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Abstract

In traditional supervised learning, classifiers are learned from a number of
training data examples where each data example has a label showing the cat-
egory that the example falls into. Bayesian network classifiers, representing
the joint probability and the conditional independencies among a set of ran-
dom variables, have been widely used in traditional supervised classification.
As a special case of Bayesian Networks, Naive Bayes has also been popularly
used in many applications such as text classification. However, in many real-
world machine learning applications, it may be expensive or time consuming
to obtain sufficient labeled data because it needs human efforts to categorize
them. On the other hand, it is easier to collect a large amount of unlabeled
data. Learning from a small number of labeled data may not generate good
classifiers. Semi-supervised learning is one method to deal with the prob-
lem by utilizing the unlabeled data to help learn better classifiers. Although
various semi-supervised methods have been studied by researchers, there are
still some problems remaining unknown in semi-supervised learning. One of

the problems is the performance of different Bayesian network classifiers in
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semi-supervised learning scenario. An extensive study is needed to get a gen-
eral picture of the performance of these methods. A second problem is their
application on cost-sensitive learning where misclassifying different classes
are associated with unequal costs. For example, misclassifying a person with
cancer as healthy could be more serious than misclassifying a healthy person
as cancerous. Particularly, the classification performance may degrade when
the datasets have skewed class distributions. The insufficiency of labeled data
makes it more difficult to build a good Bayesian classifier to identify classes
having different misclassification costs. Specific techniques are required to
make optimal cost-sensitive classification decisions. In supervised learning,
many techniques have been applied to solve the cost-sensitive problem. How-
ever, only a little work has been conducted in semi-supervised learning and
many questions remain unclear in the research area. A third problem is to
learn Bayesian network structures in semi-supervised learning scenario. Suf-
ficient training data examples are needed to learn a good Bayesian network
structure. It is a big challenge to learn good Bayesian networks when the
labeled data is scarce.

This thesis firstly systematically studies the performance of several com-
monly used semi-supervised learning methods, when different Bayesian net-
work classifiers are used as the underlying classifiers. Several novel and in-
teresting observations are found from the experiments and the performance
analysis. Motivated by the observations, an instance selection method is thus

presented to improve the classification accuracy when using Naive Bayes in
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self-training and co-training methods. The presented method can roughly
prevent adding errors in the training data so as to preventing the degrada-
tion of accuracy. Then, three cost-sensitive semi-supervised learning methods
are presented to improve the performance of Naive Bayes when the labeled
data is scarce and different misclassification errors are associated with dif-
ferent costs. Misclassification costs are incorporated into the three methods
to generate cost-sensitive classifiers. Experimental results show that, the
new methods can obtain lower total misclassification costs than the corre-
sponding opponents. Finally, a new method is designed to learn Bayesian
network classifiers with more complex graph structures for classification in
semi-supervised learning. The experiments show that, the proposed method
achieves higher accuracy while obtaining better Bayesian network structures

to represent the relationship among the variables.
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Chapter 1

Introduction

1.1 Motivation

In this thesis, we focus on classification task where the class variable has
discrete values. In traditional supervised learning, hypotheses are learned
from a set of training examples. Each training example has a label which
indicates the category that the corresponding example falls into. In some
real-world machine learning applications, it is easy to obtain a large amount
of data, while labeling them requires expert efforts. For example, in cancer
diagnosis, we could collect information from many people but only a few
among them have been confirmed to be cancerous or not. Another example
is about building a web-page classifier that can automatically classify down-
loaded web pages. To train the classifier, we would typically rely on human

effort to label some web pages, while it is much cheaper to gather hundreds



of millions of unlabeled web pages using a web crawler. Learning classifiers
from a small number of labeled training data may not result in good clas-
sification performance. Therefore, many researchers have been working on
utilizing the abundant but often ignored unlabeled data. Semi-supervised
learning uses both labeled data and unlabeled data to learn better classi-
fiers than those trained on the labeled data only. It has been widely used
in the areas of text classification, natural language processing, online face
recognition, image analysis, medical diagnosis classification, and so on. The
general idea of semi-supervised learning is to pick some information from the
unlabeled data, and use it with the labeled data to find better classifiers.
Various algorithms have been proposed in the semi-supervised learning area
such as self-training, co-training, graph-based methods, low-density separa-
tion, and so on. Traditional classifiers such as Naive Bayes, decision trees,
support vector machines, k-nearest neighbor, and so on, are usually used as
the underlying classifier inside the framework of some semi-supervised learn-
ing algorithms such as self-training and co-training.

However, there are still some issues to be studied further in semi-supervised
learning. One issue in semi-supervised learning is that it is unknown whether
the various Bayesian network classifiers work well in the semi-supervised sce-
nario. In addition to Naive Bayes, there are also other Bayesian network clas-
sifiers with more complex graph structures that obtain good performance in
supervised classification. Some questions have not been well answered, e.g.,

whether semi-supervised learning methods outperform base classifiers learned



only from the labeled data, when different base classifiers are used; whether
selecting unlabeled data with efforts is superior to random selection; and
how the quality of the learned classifier changes at each iteration of learning
process. It is necessary to conduct an extensive study on the performance
of Bayesian network classifiers and present algorithms to deal with the pos-
sible shortcomings accordingly. And new algorithms should be presented to
improve the performance of Bayesian network classifiers in semi-supervised
learning scenario according to the observations of study.

Another issue in classification is the cost-sensitive problem for Bayesian learn-
ing where misclassifying different classes causes different costs, which chal-
lenges the common assumption that classes have the same misclassification
cost. For example, misclassifying a cancerous patient to be healthy is more
serious than misclassifying a healthy person as cancerous. In supervised
learning, commonly used cost-sensitive learning methods include using sam-
pling methods to change the distribution of training data, incorporating the
misclassification cost into the probability estimation to reduce the expected
cost, boosting, and reweighing. In semi-supervised learning, due to the insuf-
ficiency of labeled data, it would be more difficult to build a good Bayesian
classifier to identify classes having different misclassification costs. The main
concern is how to make the optimal classification decisions without jeopar-
dizing the performance of semi-supervised learning methods.

A special case is to adapt the algorithms to the application on class-imbalanced

datasets. For example, in a binary-class data set, the ratio of positive class



to negative class could be 1:100, which is severely imbalanced. Suppose a
learning algorithm assumes or expects a balanced class distribution, when
building a classifier on class-imbalanced data, the majority class will take
great advantage. The classifier tends to have high accuracy on the majority
class and very low accuracy on the minority class. In cancer diagnosis ap-
plications, if the accuracy on the minority class is low, it means that most
cancerous people (the minority) would be misclassified to be healthy (the
majority). It may happen in similar applications such as fraud detection,
network intrusion detection, to name a few. Therefore, a good classifier is
required to provide high accuracy for the minority class without severely im-
pairing the accuracy of the majority class. When giving different cost values
to the classes with different distribution, it is natural to use cost-sensitive
learning methods to deal with class-imbalanced datasets.

For Bayesian classifiers, it is still unclear about many basic questions con-
cerning the application of semi-supervised learning methods on cost-sensitive
learning problems or class-imbalanced data sets. Moreover, conventional
measures such as classification accuracy or error rate alone cannot provide ad-
equate information for performance evaluation. More appropriate standard
measure metrics are necessary for fair and conclusive performance evaluation
in the presence of unequal misclassification costs.

A third issue is to learn Bayesian network structures that are directed acyclic
graphs in semi-supervised scenario. A Bayesian network is a probabilistic

graph model representing the conditional independencies and the joint prob-



ability among a set of random variables. It supports probabilistic reasoning
from data with uncertainty and thus is a powerful tool in various applica-
tions such as modeling, diagnosis, prediction, and so on. For example, some
researchers learn Bayesian networks to analyze the structure of regulatory
interaction between different genes. Learning the structures of Bayesian net-
works is NP-hard. As a special case of Bayesian network, Naive Bayes has
a simple structure that the class variable is the only parent of each non-
class variable. Although Naive Bayes has shown its good performance in
classification, the assumption may be violated in some real-world applica-
tions. Besides, the simple structure of Naive Bayes may not be capable of
modeling complex relationships among the variables. It is necessary to build
complex Bayesian network structures for applications that require a sophis-
ticated model to conduct reasoning or inference from data with uncertainty.
However, in semi-supervised learning, the insufficiency of labeled data makes
it more difficult to discover a good Bayesian network structure from the given
data. How to get high classification accuracy and smaller graph structure
differences is a challenge in semi-supervised learning, especially when the
number of features is large and the number of labeled training data is scarce.
Although a number of semi-supervised learning algorithms have been pro-
posed by researchers, only a little work has been done to tackle above issues in
semi-supervised learning, especially for Bayesian classifiers. Considering that
these issues are common in real-world applications, we believe that studying

them would be a promising direction to further advance the performance of



semi-supervised learning.

1.2 Contributions

The main contributions of this thesis are listed as following:

e An extensive empirical study is conducted on the performance of sev-
eral commonly used semi-supervised learning methods when using var-
ious Bayesian network classifiers as the underlying classifier, respec-
tively. Experimental results on a graph-based method and a low density
method are also included for comparison. The results show a general
picture of how the parameters of the algorithms might affect the per-
formance on the used UCI datasets. Some interesting observations are

also found from the experiments.

e An instance selection method is presented to improve the performance
of two semi-supervised learning methods, self-training and co-training,

when using Naive Bayes as the underlying classifier.

e A set of cost-sensitive semi-supervised learning methods are proposed,
including a single-model method using one classifier and two ensemble
methods using multiple classifiers, to reduce the misclassification cost
when labeled instances are scarce and different misclassification errors
are associated with different costs. The methods are applied both on

UCI datasets and some text mining datasets.



e We use unlabeled data to help learn complex Bayesian network classi-
fiers. The new method can discover Bayesian network structures with
smaller structure differences and high classification accuracy in a semi-

supervised learning scenario.

1.3 Overview

The remainder of the thesis is organized as follows.

Chapter 2 introduces semi-supervised learning, cost-sensitive learning, and
Bayesian network structure learning, and briefly reviews existing research
papers on these topics.

