribute Class
No.

Name Type Range/Values Name Distribution (%)
1 All 36 attributes Integer [0, 255] Class 1 1533 (23.82%)
2 Class 2 703 (10.92%)
3 Class 3 1358 (21.10%)
4 Class 4 626 (9.73%)
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5 Class 5 707 (10.99%)
6 Class 7 1508 (23.43%)
7 Total 6435 (100%)

12. Letter Recognition (Year 1991)

Concept: The objective is to identify each of a large number of black-and-white rectangular
pixel displays as one of the 26 capital letters in the English alphabet. The character images were based
on 20 different fonts and each letter within these 20 fonts was randomly distorted to produce a file of
20,000 unique stimuli.

Minority Class: Class H (3.67%)

Table C.12 Letter Recognition

Attribute Class
No.
Name Type Range/Values Name Distribution (%)
1 x-box Integer [1, 15] A. 789 (3.95%)
2 y-box Integer [1,15] B 766 (3.83%)
3 width Integer (1, 15] 8/ 736 (3.68%)
4 high Integer [1,15] D 805 (4.03%)
5 onpix Integer [1,15] E 768 (3.84%)
6 x-bar Integer [1, 15] F 775 (3.88%)
7 y-bar Integer [1, 15] G 773 (3.87%)
8 x2bar Integer [1, 15] H,Z 734 (3.67%)
9 y2bar Integer (1, 15] 1 755 (3.78%)
10 xybar Integer [1, 15] J 747 (3.74%)
11 x2ybr Integer [1,15] K 739 (3.70%)
12 Xy2br Integer [1,15] L 761 (3.81%)
13 x-ege Integer [1,15] M, Q 792 (3.96%)
14 xegvy Integer [1,15] N 783 (3.92%)
15 y-ege Integer (1, 15] (0] 753 (3.77%)
16 yegvx Integer [1,15] P 803 (4.02%)
17 R 758 (3.79%)
18 S 748 (3.74%)
19 T 796 (3.98%)
20 U 813 (4.07%)
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21 A% 764 (3.82%)
22 w 752 (3.76%)
23 X 787 (3.94%)
24 Y 786 (3.93%)
25 Total 20009 (100%)

13. Pen Recognition (Year 1998)

Concept: This data is a digit database by collecting 250 samples from 44 writers. The samples written
by 30 writers are used for training, cross-validation and writer dependent testing, and the digits written by the other
14 are used for writer independent testing

Minority Class: Class 3 (9.60%)

Table C.13 Pen Recogni_tion

Attribute Class
No.

Name Type Range/Values Name Distribution (%)

1 All 16 attributes Integer fo, 100] Class 0, 1 1143 (10.40%)
2 Class 2, 4 1144 (10.41%)
3 Class 3,5,8,9 1055 (9.60%)
4 Class 6 1056 (9.61%)
5 Class 7 1142 (10.39%)

Total 8705 (100%)
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conducted to balance the: po_le while subs
have motivated a promising alternative.

1. INTRODUCTION

A leaming classifier system (LCS) is an
adaptive system that learns to achieve a task
through  interacting ~with  environnient.
Introduced in 1995 by Wilson'[1], XCS is one
of the most successful classiffer systems. The
main advantage of XCS is ‘that' its
generalization property over the state-aetion
space creates a ﬁxll map of the proéleln spat:e
XxA=>P from inputs and. actiohs o payoﬂ'
predictions [13][14]. Other Bttrachve feature is
that XCS executes the niche genetic algofithm
in combination with accuracy-based fitness. In
addition, XCS is cap?khlé of wdﬂ)ng
problematic overgeneral rules which receive a
high optimal payoff for some inputs: but are
sub-optimal for other, lower payoff, inputs.

In these ways, XCS has been shown to be

extremely effective in a number of domains [2].

