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Abstract

In many classification problems such as object detection, document and web-page
categorization, a large pool of unlabeled data is readily available, while labeled
data is usually not easy to obtain. Furthermore, for most practical problems an-
notating data by human is tedious and expensive. Supervised learning algorithms
give high classification performance when only sufficient labeled data is available.
Therefore, studying methods which can use a large amount of unlabeled instances
beside a set of labeled data - the so-called semi-supervised learning - is becoming
more and more important. In fact, semi-supervised learning is a learning task
that uses unlabeled data and combines the information in the unlabeled data with
the explicit classification information of the labeled data, in order to improve the
classification performance.

In this dissertation our interest is in developing methods for semi-supervised
learning with a focus on ensembles. Ensemble methods are the combination of
many classification models in order to build a strong classification model, which
produces results comparable to the state-of-the-art methods in many learning
tasks. We then distinguish two types of algorithms for semi-supervised learning:
iterative and additive algorithms.

Iterative semi-supervised learning algorithms replace at each iteration their
current hypothesis with a new hypothesis. At each iteration, the unlabeled data
are labeled and assigned a confidence. This produces a new set of labeled data.
In most algorithms a subset of these data is selected and added to the pool
of labeled data. Now, a larger training set exists for training. This training
process is repeated until it reaches a stopping condition. The classifier that is
constructed in the final iteration becomes the final classifier. Two examples of
this approach are Self-training and Co-training. We propose two methods based
on the iterative approach. First, we focus on self-training, when the base learner
is a decision tree classifier. Our experiments showed that sampling only based
on the probability estimation of the decision tree classifier cannot improve the
self-training performance. We then consider the effect of several modifications to
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the basic decision tree learner that produce better probability estimations. We
show that these modifications do not produce better performance if used only on
labeled data, but they do benefit more from the unlabeled data in self-training.
The modifications that we consider are based on Naive Bayes Tree, a combination
of No-pruning and Laplace correction, grafting, ensemble of trees, and using a
distance-based measure. The second proposed iterative method is a new form
of co-training that uses an ensemble of different learning algorithms. Based on
a theorem that relates noise in the data to the error of hypotheses learned from
these data, we propose a criterion for selection metric and error rate estimation
for a classifier at each iteration of the training process. Ensembles of classifiers
are used to derive criteria for sampling and error rate estimation in co-training
style. Our experimental results on a number of benchmark UCI datasets show
that the proposed methods outperform the other related methods.

Additive algorithms add a new component to a linear combination of classi-
fiers. These algorithms build a new classifier, assign a weight and add it to a
linear combination of weak classifiers. An example of this approach is the boost-
ing method. Boosting is one of the most successful meta-classifiers for supervised
learning. This motivates us to extend a boosting method for semi-supervised
learning. Most of the current semi-supervised learning methods were originally
designed for binary classification problems. However, many practical domains, for
example typical recognition of patterns, objects, and documents, involve more
than two classes. To solve the multiclass classification problem two main ap-
proaches can be used. The first is to convert the multiclass problem into a set
of binary classification problems, e.g. one-vs-all. This approach can have various
problems, such as the imbalanced class distributions, increased complexity, no
guarantee for having an optimal joint classifier or a 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 super-
vised learning, they are not able to handle multiclass semi-supervised learning.
For this, there is a need to extend a multiclass supervised learning to multiclass
semi-supervised learning. We propose two multiclass semi-supervised boosting
algorithms that solve the multiclass classification problems directly. Our pro-
posed algorithms are based on two main semi-supervised learning assumptions,
the manifold and the cluster assumption, to exploit the information from the un-
labeled examples in order to improve the performance of the base classifier. The
first algorithm uses two regularization terms on labeled and unlabeled examples
to minimize the inconsistency between similarity matrix and classifier predictions.
The second algorithm uses the extra term in loss function for minimizing the cost
of the margin for labeled data as well as minimizing the inconsistency between
the classifier predictions and pairwise similarities. These algorithms employ the
similarity matrix and the classifier predictions to find a criterion to assign weights
to data. The results of our experiments on the UCI datasets indicate that the



proposed algorithms outperform the state-of-the-art methods in this field.
We further applied the methods to bird behavior recognition and text classi-

fication. At first, we consider the task of semi-supervised learning to recognize
bird behavior from accelerometer data. Labeling accelerometer signals manually
is a difficult and time-consuming process and requires detailed knowledge of an-
imal behavior and understanding of the tri-axial accelerometer data. This is a
multiclass classification task. Therefore, this problem seems very well suited for
semi-supervised learning. We used different proportions of labeled data, which
vary from 1% to 20%. With 1% labeled data we achieved 7% improvement,
when the decision tree learner was used as the base learner. We also evaluate
the proposed algorithms on the text classification problem using the popular text
datasets from TREC and Reuters. The result showed significant improvements
on the performance, when there was only 10% labeled data.