Chapter 3 conducts an extensive empirical study on the performance of sev-
eral commonly used semi-supervised learning methods when various Bayesian
classifiers (Naive Bayes, Naive Bayes Trees, Tree-augmented Naive Bayes,
HGC hill-climbing method, Hidden Naive Bayes, and DNB) are used as
the underlying classifier, respectively. Results on Transductive SVM and a
graph-based semi-supervised learning method LLGC are also studied for com-
parison. Twenty-six UCI datasets and six widely used benchmark datasets
are used in the experiments. One interesting finding is that, for standard
self-training and co-training, when selecting the most confident unlabeled
instances during learning process, the performance is not necessarily better
than that of random selection of unlabeled instances. Another observation is

that, adding more unlabeled data might hurt the performance on some UCI



datasets.

Motivated by the observations in Chapter 3, a new instance selection method
based on the original labeled data (ISBOLD) is presented in Chapter 4. IS-
BOLD considers not only the prediction confidence of the current classifier
on unlabeled data but also its performance on the original labeled data only.
In each iteration, ISBOLD uses the change of accuracy of the newly learned
classifier on the original labeled data as a criterion to decide whether the
selected most confident unlabeled instances will be accepted to the next iter-
ation or not. Experimental results on 26 UCI datasets show that, ISBOLD
can significantly improve accuracy and AUC of self-training and co-training
when Naive Bayes is used as the underlying classifier.

In Chapter 5, several semi-supervised learning methods are applied on the
datasets with imbalanced class distributions to observe the performance un-
der different settings. The results give some general idea on how self-training
works on the datasets with skewed class distributions. Then, several cost-
sensitive semi-supervised learning methods are proposed, including a single-
model method and two ensemble methods. Some techniques used in super-
vised learning are brought to semi-supervised learning. Some mathematical
analysis is given to show how cost-sensitive learning methods might get fur-
ther smaller total misclassification costs.

In Chapter 6, we utilize the unlabeled data to help learn Bayesian network
classifiers that have high classification accuracy and smaller structure differ-

ences. Experiments are conducted both on UCI datasets and some datasets



generated from several benchmark Bayesian networks and artificial networks.
Finally, in Chapter 7, we draw the conclusions of the thesis, and discuss

possible work that can be extended based on the research work of this thesis.



Chapter 2

Background and Literature

Review

2.1 Semi-Supervised Learning

In real-world machine learning applications, labeled data may be scarce and
expensive or time-consuming to obtain while unlabeled data is abundant and
relatively easy to collect. Learning classifiers on a small set of labeled train-
ing data may not produce good performance. Therefore, semi-supervised
learning methods have been proposed to effectively utilize the unlabeled
data to help learn a strong hypothesis from the limited amount of labeled
data [4, 56, 75,76]. Distinguished by prediction goals, there are two kinds
of semi-supervised learning settings: inductive learning, where the goal is

to predict unseen data; and transductive learning, where the goal is to pre-
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dict the given unlabeled data. Many semi-supervised learning methods have
been proposed by researchers, which can generally fall into following cate-
gories: generative models, self-training, co-training, graph-based methods,
low-density separation, and so on [4,76]. Follow the common notation in
the research community, we represent the set of labeled training instances
as L and the set of unlabeled instances as U. The different categories of

semi-supervised learning methods will be briefly introduced as follows.

2.1.1 Generative Models

Represent the distribution of unlabeled data as p(z), the distribution of class
labels as p(y). The generative models method assumes that, the learned
model is a model that, for the joint distribution p(x,y) = p(y)p(z|y), p(z|y) is
an identifiable mixture distribution. For example, for a binary class datasets,
it could assume that examples of each class follow a Gaussian distribution;
then with large amount of unlabeled data, ideally only one labeled data
instance is needed per component to fully determine the mixture distribu-
tion [76]. The mixture components can be considered as “soft clusters” which
separate the data points into different groups following Gaussian distribu-
tions.

There are several issues that we should pay attention to when using gen-
erative mixture models: (1) whether the mixture model is identifiable; (2)
whether the model assumption is correct. If the mixture model is not iden-

tifiable, it is difficult to get the mixture distribution from labeled data and

11



unlabeled data. If the assumed model is wrong, using the unlabeled data may
hurt the classification accuracy. Cozman et al. [12] analyze the performance
of semi-supervised learning of mixture models and found that unlabeled data

may affect the bias and hurt the classification accuracy.

2.1.2 Self-Training

In self-training [71], a classifier is built from L and used to predict labels
for the instances in U, and then a certain number of instances in U are
selected according to a given selection criterion and moved (with their newly
assigned labels) to expand L. These selected instances with labels assigned
by the classifier are called “self-labeled” instances in [39]. The whole process
iterates until stopped. The stopping criterion in self-training is that either
there is no unlabeled instance left or the maximum number of iterations has
been reached.

Different self-training methods can be obtained by using different underlying
classifiers and selection metrics. Generally, the underlying classifier could be
any classification method such as Naive Bayes, decision trees, SVM, k-nearest
neighbor, and so on. A commonly used selection criterion is to use confidence
of prediction to select the unlabeled instances [71]. During the selection pro-
cess of self-training, the unlabeled examples are ranked and selected accord-
ing to the prediction confidence of classifiers and the class distribution. For
example, if the positive-to-negative ratio in a binary-class dataset is 3:1, after

the unlabeled data are classified by the classifier, three “positive” examples

12



and one “negative” example with the highest predicted posterior probabili-
ties are selected in each iteration. In this thesis, for simplicity, this selection
criterion is denoted as “confident selection”.

Researchers have presented different variants of self-training algorithms. A
self-training style method, semi-supervised EM, is presented in [51], which
uses all the unlabeled instances in each iteration so that no selection criterion
is needed. During each iteration, all the unlabeled instances are assigned
predicted class labels and then used to enlarge the training data and to
update the classifier. Some researchers also used different selection techniques
to decide which unlabeled instances should be used in each iteration. In [66],
an adapted Value Difference Metric is presented as the selection metric in
self-training. In [39], a data editing method is applied to identify and remove

the mislabeled examples from the self-labeled data.

2.1.3 Co-Training

Co-training works in a similar way as self-training except that it is a two-
view learning method [2]. Initially, the attribute set (view) is partitioned
into two conditionally independent sub-sets (sub-views). A data pool U’
is created by randomly choosing some instances from U for each sub-view,
respectively. On each sub-view, a classifier is built from the labeled data
and then used to predict labels for the unlabeled data in the corresponding
data pool. A certain number of unlabeled instances that one classifier has

high classification confidence are labeled and moved to expand the labeled
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data of the other classifier. And the same number of unlabeled instances
are randomly moved from U to replenish U’. Then the two classifiers are
rebuilt from their corresponding updated labeled data, respectively. The
process iterates until stopped. In other words, in co-training, it iteratively
and alternately uses one classifier to help “train” another classifier. The
stopping criteria in self-training and co-training are the same.

There are two assumptions in co-training to ensure good accuracy [2]: (1)
the two sub-views are conditionally independent of each other given the class;
and (2) each sub-view is sufficient to build a good classifier. The two assump-
tions may be violated in real-world applications. In [50], it is stated that,
co-training still works when the attribute set is randomly divided into two
separate subsets, although the performance may not be as good as when the
attributes are split sufficiently and independently.

The selection criteria in self-training also apply in co-training. In addition to
“confident selection”, there are several other metrics proposed by researchers.
In [50], co-training is combined with EM to generate a new algorithm co-
EM which uses all the unlabeled data in each iteration instead of picking a
number of instances out of the data pool. Another kind of methods is to use
active learning methods to select unlabeled instances and then ask human
experts to label them. Hence, no mislabeled examples will occur, in principle.
In [48], an active learning method is used to select unlabeled instances for the
multi-view semi-supervised co-EM algorithm. And labels are assigned to the

selected unlabeled instances by experts. However, active learning methods
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are not applicable if human experts are not available.

2.1.4 Graph-Based Methods

Graph-based methods consider the labeled and unlabeled examples as nodes
on a graph and represent the similarity of examples as edges. It can be
viewed as estimating a function f on a graph, which should be close to the
given labels on the labeled examples and be smooth on the whole graph. It
can be expressed in a regularization framework where the first term is a loss
function and the second term is a regularizer [76].

Many researchers have proposed different methods on graph construction,
as well as selection of the loss function and regularizer. A semi-supervised
learning method using Gaussian fields and harmonic functions is given in
[77]. In [74], a method learning with local and global consistency (LLGC)
is described, which designs a sufficiently smooth function over the graph
represented by labeled and unlabeled data. A b-matched graph construction
method is presented in [33] that each node on the graph has the same number

of edges.

2.1.5 Low-Density Separation Methods

Low-density separation methods aim to find the decision boundary in the
low density area. SVM based methods are frequently used [34,41]. A typical

algorithm is Transductive SVM that utilizes unlabeled data to regularize the
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decision boundary [34].

2.1.6 Challenges in Semi-Supervised Learning

Researchers have published many papers comparing and analyzing the perfor-
mance of different semi-supervised learning algorithms on different datasets.
Naive Bayes (NB) is popularly selected in self-training and co-training due
to its good performance in text mining. Some other classifiers are also com-
monly used such as C4.4, C4.5, k-NN, SVM, and so on. In [2] and [50],
some newsgroup datasets for text classification are used in the experiments
to demonstrate the performance of NB in standard co-training. Ling et al.
use NB in co-training and analyze how it can get better performance on 32
binary UCI datasets [43]. Li and Zhou evaluate their algorithm on 12 binary
UCI datasets using the J4.8 decision tree, BP neural networks, and NB [40].
Some UCI datasets have also been used in other papers [39,44,70]. In [4],
eight benchmark datasets are introduced and used for performance compari-
son of different semi-supervised learning methods. Although much work has
been done, it is not quite clear about the performance comparison among
several commonly used standard semi-supervised learning algorithms, when
using state-of-the-art non-naive Bayesian classifiers that may obtain better
performance than NB in the supervised learning setting.

