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Chapter 1

Introduction

Constructing models of data is useful for a variety of scientific and engineering
fields in order to exploit the structure which is hidden in the data. Basically,
these models can be descriptive to gain knowledge from the data, predictive, or
both. An example of descriptive models is clusterings of objects that specify the
objects structure. Predictive models typically predict future events, but they may
also predict unknown properties of the objects, as in classifications. For example,
consider that we would like to identify spam emails. In other words, given any
email message as input, the predictive model should be able to indicate whether
the message is spam or not. The learning task here is to find a function that can
assign a spam class label, e.g. a yes/no, to every email message. Therefore, it
needs to look for methods that can effectively explain and exploit the structure
of the data that we observe. In this thesis we are interested in the development of
algorithms for constructing predictive models. Supervised learning is the learning
task of constructing such a predictive model.

In supervised learning, there is a set of inputs X = {xi}ni=1, often called
the examples or instances. Each example xi is described by k features, called
the feature space, and an output yi from the set of outputs Y = {yj}mj=1, also
called the labels or target values, where m is the number of possible classes.
Then, a set of examples along with their labels (xi, yi), called labeled training
data, is used to find the generalized mapping function from the inputs to the
outputs in each problem. So, it is assumed that for each data point (xi, yi)
there is a function f such that yi = f(xi). The goal of the supervised learning
algorithm here is to find a good approximation h from the hypothesis space to f
for predicting the output value for every instance xi, such that yi = h(xi), with
the highest possible accuracy. The function h is then called a classifier. There is
a wide range of algorithms for supervised learning, each with its own strengths
and weaknesses. Depending on the nature of the output value, these algorithms
can be divided into classification problems when the output space is discrete or
regression problems when the output space is continuous. For the classification
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2 Chapter 1. Introduction

problem, there are many learning algorithms, e.g. decision tree learning, which
is used in this research and addressed in Chapter 3.

The effect of supervised learning algorithms depends on the availability of
sufficient labeled data. However, in many classification problems such as ob-
ject detection, action recognition, document and web-page categorization a large
amount of unlabeled data is readily available, while labeled data usually is not
easy to obtain. Assigning labels to data - annotating data - in some domains
such as medical diagnosis and bioinformatics, requires special measurements or
applying specialized devices, which are often expensive. Labeling is also difficult
in the domains that need a lot of preprocessing processes, e.g. segmentation in
speech signals and images. Furthermore, in most practical cases such a task is
tedious and time-consuming, and needs to be performed repeatedly by a human.
On the other hand, unlabeled data is usually available in abundance, and collect-
ing a large pool of them is an easy task. Recently the Internet often provides a
large amount of data in the form of unlabeled data in relation to different ap-
plications, such as data related to classification of document and web-page, and
thus learning from the data on the Internet is becoming widespread. Therefore,
it is interesting and important enough to investigate the methods that can effec-
tively learn from both labeled and unlabeled data - the so-called semi-supervised
learning. This is especially the case for methods that use only a small set of la-
beled data and a large pool of unlabeled data to build their classification models.
In fact, semi-supervised learning is a learning task that uses unlabeled data and
combines the implicit information in the unlabeled data with the explicit clas-
sification information of the labeled data, in order to improve the classification
performance.

Most existing methods for semi-supervised learning employ a supervised learn-
ing algorithm to build a classification model using labeled and unlabeled data.
One promising methods for supervised learning in many applications is ensemble
methods. Ensemble methods are the combination of many classification models in
order to build a strong model, see more details in Chapter 2. In this dissertation
our interest is in developing methods for semi-supervised learning with a focus
on ensemble methods. We focus on two types of algorithms for semi-supervised
learning, which we call iterative and additive algorithms.

Iterative semi-supervised learning algorithms wrap around a base learner and
replace their current hypothesis with a new hypothesis at each iteration. Through
the training procedure, first the unlabeled data are labeled and assigned a con-
fidence. This produces a set of newly-labeled data at each iteration. In most
algorithms a subset of these data is then selected and added to the pool of initial
labeled data. However, selecting this subset of newly-labeled data is not an easy
task and highly impacts the performance of the iterative algorithms. Then, a
larger training set is obtained for training. The training process is repeated until
it reaches a stopping condition. The classifier that is constructed in the final
iteration will then become the final classifier. Two examples of this approach are
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self-training and co-training as addressed in Section 1.1. We propose two specific
methods, each based on one of these two examples of the iterative approach, as
mentioned in Chapters 3 and 4.

