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”I am a dreamer, but I am not the only one

I hope some day you will join us

And the world will be as one”

Imagine - John Lennon



Abstract
Natural Emerging Patterns:

A Reformulation For Classification.

Emerging Patterns (EPs) are itemsets (characteristics) whose supports change

significantly from one dataset to another. They have been proposed for a very

long time to capture multi-attribute contrasts between data classes or trends

over time. A study carried out in this work shows that Emerging Patterns, as

it is formulated to date, has several deficiencies and limitations to face classi-

fication problems. Different approaches based on this previous and deficient

formulation of Emerging Patterns have been proposed in the literature. These

different approaches have been created showing that, despite these limitations,

have very high predictive power. These approaches range from classifiers di-

rectly built on Emerging Patterns to instance-weighting schemes for weighted

Support Vector Machines. In this work, a new formulation for Emerging Pat-

terns, which is completely aimed at dealing with classification problems, is pro-

posed. A new classifier and a new instance-weighting scheme have also been

created based on the novel formulation. They have been created to prove the

advantages of this novel formulation handling classification problems over the

previous formulation. An empirical study carried out on benchmark datasets

from the UCI Machine Learning Repository shows that the proposed classifier

is superior to other state-of-the-art classification methods such as C4.5, Naive

Bayes. It has also shown to be superior to all of the most representative EP-

based classifiers, based on the previous and deficient formulation, in terms of

overall predictive accuracy in almost all of the used databases. The created

instance-weighting scheme has been also empirically compared with the previ-

ous related works outperforming them in most of the cases.



In addition to these empirical studies about the predictive power of the new for-

mulation, a second set of studies has also been carried out. This second set of

studies was made to show some other interesting features of the novel formu-

lation. These other interesting features are, for instance, the number of patterns

required to do a decent classification job or the robustness of the created clas-

sifier based on the new version of Emerging Patterns. These other features, in

addition to the overall predictive accuracy, could also be determinant in the se-

lection of the appropriate classifier for some specific classification problems. It

is this way because, in very typical situations, there could be some classifica-

tion constraints such as the available computational power or, for instance, the

time to classify a test instance could be limited. The raise in overall predictive

accuracy as well as the other results could be considered as clear proofs of the

advantages of the novel formulation handling classification problems. To fin-

ish, drafts of some possible future works based on the proposed formulation of

Emerging Patterns are also given, describing them in some detail. These pos-

sible future works, if they were successful, could be of great importance and

could be seen as new tools to handle classification problems.
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Chapter 1

Introduction

”Science is a differential equation. Religion is a boundary condition”

Alan Turing

Classification, under the context of machine learning, is the process of find-

ing a set of models or classifiers that describe and distinguish between test in-

stances belonging to two or more classes. The model is derived by analysing

a set of training data that have been explicitly labelled with the class that they

belong. The analysis of the set of training data is carried out on the basis of

a set of quantifiable features. There are several types of these properties that

are ordinal, categorical, integer-valued and real-valued. A popular example of

classification problem would be labelling a given picture of a human face into

”male” or ”female”. This example is called gender classification of human face

pictures based on several extracted features from these pictures. A necessary

component in a classification problem is the classifier. A classifier is a concrete

implementation of one algorithm that performs the classification of unlabelled

instances. A classifier can also be seen as a mathematical function that maps in-

put data, the test instances, to a category or class. Classification is included into

the supervised learning because the training dataset contains the correct class

for each observation. Clustering is the name of the corresponding unsuper-

vised procedure. Clustering consists of grouping data into categories or classes

based on some measure or rates of inherent similarity without knowing before-

hand their classes or categories. Classification can be divided into two sepa-

rate problems: binary classification and multiclass classification. In a binary

classification problem, only instances from two different classes can be seen,

whereas multiclass classification consists of assigning an object to one of more

1
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than two different classes. Most of the classification methods have been only

developed for binary classification, therefore, multiclass classification often re-

quires the combination of multiple binary classifiers. Classification is seen as an

instance of Pattern Recognition. A very popular definition of a pattern is “Pat-

tern is an expression in some language describing a subset of the data” given

in [1]. Pattern recognition is a more general problem in machine learning that

encompasses other types of output as well as labels. Regression and parsing are

examples of pattern recognition in which the output is not a label. Regression

consists of assigning a real-valued output to each input. For its part, parsing

aims to assign a parse tree to each input sentence. For the purpose of classifi-

cation in Pattern Recognition, EPs have been used in many previous works to,

first, capture multi-attribute contrasts between classes and, secondly, build or

improve classifiers based on this discovered information. As will be explained

later in more detail, emerging patterns are defined as multivariate features (i.e.,

itemsets) whose supports (or frequencies) change significantly from one class to

another. Since Emerging Patterns represent distinctions inherently present be-

tween different classes of data, the concept of Emerging Patterns is well suited

to serve as a classification model.

1.1 Statement of the Problem

Classification in machine learning consists of two first steps:

• Find a set of models that describe and distinguish between classes.

• Use these models to categorise unknown observations associating a label

of a class to each new observation.

In the situation of patterns recognition, this classification process consists of

mining a set of patterns that are useful to build the commented models. These

models will be used later to classify of unlabelled observations. For this pur-

pose Emerging Patterns were proposed. Emerging Patterns (EPs) is a new type

of knowledge pattern that describes significant changes (differences or trends)

between two classes of data [2]. The extension to multiclass classification prob-

lems is explained in Chapter 3. EP can also be defined as sets of items, where

an item is a conjunction of attribute values, whose frequency changes from one
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class to another. Some of the good properties that Emerging Patterns possess,

are that they are very easy to understand and can be used directly by people.

Since EPs represent interesting features or combinations of features that differ-

entiate one class from a second class, the concept of Emerging Patterns is well

suited to serving as a classification model. As briefly stated before, the principal

problems in the classification process in the context of pattern recognition are

explained below:

1. Pattern Discovery: Usually the possible number of patterns is very large

and, unfortunately, only a few of them are of any interest for classification.

When a pattern is said to be of no interest for the classification problem,

it means that it is either irrelevant or obvious. This pattern do not pro-

vide new knowledge or information to help the correct classification of

the unknown observations. The first main problem to address is how to

efficiently mine patterns of interest. As stated above, patterns of interest

are patterns that satisfy certain properties. The definition of these proper-

ties lead us to the second main problem.

2. Properties of Interesting Patterns for Classification: The definition of the

properties or measures of interestingness that allow us to discern if a pat-

tern is or not an interesting pattern for classification is itself a main prob-

lem. The development of interestingness measures is currently an active

research area in Knowledge Discovery in Databases(KDD). Interesting-

ness measures are broadly divided into two types of measures[3]:

• Objective measures: based on the structure of discovered patterns.

• Subjective measures: based on user beliefs or biases regarding rela-

tionships in the data

Both objective and subjective interestingness measures are needed in the

context of problems related to Emerging Patterns.

3. Generation of efficient and accurate Classification Models based on the

discovered Patterns: The third and the last main problem is how to use

the different discovered patterns to the construction of the models that

describe and distinguish between classes. This is a very open problem

because it can be approached from many different ways. It is also of great

importance.
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This work is mainly focused on the second problem as well as the third one.

Facing the problem of selecting the properties of interesting patterns for classi-

fication, a new definition of EPs was established to overcome the deficiencies of

the old one to address classification problems. Based on the new definition of

emerging patterns, the problem of constructing the models for classification is

faced.

1.2 Motivation

The use of patterns as itemsets found in each class for classification is a promis-

ing approach that needs more research. Since its introduction, Emerging Pat-

terns have been used to build accurate EP-based classifiers. These classifiers

have proved the usefulness of Emerging Patterns to address classification prob-

lems. Inspired by the idea of improving still more the usefulness of Emerging

Patterns for classification, in this work, the definition of Emerging Patterns is

expanded to give a non-limited basis for the construction of classifiers. This

novel definition tries to address the second problem defined in the previous

section since it has, as the old definition, several relevance measures to distin-

guish the interesting pattern from all other patterns, which can be found in a

database. These measures have also been used to build classifiers because they

provide essential information about each pattern and, therefore, about the be-

longing class of the pattern. Classification has been studied substantially in

several fields, such as statistics and machine learning and is a transcendental

problem in the career of achieving real human-level artificial intelligence. The

family of EP-based Classifiers has been expanded in the literature for years. The

first example of EP-Based Classifiers was the introduced in [2], Classification by

Aggregating Emerging Patterns (CAEP). This classifier tried to aggregate each

individual EP’s sharp differentiating power to compute aggregate scores for

each class in order to make decisions. Another example of EP-Based Classifier

trying to aggregate each individual EP’s sharp differentiating power is the one

found in [4], Jumping Emerging Pattern Classifier (JEPC) [4]. The last EP-Based

Classifier aggregating each individual EP’s sharp differentiating power is the

Information-Based Classification by Aggregating Emerging Patterns (iCAEP)
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[5]. A more different EP-Based Classifier is the Bayesian approach to use emerg-

ing patterns for classification (BCEP) [6]. BCEP attempts to make a well theoret-

ical founded approach for classification by means of giving an approximation

to the Bayes’ theorem based on EPs. All these classifiers were constructed based

on a formulation of EPs which has some important weaknesses that now can be

summarised as follows:

• The Growth Rate interestingness measure, transcendental for the mine of

patterns and for the construction of classifiers, produces limitations and

problems when building classifiers since it was poorly formulated to ad-

dress classification problems. In fact, most of the problems appear because

of the ∞ values out of the Growth Rate measure:

– The current formulation of Emerging Patterns makes the selection

of interesting patterns more difficult because the establishment of

thresholds on the Growth Rate is difficult since its interval is [0, ∞].

This also complicates the definition of types of Emerging Patterns

that are aimed to work under different conditions.

– The Growth Rate measure tries to capture momentous information

about the classes and the use of this information is needed for the

construction of a complete, correct and accurate classifier. The cur-

rent Growth Rate measure, although it tries to capture a very interest-

ing information, it does it in a very deficient way. Due to its infinity

values, operations very popular used by classifiers cannot be applied

to this measure like, for example, additions or subtraction because it

would give accurate or representative results. These limitations on

the allowed operations restrict at the same time to the resulting clas-

sifier. The solution proposed in the literature, the strength measure,

does not solve most of the problems.

These important weaknesses will be explained in more detail in the Chapter

3. All these limitations and disadvantages of the old formulation motivated us

to, first, reformulate Emerging Patterns and, second, create different classifiers

based on this new formulation showing its discriminative power and advan-

tages. The classifiers, based on the novel formulation, are tested in very popular

classification problems.
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1.3 Contributions of Thesis

The main contributions of this master thesis are highlighted as follows:

• Definition and study of the previous formulation of Emerging patterns

highlighting its deficiencies and disadvantages.

• A new formulation of Emerging patterns is proposed aimed at building

and improving classifiers. The benefits of this new formulation are ex-

plained in detail and proved with real experiments. Trying to capture the

advantages of the new formulation of Emerging Patterns a classifier and

an instance-weighting scheme for weighted SVMs have been created:

– The classifier: This new classifier is built making use of all possibil-

ities that the novel formulation allows. The NEPC classifier is com-

pared with most of the previous EP-Based classifiers proposed using

the old formulation. To make this comparison many of the databases

from the UCI repository are used. Besides these comparisons, this

classifier is also compared with other state-of-the-art classification

methods such as C4.5 decision tree and the Naı̈ve Bayes Classifier.

– The Instance-Weighting Scheme for Weighted Support Vector Ma-

chines: Following the same idea of using the possibilities that the

novel formulation allows this instance-weighting scheme was cre-

ated. A bench of experiments are also carried out showing that this

instance-weighting schemes is better than the pure Support Vector

Machine in certain situations in which the noise and/or outliers play

a determinant role. This scheme is also compared to a previous EP-

based instance-weighting schemes as well as to scheme that is not

based on EPs.
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1.4 Outline of Thesis

This contents of this thesis are organised as follows:

• In Chapter 2, a literature review about the classification problem is ex-

plained in detail. Briefly, the most popular approaches to address classi-

fication problems are explained. The explained state-of-the-art classifiers

range from decision trees, naı̈ve Bayes, support vector machines to arti-

ficial neural networks. At the end of this section, recent advances in this

problem by means of a new approach, Deep Learning, are commented

including an introduction of this approach.