In addition, researchers have been interested in whether unlabeled data can
always help semi-supervised learning or under what circumstances unlabeled

data can be more helpful. In [11], Cozman and Cohen point out that un-
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labeled data may degrade classification performance, not only in somewhat
extreme conditions but also under common assumptions when the model as-
sumptions are incorrect. Their study is based on the assumption that the
labeled data and unlabeled data come from the same distribution. In [5],
Chawla and Karakoulas conduct an empirical study to examine the effect of
labeled data and unlabeled data in four methods (co-training, Reweighting,
ASSEMBLE and Common-component mixture with EM) when each dataset
has an extremely imbalanced class distribution and the distributions of data
points in labeled and unlabeled datasets are different. AUC was adopted as
the performance metric. Some main conclusions drawn in their paper are:
(1) Semi-supervised learning techniques may not consistently provide an im-
provement over supervised learning for all different ratios of labeled data to
unlabeled data; (2) the amount of labeled and unlabeled data is domain de-
pendant and no consistent conclusions can be drawn from the experiments;
and (3) with sample-selection bias, more unlabeled data may help when a
better representation of the data can be induced. However, their conclusions
only show the final comparison results. No detailed analysis of performance
during the learning process was given in their work. Moreover, their work
only used Naive Bayes as the base classifier for the four methods, and C4.5
as another base classifier in the co-training experiments. It is not clear that
whether using other non-naive Bayesian classifiers will have similar problems.
Despite all the work that has been done on semi-supervised learning methods,

three questions listed as follows are not quite clear: (1) It is not clear whether
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standard semi-supervised learning methods can always outperform the classi-
fiers built only on the small amount of labeled data, especially when different
non-naive Bayesian classifiers are used as the base classifier, respectively. (2)
It has not been indicated whether selecting unlabeled instances with efforts
to enlarge the training set can have better performance than does randomly
expanding the training set. (3) No detailed analysis of learning curves or
correctness rate of labeling unlabeled instances has ever been conducted to
examine the performance of semi-supervised learning methods during each
iteration of learning process. These questions should be systematically stud-
ied to provide a general picture and some guidance to researchers in this area.
New algorithms will be presented to deal with the problems found from the

study accordingly.

2.2 Cost-Sensitive Learning in Semi-Supervised
Classification

To better understand the cost-sensitive problem, costs for classifying the
classes are described here. Let C(i,j) be the misclassification cost of pre-
dicting an instance to belong to class ¢ when the true class is j. If the
prediction is correct (that is, i = j),then C(i,j) = 0; otherwise C(i,7) > 0.

As depicted in [17], the optimal prediction for an example x is the class i
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that minimizes the expected cost computed by
L(z,i) =Y P(jlz)C(i, ) (2.1)
J

where P(j|x) is the prediction probability of the class j given the instance .
A common measure to evaluate the performance of a cost-sensitive learning
method is the total cost which is the sum of misclassification costs for each
class on a given testing dataset. Another measure is the average misclassifi-
cation cost, computed by dividing the total cost by the number of instances
in the testing dataset. A good classifier should be able to correctly identify
more instances and reduce the misclassification cost.

In supervised learning, researchers have proposed to change the class distri-
bution of training data in cost-sensitive learning. In [16], it is concluded that
under-sampling beats over-sampling when applying C4.5 to class imbalance
and cost-sensitive problems. In over-sampling some examples of the minor-
ity class are added into the training data, while under-sampling technique
deletes some examples of the majority class from the training data. Another
popular method is to modify the learning algorithms. However, based on the
investigation of the behavior of Bayesian and decision tree learning meth-
ods, it is concluded that re-balancing the training examples has little effect
on learned classifiers [17]. The authors suggest learning classifiers from the
original data but using either one of the two equations given in the paper

which incorporates the misclassification costs into the probability estima-
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tion. Other methods for cost-sensitive learning include the k-nearest neigh-
bor based method that assigns bigger weights to high-cost examples, boost-
ing [18] [63], cost-sensitive GP [38] and so on. The results of cost-sensitive
learning can also be utilized for ranking by using calibration methods to
obtain a ranked list [19] [72].

In the semi-supervised learning scenario where the number of labeled training
data is small, some techniques such as under-sampling cannot be used. There
is limited work done on the cost-sensitive problem in semi-supervised learn-
ing. In [55], a decision tree classifier with smoothing is used as the underlying
classifier. An EM procedure is applied to iteratively assign labels to the un-
labeled instances and learn the classifier on the combination of the labeled
data and the updated unlabeled data. When assigning labels to the unla-
beled data, the estimated “optimum” label with the smallest conditional risk
(expected cost) is assigned to an unlabeled instance, and the corresponding
expected cost is normalized and used as the weight of the unlabeled instance.
The C4SVM algorithm is presented in [42], which incorporates misclassifi-
cation costs into the optimization function of a semi-supervised SVM using
label means. Active learning has been applied to cost-sensitive learning prob-
lems as well [15,44,46]. In [46], misclassification costs are added into the loss
function of active learning to pick the most informative unlabeled instance
and then labels are inquired from experts. In [44], in each iteration, un-
certainty sampling is used to select some unlabeled instances and labels are

later assigned to those selected instances; the selected instances are moved
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to the labeled data and a classifier is built on the expanded labeled data; and
then a cost-sensitive classifier is built on the combination of the expanded
labeled data and all remaining unlabeled instances with self-labeled labels.
Donmez and Carbonell [15] also use active learning method but propose a
method for learning from multiple imperfect oracles. The active learning
methods require interaction with experts, which might be infeasible to some
applications if experts are not available.

A special case of cost-sensitive learning is that the dataset has a skewed
class distribution, which is also called class-imbalanced problem. In super-
vised learning, current techniques for class-imbalanced learning can be gen-
erally summarized into several categories: sampling methods, cost-sensitive
methods, kernel-based methods, active learning methods and one-class learn-
ing [25]. Sampling methods adopt various random or informative over-
sampling and under-sampling techniques to balance the class distribution [32,
53]. In [31], experiments are conducted to compare seven sampling techniques
with 11 commonly-used learning algorithms on 35 benchmark data sets to
help researchers understand the strengths and weaknesses of the techniques.
Cost-sensitive methods usually target the imbalanced learning problem by
using different cost matrices that describe different costs for misclassifying
the examples. There is a strong connection between cost-sensitive learning
and class-imbalanced learning; hence many cost-sensitive learning methods
were naturally applied to class-imbalanced learning problems [45] [62].

The class-imbalanced problem also triggered interest in the semi-supervised
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learning community. In [54], EM mixture Gaussian, TSVM and semi-supervised
learning using Gaussian random fields are compared on seven UCI data sets
with different levels of imbalance: the percentage of the minority class ranges
from 3.9% to 50%. Error rate and AUC are used as the measure metrics in
the paper. In [30], the final outputs of two semi-supervised learning methods
are normalized and the error rates of the two methods are compared on a
data set. A method that combines under-sampling with self-training method
is shown in [24]. An extreme under-sampling technique is used to randomly
change the class distribution of the labeled training data. Then, it applies
self-training to the new training data, together with a set of unlabeled data
specifically required from the web. Only accuracy is evaluated and compared
in the paper. In [37], some important issues of semi-supervised learning un-
der the conditions of imbalanced data sets are mentioned, including how to
identify whether an unlabeled data example came from a balanced or imbal-
anced underlying distribution, what kind of bias to be introduced, and so

on.

2.3 Learning Bayesian Network Structures in
Semi-Supervised Learning

A Bayesian network (BN) is an acyclic directed graph (DAG). On the graph,
each node X; (i = 1, ..., n) represents a random discrete variable in the

domain. An edge X — Y on the graph represents a parent-child relation in
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which X is a parent of Y. All parents of Y consist the parent set of Y which
can be denoted as IIy. An example of a Bayesian network with five variables

is shown in Figure 2.1.

Figure 2.1: An Example of Bayesian Network

In addition to the graph structure, each node has a conditional probability
table (CPT) that specifies the probability of each possible state of the node
given each possible combination of states of all the nodes in its parent set.
Based on the Bayesian rules, the joint probability distribution represented

by a Bayesian network can be expressed as

For simplicity, X; = k is used to represent that the i-node takes the k-th state

in its value domain, IIy, = j specifies that Ilx, takes the j-th combinational
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state, and [V;;, denotes the counts of X; = k and IIy, = j. The conditional
probability P(X; = k|Ilx, = j), also called parameter 6,j;, is computed from

a given complete dataset by the following equation:

Nij

P(X; = k|llx, = j) = b, = S Nox
k'Y

(2.3)
Bayesian networks are popular in the community of machine learning and
artificial intelligence because they are able to support probabilistic reasoning
from data with uncertainty. With a given Bayesian network, we can ap-
ply probabilistic inference methods to compute the probability of the states
of some variables when other variables are observed [28]. Hence, Bayesian
network is a powerful tool in modeling complex systems such as the gene
regulatory networks in Bioinformatics [22], medical diagnostic system [52],
printer troubleshooting, and so on.

A special case of Bayesian network classifier is Naive Bayes (NB). An example
of a Naive Bayes with three non-class variables and a class variable is shown
in Figure 2.2. There is a conditional independence assumption in Naive
Bayes stating that, given the class node, the other nodes are conditionally
independent with each other. Therefore, in a Naive Bayes classifier, each
no-class node has the class node as the only parent and the class node has

no parent. The joint probability distribution represented by a Naive Bayes
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classifier is described as

P(X1, X, ..., X01,C) = P(C) i‘[ P(Xi|C) (2.4)

i=1

/
D ®

Figure 2.2: An Example of Naive Bayes

Due to the simplicity of structure and implementation as well as the good
classification performance, Naive Bayes has been widely applied in supervised
classification tasks [47]. Researchers have presented some variants of NB
that relax the conditional independence assumption. NBTree [35] is a hybrid
method combing decision tree and Naive Bayes. Tree-augmented Naive Bayes
(TAN) [21] is an improved ChowLiu algorithm for learning tree-augmented
Naive Bayes, where each non-class node can have one augmenting edge that
points to it from another non-class node. Hidden Naive Bayes (HNB) [73]
is an improved Bayesian model that each attribute has a hidden parent cre-
ated by the average of weighted one-dependence estimators. DNB [61] learns
parameters of Bayesian networks by discriminatively computing frequencies

from data, hence integrating the advantage of both generative and discrimi-
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native learning. In [60], a full Bayesian network classifier is presented which
uses a full Bayesian network as the structure and learns a decision tree for
each CPT.