An important application of LCS commonly
and XCS specifically is autonomous robotics
where classifier systems have been a[iplied
most during the last ten yeats and gotten many

ent test: mclﬁded*

f&h{‘a{q well-known as
m addressed by

ls—mvémd pendﬁlum problem.
m on balancing the pole and
, XCS significantly reduces
§ - hll pmm;ﬁ Initial test was

\ary results

suocess?es‘ XC§ also ge@ \lsefnlaesults in other

ﬁsrdssﬁqﬁmﬁmﬁammg data analysis.
* The  inverted “(or cart-pole
g ~ for ' trainable
" gi&l tion-linear

ystem, “Learning tobalance
€ was- "ﬂiﬁ'%bbj@ct of one of the

s:mplest eipeﬁm‘ﬁ’ls and easiest to understand
pmdulum is a textbook example of an
itly t&b}e control system f4 1t is
essfully u@r&ed by many control
1;} _Work on learning for this
oblem * Was i by

; training time, they
space into non-
ces 10 train cart-pole balancing. In
oﬁm’% ach, two neuron-like elements were
Recently, Chiang et al. [9] and Liu et al. [10]
proposed to use genetic reinforcement fuzzy

dxgltalsunulatxon
After survcy existed cart-pole controllers,

conducted in maaﬁ'nia{&mmg The inverted
_‘been already

‘Michie and

ovtrlap;ﬁng Mn ‘afid applied two opposite
used to solve this problem by Barto et al. [3].
logic controller to balancing cart-pole via
there are ‘some controllers that avoid failure but
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do not center the cart while others would do a
good job of balancing and centering if
were allowed to run in a shightly longer

This paper is organized as follows. In
section 2, we will bricfly review the XCS
classifier system, classifiers, performance and
properties of XCS. In section 3, the cart-polc
system will be described with all its equations
and parameters.  The  details  of
implementations of XCS in cart-pole probl

populations contain many classifiers having
the same conditions and actions {11]. In a
population of macroclassifiers, each newly
generied classifier is examined 10 see if a
structurally identical classifier already exits, If
so, the existing classifier’s numerosity

is increased by one and the new
classifier is sbandoned. If not, the new
classifier is added to the population with its
numerosily  initialized at  one.  The
maeroclassifier idea reduces processing time
and saves storage, Classifiers with high

will be presented in section 4. In section 5, the
simulation results and comparison with other
methods will be presented to verify the
feasibility of XCS in inverted pendulum
problem. Scction 6 concludes this work and
directs the future works.

2, XCS CLASSIFIER SYSTEM

Like other classifier system, XCS secks a
gain reinforcement from its eavironment based
on an evolving set of condition-action rules
called classifiers. Via genetic algorithm
process, classifiers - useful  in | gaining
reinforcement are sclected and prapagate over
those less uscful leading to increasing system
performance [3]. Classifiers, performance and
properticsof XCS are explained as foliows.

243 Chnsllhr represeatation

As same as. classifier representation in
raditional. LCS, classifier representation
XCS takes the form of temary strings. The
system should evolve a classifier <conditicn™ ;
<getion> => <prediction> or ({x}, a) = p,
where the condition, {x}, is a string from {1,0,
#}, a condition can match more than one-state
if it contains #'s, the-action & € {ay, &2 ... &}
specuﬁumucuomhnnhcdmﬁcrpmpm
the prediction p estimates the payoll expected
if the classificr matches and its aclion is taken
by the system. There are other parameters of
classifier as prediction emor £ , fitness F,
musmerosity n. More details can be found in
[z

Classifiers in XCS are mucroclassifiers.
KCS used macroclassifiers concept in order to
eliminate the redundancy as classifier system

osity tend to be those with maximal
accurate generalization, so the most significant
knowledge can be determined readily by
sorting the population by memerosity.

g,

Figore 1. Scbmmicﬂluumm of XCS.
2.2. Performance of XCS

mnmm-mpmamz
[11}. Given an input, it is matched with
classifiers of population [P} in the condition
part to form matched set (M), From the match
set, the prediction value P(a) for each action 3,
appearing in [M] is calenlated. The P(a)) values
mplwﬁhapmdkuonamymduadmu
selected by some methods as: sclecting action
with . the ,lufgen prediction  is  called
deterministic  action  selection or  exploit
method, roulette-wheet action selection or
sclewngeompmy random. Once an action is
selected, the action set [A] is formed. The
action in [A]'will be sent to envirenment by
the effectors and a reward r be retumed by the
environment. The Q-leaming method of
Reinforcement  leaming [16] and MAM
technique use the reward » to update values of
classifiers in the previous action set [A].

P e e
mmmWmmmswuwﬁg.‘gwumbmuzsm-xmmy.vm
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2.3, Properties of XCS

XCS has three main properties: Fitness
based on the accuracy, using niche genetic
slgorithm, subsumption and MAM technique.