Additive algorithms add a new component classifier to a linear combination
of weak classifiers. These algorithms build a new classifier, assign a weight and
add it to a linear combination of the classifiers at each iteration of the training
procedure. Basically, in these methods, changes in the weights of examples leads
to building a new classifier and its weight. The training process will be finished
when it reaches a stopping condition. An example of this approach is the boost-
ing method [34]. Boosting is one of the most promising ensemble methods for
supervised learning in many applications [29, 28]. This fact has motivated us to
extend boosting methods for semi-supervised learning, especially when the prob-
lem requires multiclass classification, because most of the current semi-supervised
learning methods were originally designed to handel binary classification prob-
lems. However, many practical domains, for example typical recognition of pat-
terns, objects, and documents, involve more than two classes and are thus mul-
ticlass classification problems. For supporting that, we propose two methods for
multiclass semi-supervised learning using the boosting approach, as addressed in
Sections 5.5 and 5.6.

1.1 Research Questions and Solution Approach

The goal of this thesis is to develop methods for semi-supervised learning such
that they exploit the hidden structure of the unlabeled data, which is called the
informative unlabeled data, in order to improve the classification performance
of the base learner. For that, we propose several types of methods for semi-
supervised learning as follows.

Firstly, we employ a decision tree as the base learner for self-training. A
self-training algorithm as an iterative method uses its own predictions to assign
labels to unlabeled data. Then, a set of newly-labeled data, which we call a set
of high-confidence predictions, are selected to be added to the training set for
the next iterations. The performance of self-training strongly depends on the
selected newly-labeled data. For that, it is very important that the confidence
of prediction, called probability estimation, is correctly estimated. The main
research questions addressed here include:

1. How to effectively use a decision tree as the base learner in self-training?

2. How to find a subset of high-confidence predictions at each iteration of the
training process?

As addressed in Chapter 3, using the probability estimation of the standard
decision tree learning as the selection metric to self-training cannot improve the
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classification performance of a self-training algorithm. The reason is that the
distributions at the leaves of decision trees provide poor probability estimates,
which indicates the relevance of the research questions 1 and 2. It can be seen
that decision trees as the base learner in self-training involves two main difficulties
to produce a good ranking of instances. These include: (1) the sample size at
the leaves is almost always small, and (2) all instances at a leaf get the same
probability. Therefore, good probability estimation is needed in self-training for
selecting unlabeled examples for labeling, as the selection metric. For that, we
first make several modifications to the basic decision tree learner that produce
better probability estimation. Next, we extend this improvement to algorithms
for ensembles of decision trees and show the effect of using a modified decision
tree learner as a base learner in the ensemble classifier, when it is used as the base
classifier for self-training. We also show the effect of the proposed modifications
with our experiments on a number of public machine learning datasets.

Secondly, we consider the main issues of co-training as one of the promising
iterative learning methods for semi-supervised learning. Co-training involves two,
preferably independent, views of data both of which are individually sufficient for
training a classifier; please see more details in Chapter 4. Two key issues in co-
training are: (1) measuring the confidence in labels that are predicted for the
unlabeled data and (2) a criterion for stopping the training process. For that,
we propose a new form of co-training, which uses N different learning algorithms
rather than using different subsets of features to make different hypotheses. The
research questions addressed here include:

3. How to select a subset of high-confidence predictions in an ensemble?

4. What is the effect of the number of newly-labeled data on the error rate of
a component classifier in an ensemble?

In Chapter 4, we answer these questions by designing a new form of co-training
algorithm. The proposed method uses an ensemble of different learning algo-
rithms to build a classification model. Based on a theorem by Angluin and Laird
[1] that relates noise in the data to the error of hypotheses learned from these
data, we propose criteria for selection metric and error rate estimation for a clas-
sifier at each iteration of the training process. We then use these criteria to select
a set of high-confidence predictions for each component classifier and to estimate
its error rate. We also derive a stopping condition based on the sample size and
the error rate. We perform a set of experiments to show the effect of the proposed
method and to compare it to the other related methods on the same datasets.

Thirdly, we investigate the use of additive methods to develop new methods
for multiclass semi-supervised learning. A multiclass classification deals with the
classification task with more than two classes. To solve the multiclass classifi-
cation problem two main approaches can be used. The first is to convert the
multiclass problem into a set of binary classification problems, e.g. one-vs-all.
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This approach can have various problems, such as the imbalanced class distribu-
tions, increased complexity, no guarantee for having an optimal joint classifier or
probability estimation, and different scales for the outputs of generated binary
classifiers, which complicate the task of combining them. The second approach is
to use a multiclass classifier directly. Although a number of methods have been
proposed for multiclass supervised learning, they are not able to handle multi-
class semi-supervised learning. For this, there is a need to extend a multiclass
supervised learning to multiclass semi-supervised learning. We propose two mul-
ticlass semi-supervised boosting algorithms that solve the multiclass classification
problems directly. We then look at the following questions:

5. How to design an additive algorithm for multiclass semi-supervised learn-
ing?

5a. How to assign weights to classifiers and unlabeled examples?