Generally speaking, learning Bayesian networks from data consists of two
steps: structure learning which discovers the graph structure from data; and
parameter learning which computes values in the conditional probability ta-
bles associated with the known structure [49] [27]. Existing structure learning
methods generally fall into two main categories [6]: the dependency analysis
method which uses the results of statistical dependency tests as constraints
and guidance to construct the Bayesian network structure; and the score-and-
search method that uses a scoring metric to evaluate candidate network struc-
tures and a search method to find the structure with the best score [26] [36].
Since searching for the network structure is NP-Hard [7], heuristic search
algorithms such as greedy hill-climbing and genetic algorithms are typically
used. HGC (greedy hill-climbing) [27] is a Bayesian network structure learn-
ing algorithm using hill climbing as the search method. Greedy hill-climbing
starts with a random network structure GG and iteratively searches for better
candidate structures. At each iteration, the entire neighborhood of current
G is searched and possible local changes are evaluated. The candidate net-
work structure that has the largest degree of improvement is picked as the
new structure. This process is repeated until the current solution is not
significantly different from the previous one. Greedy hill-climbing may get

stuck in local maxima and heuristics such as random restarts, simulated
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annealing and tabu search can be used to escape from the local maxima.
Some researchers work on using genetic algorithms to learning Bayesian net-
works [58] [20] [68] [69]. With a known Bayesian network structure, the
parameters can be computed directly from the given dataset or be estimated
by Bayesian inference algorithms [26] [49] [28].

Naive Bayes has been widely applied for text classification in self-training
and co-training [2] [51] [59]. However, the conditional independence assump-
tion may be violated in some real-world applications. For some complex
systems, Bayesian networks should be used instead of Naive Bayes to better
model the conditional dependencies among the variables. When the labeled
training data examples are scarce, they cannot provide enough information
to learn good Bayesian networks. On the other hand, useful information can
be found from the unlabeled data. Cohen et al. [10] present a stochastic
structure search algorithm for learning the structures of Bayesian network
classifiers using both labeled and unlabeled data. How to utilize the infor-
mation contained in the unlabeled data to find Bayesian networks with good

graph structures and high classification accuracy is an interesting topic.
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Chapter 3

An Extensive Empirical Study
on Semi-Supervised Bayesian

Learning

In this chapter, we conduct an extensive empirical study on semi-supervised
learning. Different from existing research work, we compare the classification
accuracy of standard self-training, co-training and co-EM algorithms using
six Bayesian classifiers (NB, NBTree [35], TAN [21], HGC [27], DNB [61],
and HNB [73]), as well as TSVM and LLGC. The experiments are conducted
on 26 UCI datasets and 6 widely used benchmark datasets containing binary-
class datasets and multi-class datasets, and the labeled data and the original
training data have the same class distribution. To examine the effective-

ness of selecting particular unlabeled instances, we run experiments on ran-
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domly selecting unlabeled instances during semi-supervised learning process
for comparison. Learning curves are also drawn to analyze the effect of the
amount of labeled and unlabeled data on classification performance. The
correctness rate of newly added unlabeled instances in each iteration of the

standard self-training method is also shown in a scatter plot.

3.1 Methodology

3.1.1 Learning Algorithms

The algorithms used in the experiments include the standard self-training, co-
training and co-EM, as well as TSVM and LLGC. Self-training, co-training,
and co-EM can be used for both inductive learning and transductive learning,
while TSVM and LLGC are used for transductive learning in nature. As
stated in Chapter 2, there are two assumptions in co-training to make sure it
has good accuracy, which may be violated in practical applications. However,
co-training still helps when the feature set is randomly separated into two
sub-sets, although the performance may not be as good as when the features
are split sufficiently and independently [50]. In our experiments, for co-
training and co-EM, we randomly split the attributes into two subsets.

Several instance selection metrics have been proposed in self-training and
co-training, including “confident selection” and other methods described in
Section 2.1.2 and Section 2.1.3. However, it is not clear whether selecting

unlabeled instances with efforts can outperform simple random selection. For
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comparison, we also conducted experiments that randomly select unlabeled
instances instead of selecting the most confident ones. For simplicity, the
random selection method is denoted as “random selection”.

The performances of self-training, co-training and co-EM are compared among
using the six different base classifiers: Naive Bayes (NB), NBTree [35],
TAN [21], HGC [27], HNB [73], and DNB [61]. Performances of TSVM

and LLGC are also reported for comparison.

3.1.2 Datasets

In the experiments, we use 26 UCI datasets from WEKA web site ! and
6 benchmark datasets from [4]. Properties of the datasets are shown in
Table A.1 and Table A.2 of Appendix A, respectively.

The 26 UCI datasets, including 18 binary class datasets and 8 multi-class
datasets, were originally downloaded from a package of 37 classification prob-
lems, “datasets-UCI.jar”, from WEKA web site. We only use 26 datasets out
of the package because the other 11 datasets have extremely skewed class dis-
tributions. For example, in the hypothyroid dataset, the frequency of each
class value is 3481, 194, 95 and 2 respectively. When randomly sampling
the labeled data in semi-supervised learning, the classes that have very small
values of frequency may not appear in some generated datasets if we want to
keep the same class distribution. Usually the minority class can be merged

into a majority class, or instances from the minority class can simply be

Thttp://www.cs.waikato.ac.nz/ml/weka/
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deleted if the amount is very small. However, to minimize any possible influ-
ence, we do not use those 11 datasets with extremely skewed class distribu-
tions. We preprocessed each dataset in WEKA software [67] by removing any
attribute that its number of attribute values is almost equal to the number
of instances in the dataset, replacing missing values for nominal and nu-
meric attributes with the modes and means, and discretizing each numeric
attribute by the ten-bin binning method. Attributes “Hospital Number” (in
colic. ORIG dataset) and “Instance_name” (in splice dataset) were removed
because they contribute little to classification.

Details of the six benchmark datasets are described in the book “semi-
supervised learning” [4]. For each benchmark dataset, the number of sampled
labeled instances is either 10 or 100. Twelve subsets of labeled data and un-
labeled data are available for each combination of dataset and number of
labeled instances. These labeled datasets and unlabeled datasets are pro-
vided by the book?. In each labeled data, there is at least on instance from
each class. While “USPS” has imbalanced class distributions with relative
size of 1:4, the other five datasets have balanced class distributions. These

datasets are suitable for transductive learning.

The  datasets can be download from  http://olivier.chapelle.cc/ssl-
book/benchmarks.html
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3.1.3 Experimental Settings

We implemented the standard self-training, co-training and co-EM methods
in WEKAS3. All experiments in this study utilize the implementations of
NB, NBTree, TAN, HGC and HNB from WEKA release 3.7.0 [67]. In our
experiments, similar to [61], the maximum number of parents for each node
is set to 2 in HGC, and NB is used as the underlying classifier in DNB. The
maximum number of iterations in self-training or co-training, represented by
I, is set to 80. The maximum number of iterations in co-EM is set to 30.
The size of data pool in co-training is set to 50% of U. For TSVM and
LLGC, default parameters as given in their implementation are used in our
experiments. Only binary-class datasets are used for TSVM following its
code implementation provided by the author of TSVM method [34].

The performance measure is accuracy that is commonly used to evaluate
semi-supervised learning methods. In order to examine whether unlabeled
data really help improve the classification accuracy, for self-training, co-
training and co-EM, performance of corresponding base classifiers which are
learned from the original labeled data only are shown as the baseline results.
For TSVM, performance of SVM learned from the original labeled data is
used as the baseline. For LLGC, to follow the work in [74], performance of

1-NN learned from the original labeled data is used as the baseline.

3The DNB code is from authors of [61] for academic research. TSVM software
is available from http://svmlight.joachims.org/. The LLGC code is downloaded from
http://www.scms.waikato.ac.nz/ fracpete/projects/collective-classification/ and modified
to our experimental settings.
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Experiments on two kinds of datasets are conducted differently. The details

are given as follows.

1. For each UCI dataset, ten runs of four-fold stratified cross-validation
are conducted. For each run, firstly, the positions of instances in the
dataset are randomized; then the dataset is split into four subsets.
The training process repeats four times (folds) where at each time a
different subset is kept as the testing set and the other three subsets are
combined together as the training set. In each fold, 25% of the original
data are kept aside as the testing set to evaluate the performance of
learning algorithms, which actually follows the data splitting ratio in
2,39,43]; the remaining 75% data are randomly partitioned into labeled
data L and unlabeled data U according to a given percentage of labeled
data (denoted as [p in the thesis and Ip = |L|/(|L] + |U])). Suppose
Ip is 10%, then 25% data is kept as the testing set, 10% of the 75%
data is randomly sampled as L while the remaining 90% of the 75%
data is used as U. Different values are set to [p in the experiments
ranging from 5% to 100%. When generating L, some techniques are
used to make sure that L and the original training data have the same
class distribution. Noticeably, for TSVM and LLGC, the testing set
is included in U because these two methods are transductive. The
average accuracy of ten runs of four-fold stratified cross-validation for

each method on each UCI dataset will be discussed in following sections.
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2. For each benchmark dataset, each semi-supervised learning method are
applied in transductive setting. That is, classifiers learned from labeled
and unlabeled data are evaluated on the corresponding unlabeled data.
The average accuracy on twelve subsets of each benchmark dataset will

be shown in following sections.

3.2 Performance Comparison among Differ-

ent Methods

In this section, performance among different semi-supervised learning meth-
ods on two kinds of datasets are compared and analyzed. The performance
of the corresponding classifier built on the initial labeled data is used as
the baseline performance. The results show whether each semi-supervised

learning method can perform better than the baseline.