23.1. Aceuracy-based approach

In XCS, rule fitness for the genetic
algorithm is not based on rule prediction (or
strength) but on the accuracy of these
predictions. It forms a complete and sccurate
mapping of the scarch space rather than to
simply focus on the higher payofF niches in.the
environment. As noted in the Tniroduction,
XCS is capable of aveiding problematic
owergeneral rules, since the payofls received
by overgenral rmules typically have high
variance (they are in-accurate predictors) and
0 have low fitness in XCS. [11]

2.3.2. Niche genetic algorithm (GA)

XCS restricts GA aclivity to within niches
defined by the previous action set [AL {or [A)

in a singlestep problem). XCS hos been

shown to evolve rules that are maximally
general, subject to an accuracy critérion [13].
In addition, crossovers within a niche are more
likely to yield useful classifiers than crossovers
between potentially vnrelated classifiers that
match in different niches.

2.3.3. Subsumption and MAM technique

As mentioned in [13], there ars two
subsumption procedures. The first one is “GA
ion” applied when an offspring is

created to check if its condition is logically
subisumed by the condition of its parent. If so,
the offspring is not added to population, but
the parent's numerosity is  increased
{macroclassifires). The second one is *action
set subsumption” taking place in every action
set. In this procedure, the sction set s searched
for the most general classifier. Then all
classifiers in the set are subsumed of the most

general one are eliminated from the population.

Besides, MAM  (Moyenne Adaptive
Modifee) technique is used to adjust the
classifier’s fitoess F). If the finess has been
adjusted /B times, F= F+  B(K;-F).
Otherwise, Fj is set o the average of the

~Track 1: AUTOMATIC CONTROL

current and previous values of K;. This method
results in a stronger robustness against
inaccurate classifiers.

3. CART-POLE PROBLEM WITH XCS

e

R

- RO

N
Figure 2: Cart-pole problem

The cart-pole balance system is really a
well-known nonlinear system [4]. Fig. 2 shows
the can-pole balance system which includes a
pole hinged to & motor-driven cart and the cart
is maved back and forth on a track of limited
fength. The goal of the controller task is to
apply the forces of fixed magnitude ta the cart
such that the pole is balanced and the eart does
not hit the édge of the track,

The system gets fhe fuilure signal when
cither the pole falling exceed % 12° or the cant
hining the bounds of the track £2.4 m. At
esch time, the system state is specified by 4
real-valued variables:

x —1he posilion of fhe cart

& —the yelocity af the cant

@ = the angle of the pole with respect to
the vertical line

& —the angular velogity of the pole

And F - the force lies in[-10, 10] newtons,
spplied to the cart, The dynamics of the cant-
pole system are modeled by the following
nonlinear differential equations [7]:

G ry= 0+ a0 (D
e+ D=dn+aty  (2)

goa i+ enbip - 0 o)
By~ Tl
4 m, cos’ (1)
) m )
@)

= xnrai) @)

S
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M

: e F +m J{6 (1) 5in 8(¢)- D{1)cos (1))
D=3 +aA o,

)

Where F is the amoumt of force (in
Newton) applied to the cart, / is the length of
the pole, m. is the combined mass of the pole
and the cart, p1, is the mass of the pole, g is the
aceeleration due to gravity, and A or Atisthe
sampling interval time.

4. IMPLEMENTATION DETAILS

okt
o
o P

[ :
T/ 5

XCS systom

Figure 3: XCS in cant-pole problem

Theﬁz. 3 illustrates the XCS as applied ©
lem. Next, we consider the nile
repcesenhbm ‘of the XCS in cant-pole system,

4.1. Conditions

The XCS is supposed to have 4 input units

1o detectors, The function of detectors is
dmcnmg input continuous values to binary
values. As the first time, Michie and Chambers

their BOXES algorithm, we divided
distance x, angle @, velocity X and angle
velocity § o 3:6:3:3 parts as following:
x € [<24, -0.8)U[-0.8, H.BJU(+0.8, +2.4] ()
O el-12:6) U [6-) URLO) U [0.1) U [1,6)
U [6,12] (degree)
% €[, 0.5)UT-0.5, +0.5]U(+0.5,+20 ] (mis)
0 €[ ®, -S0)U[-50, +30JU(+50, + =]
(degree/s) _

We encoded x, x,& by 2 bits: 00, 01, 10
and do not use 11; & by 3 bits: 600, 001, 010,
011, 100 101 and do not use: 110 or 111. So,
we have totally 3x6x3x3 = 162 states or 162

[—————————eE
Mammwem&mww-muuw-mcuvm
33
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cases of conditions. The condition part of each
lassifier is encoded by <x, 8, % 0> in temary
alphabet {1, 0, #}. Due to crossover and
nmmmnpwpunuofxcs we do not need
worry about cases x, £, & are 11 or & is 110
orlll('ﬂwnmcdmﬂsmbcfuundil_l[l!}).