• In Chapter 3, Emerging Patterns definition, mining and related works

are deeply presented and studied. This chapter is focused on the related

works of EPs that were aimed to solve classification problems. At the end

of this chapter, the deficiencies of this formulation and of the other previ-

ous works are highlighted. These deficiencies of the current formulation

Emerging Patterns to address classification problems are the main moti-

vation to the generation of the contributions of this thesis.

• Chapter 4 includes all the contributions of this thesis. A new formulation

of Emerging Patterns aimed to solve classification problems is given. This

new formulation and their consequences and advantages are profoundly

studied. A new classifier and a new instance-weighting scheme for Sup-

port Vector Machines, based on this new formulation, are also proposed

in this chapter.

• In Chapter 5, the experimental results are presented. A bench of exper-

iments have been carried out to show the predictive power of the pro-

posed classifier as well as the instance-weighting scheme applies to train

a weighted SVM. These two algorithms are based on the new formulation

of Emerging Patterns proposed in this work.

• Finally, in Chapter 6, a brief summary of the master thesis, the conclusions

and a discussion about some future research problems are presented.



Chapter 2

Literature Review

In this Chapter, a literature review about the classification problem is performed.

Some popular state-of-art classifiers are also explained to give a complete re-

view. These explanations are going to be useful to be able to compare classifiers

and to understand the experiments. All the classifiers explained in this section,

except the artificial neural networks, are used in this work. At the end of the

Chapter, a very recent approach called Deep Learning is very briefly explicated

as well as some of the results achieved by this promising approach.

2.1 Classification - Statement of the Problem

The classification of unlabelled data is a very popular task in machine learning.

Given a set of labelled instances, classification aims at deciding the label or class

to which an unlabelled instance belongs.

8
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2.2 Naı̈ve Bayes Classifier

In order to understand the explanation of the classifier, the Bayes’ Theorem is

needed:
P(A|B) = P(B|A)P(A)

P(B)
(2.1)

where,

• P(A): This probability is called the prior probability. It represents the prob-

ability of A before B is observed.

• P(B|A): This represents the probability of observing B given A. It is known

as the likelihood.

• P(A|B): The posterior probability. It is the probability of A given B (after

B is observed).

• P(B): Called the marginal likelihood, it is the total probability of observing

B. Usually, this probability is calculated as P(B) = ∑n
i=1 P(B|Ai).

In the construction of the classifier, some assumptions have been made. The

first assumption, called the strong independence assumption, considers that

each of the features contribute independently to the probability. Because of this

assumption, the name of the produced classifier contains the word ”Naı̈ve”.

To build the classifier, the Bayes’ Theorem and a decision rule have to be com-

bined. One popular decision rule is the one called maximum a posteriori or

MAP decision rule. The Bayes classifier would make use of the following the

function to classify: Given a feature vector, f vi = { f1, . . . , fn} and a set of classes

C = {c1, . . . , cn},

classify(F = { f1, . . . , fn}) = arg max
ci

P(C = ci)
n

∏
i=1

p(Fi = fi|C = ci) (2.2)

The implementation of the Naı̈ve Bayes Classifier used for the experiments

shown in this work is the one done by the Weka library and defined in [7].
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2.3 Decision Trees Classifiers

The second classifier that is going to be explained is the Decision Tree Classifier.

Three types of nodes are used to build the decision tree:

• Chance node: This type of nodes is used to represent the possible out-

comes. The possible outcomes are events that can occur.

• Decision node: The decision nodes are used to show the decisions that can

be made. Lines emanating from these nodes show all different options

available at the node.

• Terminal node: Finally, terminal nodes symbolize the final outcomes of

the decision making process.

FIGURE 2.1: Example of Working of a Decision Tree.

In the decision trees, rules are represented. These rules can easily be understood

by humans and used in knowledge systems such as databases. In order to de-

termine the “best” split at a node several different algorithms can be used. In

the generation of a decision tree the following questions have to be answered:
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1. Which variable should be split at a node and the value of the split

2. What should be the decision to stop (make a terminal note) or split again

3. Assign terminal nodes to a class

One of the algorithms that is used to build a decision tree is the C4.5 algorithm[8].

The C4.5 was developed by Ross Quinlan[8]. This algorithm is the one used by

Weka[7] to implement, the J4.8 implementation, its decision tree. Therefore, it

is the one used for the experiments of this work.

2.4 Support Vector Machines

Support Vector Machines, first introduced in [9, 10] and more expanded in

[11, 12], are classification algorithms based on the idea of finding hyper-planes

in the feature space. These hyper-planes try to separate the different instances

of the classes. Continuing with the basic idea of finding separating hyper-

planes, the returned hyper-planes are the ones that achieve the biggest separa-

tion among classes. In other words, the algorithm tries to find the hyper-planes

that have the largest distance to the closest training data point belonging to any

class, this distance is called margin. The reason to seek for the hyper-planes

with the largest margin is that it is believed that classifiers that contain larger

margins generalize better. To understand these ideas, the following figure can

be used as an example:
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FIGURE 2.2: The black coloured circles correspond to the instances of one class,
while the white circles to the instances to another different class. HP1 and HP2
separate the classes but not with the largest margin. HPbest separates them with

the maximum margin.

In the figure 2.2 can be seen that many possible hyper-planes could be found.

However, only the hyper-plane with the largest margin to the nearest instance

and which perfectly separates the instances of the classes is returned. This

hyper-plane corresponds to HPbest in the figure 2.2. The figure 2.2 represents an

example of a binary classification problem. For multiclass classification prob-

lems, a simple and common approach is to reduce the multiclass problem into

multiple binary classification problems[13]. In order to see a complete explana-

tion, the formal and mathematical definition of the problem is shown:
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Given a training dataset of the form D = {(xi, yi)|xi ∈ RP, yi ∈ {−1, 1}}n
i=1

where xi is a point and yi is the class to which the point belongs. The solution

of the problem is the hyper-plane with the largest margin that correctly divides

the points with class yi = 1 from those with class yi = −1. Any hyper-plane

can be written as the set of points x satisfying wx + b = 0 where w is the normal

vector to the hyper-plane. The parameter b
‖w‖ represents the offset of the hyper-

plane from the origin with the normal vector w. If the training instances can

be separated linearly, two hyper-planes can be chosen in some way that they

separate the instances and there are no points between them. Once these planes

are selected their distance is tried to be maximised. These hyper-planes that are

in the border of the margin can be described by the equations: w · x − b = 1

and w · x− b = −1. By using geometry, the distance between these two hyper-

planes is 2
‖w‖ , so the best solution is found by minimising ‖w‖. The following

figure shows all of this:

FIGURE 2.3: SVM training in a binary class problem. The support vectors are
the instances on the margin.

As can be inferred from the equations and explanations above, the separating

hyper-plane has to give 1 if a point that belongs to the ”black” class and -1 if it
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belongs to the ”white” class. This condition is mathematically stated as follows:

yi(w · xi − b) ≥ 1, for all 1 ≤ i ≤ n (2.3)

The points used to build the separating hyper-plane are called support vectors,

these points are the nearest points to the hyper-plane, as can be seen in the

figure 2.3.

Finally, a decision function is needed to build a classifier. This decision function

is built on the formula of the separating hyper-plane: f (x) = sign(wTx + b).

Based on the previous example, the decision function gives +1 for all the black

points and -1 for all the white points.

However, the sets of points sometimes cannot be linearly discriminated in the

original feature space. In order to handle this problem, the accepted solu-

tion proposes to map the original finite-dimensional space into a much higher-

dimensional space[14]. By doing this mapping, the separation is supposed to

be easier. The mappings used by SVMs are selected in a way to ensure that

dot products are computed easily by means of using variables in the original

space[15, 16], this is usually called the kernel trick. Some common kernels in-

clude:

• Polynomial (homogeneous): k(xi, xj) = (xi · xj)d

• Polynomial (in-homogeneous): k(xi, xj) = (xi · xj + 1)d

• Gaussian radial basis function: k(xi, xj) = exp(−γ‖xi − xj‖2), for γ > 0.

Sometimes parametrized using γ = 1/2σ2.

• Hyperbolic tangent: k(xi, xj) = tanh(κxi · xj + c), for some (not every) κ > 0

and c < 0

The kernel is related to the transform ϕ(xi) by the equation k(xi, xj) = ϕ(xi) ·
ϕ(xj). The value of w is also transformed into the trainsformed space, with

w = ∑i αiyi ϕ(xi). Dot products can be computed by the kernel trick.
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FIGURE 2.4: Example of working of using Kernels. While the classes are not
linearly separable in the original space, in the projection space, they are.

Even with the use of the kernels, in some situations, it is not possible to find

hyper-planes that correctly separate instances of the classes. An extension of

SVM that allows for mislabelled examples was proposed in [11]. If there exists

no hyper-plane that can correctly separate the class instances, this extension of

SVM, named also Soft Margin method, selects the hyper-planes that split the

instances as cleanly as possible, while still maximising margins. This Soft Mar-

gin method uses non-negative slack variables, ξi, which represent the degree of

misclassification of the data xi

yi(w · xi − b) ≥ 1− ξi 1 ≤ i ≤ n (2.4)

An example of this situation can be seen in this figure:
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FIGURE 2.5: Example of the situation in which the soft margin method for
Support Vector Machines is necessary.

Once the soft margin method has been introduced, one of the classifiers that

play an important role in this work can be formulated.

2.4.1 Weighted Support Vector Machines

As seen before, the SVM theory is very good at solving classification problems,

however, it has some limitations. One important limitation is that it treats all

training instances from the same class equally. In practice, this is not usually

the case because, in many problems, not all the training instances are equally

important for the classification purpose. In order to address this issue, an exten-

sion of SVM called Weighted Support Vector Machines (wSVMs) was proposed

in [17]. In this extension each instance belonging to one class is treated differ-

ently. Some instances are treated as more important instances for classification

than others. The importance of each instance is defined by its weight. The ba-

sic idea of wSVMs is that more effort is made to correctly classify the instances
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with larger weights than the instances with lower weights. It is based on the

premise that the instances with lower weights are more likely to be noise or

outliers. The following figure represents a database in which not all instances

are equally important for the classification purpose:

FIGURE 2.6: Weighted dataset, where the size of points is proportional to its
weight.

Given a set of labelled training data associated with weights

(x1, y1, s1), ..., (xm, ym, sm) ∈ RN × {±1} (2.5)

where ε ≤ si ≤ 1 is a weight for (xi, yi) (i = 1, ..., m) and ε > 0 is sufficiently

small. SVMs and wSVMs have in common that both try to maximise the margin

of separation and minimise the classification error. With both methods, the

pursuit of a good generalisation ability is done by trying maximize the margin.

The main difference between them is that the wSVMs method tries to reduce
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the impact of noise and outliers by means of treating each training instance

differently.

In the case of wSVM, the optimal hyper-plane problem is:

minimise τ (w, ξ, s) =
1
2
‖w‖2+C

m

∑
i=1

siξi (2.6)

subject to yi · ((w · x) + b) ≥ 1− ξi, i = 1, 2, ..., m (2.7)

ξ ≥ 0, i = 1, 2, ..., m (2.8)

Where C is a constant. Note that a small si reduces the effect of the parameter ξi

in the optimisation problem, thus the corresponding point (xi, yi) is regarded as

less important for classification. The above optimisation problem can be trans-

formed into

maximise W (α) =
m

∑
i=1

αi −
1
2

m

∑
i=1

m

∑
j=1

αiαjyiyjK
(
xi, xj

)
(2.9)

subject to
m

∑
j=1

αiyi = 0, 0 < αi < siC, i = 1, 2, ..., m (2.10)

where the kernel function K (·, ·) measures the similarity between two points.

Note that SVM is a special case of wSVM where all training instances have

the value 1 as weight. There is only one free parameter, C, in SVM while the

number of free parameters in weighted SVMs is equal to the number of training

instances. As in all of the previous classifiers, the implementation used for the

experiments was the one done in the Weka library and defined in [7].