3.2.1 On UCI Datasets

Table 3.1 and Table 3.2 show the average results of using different Bayesian
classifiers in self-training, co-training and co-EM on UCI datasets when [p
is 10%. “Confident selection” is used to select the most confident unlabeled
data during self-training and co-training iterative learning process. Each
figure displays the average accuracy of ten runs of four-fold stratified cross-

validation. The figures in each “base” column represent the baseline per-
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Table 3.1: Accuracy comparison among different classifiers when using “con-
fident selection” and Ip = 10% (part 1)

Dataset NB NBTree TAN

base | selftrain] cotrain [ coEM [base | selftrain] cotrain] coEM |base [ selftrain] cotrain] coEM
balance-scale 77.79 | 63.73 % | 67.49 *| 46.08 * [73.18 | 62.09 * | 60.19 * 46.08 * 68.42 | 60.39 * | 59.69 * 46.08 *
breast-cancer 70.41 70.55 71.46 70.32 [70.41 66.57 71.04 70.35 164.99 64.72 71.19 70.28
breast-w 96.24 | 96.94 96.81 97.31 96.24 | 96.67 96.69 97.25 91.63 | 93.26 95.81 v| 95.82 v
colic 76.85 | 75.57 7.7 66.63 * [76.85 | 81.33 77.34 69.92 [70.92 | 78.04 78.86 71.01
colic.ORIG 67.23 | 55.24 * | 56.90 * | 58.64 * [67.23 | 58.26 * | 59.43 ¥ 65.57 63.04 | 59.27 59.92 65.54
credit-a 83.19 | 82.82 82.82 59.10 * [84.55 | 83.70 80.82 57.59 * [76.81 | 80.61 76.59 57.26 *
credit-g 71.14 | 63.27 *| 65.73 *| 69.81 [68.25 | 66.00 66.83 69.94 [69.61 | 66.75 67.62 69.99
diabetes 71.43 | 71.54 68.31 65.09 * 169.45 | 69.91 68.55 65.10 67.19 | 67.70 69.19 65.22
heart-c 79.01 82.11 82.80 77.62 [79.01 80.04 78.74 67.37 68.84 78.94 v | 72.83 66.46
heart-h 81.43 | 83.34 81.43 74.24 81.43 | 81.94 81.77 70.42 * [72.73 | 81.81 v | 78.24 67.67
heart-statlog 79.30 | 81.52 82.51 56.37 * [79.30 78.74 77.37 57.55 * |67.82 73.04 73.30 54.96 *
hepatitis 81.75 | 83.31 82.07 81.23 R1.75 | 83.10 80.91 79.42 [76.78 | 82.01 80.46 79.16
ionosphere 83.88 | 84.93 84.81 80.28 [83.88 | 83.67 85.81 83.79 R0.77 | 83.16 84.67 84.87
iris 83.10 | 91.18 83.45 81.21 83.10 | 91.11 83.93 80.79 [59.89 | 80.47 v | 77.83 v| 74.49
kr-vs-kp 83.64 | 73.22 *| 66.17 *| 51.57 *1(92.36 | 92.59 78.39 H 54.92 * 89.97 | 81.03 *| 77.48 *{ 54.51 *
labor 79.88 | 90.20 82.90 68.57 |79.88 | 87.67 81.31 67.68 [75.13 | 83.21 75.05 68.68
letter 62.99 | 46.28 * | 44.56 * | 28.37 * 63.58 | 61.95 54.34 * 21.13 * 66.93 | 64.10 * | 56.98 *| 34.54 *
mushroom 93.50 | 92.80 * | 92.70 *| 89.68 * |99.49 99.40 99.11 97.44 * 199.68 99.63 99.09 * 93.80 *
segment 80.45 | 66.27 * | 64.55 * | 63.26 * [78.65 | 78.79 69.77 ¥ 55.95 * 80.74 | 80.28 71.49 * 59.10 *
sick 95.13 | 92.90 * | 93.58 *| 93.69 * 96.80 | 95.69 94.16 * 93.87 *96.09 | 93.63 * | 93.73 ¥ 93.87 *
sonar 64.71 | 57.60 57.98 53.94 * 64.71 | 59.62 59.71 55.43 [p8.80 | 61.35 58.13 55.67
splice 91.63 | 85.57 * | 80.38 * | 73.73 * 90.31 | 83.25 * | 73.48 * 68.85 * [/7.57 | 76.18 73.82 63.42 *
vehicle 55.03 | 44.47 * | 44.60 *| 44.15 * [55.04 | 51.28 49.07 50.07 [p7.21 | 54.85 53.49 52.59
vote 89.66 | 88.30 88.09 88.35 [90.76 | 89.59 90.49 89.04 91.38 | 92.16 91.15 89.40
vowel 35.05 21.76 * | 24.07 *| 14.04 * [36.45 24.89 * | 27.15 % 17.13 * [29.18 28.50 26.32 22.44 *
waveform-5000 [78.75 | 80.27 v | 76.55 *| 55.63 * [78.47 | 80.11 70.49 * 40.39 * [71.27 | 73.18 63.28 * 42.55 *
[w/t/1 [ - [ 1/14/11] 0/14/13 0/10/16 - | 0/22/4 [ 0/17/9] 0/14/19 - [ 3/19/4 [ 2/17/7] 1/14/11

formance. The last row shows the two-tailed paired t-test results under the
significant level of 95%. Each entry “w/t/l” means that the semi-supervised
learning method in the corresponding column wins on w datasets (marked
by ‘v’), ties on ¢ datasets, and loses on [ datasets (marked by ‘“*’) against
corresponding “base”.

It can be observed from the results in Table 3.1 and Table 3.2 that, on most
UCI datasets, the standard self-training algorithm cannot improve classifi-

cation accuracy by utilizing unlabeled data. The performance of using NB
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Table 3.2: Accuracy comparison among different classifiers when using “con-
fident selection” and Ip = 10% (part 2)

Dataset HGC DNB HNB

base | selftrain] cotrain] coEM |base [ selftrain] cotrain] coEM [base [ selftrain] cotrain] coEM
balance-scale 61.91 | 61.58 46.42 * 46.08 * [75.76 | 63.62 * | 67.31 * 46.08 * [69.81 | 59.91 * | 54.88 * 46.22 *
breast-cancer [62.44 | 64.52 71.04 v| 70.52 v 63.28 62.84 69.05 70.52 163.94 | 63.36 67.89 70.77
breast-w 95.25 | 96.18 97.00 97.05 1[94.86 | 95.72 96.59 97.05 v 88.67 | 91.17 92.10 v| 71.10 *
colic 73.72 | 78.04 80.33 66.17 * [74.70 | 78.72 78.89 73.40 [73.67 | 76.25 77.39 69.37
colic.ORIG 60.90 | 60.41 62.36 64.05 1[66.85 | 61.66 60.65 64.05 [66.60 | 56.85 * | 59.76 64.65
credit-a 82.29 | 83.09 76.85 56.79 *[79.91 | 80.29 77.51 61.89 * [77.06 | 79.04 72.27 65.33
credit-g 67.20 | 65.93 68.99 69.99 169.80 | 68.17 66.73 69.94 |70.48 | 66.59 67.22 69.89
diabetes 69.48 | 71.32 67.76 65.36 [69.82 | 70.57 69.86 65.04 [68.46 | 70.55 69.06 65.79
heart-c 71.21 79.50 76.80 70.53 [74.22 78.25 77.97 69.56 [72.50 79.80 v | 74.44 72.01
heart-h 75.78 | 81.30 77.71 69.69 [77.82 | 80.69 79.12 74.40 [75.64 | 81.60 75.34 69.97
heart-statlog 70.33 79.29 75.78 67.26 [75.34 78.23 79.29 63.02 [75.71 77.74 76.15 74.19
hepatitis 74.14 | 80.21 79.88 79.22 [80.65 | 84.46 81.75 80.00 [80.12 | 80.47 79.29 79.42
ionosphere 82.99 | 84.30 85.52 85.70 [84.47 | 85.73 84.56 80.71 |85.98 | 89.91 88.68 83.90
iris 82.72 | 93.20 81.20 77.08 [84.01 | 91.86 82.84 80.79 |70.88 | 82.45 61.27 38.94 *
kr-vs-kp 90.63 | 81.03 * | 77.94 *| 54.01 *1(93.03 | 92.94 76.40 ¥ 52.24 * [89.19 | 80.92 * | 75.63 * 52.70 *
labor 72.81 | 86.37 77.56 69.88 [81.52 | 89.89 84.18 77.87 [81.31 | 84.71 77.99 73.33
letter 68.74 | 68.12 56.67 * 27.66 * [67.10 | 66.66 * | 45.53 * 26.09 * [74.74 | 71.18 * | 60.89 * 38.50 *
mushroom 99.75 99.67 99.14 * 94.36 * [99.69 99.68 99.25 * 93.47 * [99.79 99.79 99.69 95.22 *
segment 86.54 | 83.34 70.17 *¥ 60.37 * |85.58 | 85.34 69.71 ¥ 63.34 * |87.65 | 86.62 74.58 * 63.70 *
sick 96.98 | 94.36 * | 93.83 *| 93.88 * 96.66 | 96.57 93.79 * 93.86 * [97.03 | 94.88 * | 93.81 * 93.88 *
sonar 58.94 | 65.05 54.23 51.06 164.47 | 66.49 64.13 59.66 [66.20 | 62.69 62.69 60.82
splice 93.86 | 89.78 * | 83.21 *| 59.54 *90.34 | 90.41 78.29 * 68.22 * [91.97 | 87.46 * | 81.54 * 68.07 *
vehicle 51.92 | 53.80 47.59 44.98 |55.03 | 55.51 48.71 44.94 * 160.05 | 56.81 56.20 58.81
vote 92.51 | 92.65 91.36 89.50 1[93.36 | 93.15 90.49 89.03 *192.94 | 91.70 90.48 89.42 *
vowel 40.92 38.51 30.40 * 15.67 * [37.00 33.22 25.97 ¥ 21.79 * 40.79 35.85 * | 32.13 ¥ 31.32 *
waveform-5000 (79.67 | 81.22 v | 77.65 41.55 * |77.89 | 78.07 70.46 * 46.30 * [79.88 | 81.26 v | 74.35 *| 65.64 *
[w/t/1 [ - [ 1/22/3] 1/17/8] /1410 - [ 0/24/2 | 0/17/9] 1/13/19 - | 2/17/7 | 1/17/8] 0/14/13

in self-training improves only on one dataset but degrades on 11 datasets.
When using TAN or HNB in self-training, it wins slightly on more datasets
over “base” than using NB. When using HGC or DNB in self-training, it
loses on less datasets over “base” than that of using NB. By observing the
performance of co-training, it is found that, the standard co-training algo-
rithm does not improve classification accuracy on most UCI datasets, neither.
In the standard co-training, using TAN or HGC or HNB improves only on

one or two datasets, slightly better over “base” than using the three other
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Table 3.3: w/t/1 counts of t-test for using the other five classifiers against
using NB when Ip = 10% and “confident selection”

[ [ NBTree | TAN [ HGC [ DNB [ HNB ]
self-training [ 5/21/0 | 7/15/4 [ 9/17/0 | 9/16/1 | 8/16/2
co-training 3/21/2 | 5/17/4 | 5/20/1 | 3/22/1 | 7/13/6
co-EM 3/22/1 | 4/20/2 | 1/23/2 [ 2/24/0 [ 4/19/3

classifiers. For standard co-EM, the performance is even worse on these UCI
datasets.

To compare performance among using different classifiers in each of the three
semi-supervised learning method, Table 3.3 displays the “w/t/l” counts of
t-test for using each other classifier against using NB, respectively. The first
row, results of self-training, indicates that, on the UCI datasets, using the
other five Bayesian classifiers generally perform a bit better than using NB.
The second row and the third row show that, for co-training and co-EM,
using the other five Bayesian classifiers is closer to using NB.