In other approach, 2 bits of x, ,6 and 3
bits of @ are used fully, we have dx8xdxd =
512 states, the results of simulation in this case
are better than that of 162 states a Hule bit, this
view is analyzed carefully in 5.2.

4.2, Actions

The classifiers of XCS in cant-pole
problem take two actions: 0 and 1 which are
dimensions of the force F applied to the can,
D:left, Lipight. Each classifier has only one
netion, the XCS software wuses only the
mmﬁmopmﬂ)rw&mwhmdmnty
generates a new action from the remained
setion.

£ EXPRIMENTS AND RESULTS

'me;lmuhldm:m used the standard
vﬂuuh&cmmmorwhinml

an mmerosity. are seleeml fo-be used in the
testing time. By experiment, the cnough
number is 13-15.1In the' hﬂownpssactms,tbc
simulation results and comparison with other
methods will be presented.

Table 1; Standard cart-pole values

Parameter J Value
Track Length E24m
Pulmmuhs 12
ity () 9.8 m/s’

Mgthofhle.(m Im
Mass of cart {my) - f 1.0 kg
Mass of pole (my) 0.1kg
Magnitude of Cantrol Force (F) | 10N

[ Tntegration time step (A1) 0025
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: ‘Table 2: Parameters of XCS
Parameter Vahie
Maximum size of population (N) 162
Crossover probability in GA (0 1.0
Mustation probability in GA () 001
Learning rate () 02
Discount factor () 0.95
GA threshold (86,) 25
Covering probability of using # 033

| when covering (Py)

5.1. With standard parameters

LY
X
LY
Y

I T T

S —

Posmioa
sbifaf.Cut

A
] sebek. el
g g

Ll

Figure 3a: Standard parameters (position v
time)

e
gheb Bels

Figure 3b; Standard parameters (angle v
time)

The fig. 3a, 3b present the operation of
system with stondard parameters. Balpncing
the pole needs 11 steps and centering the can
needs 31 steps. These results show that XCS
has high potentiol tosolve the nverted
penduluim problems.

5.2. Adapiing parameters

To explore capabilities of XCS in
controller  systems, we adapted  some
parameters of the system such as: condition of
classifier and the way to calculate integration
time step,

In adapting condition of classifier, we used
full 9-bit condition, so the statc space of
problem is smoother with 2”=512 states instead
of 162 states. The results in fig. 43, 4b are not

Lt R SR
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much different from those in fig. 3a, 3b. We
can sce that the time to center the cart is
shorter and angle matation is less oscillation a
little bit but the training time is longer. So, 162
states are enough,

R 3

LR R

= \\
A A

K

- ey

*

Figure 4a: Adapting condition (position v
time}

Figure 41 Adapting condition (angle v
time)

When the integration time step At is
changed, the time to balance pole is-changed as
fig. 6. Wmmmsmmwmme
system is fail and cannot leam, So, the best At
mmuumsonmmmm(s)

é’ FSES S SIS IISS

Lotngration Tim e sbey 60

Figure 6: Change integration time step

53 rison
'mmmen in [6), we have a

comparison  result:  XCS-cartpole  system
performances better than BOXES controller
but worse than genetic algorithm controller in
terms of balancing pole time and centering cart
position. The large oscillation exhibited by

sle controller was also observed by
BOXES controller.

Fhegs Ve babinza D gote
unor-tﬁti
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R ]

6. CONCLUSION AND FUTURE
DIRECTIONS

This paper explored the intelligent
capability of XCS in the invert pendulum
problem that the number of rules in this rule-
base system was reduced significantly. All the
simulation results reveal that the XCS is
indeed effectively in the cart-pole balancing
system. XCS presented a property of a self-
leaming controller: Generated the control rules
sutomatically without expert  knowledge
because of using o niche genetic algorithm,
subsumption technique and accuracy-based
fitness.

The approach described may be viewed ¢
o step in the development of better
understanding of how to improve the operation
of controllers by XCS classifier system.
Furthermore, due to advantages of the mapping
from continuous inputs to owputs-of fuzzy
systems combined  with the self-leaming
property of classifier systems, -our fistre
reseanch will dealing with problems using
Fuzzy-XCS which is introdusced in [15].
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