Chapter 2. Literature Review 19

2.5 Artificial Neural Network

Artificial Neural Networks (ANNs) are very popular and efficient classifiers

that have been used for a long time and, since the main topic of the work is the

problem of classification, the algorithm is going to be briefly explained in this

section. This explanation will also serve as basic knowledge to understand in

general terms the promising algorithm, called Deep Learning, presented in the

onwards section. Besides, in the future research work, exposed in the chapter 6,

this algorithm is mentioned as well. ANN are mathematical models used to es-

timate complex functions from the samples. The first computational model for

neural networks was created in [18]. ANNs were initially inspired by the bio-

logical paradigm and they were aimed at modelling the computational capacity

of the human neural system. The basic component of any ANN is the neuron.

The different neurons of the net are interconnected in order to jointly process

the inputs and, then, generate the result. Any net is structured in layers. These

layers contain neurons and each layer represents a level of calculation. All the

neurons from the same layer perform the computation in parallel and the result

is propagated to posterior levels. The following figure represents the typical

structure of a ANN of three layers:
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FIGURE 2.7: Visual example of a three layers hierarchy of ANN.

The different layers and the role that their respective neurons play are explained

below:

• The neurons belonging to the input Layer are not computation elements.

They are just a representation of the input data as a flow from a neuron

without activation function.

• In the Hidden Layer and the Output Layer, the neurons are the basic ele-

ments of computation where each neuron in the net is activated depend-

ing on its total input flow. A neuron performs two actions:

– Accumulate and add the input flow regulated by the weight of each

connection:

netj = ∑
i

xiwji (2.11)

where x is the input vector and w is the vector of weights associ-

ated to the inputs. The weights are associated to each connections

between neurons of different layers and between the original inputs
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and the neurons belonging the input layer. The weights act as regu-

lation terms for the flow coming from one neuron to the other.

– Apply a nonlinear activation function: yj = ϕj(netj), where yj is the

output of the neuron j. This activation function is the sigmoid family.

FIGURE 2.8: Artificial Neuron Model.

In order to explain how to use ANN for classification, the perceptron[19] is

used. The Perceptron is a single layer ANN. The weights have to be adjusted to

produce a correct target vector when presented the corresponding input vector.

To adjust these weights a training technique is used. This technique is called the

perceptron learning rule. To train multilayer perceptrons, where a hidden layer

exists, algorithms such as backpropagation[20] must be used. If the function is

non-linear and differentiable the family of methods called gradient descent[21,

22] can be used for updating the weights. The delta rule is an example of this

family of methods. The perceptron can be used as a binary classifier using the

following decision function:

f (x) =

1 if w · x + b > 0

0 otherwise
(2.12)

where b is the ’bias’, a constant term that does not depend on any input value.
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2.6 Onwards

In this section, the basic idea of a very promising set of algorithms used nowa-

days, among other things, to address classification problems, called Deep Learn-

ing, is introduced.

Deep learning or Deep architectures[23] are networks composed of multiple

levels of non-linear operations, in a similar way as neural nets with many hid-

den layers. The most important innovation of Deep learning is to have mod-

els that learn categories incrementally, learning first lower-level categories and

then learning higher-level categories. Deep learning is aimed at learning repre-

sentations of observations. An observation can be represented in many ways,

but for classification some representations are better than others. Latest encour-

aging results from Deep Learning[24] are evidences to be a promising field to

collaborate on the run to achieve human-level artificial intelligence.



Chapter 3

Emerging Patterns

In this chapter, the well-known definition of Emerging Patterns (EPs) is pre-

sented. In order to be able to present the definition, some basics concepts and

measures of EPs are also introduced. Once these concepts are correctly stated,

and the definition is given, the chapter continues explaining different types of

EPs. Finally, the explanations of several EP-based classifiers are given. Most of

classifiers presented in this chapter will be used in the experiments presented in

chapter 5. Many of the classifiers and their algorithms presented in this chap-

ter, specially the algorithms 1 and 2, can be found and more deeply explained

in[25].

3.1 Basics Principles

This section is focused on presenting the previous definition of Emerging Pat-

terns. In addition, a study is conducted highlighting the deficiencies of this

formulation addressing classification problems. The most significant measures,

built based on this formulation and used to address classification problems, are

explained. The deficiencies of these measures, under the classification context,

are also highlighted. The deficiencies of these measures are in general just con-

sequence of the deficiencies in the formulation. This section also contains a brief

summary about the different methods to mine EPs.

23
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3.1.1 Terminology

First, the database is defined:

• P different classes have instances in the database: C1, C2, ..., Cp.

• Each instance of the database contains m attributes values, and it is asso-

ciated with a class label.

• The database is referred as D, and its instances are divided according to

their class giving as result p different sets:D1, D2, ..., Dp, with Di contain-

ing all the instances from class Ci.

To be able to mine the patterns from a database, if it is needed, a raw database

may be encoded into a binary transaction database. This is because patterns, in-

cluding Emerging Patterns, are defined for binary transaction databases. In order

to do this, each continuous attribute needs a discretization in the value range.

By means of doing this discretization, each continuous attribute is divided into

intervals[26]. Now, an item is the name used to define each (attribute, interval)

pair in the binary database. Usually, each of these pairs is represented as an in-

teger. Once this discretization is done, every single instance in the raw database

is mapped into the binary database: the instance will have the value 1 on ex-

actly those items (A, v) where its value of the A attribute is in the interval v. So,

at the end, each instance is represented as a set of items for which it has the 1

value.

To make the formal definition of Emerging Patterns the definition of two im-

portant measures is needed. The first measure is called ”the support”. This

measure tries to capture the information related to how often is an itemset in

the training instances belonging to one class.

Definition of Support: Let I be the set of all items in the encoding and X be an

itemset which is a subset of I. Its support in a dataset D′ is defined as follows:

suppD′(X) =
|{t ∈ D′|X ⊆ t}|

|D′| (3.1)

The second measure is called the growth rate. This measure is aimed to capture

information about how characteristic is an itemset X to one class in contrast to
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the rest of the classes. The growth rate represents the predictive power of the

patterns.

Definition of Growth Rate: Given two datasets D′ and D′′, the growth rate of

an itemset X from D′ to D′′ is defined as:

GRD′→D′′(X) =


0 if suppD′′(X) = 0

∞ if suppD′(X) = 0
suppD′′ (X)
suppD′ (X) otherwise

(3.2)

Let’s use a toy example to give a better explanation for these calculations. For

simplicity, the toy example consists of a binary classification problem in which

the structure of its instances is defined as follows:

Attribute Possible Values

Attribute-1 A, B or C

Attribute-2 1 or 2

Attribute-3 D, E, F or G

TABLE 3.1: Structure of the instances in the toy example.

As can be seen, every single instance in the problem has three attributes. The

values, that these attributes can have, were also stated in the table. Now, the

contents of the datasets belonging to one of the two classes, D′ and D′′, are the

following:

Instance Values

Instance-1 {A, 1, F}
Instance-2 {A, 1, G}
Instance-3 {B, 2, D}
Instance-4 {A, 1, F}
Instance-5 {C, 2, F}

TABLE 3.2: Content of the dataset belonging to the class D’.
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Instance Values

Instance-1 {C, 2, E}
Instance-2 {C, 1, D}
Instance-3 {C, 2, F}
Instance-4 {B, 2, A}
Instance-5 {C, 2, F}
Instance-6 {C, 2, D}

TABLE 3.3: Content of the dataset belonging to the class D”.

The support of the emerging pattern X, which contains the items {A, 1}, in the

class D’ is suppD′(X) = 3
5 = 0.6 and in the class D” is suppD′′(X) = 0

6 = 0. The

growth rate of this itemset X from D” to D’ is GRD′′→D′(X) = ∞ and from D’ to

D” GRD′→D′′(X) = 0. Let’s see now the calculations with the emerging pattern

Y containing the items {C, 2}. The support of Y in D’ is suppD′(Y) = 1
5 = 0.2

and in D” is suppD′′(Y) = 4
6 = 0.6666. The growth rate of Y from D’ to D” is

GRD′→D′′(Y) = 0.666
0.2 = 3.333 and from D” to D’ is GRD′′→D′(Y) = 0.2

0.666 = 0.3.

Definition of Emerging Patterns: Emerging patterns[27] are itemsets with large

growth rates from D′ to D′. More accurately, given a growth rate threshold ρ ¿

1, an emerging pattern (ρ-EP or simply EP) from D′ to D′′ is an itemset X where

GRD′→D′′(X) ≥ ρ.

To extend this definition to multiclass problems, with more than two classes, the

datasets are partitioned to get EPs in the same way: For each class Ck, a set of

EPs will be used to contrast its instances, Dk, against all other instances: Let

D′k = D−Dk be the opposing class of Dk. Then the mined of the EPs from D′k to

Dk. These EPs are usually referred as the EPs of class Ck, and, in the same way,

the class Ck is referred as the target class of these EPs.

Once the definition of Emerging Patterns has been given, a measure that, as

can be noticed later, is very often used for classification is explicated. This mea-

sure, called the strength[2], is aimed at reflecting the discriminative power of an

Emerging Pattern X in one class Di. Definition of Strength: Given an Emerging

pattern X and a class Di, the strength of X in class Di is defined as follows:

StrengthDi(X) =
GRDi(X)

GRDi(X) + 1
× suppDi(X) (3.3)
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3.1.2 Types of Emerging Patterns

From the general definition of Emerging Patterns, many sub-types of Emerg-

ing Patterns have been proposed in the literature. Below, some of them are

explained:

• The first type of emerging patterns defined is called Jumping Emerging

Patterns (JEP). A Jumping Emerging Pattern from a background dataset

D′ to a target dataset D′′ is defined as an Emerging Pattern from D′ to D′′

with the growth rate of ∞. Obviously, for a JEP X, strength(X) = supp(X).

• The second type is called Essential Jumping Emerging Patterns (EJEPs).

Let D1 and D2 be two different classes of datasets. Given ξ > 0 as a

minimum support threshold, an EJEPs from D1 to D2, is an itemset X that

satisfies the following conditions:

1. suppD1(X) = 0 and suppD2(X) ≥ ξ, and

2. Any proper subset of X does not satisfy condition 1.

EJEPs have infinite growth rates. To have infinite growth rate is an accu-

rate and clear reflection of strong predictive power. In [28] can be seen

that the definition of EJEP is different from JEP. The main difference is in

condition 1. It further requires the supports in D2 to be above a minimum

support threshold ξ, which makes an EJEP cover at least a certain number

of instances in a training dataset. This additional requirement tries to re-

move those patterns whose supports in D2 are too low, contain too much

noise, hence are not suitable to use in classification.

• Chi Emerging Patterns (Chi EPs) is the third type mentioned here. An

itemset, X, is a Chi Emerging Pattern Chi EP, if all the following conditions

about X are true:

1. supp(X) ≥ ξ, where ξ is a minimum support threshold;

2. GR(X) ≥ ρ, where ρ is a minimum growth rate threshold;

3. ∀Y ⊂ X, GR(Y) < GR(X);

4. |X|= 1 or |X|> 1∧ (∀Y ⊂ X ∧ |Y|= |X|−1∧ chi(X, Y) ≥ η), where η =

2.84 is a minimum chi-value threshold and chi(X, Y) is computed us-

ing the following contingency table [29].
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The last condition, for any itemset X that satisfies the previous three condi-

tions and has length more than 1, a chi-square test is performed on X and

on any of its immediate subsets. This condition requires basically that for

any immediate subset of a Chi EP with length more than 1, its support

distribution in both classes should be significantly different from that of

the Chi EP itself. The bigger the value, the more confident it can be said

that their distributions are different.

• Constrained Emerging Patterns (CEP) is the fourth type. CEP is an itemset

X whose support in one data class is more than a given threshold α while

whose support in another class is less than another threshold β, namely

supp1(X) ≥ α ∧ supp2(X) ≤ β

3.1.3 Disadvantages of this formulation for Classification

There are two main problems with the standard formulation of Emerging Pat-

terns that make them hard to use in EP-based classifiers.

Now, the different deficiencies, limitations and disadvantages found in this for-

mulation of Emerging Patterns to address classification problems and their con-

sequences when generating EP-based classifiers are going to be commented:

1. The first problem found is the difficulty of establishing a threshold on

the required growth rate. This problem appears since the range of values

coming from the growth rate measure is [0, ∞]. This wide interval makes

the pursuit of a suitable threshold very complicated because of the huge

amount of possible values that can be selected as threshold. Since thresh-

olds must be applied in the selection of interesting patterns, this problem

may be producing the selection of not very good patterns for classification.