In Table 3.4, the comparison results of LLGC against 7-NN are shown.
When the downloaded LLGC code was run on the “letter” and “mushroom”
datasets, it did not give any results which are hence omitted in the table. The
t-test results show that LLGC improves classification accuracy on two UCI
datasets but degrades it on 17 UCI datasets. In Table 3.5, the average results
of TSVM and SVM on 18 binary-class UCI datasets are displayed. Results
indicate that TSVM improves classification accuracy on 10 UCI datasets and
degrades it on seven datasets.

It is interesting to find that these methods hardly improve classification ac-
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Table 3.4: Accuracy comparison results for LLGC when Ip = 10%

[ Dataset [ 1-NN [ LLGC ]
balance-scale 62.59 7722 v
breast-cancer 62.82 70.28
breast-w 92.46 65.52 *
colic 68.86 63.04
colic. ORIG 64.97 66.30
credit-a 75.13 55.58 *
credit-g 65.44 70.00 v
diabetes 64.84 65.10
heart-c 72.70 | 54.46 *
heart-h 75.55 63.95 *
heart-statlog 74.08 | 55.55 *
hepatitis 79.02 79.35
ionosphere 83.68 64.10 *
iris 81.21 39.20 *
kr-vs-kp 80.31 52.22 *
labor 80.23 | 64.88 *
segment 83.15 15.90 *
sick 95.49 93.88 *
sonar 65.19 53.37 *
splice 66.28 51.88 *
vehicle 58.33 26.46 *
vote 90.78 61.38 *
vowel 39.61 10.35 *
waveform-5000 60.04 33.84 *

[vs I-NN:w/t/1 | - ]2/5/17 |

curacy on most of the 26 UCI datasets, a finding that contradicts the core

idea of semi-supervised learning.

3.2.2 On Benchmark Datasets

Table 3.6 and Table 3.7 display average accuracies of NB in self-training and
co-training on benchmark datasets when 10 or 100 labeled instances are used.
Since the benchmark datasets have numeric attributes, we only conducted

experiments using NB that can deal with numeric attributes. The results of

SVM and TSVM are from [4]. Improved performance of TSVM over SVM
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Table 3.5: Accuracy comparison results for TSVM when Ip = 10%

[ Dataset [ SVM [ TSVM |
breast-cancer 0.70 0.64 *
breast-w 0.96 097 v
colic 0.64 0.68 v
colic. ORIG 0.66 0.59 *
credit-a 0.66 0.60 *
credit-g 0.70 0.64 *
diabetes 0.70 0.71 v
heart-c 0.73 0.74 v
heart-h 0.67 0.76 v
heart-statlog 0.79 0.77 *
hepatitis 0.79 0.78 *
ionosphere 0.65 0.75 v
kr-vs-kp 0.86 0.89 v
labor 0.65 0.85 v
mushroom 0.88 0.86 *
sick 0.94 097 v
sonar 0.58 0.58
vote 0.93 0.94 v

[vs SVM:w/t/1 ] - [10/1/7 ]

and self-training or co-training over “base” is represented by “v” following
the figures.

It can be observed that, when 10 labeled data is used, self-training gets
improved performance on three datasets while co-training on two datasets.
When 100 labeled data is used, both self-training and co-training can only

improve the accuracy on one dataset. TSVM improves average accuracy on

Table 3.6: Accuracy on benchmark datasets (10 labeled data)

Dataset | base(NB) selftrain  cotrain [ SVM  TSVM |

g241c 51.15 61.50 v 55.28 v 52.86 75.29 v
g241d 50.84 49.54 49.69 53.34 49.92
Digitl 70.44 89.33 v 88.06 v 69.40 82.23 v
USPS 80.20 75.26 73.56 79.97 74.80
COIL 22.44 22.75 v 19.81 31.64 32.50 v
BCI 50.47 49.21 48.74 50.15 50.85 v
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Table 3.7: Accuracy on benchmark datasets (100 labeled data)

Dataset | base(NB) selftrain  cotrain [ SVM  TSVM |

g241c 72.64 85.04 v 80.46 v 76.89 81.54 v
g241d 69.46 50.01 50.20 75.36 77.58 v
Digitl 93.80 93.40 93.64 94.47 93.85
USPS 83.24 70.65 74.49 90.25 90.23
COIL 53.20 34.30 34.93 77.07 74.20
BCI 52.17 50.06 50.56 65.69 66.75 v

about 50% of the datasets, which is similar to its performance on the 26 UCI
datasets.

Hence, to summarize, these semi-supervised learning methods (except TSVM)
generally do not work well on the 26 UCI datasets and the six benchmark
datasets, although the classifiers used in these frameworks have good perfor-
mance in supervised learning. And TSVM improves the performance with

around 50:50 chance. Some analysis will be conducted in Section 3.4.

3.3 Performance Comparison between Two

Selection Methods

Little work has ever been done to examine the effect of randomly select-
ing unlabeled instances. In this section, performance of “random selection”
against “confident selection” in self-training and co-training are discussed.

Table 3.8 shows the average results of using “random selection” in self-
training and co-training against “base” on 26 UCI datasets when Ip is 10%.

Figures of average accuracies are not listed due to space limitation. The
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“w/t/1” counts of t-test results for “random selection” against “confident se-
lection” are summarized in Table 3.9. For self-training, it is observed that
“random selection” even outperforms “confident selection” on three or four
UCI datasets when using NB, TAN, HGC and HNB. For co-training, “ran-
dom selection” outperforms “confident selection” when using NB, while the
two methods get similar performance when using the other five classifiers.
The observations demonstrate that, on these datasets, particularly select-
ing the most confident unlabeled data in self-training and co-training is not
necessarily superior to randomly selecting unlabeled instances.

Table 3.8: The w/t/] counts of t-test results for using “random selection”
against baseline when Ip = 10%

(a)
NB NBTree TAN
selftrain | cotrain selftrain | cotrain | selftrain | cotrain

[ w/t/1 [ 0/18/8 ] 0/15/11 [ 0/25/1 [ 0/17/9 [ 0/26/0 [ 0/19/7 |
(b)
HGC DNB HNB
selftrain [ cotrain [ selftrain | cotrain selftrain [ cotrain
[w/t/1 [1/24/1 [ 1/17/8 [ 1/23/2 ] 0/16/10 [ 0/24/2 | 0/15/11 |

Table 3.9: The w/t/] counts of t-test results for “random selection” against
“confident selection” when Ip = 10%

underlying classifier [ selftrain [ cotrain ]

NB 1/21/1 | 3/23/0
NBTree 1/24/1 | 0/26/0
TAN 1/22/0 | 0/26/0
HGC 3/22/T | 0/26/0
DNB 124/1 | 1/24]1
HNB 4/21/1 | 2/20/4
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3.4 Performance Analysis on NB in Standard
Self-Training

In this section, we analyze the performance of NB in standard self-training
from different aspects. Learning curves of classification accuracy on the test-
ing set and on the remaining unlabeled data at each iteration are drawn to
help analyze the performance. The correctness rate of labeling the selected
unlabeled instances at each iteration is also shown on scatter plots for clear
comparison.

In the following subsections, the learning curves in a random single run of
four-fold stratified cross-validation on four datasets are shown in Figure 3.1
to 3.5, respectively. The parameter settings are the same as in Section 3.2,
except [ is set to H00 to provide more details. Each sub-graph can be consid-
ered as a random running with the 25% : 7.5% : 67.5% splitting ratio when
generating testing set, L, and U. Each curve “lesting data” represents the
learning curve of accuracy of the learned classifier on the testing set at each
iteration, and each curve “U’ data” represents the accuracy of the learned
classifier on the remaining unlabeled data. The first point in each graph
actually shows the baseline accuracy (accuracy of the classifier built without
using any unlabeled data). Therefore, if a curve goes down, it indicates that
the added unlabeled data do not help improve the performance. The dots
on the scatter plot (drawn on the same graph), denoted as “labeling”, repre-

sent the correctness rate of labeling the newly selected unlabeled instances
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Figure 3.1: Learning curves on the Iris dataset when Ip = 10% and I = 500

at each iteration. For example, at current iteration, if 10 unlabeled instances

are selected and assigned labels, but only eight of the labels are correct (we
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track it by checking the true labels in the original dataset used in our exper-
iments), then the correctness rate is 0.8. Scatter plot “labeling” is added to
the graphs to help us understand the performance of NB in self-training.

Analysis for co-training is not conducted here because it is difficult to draw
the learning curves under its two sub-views framework. The work remains

for further study.

3.4.1 Does the Correctness Rate of Labeling Newly
Added Instances Affect the Performance of Semi-

Supervised Learning?

Here we utilize learning curves to discover the details of performance during
each iteration. Due to space limitation, only a few learning curves are shown
here.

In Figure 3.1, data points in “labeling” show that some selected unlabeled
instances are wrongly labeled at some iterations. However, the final accuracy
on testing data nevertheless reaches around 0.9. The performance on testing
data fluctuates a bit but it is not ultimately affected in a significant way.
A similar situation occurs on the colic dataset as displayed in Figure 3.3.
Therefore, when there are wrongly labeled instances in only a few iterations,
the correctness rate of labeling may not affect the final performance of the
classifier significantly.

In Figure 3.2, the correctness rate of labeling falls below 0.8 in most of
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Figure 3.2: Learning curves on the vehicle dataset when Ip = 10% and I =

200

the iterations, and the final accuracy on the testing data is generally worse

than the accuracy in earlier iterations. In other words, when most of the
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Figure 3.3: Learning curves on the colic dataset when Ip = 10% and I = 500

selected unlabeled instances are wrongly labeled in most of the iterations,

the accumulation of error causes bad performance of the final classifier.
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Generally, the standard self-training and co-training should improve the per-
formance if the selected unlabeled instances are labeled correctly (which is
justified in Section 3.4.2 later). However, this was not the case in our exper-
iments on the mushroom dataset.

A random running on the mushroom dataset in Figure 3.4 shows an inter-
esting observation: the accuracy on the testing data and the accuracy on
the remaining unlabeled data decrease although all the selected unlabeled
instances were correctly labeled. To eliminate any possible influence caused
by semi-supervised learning, we performed some experiments on the whole
mushroom dataset: two small sets of instances were manually kept from the
whole dataset as the initial training data and testing data; then a few in-
stances were manually picked from the remaining data and added into the
training data. The accuracies on the testing data were compared with each
other when more instances were added into the training data. The results
show that, on the mushroom dataset, when given more training data, accu-
racy is sometimes reduced. This is interesting because, intuitively, adding
more instances should help improve the performance or should at least retain
a similar performance - but the opposite situation occurred on the mushroom
dataset here.