5b. How to use these weights to assign pseudo-labels to the unlabeled ex-
amples?

These questions are addressed in Chapter 5 by designing two algorithms.
These proposed algorithms are based on two novel multiclass loss functions, which
we have developed. The first algorithm uses two regularization terms on labeled
and unlabeled examples to minimize the inconsistency between similarity matrix
and classifier predictions. It can boost any kind of multiclass base learner. The
second algorithm uses the extra term in loss function for minimizing the cost
of margin for labeled data as well as minimizing the inconsistency between the
classifier predictions and pairwise similarities. These algorithms employ the sim-
ilarity matrix and the classifier predictions to find a criterion to assign weights
to data. The weights are then used to assign “pseudo-labels” and select from
unlabeled data. Both algorithms exploit two main semi-supervised assumptions
in classification models.

Finally, to evaluate the proposed methods for multiclass classification prob-
lem, which is needed to see if the proposed methods do benefit from the unlabeled
examples, we apply them to the problem of bird behavior recognition and text
categorization datasets. We report the results of these applications in Chapter
6. We use data from accelerometers attached to birds to recognize bird behavior.
Labeling large data related to accelerometer signals manually is a difficult and
time-consuming process and requires detailed knowledge and expertise both in
animal behavior and in understanding of the tri-axial accelerometer data. There-
fore, this problem seems very well suited for semi-supervised learning. We further
evaluate our proposed algorithms on the text classification problem using the pop-
ular text datasets from TREC and Reuters, when only a small set of labeled data
exists.
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1.2 Outline

The rest of this dissertation is organized as follows.
In Chapter 2 we introduce the preliminary definitions and concepts that are

used throughout the thesis. In this chapter, we first give a brief introduction
to ensemble methods. We then give an overview of the semi-supervised learning
algorithms, in which the research in this thesis is situated.

In Chapter 3, we propose several modifications to the decision tree learner in
order to improve its probability estimation, when it is used for self-training as the
base learner. We then show how these modifications aid the decision tree to do
benefit from the unlabeled data. Next, we use the modified decision trees as the
base learners in ensembles of trees. We end with performing a set of experiments
to show the performance of the proposed methods.

In Chapter 4 we propose a new form of co-training, which uses N different
learning algorithms. We use a theorem to derive a measure for deciding if the
adding of a set of unlabeled data can reduce the error of a component classifier
or not. We then evaluate the proposed method to the other related methods, to
show both the effectiveness of the proposed criteria for the estimation of the error
rate and that of the stopping condition.

Multiclass classification is the subject of Chapter 5. We develop two boosting
algorithms to deal with multiclass semi-supervised learning. We first give a formal
definition of multiclass classification and then design two multiclass exponential
loss functions. We derive two algorithms from the aforementioned loss functions.
We end with performing a set of experiments on public datasets to show the
performance of the proposed methods and to compare them to the state-of-the-
art methods in this field.

Chapter 6 investigates the use of the methods proposed in Chapter 5, on
real world applications. We use data from accelerometers attached to birds to
recognize bird behavior. We also use text data from TREC and Reuters to classify.
We then apply the aforementioned algorithms to these two real applications.

Finally, in Chapter 7 we conclude the thesis and point to possible further
research about the methods that are proposed in this thesis.

The results reported in Chapters 3 to 6 of this thesis have been published.
The highlights of the author’s publications follow:

• A part of the approach and results in Chapter 3, are presented at the IEEE
International Conference on Intelligent Computing and Intelligent Systems
(ICIS) in 2011 [92], also an extended version of this work is submitted to
the Journal of Neural Computing and Applications.

• The approach and results addressed in Chapter 4, are presented at the 23rd

IEEE International Conference on Tools with Artificial Intelligence (ICTAI)
in 2011 [93].
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• A part of the approach and results in Chapter 5, are presented at the IEEE
International Conference on Data Mining (ICDM) in 2012 [95], and a full
version of this work is accepted for publication by the Journal of Pattern
Recognition Letters.

• Results of Chapter 6 are presented at the 24rd IEEE International Confer-
ence on Tools with Artificial Intelligence (ICTAI) in 2012 [96].