Also, the problematic of this threshold complicates the correct definition

of the different types of Emerging Patterns. Finally, the use of infinite val-

ues introduces practical problems.

2. The second problem is the manipulation of infinite values in the classi-

fiers. This mainly produces several limitations in the design of the classi-

fiers. The classifiers based on these measures and based on this formula-

tion cannot compute basics operations over the values of the growth rate.
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To give some examples:

(3.4)Summations: ∑
i

GR(Xi)

(3.5)Products: ∏
i

GR(Xi)

Weighted Sums: WGR ∗ GR(Xi) + WSupp ∗ Supp(Xi) (3.6)

All these possibilities are very common to be applied on sub-scores in

classifiers. They cannot be used because the growth rate of an EP X, as

it is defined, can be infinite and, therefore, the total operation would be

infinite no matter what are the values of the rest EPs.

As can be seen, most of the deficiencies come from the deficient definition of the

Growth Rate measure. The Strength measure was proposed in the literature to

be able to use the Growth rate in the classification process. Although it smooths

some of the deficiencies and limitations commented above, this measure does

not eradicate any of them and most of the problems remain.

3.1.4 Algorithms to Mine Emerging Patterns

Below a short summary of the different methods to mine Emerging Patterns is

presented:

• Border-based Approach: The border-based approach is the first family of

methods to mine emerging patterns that is briefly explained. Border ma-

nipulation algorithms are proposed in [30]. In the border-based approach

[27], borders are used to represent candidates and subsets of Emerging

Patterns. The differential operation is needed in order to discover the

patterns. No all of the possible EPs will necessarily be found with this

method. Several border finding algorithms, such as the Max-Miner al-

gorithm [31], have been proposed and the approach to mine the patterns

depends directly on these algorithms. This family of methods has two

main deficiencies:

1. The task of mining frequent patterns is very difficult, especially when

the minimum support is low.



Chapter 3. Problem Statement and Previous Work on Emerging Patterns 30

2. The process of extracting Emerging Patterns with supports and growth

rates from the borders and selecting the useful ones is very time-

consuming.

To reduce the cost of mining the useful patterns, the ConsEP-Miner algorithm[32]

was developed.

• Constraint-based Approach: The constraint-based EP miner (ConsEPMiner)

[32] uses different two types of constraints to prune the search space: ex-

ternal constraints and internal constraints. The external constraints in-

clude user-given minimums on support and growth rate. The internal

constraints are used to prune the search space and for saving computa-

tion time. ConsEPMiner is able to efficiently mine all EPs satisfying those

constraints at low support on large, high-dimensional datasets. It uses the

breadth-first search strategy over the SE-tree [33]. ConsEPMiner is orders

of magnitude faster than Apriori-based approaches that exploit only the

support constraint for pruning [32].

• Other Approaches: The algorithm found in [34] builds tree structures to tar-

get the likely distribution of EPs. This algorithm is 5-10 times faster than

the earlier border-based approach. In the work [35] several things were

demonstrated. The first thing that was shown is that Constrained Emerg-

ing Patterns (CEPs) have improved classification power in comparison to

previous types of EPs and, second, classification accuracy for CEPs can

be significantly improved for multiclass problems by the use of a round

robin technique [36]. In the work [37] an algorithm for computing hyper-

graph transversals was proposed. The hyper-graph minimal transversal

problem is specially significant from data mining and its highly connected

to the mining of Emerging Patterns. This algorithm outperforms previous

approaches by a factor of 9-29 times on a number of large datasets[38].
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3.2 Classifiers Based on Emerging Patterns

In this section, the most popular classifiers based on the previous formulation

of Emerging Patterns are explained. These EP-based classifiers are compared

with the novel classifier based on the new formulation of Emerging Patterns

described in the Chapter 4 and the results of the experimental comparison are

described and shown in the Chapter 5.

3.2.1 CAEP: Classification by Aggregating Emerging Patterns

The first presented EP-Based classifier, which is also the first classifier found

in the literature, is the CAEP: Classification by Aggregating Emerging Patterns

[2]. This classifier is based on the following ideas:

1. Each EP is able to distinguish the belonging class of the instances that

contain the EP.

2. The predictive power of an EP is somehow related to its growth rate and

to its support.

Let T be a test instance and E(Ci) the set of EPs of the class Ci found from the

training data. A score, called the aggregate score, that is used by this classifier

to classify the test instances is defined as follows:

score(T, Ci) = ∑
X⊆T,X∈E(Ci)

GR(X)
GR(X) + 1

× suppCi(X) (3.7)

where suppCi(X) is the support of X in class Ci, and growth rate(X) is suppCi(X)

divided by the X’s support in non-Ci class. By means of using this score, the

classifier possesses a value for each possible class. The score, per class, tries

to measure how appropriate is that class for the test instance. To reduce the

impact of classes with many more EPs in comparison to other classes the score

for Ci is then divided by some base score such as the median score of all scores

obtained using the training instances of Ci as ”tests”. In the training phase,

CAEP employs ConsEPMiner [32] to mine EPs for each class.
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3.2.2 iCAEP: information-based approach to aggregate EPs for

classification

The second EP-Based classifier is the iCAEP[5]: information-based approach

to aggregate EPs for classification, classification by Minimum Message Length

(MML) inference. This classifier is a variant of the CAEP classifier above ex-

plained. It is based on the idea of using the EPs that appear in a test instance as

symbols encoding the instance. Given the test instance, its encoding cost using

the most likely class should be the minimum. So, basically, what this classifier

does is to compute the encoding cost of the test instance for every class in the

problem. Then, all these costs are sorted and, finally, the class associated to the

minimum encoding cost is returned as the most probable class for the given test

instance.

3.2.3 JEP-Classifier: Jumping Emerging Patterns classifier

The third classifier that is going to be briefly explained is the Jumping Emerg-

ing Patterns classifier (JEP-Classifier) [4]. It uses the large support of JEPs to

maximise its collective discriminating power when making classification. Only

the most expressive JEPs are used for the classification process. For the classi-

fication of a test instance T, the JEP-Classifier takes into account all of the most

expressive JEPs that are subset of T. Being E(Di) the most expressive JEPs of a

data class Di discovered from the training data, the test instance is classified

based on the following:

∑
X⊆T,X∈E(Di)

supp(X) (3.8)

3.2.4 EJEP-Classifier: Essential Jumping Emerging Patterns clas-

sifier

The Essential Jumping Emerging Patterns Classifier(EJEP-Classifier) is the name

of the following described EP-based classifier. Very similarly to the anterior

classifiers, the current classifier performs the classification by aggregating EJEPs.

To handle the general case where the training dataset contains more than two
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classes, the concept of pair-wise features [28] is utilised. To classify a test in-

stance T, all the EJEPs of a data class Di that are subsets of T contribute to the

final decision and the the aggregate score of T for (Di) is the same as defined in

3.8. For the problem of unbalanced classes, the same solution as the one used in

the JEP-Classifier and first introduced in [2] is also used here to normalise the

scores:

norm score(T, Di) =
score(T, Di)

base score(Di)
(3.9)

The label of the class with the highest normalised score is assigned to the in-

stance T.

3.2.5 BCEP: Bayesian Classification based on Emerging Patterns

A more recent classifier is introduced now. This classifier is going to be ex-

plained more deeply since it is the most powerful and modern EP-Based classi-

fier. Bayesian Classification based on Emerging Patterns(BCEP) is how this clas-

sifier is called [6]. This classifier is usually considered as a hybrid classifier of

the EP-based classifier family and the Bayesian classifier family. It was aimed at

giving a theoretically well-founded approach to build a classifier based on EPs.

As previously, each EPs found in the test instance is used as a discriminative

factor of its home class. The support of each EPs in a class is considered as an

estimation of the probability that the pattern occurs given that class. In order to

classify a test instance T, BCEP uses the given evidence by the subsets of T that

are present in F where F is the final set of high quality EPs for classification. In

the algorithm, the evidence is referred as B and computed as B = {s ∈ F|s ⊂ T}.
B is used to calculate an approximation of P(T, Ci) for all classes. The product

approximation of the probability P(T, Ci) contains a sequence of at most n sub-

sets of T. Making the assumptions that all attributes are totally independent,

these itemsets of T are combined using the chain rule of probability to calculate

the approximation. By adding one EP at a time the product approximation is

generated. This addition stops when no more EP can be added because there is

no more EPs in B or because all of their items are already covered. The strength,

defined in the formula 3.3, is used, among other things, to select the EPs from

all of the available EPs. It is believed that EPs with larger strengths are stronger

signals and should be used before others with lower strengths. The procedure

to select an EP uses four rules that unequivocally determine the next EP. This
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procedure sorts the EPs of B in strength-descending-order. This final list is de-

noted as O and the EPs are extracted from the list O from the beginning. The

set of covered items is denoted as cov. The rules to select the next EP are:

• Rule 1: |p− cov|≥ 1;

• Rule 2: strength(p) > strength(q);

• Rule 3: length(p) < length(q);

• Rule 4: |p− cov|≤ |q− cov|;

These Rules are given in order of importance. To select an EP, this order has to

be followed.

The Algorithm to Compute the Product Approximation:

The algorithm 2 incrementally builds the product approximation of P(T, Ci).

The explanation of the different variables is given now:

• covered is the name of the subset of T which has been already covered.

• numerator and denominator are the sets of itemsets, Bi and Bi
⋂

, in the nu-

merator and the denominator, respectively.

Finally, they are used to derive the value of the product approximation of P(T, Ci)

for each class Ci.

Besides the algorithm 2, the Next(covered, B) function 1 is also needed. This

selects the next itemset from B which is uniquely determined by the Rules 1-4.

It stops once all items in T have been covered. Two EPs have the same strength

if the absolute difference between their strengths is less than 0.01. The pseudo-

code of the Next function, is now presented:

To facilitate the selection, first, all the discovered EPs are sorted by the strength-

descending order.
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Algorithm 1 Function Next(covered, B)

Input: A set of items that have been covered before, covered, and all the EPs

contained in the test, B.

Output: The next “best” EP to use in the product approximation.

Z = {s|s ∈ B ∧ |s− coverend|≥ 1};
The output is an itemset Bi ∈ Z such that for all other itemsets Bj ∈ Z:

• strength(Bi) > strength(Bj);

• strength(Bi) = strength(Bj)∧ length(Bi) < length(Bj);

• strength(Bi) = strength(Bj) ∧ length(Bi) = length(Bj) ∧ |Bi − covered|≤
|Bj − covered|;

Below, the algorithm to Compute the product approximation is shown. As said

before, this algorithm is used to classify the test instance T:

Algorithm 2 Bayesian Classification by Emerging Patterns(BCEP).

Input: a set of EPs F and a test instance T.

Output: the classification of T.

- The B set is filled with all the EPs contained in the test instances -

B = {s ∈ F|s ⊂ T}
- The covered set contains the items in T which are already covered -

covered = ∅

- The numerator set contains the items in the numerator -

numerator = ∅

- The denominator contains the items in the denominator -

denominator = ∅

while |T − covered|≥ 1 ∧ |B|≥ 1 do

e = next(covered,B);

numerator = numerator ∪ e;

denominator = denominator ∪{e ∩ covered};
covered = covered ∪ e;

end while

for each class Ci do

P(T, Ci) = P(Ci)
∏u∈numerator P(u,Ci)

∏v∈denominator P(v,Ci)

end for

The output of the algorithm is the class with maximal P(T, Ci);
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Finally, how to compute P(X|Ci) and P(Ci) must be defined to be able to classify

the test instance T. The support can be an unreliable substitution for its prob-

ability especially in very unreliable situations such as when the support in the

background class is zero. Furthermore, it is very undesirable to use zero in the

product approximation. To handle these problems, a standard statistical tech-

nique is usually used to correct these problematic situations, in other words, a

standard statistical technique helps to eliminate unreliable estimates and zero-

counts [39]. Based on this, M-estimate and Laplace-estimate are presented:

• M-estimate:
#(X, Ci) + n0

#(X)
|D|

|Di|+n0
(3.10)

where #(X, Ci) denotes the number of training examples belonging to class

Ci and containing itemset X; #(X) denotes the number of training exam-

ples containing itemset X; n0 is a small number which is set to 5. M-

estimate is used to estimate P(X|Ci).