The curves of a random running on mushroom, when I is set to 3500, are
shown in Figure 3.5 to examine the performance when more unlabeled in-
stances are used. More numbers of incorrect labeling occur when more unla-

beled data are used. It therefore seems that the initial labeled data may not
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Figure 3.4: Learning curves on the mushroom dataset when Ip = 10% and [
= 500

be a good representative of the whole training data, and the new classifier

tends to select more and more similar instances around the labeled data.

3.4.2 Does the Amount of Labeled Data Matter for

Underlying Classifiers?

Table 3.10 shows the results of the two-tailed ¢-test when Ip changes from 5%
to 100%. Each entry w/t/l shows that NB learned from the labeled data in
the corresponding column wins in w datasets, ties in ¢ datasets, and loses in
[ datasets, compared to NB learned from the labeled data in the correspond-
ing row. The figures display that the performance of underlying classifier

improves when [p increases, which means that there is lots of room to im-
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Figure 3.5: Learning curves on the mushroom dataset when Ip = 10% and [
= 3500

prove the performance by increasing instances to the labeled part, especially

when Ip is smaller than 25%.

3.4.3 Does the Amount of Labeled Data Affect the

Performance of Semi-Supervised Learning?

Table 3.11 shows the results of the two-tailed ¢-test when Ip changes from
5% to 100%. Each entry w/t/l shows how self-training with Ip in the corre-
sponding column wins in w datasets, ties in ¢ datasets, and loses in [ datasets,
compared to self-training with [p in the corresponding row. It is evident that,
the overall performance of self-training on the 26 UCI datasets generally in-

creases when the number of instances in original L increases.

49



Table 3.10: Summary of T-Test results: accuracy of NB built on the labeled
data only when [p changes

[lp J10% [15% [20% [25% [30% [35% [40% [100% |

5% |5/21/0[10/16,/0[12/14/0]13/13/0]15/11/0]15/11/0]15/11,/0]20/6,0
10% 4/22/0 |5/21/0 |7/19/0 [9/17/0 |9/17/0 |10/16/0|15/11/0
15% 1/25/0 |4/22/0 |4/22/0 |5/21/0 |6/20/0 |10/16/0
20% 0/26/0 |2/24/0 |2/24/0 |3/23/0 |6/20/0
25% 0/26/0 |0/26/0 |1/25/0 |5/21/0
30% 0/26/0 |0/26/0 |5/21/0
35% 0/26/0 |5/21/0
40% 4/22/0

However, with a given [p, self-training still cannot win the corresponding
“base” on most of the 26 datasets. Moreover, by examining the results
on each dataset when [p changes from 5% to 40% (which are omitted here
due to space limitation), the experimental results show that the standard
self-training almost always get worse performance than the base classifiers
(built on the labeled data only) on 5 multi-class datasets (letter, segment,
vehicle and vowel) and 4 binary-class datasets (colic. ORIG, credit-g, kr-vs-kp
and mushroom). These observations prompt further study in the following

subsection.

Table 3.11: Summary of T-Test results: accuracy of NB in self-training when
[p changes

[lp [10% [15% [20% [25% [30% [35%  [40% [100% |

5% |4/22/0]6/20/0]6/20/0]8/18/0[8/18/0[11/15/0[12/14/0[15/11/0
10% 2/24/0|4/22/0(6,/20/0|7/19/0|8/18/0 |9/17/0 |15/11/0
15% 2/24/0|4/22/0|5/21/0(5/21/0 |6/20/0 |16/10/0
20% 2/24/0(3/23/0|5/21/0 |7/19/0 |15/11/0
25% 2/24/0|3/23/0 |5/21/0 |14/12/0
30% 2/24/0 |3/23/0 |14/12/0
35% 2/24/0 |14/12/0
40% 10/16/0
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3.4.4 Does the Initial Performance of the Classifier Af-
fect the Final Performance of Semi-Supervised
Learning?

The initial classifier that is built on the original labeled data may affect
the performance of semi-supervised learning, which is demonstrated in Fig-
ure 3.2. On wehicle dataset, the initial accuracies on testing are around 0.5
and decrease quickly with more selected unlabeled data. Scatter plot “la-
beling” shows that most of the selected unlabeled instances are incorrectly
labeled. Our experimental results on underlying classifier (built on the la-
beled data only) also shows that NB can only achieve accuracy below 60%
on testing sets of wvehicle no matter what value is set to Ip. If the initial
classifier has a bad performance on the training set and the testing set, it
is not accurate to predict labels for unlabeled instances. Thus the selected

unlabeled data may hurt the performance.

3.4.5 Does the Amount of Unlabeled Data Affect the

Performance?

There is no consistent conclusion that can be drawn from Figure 3.1 and
Figure 3.3 about whether the amount of unlabeled data always affects the
performance in one direction. It is observed in these two figures that, adding
more unlabeled data may help increase the performance even if some newly

selected instances are not correctly labeled, for example, the first and the
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fourth sub-graph in Figure 3.1. There are also some situations that using
more unlabeled data might degrade the performance such as the graph shown

in Figure 3.4.

3.5 Summary

This chapter details the experiments conducted on 26 UCI datasets and
6 benchmark datasets using the standard self-training, co-training and co-
EM with six different Bayesian classifiers, TSVM, and LLGC. Two kinds
of selection criteria were also compared in the experiments. The results
show that, some of these semi-supervised learning methods generally do not
outperform the baseline performance of classifiers learned on the labeled
data only; and particularly selecting unlabeled instances with some efforts
during the learning process in self-training and co-training is not necessarily
superior to randomly selecting unlabeled instances. To further explore these
results, learning curves were drawn on several datasets, as well as for the
correctness rate of labeling selected unlabeled instances at each iteration.
The results illustrate a diversity of reasons that the standard self-training
does not perform as well as may be ideally expected. The performance may be
affected by the classifier used, or the dataset itself. An interesting observation
on the “mushroom” dataset is that, the accuracy on the testing set can still
decrease even when all the selected unlabeled instances at each iteration

are correctly labeled. A method is presented in Chapter 4 to improve the
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performance of Naive Bayes in the standard self-training and co-training.
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Chapter 4

Instance Selection in

Self-Training and Co-Training

As introduced in previous chapters, “confidence selection” is commonly used
in self-training and co-training methods to select unlabeled instances to ex-
pand the labeled training set. Ideally, the selected unlabeled instances (to-
gether with the predicted labels) can finally help to learn a better classifier.
However, in Chapter 3, results of the empirical study on 26 UCI datasets
show that, the performance of using “confidence selection” is not necessarily
superior to that of randomly selecting unlabeled instances. Using unlabeled
data may degrade classification performance. In this chapter, we present an
effective instance selection method based on the original labeled data (IS-
BOLD) to improve the performance of self-training and co-training when

using Naive Bayes as the underlying classifier.
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4.1 Algorithm Description

The main idea of ISBOLD is to use the accuracy on the original labeled
data only to prevent adding unlabeled instances that will possibly degrade
the performance. ISBOLD considers both the prediction confidence of the
current classifier on the self-labeled data and the accuracy on the original
labeled data only. In each iteration, after the selection of the most confident
unlabeled instances, the accuracy of the current classifier on the original
labeled data is computed and then used to decide whether to add the selected
instances to the training set in the next iteration. How to use ISBOLD in self-
training and co-training scenarios is described in following two subsections,

respectively.

4.1.1 ISBOLD for Self-Training

In order to describe our method, some notations are used here. In iteration
t, we use L; to denote the new labeled training set in iteration t, C} to
represent the classifier built on L;, and Acc; as the accuracy of C; on the
original labeled data Lj. The detailed algorithm is shown in Figure 4.1.

The difference between ISBOLD and the common confidence selection method
in self-training is displayed in steps 4(e) and 4(f). In iteration ¢t + 1, after se-
lecting the most confident unlabeled instances and assigning labels to them
(for simplicity, the set of those selected instances is denoted as L7 ), the

training set Ly = L, U L7 ;. Now we build a classifier C};; on Ly, and
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1. Set t, the iteration counter, to 0.

2. Build a classifier C; on the original labeled data L.
3. Compute Accy, which is the accuracy of C; on Ly.
4. While the stopping criteria are not satisfied,

(a) Use C; to predict a label for each instance in U.

(b) Generate Lj,: select m unlabeled instances that C; has high clas-
sification confidence, and assign a predicted label to each selected
instance.

Delete the selected instances from U.

Lt+1 - Lt U Lt8+1.

Build a classifier Cyyq on L.

(c
(d
(e
(f

(g) Increase t by 1.

Compute Accyi1, which is the accuracy of Cyy1 on Ly.

)
)
)
) If Accyyq < Acey, then Ly = Ly, and rebuild Cyyq on Lyy.

5. Return the final classifier.

Figure 4.1: Algorithm of ISBOLD for self-training
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compute Accy 1. If Aceyyq < Acey, Ly is reset to be equal to Ly, and Cyyq
is updated on L, accordingly. The whole process iterates until there is no
unlabeled instance left or the maximum number of iterations is reached.

The reason that we remove L;, ; from L;,; once the accuracy on Ly decreases
is that, if adding L;, ; to the training set degrades the classifier’s performance
on Ly, it is very possible that the performance of the current classifier on the
test set degrades as well. Hence, we use this method to roughly prevent
possible performance degradation. Furthermore, notice that in step 4(b), all
the selected instances are removed from U, which means that each selected

instance is either added to the labeled data or removed from U.

4.1.2 ISBOLD for Co-Training

A similar selection method is used in co-training. We denote the classifiers
on the two sub-views in iteration ¢ as C¢ and Cf. The algorithm is shown in
Figure 4.2.

The difference between ISBOLD and the common confidence selection method
in co-training is displayed in steps 8(f), 8(g), 8(i) and 8(j). In iteration ¢+ 1,
on sub-view a, after selecting a certain number of unlabeled instances that
C? has high classification confidence, a label is assigned to each selected in-
stance (for simplicity, the set of those selected instances is denoted as L{; ).
Then L¢. , = LY U LY, and Cf,, is built on L{, ;. Now we compute Accf
that represents the accuracy of C¢, | on Lg. If Accf,, < Accf, L} | = L{ and

C{., is updated accordingly. The same steps are repeated on sub-view b to
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. Set t, the iteration counter, to 0.