• Laplace-estimate:
|Di|+k
|D|+c× k

(3.11)

where |Di| is the number of training objects belonging to Ci; |D| is the total

number of training objects; c is the number of classes; and k is normally 1.

Laplace-estimate is used to estimate P(Ci).

So, finally, let P(X, Y, Ci) and P(Y, Ci) be the observed frequencies in D of {X, Y, Ci}
and {Y, Ci} respectively (X and Y are itemsets). Instead of P(X|Y, Ci) = P(X, Y, Ci)/P(Y, Ci),

the following smoothed conditional probability is used:

P(X|Y, Ci) =
|D|×P(X, Y, Ci) + 5× P(X)

|D|×P(Y, Ci) + 5
(3.12)
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3.3 Instance-Weighting Scheme for Weighted Sup-

port Vector Machines Based on Emerging Pat-

terns

In this section an instance-weighting scheme based on EPs proposed in [40]

is described. The presentation of this algorithm is important since it will be

compared in the Chapter 5 with a new instance-weighting scheme proposed in

this work. Both instance-weighting schemes will be used to assign a weight

to each training instance of the databases and then a weighted support vector

machine is trained on them. These instance-weighting schemes are based on the

idea of using the EPs found in each training instance to compute the importance

scores. The basic ideas are the following:

• A good training instance should provide strong EPs of the same class.

• A bad training instance, which is noisy or an outlier, should not contain

EPs or it should contain EPs of both contrasting classes with approxi-

mately equal strength.

To assign weights, EPs are used to compute a score for each instance. This

score reflects the relative importance for determining the decision surface. The

importance score for an instance is defined as follows: Given an instance T ∈
Dv(1 ≤ v ≤ k) and k sets of EPs, one set per class, E1, E2, . . . , Ek, the importance

score of T is:

score(T) = ∑
X⊆T,X∈Ev

GR(X)
GR(X) + 1

supp(X)−
k

∑
i=1,i 6=v

∑
Y⊆T,Y∈Ei

GR(Y)
GR(Y) + 1

supp(Y)

(3.13)

When an importance score for each training instance has been computed, these

scores have to be mapped since their range is [−∞, +∞] and the weights need

values in the range [0, 1]. This mapping is performed class by class, in other

words, the scores of just one class are taken into account at a time. Being maxS

and minS the maximum and the minimum score for a given class. Two possible

mapping are:

x → x−minS
maxS−minS

(3.14)
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x → log(1 + (e− 1)
x−minS

maxS−minS
) (3.15)

where x is an importance score of a given training instance. There are several

problems with these simple mappings:

1. When maxS is much higher than other values, many weights will be small.

2. When minS is much lower than other values, many weights will be big;

3. Usually, half training instances will be assigned a weight less than 0.5 and

half more than 0.5;

In order to solve these problems, in the work [40] a more complex mapping is

proposed. This mapping makes the following assumptions:

• In general, the training instances are generally good for the classification

purpose.

• There are training instances that can partially provide correct information.

• Only a few of all the training instances are outliers or noisy data. Obvi-

ously, there are not good for the classification purpose.

In this mapping, the scores from the same class are sorted in ascending order

and then all instances of the class are partitioned into three groups according

to their scores. Once this is done, the logarithmic mapping is performed within

each group.

• Group 1 covers the 80% of the training instances whose scores are among

the 80% of the highest scores. These scores are mapped into (0.8, 1].

• Group 2 includes 15% instances whose scores are around the middle of

the values’ range. These scores are mapped into (0.5, 0.8].

• Group 3 consists of the remaining 5% instances whose scores are among

the lowest 5% of the scores. Instances within this group can be safely con-

sidered as outliers or noise. These scores are mapped into (0, 0.5]. These

zero-score instances are assigned with a very small weight. Instances con-

taining no EPs or containing contradicting EPs with equal strength receive

the minimum score, zero.

As said in [40], other percentages can be used to define the different groups.
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3.4 Tools

In this section, the tools used in this work to implement the different classifiers,

some other algorithms and to perform the experiments are presented.

3.4.1 Weka: Machine Learning Software in Java

Weka (http://www.cs.waikato.ac.nz/ml/weka/) is a java library that includes

a collection of algorithms from the machine learning field for solving real-world

data mining problems. Weka has been used in this work to implement some

part of the EP-based classifiers like the discretization of the data for the mining

of patterns, to load and handle the datasets and to perform the experiments.

Many classification algorithms are included in WEKA, such as the Naive Bayesian

(NB) classifier, the decision tree based classifier C4.5, the Support Vector Ma-

chines (SVM) classifier, etc. These implementations of the classifiers are the

implementations used in the experiments. In order to handle the different datasets

that will be used for the experiments Weka is also used to load the data from

ARFF files. The datasets in ARFF format can be download from the UCI repos-

itory web-page. The ARFF files describe the training instances and their set of

attributes. ARFF files have two different sections: the first section is the one re-

ferred as the Header and the second is the Data. The Header includes the name

of the relation, the list of the attributes used by the instances and the types of

these attributes. Part of the header of the UCI anneal-ORIG dataset is:

@relation anneal.ORIG

@attribute family GB , GK , GS , TN , ZA , ZF , ZH , ZM , ZS

@attribute ’product-type’ C , H , G

@attribute steel R , A , U , K , M , S , W , V

@attribute carbon real

@attribute hardness real

@attribute ’temper˙rolling’ T

@attribute condition S , A , X

@attribute formability 1 , 2 , 3 , 4 , 5

@attribute strength real
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Now, a small portion of the data information part:

@data

?,C,A,8,0,?,S,?,0,?,?,G,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,COIL,0.7,610,0,?,0,?,3

?,C,R,0,0,?,S,2,0,?,?,E,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,Y,?,?,?,COIL,3.2,610,0,?,0,?,3

?,C,R,0,0,?,S,2,0,?,?,E,?,?,Y,?,B,?,?,?,?,?,?,?,?,?,?,?,?,?,?,SHEET,0.7,1300,762,?,0,?,3

?,C,A,0,60,T,?,?,0,?,?,G,?,?,?,?,M,?,?,?,?,?,?,?,?,?,?,?,?,?,?,COIL,2.801,385.1,0,?,0,?,3

?,C,A,0,60,T,?,?,0,?,?,G,?,?,?,?,B,Y,?,?,?,Y,?,?,?,?,?,?,?,?,?,SHEET,0.801,255,269,?,0,?,3

?,C,A,0,45,?,S,?,0,?,?,D,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,COIL,1.6,610,0,?,0,?,3

?,C,R,0,0,?,S,2,0,?,?,E,?,?,?,?,?,Y,?,?,?,?,?,?,?,?,?,?,?,?,?,SHEET,0.699,610,4880,Y,0,?,3

?,C,A,0,0,?,S,2,0,?,?,E,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,Y,?,?,?,COIL,3.3,152,0,?,0,?,3

?,C,R,0,0,?,S,2,0,?,?,E,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,Y,?,?,?,COIL,0.699,1320,0,?,0,?,3

?,C,A,0,0,?,S,3,0,N,?,E,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,?,SHEET,1,1320,762,?,0,?,3

Comments always begins with %. The declarations such as @RELATION, @AT-

TRIBUTE and @DATA are case insensitive.

With Weka, also the discretization of continuous values is done whenever is needed.

As briefly exposed in the beginning of this chapter, EP mining algorithms and

EP-based classifiers require discrete values. To achieve this, a discretization in

the value range of each continuous attribute, if there is any, is needed. Using

discrete values has a number of advantages:

• Representation and specifications, using intervals of numbers are more

concise than without them.

• Discrete values are easier to be used and more comprehensible than con-

tinuous values.

• Some induction tasks can benefit from the discretization of the continuous

values.

Although, the discretization has its benefits, it is also a common source of errors.

There are numerous discretization methods available in the literature, such as,

[41] is a systematic survey. In this work, especially in the experiments, all the

needed discretizations are realised by the Entropy method described in [42]

which is implemented in the Weka software. To perform this discretization

with Weka, the class weka.filters.supervised.attribute.Discretize was used.



Chapter 3. Problem Statement and Previous Work on Emerging Patterns 41

The last thing that was done with the help of the Weka library was the results

extraction of the experiments. To get representative results from the desired

experiments, a common thing is to use the cross validation method[43, 44]. In k-

fold cross-validation, the original database is randomly partitioned into k equal

size sub-databases. Of the k sub-databases, a single subsample is keetd as the

validation set for testing the classifier(in our case), and the remaining k - 1 sub-

samples are used as training data. The cross-validation process is performed k

times, once per the number of folds. The k results from the folds are then com-

bined to produce a final result. In stratified k-fold cross-validation, the folds are

chosen in a way so that the mean response value is approximately equal in all

of the different folds. When the parameters of a classifier or a model have to

be fitted, cross-validation should be used to avoid over-fitting. Especially when

the size of the training data is small or when the number of parameters is large,

over-fitting is more probable to happen.

3.4.2 Mine of Emerging Patterns

One last thing to define is how the mine of patterns has been realised in this

work. The mine of patterns is performed by means of using the Discriminative

Pattern Mining - DPM - algorithm[45]. Discriminative Pattern Mining (DPM) is

an algorithm to simultaneously mine generators and close patterns of frequent

equivalence classes. The transactions can have multiple class labels. The im-

plementation used for the experiments of this algorithm is the one provided for

the discriminative pattern mining (DPM) framework that can be found on the

web-page of one the authors, Limsoon Wong.

http://www.comp.nus.edu.sg/~wongls/


Chapter 4

Natural Emerging Patterns:

Formulation for Classification

In this chapter, a new formulation for Emerging Patterns is presented. This

novel formulation tries to overcome the deficiencies and limitations of the pre-

vious one under the context of classification. The current chapter is organised

as follows:

• In the first section, the definition of Natural Emerging Patterns is prop-

erly exposed and, secondly, the different types of Emerging Patterns com-

mented in the chapter 3 are redefined. In order to explain the natural def-

inition a new measure, Natural Distinctive Factor, is introduced as well.

• In the second section, a new classifier called Natural Emerging Pattern

Classifier is presented. This newfangled classifier has been created to re-

flect and capture all the advantages of the proposed formulation.

• In the last section, the third one, an innovator instance-weighting scheme,

named Natural Instance-Weighting Scheme, is also explained. As before,

this instance-weighting scheme attempts to make use of the improvement

of the natural formulation.

The classifier and the instance-weighting scheme have also been created to

prove the discriminative power of this improved formulation of Emerging Pat-

tern for classification.

42
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4.1 Natural Emerging Patterns

Natural Emerging Patterns is the name of the proposed formulation for Emerg-

ing Patterns. This formulation is mainly aimed at addressing classification

problems. First, the formulation itself is presented and, finally, the redefini-

tion of the different types of Emerging Patterns exposed in the anterior chapter

are also stated.

4.1.1 The formulation

In order to be able to present the novel formulation, a new measure, called

Natural Distinctive Factor (NDF), needs first to be established: Given a set of p

classes C1, C2, . . . , Cp and an itemset X. The Natural Distinctive Factor for the

itemset X on the class Ci is defined as follows:

NDFCi(X) =
suppCi(X)

∑
p
j=1 suppCj(X)

(4.1)

This measure is basically the replacement for the Growth Rate used in the an-

terior formulation. Both magnitudes are trying to capture the same type of

information. This information attempts to reflect how distinctive an emerging

pattern is. Most of the advantages of this new formulation comes from the fact

that the values of this measure are in the interval [0, 1] instead of in the interval

[0, ∞] as the ones from the Growth Rate.

Definition of Natural Emerging Patterns: A Natural Emerging Pattern X is

an itemset with a support larger than a constant α in the home class Cj and a

natural distinctive factor larger than a constant β in the background class Ci.

These two constants are more or less closer to 1 depending on the problem.

Given α and β, all found emerging patterns using those particular values would

be called α-β EPs.

This change in the definition of Emerging Pattern, as we will see in the exper-

iments in Chapter 5, propitiate a considerable raise in accuracy in the classifi-

cation problems. Now, the types of Emerging Patterns mentioned in Chapter 3

are redefined:
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• Natural Jumping Emerging Patterns (NJEP): A Natural Jumping Emerg-

ing Pattern from a background dataset D′ to a target dataset D′′ is defined

as a Natural Emerging Pattern from D′ to D′′ with the NDF of 1.

• Natural Essential Jumping Emerging Patterns (NEJEPs): Let D1 and D2

be two different classes of datasets. Given ξ > 0 as a minimum support

threshold, a Natural Essential Jumping Emerging Pattern from D1 to D2,

is an itemset X that satisfies the following conditions:

1. suppD1(X) = 0 and suppD2(X) ≥ ξ, and

2. Any proper subset of X does not satisfy condition 1.

NEJEPs have natural distinctive factors of 1.

• Natural Chi Emerging Patterns(NChiEPs) is the third type. An itemset, X,

is a Natural Chi Emerging Pattern, if all the following conditions about X

are true:

1. supp(X) ≥ ξ, where ξ represents the minimum support threshold;

2. NDF(X) ≥ ρ, where ρ is a minimum natural distinctive factor;

3. ∀Y ⊂ X, NDF(Y) < NDF(X);

4. |X|= 1 or |X|> 1∧ (∀Y ⊂ X ∧ |Y|= |X|−1∧ chi(X, Y) ≥ η), where η =

2.84 is a minimum chi-value threshold and chi(X, Y) is computed us-

ing the following contingency table [29].

4.2 The Classifier

In this section, a new classifier named Natural Emerging Pattern Classifier (NEPC)

is introduced. This classifier tries to capture and reflect all the advantages of the

natural formulation. The advantages of the natural formulation used by this

classifier are summarised as follows:

• The first advantage that this classifier uses is the possibility of giving a

weight to the information captured by the natural distinctive factor. In

this classifier a weight is also assigned to the information captured by the

support score.
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• The second one is the option of using easily a threshold on the patterns

that can be used in the classification process. In contrast to the use of

growth rate to select patterns, the natural distinctive factor can be used

without difficulty to select interesting patterns since its values are between

0 and 1.

• The third benefit reflected in the classifier is the opportunity to make ba-

sic arithmetical operations over different sub-scores with the distinctive

type information used inside for the classification process. This can be

done without losing in any way information. However, in the case of the

strength measure, when the growth rate of an EP is infinite, the contri-

bution of the pattern is just the support which can be very small and not

representative enough for a pattern that only appears in one class. Be-

sides, when aggregating the growth rate contribution of each EP, if there

is one EP with a growth rate of infinite, the rest of patterns will not be

taken into account. This can be done without problem if we use the new

formulation and so it is reflected in the classifier.

In order to make use of the second and first advantages, the classifier considers

separately the contributions of every single item found in each observation, by

means of aggregating their natural distinctive factors and their support scores,

to make the final decision. Summarising, given a class Ci and an observation X

each item included in the observation provides this contribution to the classifi-

cation decision:

itemContribCi(X) = ∑
itemj⊆X

WNDF×NDFCi(itemj) + WSupp× SuppCi(itemj) (4.2)

This could not definitely be done with the previous formulation. Besides, sim-

ilar contributions of the found Natural Emerging Patterns at each observation

are used to the classification decision:

nepContribCi(X) = ∑
NEPj∈X

WNDF × NDFCi(NEPj) + WSupp × SuppCi(NEPj)

(4.3)

The contributions to each class are normalised by the maximum contribution

to the class found in the training instances. In other words, the training in-

stances are used as test instances, with the exception that for these, the labels

are known, and the maximum contribution found among these observations to
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each class are used to do the normalization. The patterns used are natural EPs

because they are selected based on a minimal threshold value on their natural

distinctive factor. This selection of patterns is made to take advantage of the

facility of the natural formulation to find thresholds on the distinctive informa-

tion (the second benefit commented above). Based on these contributions, an

observation is classified to the class with higher value. When the difference be-

tween the two best classes is very small, the prior probability is also taken into

account.

4.3 Instance-Weighting Scheme

In the same way as the natural classifier, an instance-weighting scheme called

Natural Instance-Weighting Scheme (NIWS) has been created to capture and

reflect the predictive power of the new formulation of Emerging Patterns. This

scheme will be used to train a weighted support vector machine. In chapter 5,

the carried out experiments for this scheme are aimed to test its power of dis-

criminating the noise and outliers from the correct labelled observations of the

training dataset. The goal of this scheme is to assign a weight to each training

instance that reflects the probability of being an outlier or a very noisy training

instance. The weight assigned to a training instance can also be seen as a value

of how representative it seems to be from its class. Based on these weights,

more robust classifiers to noise and outliers can be built since their impact can

be reduced. To calculate the weights the same sub-scores computed for the

classifier are used. Using the itemContrib and nepContrib(defined in 4.2 and

4.3 respectively), normalised by the maximum contribution to each class found

in the training instances, and mapped to the interval [0, 1] the weights are cal-

culated. The mapping is trivial, performed by means of dividing by the number

of sub-scores/contributions. Only natural emerging patterns contribute also in

this scheme since a threshold on the natural distinctive factors of each pattern

is used to filter the patterns for the computation of the weights. One princi-

pal distinction compared to the other EP-based scheme is that in the natural

scheme is not necessary to perform a very complex mapping. This mapping, if

it is performed wrongly, may be a huge source of errors, as it will be seen in the

next chapter. This is not necessary thanks to the new formulation and the novel

measure natural distinctive factor.
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4.4 The epClassify Library

In the development process of the thesis work, many classifiers were programmed,

especially the EP-Based classifiers, giving birth to a new java library called ep-

Classify. The library is based on Weka, and it contains the implementations of

the CAEP, iCAEP, BCEP and NEPC classifiers and the implementations of the

HwScheme and NIWS instance weighting schemes. Besides, it gives a generic

interface for the use of these classifiers and schemes in the carried out experi-

ments and for future use.

4.4.1 Generic Interfaces

The epClassify library contains the class ”Classifiers”. This class represents

the classifier itself. To establish the desired classifier the method setClassi-

fier(String nameClassifier) is used. The variable nameClassifier of type String

can have the values: ”CAEP”, ”iCAEP”, ”BCEP” or ”NEPC”. Once the de-

sired classifier is set, the training data should be introduced with the method

setData(Instances trainInstances). The different free parameter of each classi-

fier can be set by means of the method setOptions(String[] options). These free

parameters should be set in the same order as explained in the 5. The follow-

ing step is to train the classifier using the method train(). Once the desired

classifier is trained, each test instance can be classify with the method classi-

fyInstance(Instance testInstance) which will return the identifier of the most

probable class.

The second main class that the library contains is the class ”Scheme”. This

class represents the instance-weighting scheme itself. The first thing to do is

to set the training data using the method setData(Instances trainInstances). In

order to compute the weights for each training instance the method weight-

ing(int numScheme, double parameterA, double parameterB, double parame-

terC). The numScheme is used to set the scheme to use:

• numScheme = 0 is used to set the HwScheme scheme.

• numScheme = 1 is used to set the NIWS scheme.
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When using the HwScheme scheme, the parameterA, parameterB and param-

eterC variables represent the percentH, the percentL and the maxPropHGroup

free parameters of the scheme respectively. In the Chapter 5, the meaning or

role of these parameters in the scheme will be explained. When using the NIWS

scheme, the parameterA, parameterB and parameterC variables represent the

propNDF, the propSupp and the minNDF free parameters of the scheme re-

spectively. In the Chapter 5, the meaning or role of these parameters in the

scheme will be explained.



Chapter 5

Experimental Results

In this chapter all the experiments and their results are presented and explained

extracting the corresponding conclusions. All the experiments were generated

to test the predictive power of the proposed classifier and, in the case of the

instance-weighting scheme, to test the palliative ability to reduce the impact of

noise and outliers. The results of the experiments are clearly shown in several

tables and, at the end of each table, the different conclusions extracted from the

results are commented.

5.1 Description of the Experiments

First of all, the experiments must be explained and their goals stated. Every sin-

gle database used in the experiments was obtained from the UCI repository[46].

All the experimental results shown mean the average number of correct classi-

fied instances divided by the total number of instances in the database. The

accuracy was obtained by using the methodology of stratified ten-fold cross

validation (CV-10). Results are reported as the mean classification performance

over the 10 folds. Besides, all the experiments are executed ten times and the

mean of them is the given result to assure robustness in the values. Clearly,

the goal of these experiments was to evaluate the effectiveness and predictive

power of the novel formulation Emerging Pattern and its instances, the classi-

fier and the instance-weighting scheme. For the experiments of the classifier, 13

different databases are used. In the case of the instance-weighting scheme, 10

49
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different databases have been used. The databases for the instance-weighting

scheme have been selected to be noisy and with outliers.

All experiments were conducted on Sony Vaio VPCSB (4x Intel Core i5-2520M

CPU @ 2.5Hz, 8Gb Ram) running Ubuntu 13.04/x64.

5.2 Datasets Description

A short description about the datasets used to run the experiments is given. In

this description, important information about the datasets such as the number

of classes is given. Additionally, if there is or not missing data is also informa-

tion that is given in the descriptions. The descriptions are explained in tables

that are very easy to understand.

To start with the datasets, these are the datasets used for the experiments of the

classifier:

Dataset #Instances #Classes #Attributes Missing Data?

breast-cancer 286 2 9 Yes

colic 368 2 27 Yes

credit-a 690 2 15 Yes

diabetes 768 2 8 Yes

glass 214 7 10 No

heart-statlog 270 2 13 No

hepatitis 155 2 19 Yes

vehicle 946 4 18 No

iris 150 3 4 No

labor 57 2 16 Yes

lymph 148 4 18 No

mushroom 8124 2 22 Yes

zoo 101 7 17 No

TABLE 5.1: Datasets for the experiments of the Classifiers.

Now, the descriptions of the datasets for the experiments of the instance-weighting

schemes:
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Dataset #Instances #Classes #Attributes Missing Data?

credit-g 1000 2 20 No

colic-orig 368 2 27 Yes

credit-a 690 2 15 Yes

heart-c 303 5 13 Yes

heart-sta 270 2 13 No

hepatitis 155 2 19 Yes

iono 351 2 34 No

labor 57 2 16 Yes

sick 2772 2 29 Yes

sonar 208 2 60 No

TABLE 5.2: Datasets for the experiments of the Instance-Weighting Schemes.

5.3 Experimental Set Up

Once the experiments have been defined, it is time to explain how to set the dif-

ferent free parameters of the algorithms. In general, the free parameters, which

are not set as constants, are established by means of using cross validation. All

the free parameters of the classifiers and the instance-weighting schemes used

in this thesis are named and their configuration explained below(For more de-

tails, Chapter 3):

• Free parameters for the BCEP classifier([6]):

1. n0: This variable is used to compute P(X‖Ci), where X is an itemset

and Ci is a class, by means of the M-stimate. The best value for this

variable is found using cross validation.

2. k: It symbolizes an integer used to compute the a priori probability

of the classes. The optimal value of this variable is set using cross

validation.

• Free parameters for the CAEP classifier([2]):
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1. percentile: This variable is used in the computations of the base score

and it is used to select the score from all the scores of the training

instances sorted in ascending order. It is set by using cross validation.

• Free parameters for the iCAEP classifier([5]):

1. n0: This is used to compute P(X‖Ci), where X is an itemset and Ci

is a class, by means of the M-stimate. The best value is found using

cross validation.

• Free parameters for the Support Vector Machine:

1. The implementation of Support Vector Machine used in the experi-

ments is the one of the Weka library. The free parameters are left as

they are by default. Just comment that the complexity constant C is

set to 5 for all the experiments.

• Free parameters for the Hongjian Instance-Weighting Scheme([40]):

1. percentileH: The variable is used to differentiate the groups for the

mapping. This value is compute by means of cross validation.

2. percentileL: As the anterior variable, it is used to differentiate the

groups for the mapping. Its best value is found using cross valida-

tion.

3. maxPropHGroup: This variable is also used in the mapping but, in

this case, it is used to detect the highest scores to be mapped. It is set

by using cross validation.

• Free parameters for the natural Classifier (NEPC):

1. propNDF: It represents the value for which the information related

to the natural distinctive factor of the emerging patterns will be mul-

tiplied. The best value is found using cross validation.

2. propSupp: This parameter symbolizes the value for which the infor-

mation related to the support of the emerging patterns will be multi-

plied. This is set to 1.

3. minNDF: This value represents the minimum natural distinctive fac-

tor that an emerging patterns has to have to be taken into account for

the classification process. It is set by using cross validation.
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• Free parameters for the Instance-Weighting Scheme (NIWS):

1. propNDF: It represents the value for which the information related

to the natural distinctive factor of the emerging patterns will be mul-

tiplied. The best value is found using cross validation.

2. propSupp: This parameter is the value for which the information

related to the support of the emerging patterns will be multiplied.

This is set to 1.

3. minNDF: This value represents the minimum natural distinctive fac-

tor that an emerging patterns has to have to be taken into account to

compute the weights for the instances. It is set by using cross valida-

tion.

4. minInter: This parameter is used as the minimum value that one

weight for an instance can have. It is set by using cross validation.

5.4 Examples of Emerging Patterns found in the Ex-

periments

In the current section some examples of EPs found in the experiments are shown

and explained. The first example is an EP found in the breast-cancer database:

EP1 = {11, 50, 24}. Translating by means of using the description of the database,

it means that the attribute menopause has the value ’premeno’, the attribute ir-

radiat equals to ’no’ and the inv-nodes is ’0-2’. This EP was found 57 times over

all the training data in the first class, ’no-recurrence-events’, and 23 times in the

second class, ’recurrence-events’. The second example is an EP found also in

the breast-cancer database: EP2 = {11, 42, 50}. The translation of this is that

the attribute menopause has the value ’premeno’, the attribute irradiat equals

to ’no’ and the attribute breast is ’left’. This EP was seen 32 times with the first

class and 18 times in the second one.
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5.5 Classifier

Now that all the required points to understand the results have been explained,

the results obtained for the novel classifier, referred as NEPC, are presented. It

has been compared with the three most popular EP-Based classifiers, i.e. CAEP,

iCAEP, and BCEP and compared also with the Naı̈ve Bayes classifier and the

decision tree implemented by following the C4.5 algorithm. As can be seen

from the following table, 13 databases have been used to test the effectiveness

of the classifiers.

NB C4.5 CAEP iCAEP BCEP NEPC

breast-cancer 0.727 0.743 0.744 0.751 0.747 0.755

colic 0.797 0.851 0.772 0.777 0.778 0.825

credit-a 0.864 0.868 0.872 0.873 0.875 0.878

diabetes 0.778 0.773 0.788 0.789 0.786 0.794

glass 0.744 0.752 0.664 0.670 0.654 0.768

heart-statlog 0.837 0.823 0.853 0.856 0.855 0.861

hepatitis 0.851 0.821 0.822 0.861 0.861 0.879

vehicle 0.625 0.708 0.699 0.726 0.692 0.702

iris 0.945 0.939 0.960 0.955 0.955 0.955

labor 0.925 0.879 0.919 0.922 0.937 0.970

lymph 0.849 0.765 0.813 0.833 0.839 0.857

mushroom 0.958 1 1 1 1 1

zoo 0.932 0.926 0.960 0.940 0.952 0.960

mean 0.833 0.834 0.836 0.843 0.841 0.862

TABLE 5.3: Results of the EP-Based Classifiers on the UCI datasets.

From the table 5.4, several conclusions can be drawn:

• The NEPC classifier has the best performance in 9 out of 13 databases.

The obtained results in the databases glass and labor must be emphasised

because, for example, in the case of the glass database, it constitutes a

raise of accuracy of more than 11% compared with the other EP-Based

classifiers.
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• As can be seen in the mean results, the classifier has a mean raise of accu-

racy of about 2%, in the worst case, compared with all the other EP-based

classifiers.

• One last conclusion to be drawn is that the classifier does not have any

poor accuracy result in any the databases. This is not true in the case of

the other EP-Based classifiers that have very bad accuracy result, such as,

in the databases glass and colic.

Besides the percentages, it is important to know how many instances are cor-

rectly classified by each classifier. Noting that the classifiers are evaluated by

means of using a 10-fold cross-validation method, the mean of the number of

instances correctly classified by each classifier at each database is stated in the

next table:

NB C4.5 CAEP iCAEP BCEP NEPC

breast-cancer 20.8 21.2 21.3 21.5 21.4 21.6

colic 29.3 31.3 28.4 28.6 28.6 30.4

credit-a 59.6 59.9 60.2 60.6 60.4 60.6

diabetes 59.8 59.4 60.5 60.6 60.3 61.0

glass 15.9 16.1 14.2 14.3 14.0 16.4

heart-statlog 22.6 22.2 23.0 23.1 23.1 23.3

hepatitis 13.2 12.7 12.7 13.4 13.3 13.6

vehicle 52.9 59.9 59.2 61.4 58.6 59.4

iris 14.2 14.1 14.4 14.3 14.3 14.3

labor 5.3 5.0 5.2 5.3 5.3 5.5

lymph 12.6 11.3 12.0 12.3 12.4 12.7

mushroom 778.0 812.4 812.4 812.4 812.4 812.4

zoo 9.4 9.6 9.7 9.5 9.6 9.7

TABLE 5.4: Mean of the number of instances correctly classified by each classi-
fier at each database when using 10-folds cross-validation.

In some specific classification situations, in which there could be computational

limitations such as the available memory, the total number of EPs that the de-

vice can handle may be something to take into account. The novel formulation
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of EPs allows easily the establishment of a filter of EPs based on the Natural Dis-

tinctive Factor. For this reason, a classifier based on this new formulation may

be able to achieve good predictive power using less EPs than other classifier

based on the previous formulation. The current experiment aimed to prove this

point. In this experiment, the number of EPs used for the previous classifiers

and for the NEPC are studied and presented in the following figure:
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Vehicle database:

− No Filtered: 6818

− Filtered: 4653

FIGURE 5.1: Number of EPs needed by the classifiers to achieve the optimal
accuracy results in the experiments.

Explanation of the figure 5.1:

• The Vehicle database is shown differently because of its high values.

• The blue line shows the number of EPs per database used for the classi-

fiers based on the previous formulation.

• the green line presents the number of EPs per database used for NEPC

for the classification process to achieve its optimal results. Just to mention



Chapter 5. Experimental Results 57

that these last EPs are the EPs selected after the application of the filter

based on the natural distance factor.

From the figure 5.1 the point that in many cases the NEPC needs fewer EPs

to achieve its optimal result than the other classifiers based on the previous

formulation can easily be seen.

Another feature of interest to study about the classifiers is their robustness. The

robustness of a classifier means how stable is the predictive power of the classi-

fier when new, unlabelled data are presented over and over. The current exper-

iment tries to capture the robustness of the different classifiers. In order to do

that, the different accuracy results belonging to the different runs of the experi-

ments were recorded and their standard deviations studied:
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FIGURE 5.2: Experiment about the robustness of the classifiers.

The main conclusion that can be drawn from the figure 5.2 is that, in general,

the standard deviation of the NEPC is lower than the standard deviations of the
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other classifiers. This shows that the NEPC is more robust than the other clas-

sifiers and, therefore, the suggestion that the new formulation of EPs produces

more robust classifiers can be empirically made.

The next experiment is about the false positives and the false negatives rates of

the classifiers. It needs an explanation beforehand:

• The false negatives rate means the number of times that a reference class

should be predicted as positive, but it was predicted as negative.

• The false positives rate means the number of times that a reference class

should be predicted as negative, but it was predicted as positive.

• First of all, as can be seen from the previous definitions of the rates, either

the false positives rate or the false negatives rate need of the establishment

of a reference class. In the experiment, the first class, the class 0 in each

database, would be considered the reference class.

The figures with the different rates of the classifiers at each database are now

shown:
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FIGURE 5.3: Average of False Negatives made by the Classifiers.
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FIGURE 5.4: Average of False Positives made by the Classifiers.

From the figure 5.3 and the figure 5.4 can be seen that NEPC focuses its im-

provement of accuracy on the reduction of false positive errors. This property

can be very useful for those classification situations in which the problem of

making false positive errors is worse than making false negatives errors.

5.6 Instance-Weighting Scheme

In the case of the instance-weighting scheme, called NIWS it was applied to

improve weighted Support Vector Machines. The experiments in this case have

been divided based on the type of the kernel used for the SVM. The two types

of kernel used are the Polynomial kernel and the Radial basis function (RBF)

kernel. First, the obtained results for the Polynomial kernel are shown and,

secondly, the results associated to the radial basis function kernel.
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In order to compare the NIWS algorithm with more instance-weighting schemes,

it has been compared with another EP-Based scheme introduced in the Chapter

3, and in more detail in [40]. This method is referred as HwScheme in the table.

Additionally, a weights can also be generated by distance-based method(Dist,

in the table). For a two-class problem, suppose there exist two centers, one for

each class. Weights are computed according to the distance to the centers: the

closer to its own center, the higher the value; the farther away from its center

(closer to the other center), the lower the value. The extension to the multiclass

problem is trivial. The detailed procedure can be found in [47]. This model is

also included in the comparison to equate EP-Based models with Non-EP-Based

models.

The Polynomial Kernel Results:

Dataset SVM wSVM wSVM wSVM

Dist HwScheme NIWS

credit-g 0.751 0.755 0.761 0.761

colic-orig 0.736 0.758 0.780 0.789

credit-a 0.848 0.852 0.855 0.863

heart-c 0.838 0.838 0.858 0.845

heart-sta 0.837 0.844 0.844 0.842

hepatitis 0.839 0.865 0.865 0.888

iono 0.878 0.883 0.892 0.920

labor 0.842 0.912 0.930 0.916

sick 0.940 0.945 0.958 0.975

sonar 0.760 0.758 0.807 0.880

mean 0.827 0.841 0.855 0.868

TABLE 5.5: Accuracy results of the different instance-weighting schemes using
the Polynomial Kernel.

From the table 5.5, the principal conclusions that can be extracted are:

• The natural instance-weighting scheme applied to training weighted sup-

port vector machines and with the Polynomial kernel performs the best in

7 databases of a total number of 10. The obtained results in the database
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sonar must be emphasised because it constitutes a raise of accuracy in

more than 7% compared with the other EP-Based classifiers in the worst

case.

• In general, as can be seen in the mean results, the natural scheme has a

raise of accuracy in more than 1.3% compared with the other schemes.

• One last conclusion to be drawn is that the natural scheme does have a

considerable improvement in many of the databases.

To really appreciate this improvement, the mean numbers of correctly classified

instances by the different SVMs have to be shown:

Dataset SVM wSVM wSVM wSVM

Dist HwScheme NIWS

credit-g 75.1 75.5 76.1 76.1

colic-orig 27.1 27.9 28.7 29.1

credit-a 58.5 58.8 59.0 59.5

heart-c 25.4 25.4 26.0 25.6

heart-sta 22.6 22.8 22.8 22.7

hepatitis 13.0 13.4 13.4 13.8

iono 30.8 31.0 31.3 32.3

labor 4.8 5.2 5.3 5.2

sick 260.5 262.1 265.5 270.4

sonar 15.8 15.8 16.8 18.3

TABLE 5.6: Mean of the number of the correctly classified instances when using
ten-fold cross-validation and the Polynomial kernel.

Below, the results using the RBF Kernel:
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Dataset SVM wSVM wSVM wSVM

Dist HwScheme NIWS

credit-g 0.758 0.755 0.762 0.770

colic-orig 0.766 0.769 0.780 0.822

credit-a 0.855 0.855 0.862 0.856

heart-c 0.832 0.822 0.838 0.842

heart-sta 0.826 0.833 0.833 0.852

hepatitis 0.826 0.826 0.852 0.880

iono 0.876 0.892 0.883 0.932

labor 0.847 0.842 0.877 0.940

sick 0.939 0.939 0.939 0.975

sonar 0.756 0.761 0.793 0.871

mean 0.828 0.830 0.842 0.874

TABLE 5.7: Accuracy results of the different instance-weighting schemes using
the RBF Kernel.

The principal conclusions that can be extracted from the table 5.7 are:

• The natural instance-weighting scheme applied to traing weighted sup-

port vector machines and with the RBF kernel performs the best in 9

databases of a total number of 10. The obtained results in the databases

ionosphere, sonar and y labor, among others, must be emphasised be-

cause, for example, in the case of the sonar database, it constitutes a raise

of accuracy in more than 7.7% compared with the other EP-Based schemes

in the worst case.

• In general, as can be seen in the mean results, the natural scheme has a

raise of accuracy in more than 3% compared with all the other EP-based

schemes and in more than 4% compared with the distance scheme.

• One last conclusion to be drawn is that the natural scheme has almost not

any poor result, which means, in the case of instance-weighting schemes,

that any of the results obtained with the scheme is not close to the result

obtained without any scheme. With the exception of the credit-a database,

in all of the rest of the databases there is a raise of accuracy of at least
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1%. The credit-a exception is produced because of its low noise and small

number of outliers.

To really appreciate this improvement, the mean numbers of correctly classified

instances by the different SVMs have to be shown:

Dataset SVM wSVM wSVM wSVM

Dist HwScheme NIWS

credit-g 75.8 75.5 76.2 77.0

colic-orig 28.2 28.3 28.7 30.3

credit-a 59.0 59.0 59.5 59.1

heart-c 25.2 24.9 25.4 25.5

heart-sta 22.3 22.5 22.5 23.0

hepatitis 12.8 12.8 13.2 13.6

iono 30.7 31.3 31.0 32.7

labor 4.8 4.8 5.0 5.4

sick 260.2 260.2 260.2 270.4

sonar 15.6 15.8 16.5 18.1

TABLE 5.8: Mean of the number of the correctly classified instances when using
10-folds cross-validation and the RBF kernel.
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5.7 Limitations of Pattern-Based Classification

In order to try to guess the limitations of the Pattern-Based Classification Ap-

proach, the databases are sorted in descending order according to the classifi-

cation accuracy result of the NCEP:

Dataset #Instances #Classes #Attributes Missing Data? NEPC

mushroom 8124 2 22 Yes 1

labor 57 2 16 Yes 0.970

zoo 101 7 17 No 0.960

iris 150 3 4 No 0.955

hepatitis 155 2 19 Yes 0.879

credit-a 690 2 15 Yes 0.878

heart-statlog 270 2 13 No 0.862

lymph 148 4 18 No 0.857

colic 368 2 27 Yes 0.825

diabetes 768 2 8 Yes 0.794

glass 214 7 10 No 0.768

breast-cancer 286 2 9 Yes 0.755

vehicle 946 4 18 No 0.702

TABLE 5.9: Sorted and detailed table of the databases of the Classifiers.

Based on the table 5.9, trying to guess the limitations of this approach from

the table is very difficult since, as can be seen, no possible reason, such as the

number of instances or the number of classes, stays stable in the low part of the

table, the part where the classifier performs the worst. Since no conclusion can

be drawn about the limitations from the tables, some limitations found while

doing the experiments are now commented:

• When working on databases with missing data, if an instance has a lot

of missing data, it is possible not to find any pattern inside the instance.

In those cases, there is no information to classify the instance. Obviously,

this can be considered as a limitation of the approach.
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• Another limitation is the need of discretizing all the continuous values.

No patterns can be found on continuous values. Besides, this discretiza-

tion is usually a big source of error.

5.8 Literature Results

Below, the original results of the most important EP-based classifiers found in

the literature are presented. These results are compared to the results of the

implementations for these algorithms made for the experiments of this work:

CAEP iCAEP BCEP CAEP* iCAEP* BCEP* NCEP

breast-cancer - - - 0.744 0.751 0.747 0.755

colic - - - 0.772 0.777 0.778 0.825

credit-a - - - 0.872 0.873 0.875 0.878

diabetes 0.753 - 0.768 0.788 0.789 0.786 0.794

glass 0.658 - 0.737 0.664 0.670 0.654 0.768

heart-statlog 0.822 - 0.819 0.853 0.856 0.855 0.861

hepatitis 0.820 0.833 - 0.822 0.861 0.861 0.879

vehicle 0.559 0.628 0.681 0.699 0.726 0.692 0.702

iris 0.947 0.933 - 0.960 0.955 0.955 0.955

labor 0.793 0.897 0.900 0.919 0.922 0.937 0.970

lymph 0.744 0.798 0.831 0.813 0.833 0.839 0.857

mushroom 0.939 0.998 1 1 1 1 1

zoo 0.936 - 0.945 0.960 0.940 0.952 0.960

TABLE 5.10: Comparison of the original results of the EP-Based Classifiers
found in the literature and the implementations of these classifiers made for
this work. The names with the star next to are the results of the implementa-

tions for this work.

Just comment that the breast-cancer database is not the Wisconsin version as

the one used in other papers. A remarkable note is that the results of the clas-

sifiers CAEP, iCAEP and BCEP obtained with the implementations made for

this work, are better, in general, than results obtained in the literature. All these

results can be obtained the works[2, 5, 6, 25]. In the modern survey [48], these

classifiers are reviewed and summarized as well.
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Conclusions and Future Research

A complete study about Emerging Patterns and the previous related works has

been performed highlighting their deficiencies in order to address classification

problems. The first contribution of this work is a new formulation of Emerg-

ing Patterns aimed to overcome these deficiencies of the previous formulation.

Based on this novel formulation, a new classifier and a new instance weighting

scheme have been proposed capturing the advantages of the formulation. To

test the predictive power of this original formulation a bench of experiments

have been carried out showing that both the classifier and the instance weight-

ing scheme outperform their competitors in most of the tested databases. In

addition, it is of great interest to highlight that the classifier performs at least

acceptable in all the cases in contrast to the other EP-Based classifiers that have

poor results in some isolated cases.

6.1 Summary of Results

The results of the proposed classifier and the instance-weighting scheme, based

on the new formulation of Emerging Patterns, are meaningful not only of their

predictive power, but also meaningful of how suitable is the new formulation to

address classification problems. These results have been computed by carrying

out a big set of experiments described in detail in the Chapter 5. A summary of

the results and their corresponding conclusions are exposed below:

67
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• The novel formulation of EPs allows the filter of the number of EPs needed

for the classifiers to find the highest predictive power.

• The classifiers outperforms all of its competitors in most of the cases, rais-

ing the average accuracy performance in more than a 2% in the worst of

the case.

• The classifier performs always, at least, decently in contrast to the other

EP-Based classifiers which have some poor result in some cases. This re-

flects the robust character of the classifier.

• The proposed classifier, based on the new formulation, is more robust

than the previous classifiers, based on the old formulation of EPs.

• The NEPC focuses its improvement of accuracy on the reduction of false

positives errors.

• The instance weighting scheme that is based on the new formulation and

applied to train weighted Support Vector Machines outperforms all of its

competitors in most of the cases, achieving a raise in mean accuracy com-

pared to its competitors of about 1% in the worst of the case.

6.2 Future Research

In this section different possible paths of research related to the natural formu-

lation for Emerging Patterns are proposed. First, some more complementary

studies about the limitations and properties of the new formulation for classi-

fication are suggested. Second, it’s possible applicability to the Human Activ-

ity Recognition problem is stated briefly. And, finally, an extension of Hidden

Markov Model based on the natural formulation is shortly described leaving its

implementation, study and complete design as a new possible future research.

6.2.1 Deeper Study of the new formulation and its possibilities

The proposition of this new formulation for Emerging Patters for classifica-

tion allows some more studies about its properties, advantages and limitations
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when addressing classification problems. Some of these studies can be sorted

as follows:

• First, a deeper study about the different possible combinations of statistics

that this new formulation allows to build classifiers would be interesting.

• Second, a mining algorithm for emerging patterns should be transformed

to work based on this new formulation. A study should be carried out that

investigate the difference between the Emerging Patterns found by the

two algorithms. This research should try to focus on the possible different

properties for classification of the two groups of Emerging Patterns.

6.2.2 Emerging Patterns and Artificial Neural Networks - epANN

It would also be interesting to see how the proposed instance-weighting scheme

could be used with Artificial Neural Networks (ANN) [49]. Two possible ways

are exposed briefly:

• It could be used to develop an adaptive learning rate. For instances with

high weights, the learning rate would be larger than for instances with

low weights.

• The weight of each instance could be added as one dimension more at the

end of its feature vector and therefore as a new input for the network.

6.2.3 Human Activity Recognition

Several approaches can be found in the literature regarding the use of Emerging

Patterns in Human Activity Recognition. Some popular examples could be the

epSICAR and the epMAR algorithm[50, 51]. The epSICAR algorithm focuses

on the recognition of the possible activities by means of using the Caep algo-

rithm (Chapter 3) and the reads from a set of sensors located in the body of the

users and in the enviroment. The epSICAR algorithm has a big limitation since

it was not designed to handle situations with more than two users. This limi-

tation was addressed by the extension of epSICAR, the epMAR algorithm. The
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epMAR algorithm is an extension of the epSICAR algorithm designed to han-

dle multiuser situations. Both algorithms were based on the old formulation of

Emerging Patterns. Based on this, a good research work could be to study the

use of the new formulation and its comparison to the previous approaches as

epSICAR and epMAR. In order to make this study, a new algorithm could be

developed to give support to the natural formulation for this specific problem.

6.2.4 Emerging Patterns and Hidden Markov Model - epHMM

A Hidden Markov Model[52, 53], usually considered the simplest dynamic

Bayesian network, is a statistical Markov model. In this model, the system be-

ing modeled is considered as a Markov process with unobserved states. In a

Hidden Markov Model, the state is not visible, but the output, which depends

on the state, is visible. Each state in the model has a probability distribution

over the possible outputs. Therefore, when a HMM generates a sequence of

outputs is also giving information about the hidden sequence of states. Being S

the state alphabet set and V the observation alphabet set:

S = (s1, s2, . . . , sN) (6.1)

V = (v1, v2, . . . , vM) (6.2)

A hidden markov model is a triple formally defined as follows:

λ = (A, B, π) (6.3)

A stores the probability of state j following state i. The state transition probabil-

ities are not dependet of the current moment, in other words, they are indepen-

dent of time:

A = [aij], aij = P(qt = sj|qt−1 = si). (6.4)

B stores the probability of observation k being produced from the state j. These

are also independent of time:

B = [bi(k)], bi(k) = P(xt = vk|qt = si). (6.5)
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π is the initial probability array:

π = [πi], πi = P(q1 = si). (6.6)

HMM make two main and strong assumptions:

• The Markov assumption: The current state is dependent only on the pre-

vious state. This represents the memory of the model.

• The independence assumption: the output observation at time t is depen-

dent only on the current state and it is totally independent of the previous

outputs and states.

FIGURE 6.1: Graphical example of a Hidden Markov Model.

Under the context of HMM, there are three main problems to solve:

1. Find the probability of an observed sequence given a HMM, that is, the

parameters (A, B, π) are known. The forward algorithm solves this prob-

lem.

2. Determine the most likely sequence of hidden states that has generated

an observation sequence. This is solved by the Viterbi algorithm.

3. Given a set of observations, determine the most probable model behind

it. The forward-backward algorithm is used to estimate this model.

As can be seen, HMM are intrinsically generative. The proposed epHMM would

basically consist in incorporating the discriminative power of EP in the working
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of HMM. Given a HMM (if it is not given, use the forward-backward algorithm)

for each class, this incorporation could be implemented by an algorithm which

would have three main steps:

• Pre-Training Step: The Emerging Patterns could be mined in the same way

as always. Without concatenating consecutive observations belonging to

the same class as it is done in the epSICAR and epMAR algorithm.

• Training Step: For each instance sequence of the training dataset the most

probable sequence of hidden states could be computed, with the Viterbi

algorithm, and, once it is done, the support values and the natural dis-

tinctive factors of each Emerging Pattern between classes and between

internal states for each class would be calculated.

• Classification Step: Computed all the previous values, distinctive knowl-

edge between classes and between internal states of the different classes

could be then taken into account to address the second and the third prob-

lem described above.

Note that this could not be done with the old version of Emerging Patterns

because of the range of possible values of the Growth Rate measure.
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