. Randomly partition the attribute set Att into two separate sets Att,
and Atty.
Generate L¢ and LY from L. Generate U, and U, from U.

. Generate data pool U, and U} by randomly choosing u instances from
U, and U, respectively.

. Use L§ to train a classifier C}.

. Use L§ to train a classifier C}.

. Compute Accf, which is the accuracy of C on L.

. Compute Acc?, which is the accuracy of C? on L§.

. While the stopping criteria are not satisfied,

Use C¢ to predict a label for each instance in U!. Use C} to predict
a label for each instance in Uj.

Generate LY : select m unlabeled instances that C} has high
classification confidence, together with predicted labels. Delete
the selected instances from Uj.

Generate LY, : select m unlabeled instances that C{ has high
classification confidence, together with predicted labels. Delete
the selected instances from U!.

Li, = LU L?il' L?H =Ly U ijrr

Use L{,, to train a classifier C7, ;.

Compute Acc?, |, which is the accuracy of Cf,; on L.

If Acct, | < Accf, then L, , = L, and rebuild C} , on L¢ ;.
Use LY., to train a classifier C7, ;.

Compute Acc},, which is the accuracy of Cf,; on L.

If Acch,, < Ace}, then LY, | = L?, and rebuild C?,; on LY.

Randomly move m instances from U, to replenish U .
Randomly move m instances from U, to replenish Uj.

Increase ¢ by 1.
28

Figure 4.2: Algorithm of ISBOLD for co-training



generate LY, and C}, ;. New unlabeled instances are replenished from the
remaining unlabeled data part to the data pool of each sub-view. The whole
process iterates until there is no unlabeled instance left or the maximum

number of iterations is reached.

4.2 Experimental Results and Analysis

4.2.1 Experimental Settings

We ran experiments on the same 26 datasets used in Chapter 3. In our
experiments, ten runs of four-fold stratified cross-validation are conducted,
and [p is set to be 5%. Naive Bayes is used in self-training and co-training.
The maximum number of iterations in both is set to 80. For co-training, the
attributes are randomly split into two subsets, and the size of data pool is
set to be 50% of the size of U. Accuracy and AUC are used as performance

measurements.

4.2.2 Results Analysis

Performance comparison results of using ISBOLD and using the common
“confidence selection” method in self-training and co-training are shown in
Table 4.1 and Table 4.2. For simplicity, the methods are denoted as IS-
BOLD and CF in the tables. In each table, figures on each row are the

average accuracy or AUC over ten-runs of four-fold cross-validation on the
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Table 4.1: Accuracy of CF vs ISBOLD in self-training and co-training

(a) self-training

(b) co-training

[ Dataset [ CF [ ISBOLD | [ Dataset [ CF [ ISBOLD |
balance-scale 59.52 | 66.21 balance-scale 59.10 | 67.17
breast-cancer 65.09 | 65.61 breast-cancer 70.41 | 71.00
breast-w 96.67 | 96.34 breast-w 96.85 | 96.47
colic 74.54 | 75.38 colic 76.60 | 75.76
colic.ORIG 55.05 | 60.57 colic. ORIG 55.19 | 62.04
credit-a 80.68 | 80.78 credit-a 81.36 | 79.67
credit-g 60.62 | 66.03 v credit-g 63.04 | 67.72 v
diabetes 70.55 | 70.53 diabetes 67.51 | 69.58
heart-c 81.55 | 81.15 heart-c 82.77 | 80.13
heart-h 83.06 | 82.41 heart-h 81.46 | 78.60
heart-statlog 81.37 | 80.74 heart-statlog 82.03 | 80.30
hepatitis 79.70 | 78.34 hepatitis 81.04 | 80.21
ionosphere 80.97 | 79.86 ionosphere 81.50 | 83.08
iris 90.31 | 90.05 iris 80.79 | 78.98
kr-vs-kp 67.26 | 80.07 v kr-vs-kp 59.22 | 77.36 v
labor 88.26 | 87.92 labor 77.21 | 78.43
letter 40.38 | 57.39 v letter 36.67 | 56.05 v
mushroom 91.90 | 92.57 v mushroom 91.74 | 92.38 v
segment 63.49 | 72.88 v segment 61.49 | 71.64 v
sick 91.54 | 94.15 sick 93.40 | 93.56
sonar 55.72 | 57.93 sonar 55.43 | 58.08
splice 82.05 | 85.48 v splice 73.91 | 82.63 v
vehicle 41.79 | 48.35 vehicle 41.57 | 47.86
vote 87.89 | 88.53 vote 88.21 | 88.60
vowel 18.75 | 21.78 vowel 18.83 | 23.36
waveform-5000 | 77.98 | 78.87 waveform-5000 | 71.61 | 75.91 v

[ mean [ 71.80 | 74.61 ] [ mean [ 70.34 | 73.71 ]

[vsCF:w/t/l [ - ]6/20/0 ] [vsCF:w/t/1 [ - [7/19/0 ]

corresponding dataset. Row “w/t/1” represents that using ISBOLD in the
corresponding column wins on w datasets (marked by ‘v’), ties on ¢ datasets,
and loses on [ datasets (marked by ‘*’) against using “confidence selection”
in self-training or co-training, under a two-tailed pair-wise t-test with the
significant level of 95%. Values in row “mean” are the average accuracy or
AUC over the 26 datasets.

Table 4.1(a) shows the average accuracy of using ISBOLD and CF in self-

training. The “w/t/1” t-test results show that, ISBOLD significantly im-
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Table 4.2: AUC of CF vs ISBOLD in self-training and co-training

(a) self-training (b) co-training

[ Dataset [ CF [ ISBOLD | [ Dataset [ CF [ ISBOLD |
balance-scale 61.37 | 66.68 balance-scale 60.44 | 65.34
breast-cancer 63.98 | 63.48 breast-cancer 63.51 | 64.37
breast-w 99.07 | 99.08 breast-w 99.22 | 99.19
colic 79.24 | 78.43 colic 78.99 | 79.08
colic.ORIG 51.62 | 58.49 colic. ORIG 49.62 | 55.82
credit-a 86.81 | 86.79 credit-a 88.05 | 86.35
credit-g 56.56 | 65.24 v credit-g 55.33 | 61.62
diabetes 78.03 | 76.36 diabetes 72.61 | 74.95
heart-c 83.97 | 83.92 heart-c 84.02 | 83.80
heart-h 83.74 | 83.74 heart-h 83.77 | 83.50
heart-statlog 88.93 | 88.64 heart-statlog 90.03 | 88.03
hepatitis 83.02 | 80.99 hepatitis 78.38 | 73.19
ionosphere 86.86 | 86.68 ionosphere 87.89 | 88.92
iris 98.33 | 98.29 iris 93.21 | 92.27
kr-vs-kp 74.65 | 89.03 v kr-vs-kp 66.86 | 86.39 v
labor 96.59 | 96.72 labor 87.76 | 85.18
letter 86.09 | 93.08 v letter 82.98 | 92,57 v
mushroom 98.04 | 98.81 v mushroom 97.89 | 98.75 v
segment 90.86 | 95.24 v segment 87.93 | 94.82 v
sick 91.51 | 93.96 sick 87.74 | 93.83
sonar 58.64 | 62.21 sonar 59.59 | 62.93
splice 94.40 | 96.23 v splice 88.65 | 94.87 v
vehicle 59.63 | 66.95 v vehicle 59.56 | 67.09 v
vote 96.31 | 96.52 vote 96.31 | 96.46
vowel 57.65 | 64.49 v vowel 57.97 | 66.44 v
waveform-5000 | 88.85 | 90.96 v waveform-5000 | 84.22 | 89.54 v

[ mean [ 80.57 | 83.12 ] [ mean [ 78.56 | 81.74 ]

[vsCF:w/t/l [ - [9/17/0 ] [vsCF:w/t/1 [ - [8/18/0 ]

proves classification accuracy on six datasets. Values in row “mean” also
demonstrate that ISBOLD improves the average performance. Table 4.1(b)
shows the average accuracies in co-training. The “w/t/1” t-test results tell
that ISBOLD significantly improves the performance of co-training on seven
datasets. And the mean value increases from 70.34 to 73.71.

Comparison results on AUC in self-training and co-training are displayed in
Table 4.2. It can be observed that, using ISBOLD, the AUC of self-training

is significantly improved on nine datasets. And the mean value increases
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from 80.57 to 83.12. Similarly, the AUC of co-training is sharply improved

on eight datasets, and the mean value is improved from 78.56 to 81.74.

4.2.3 Learning Curves Analysis

Based on our previous work [23], we guess that, the classifier should have
a good prediction performance on the testing set if the accuracy on the
original labeled data does not degrade. To verify our conjecture and to
further examine the performance of ISBOLD during each iteration, learning
curves of a random running of two self-training methods on datasets vehicle
and kr-vs-kp are displayed in Figure 4.3 and Figure 4.4, respectively. The
data splitting setting is the same as that in Section 4.2.1. Curves in co-
training are omitted here due to space limitation.

On each graph, at each iteration ¢, the accuracy values of classifier C; on the
original labeled data Lg and the testing set for using ISBOLD or CF in self-
training are displayed, respectively. Curves “ISBOLD-L0” and “ISBOLD-
test” show accuracy values on the original labeled data Ly and on the testing
set, respectively, when using ISBOLD in self-training on the dataset. Curves
“CF-L0” and “CF-test” display accuracy values on Ly and on the testing
set, respectively, when using “confidence selection” in self-training on the
dataset.

According to our conjecture, when the accuracy on the original labeled data
Lg decreases, the accuracy on the corresponding testing set generally de-

creases as well. This is actually observed on the trends of curve “CF-L0”
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Figure 4.3: Learning curves on the vehicle dataset

and curve “CF-test” in Figure 4.3 and Figure 4.4. Curve “CF-test” gener-
ally goes down when curve “CF-L0” goes down.

ISBOLD is presented based on our conjecture that the classifier will have
good prediction performance on the testing set if its accuracy on the original
labeled data does not degrade during each iteration. As shown in Figure 4.3
and Figure 4.4, comparing curves on “confidence selection” method to curves
on ISBOLD method, ISBOLD can sharply improve the accuracy on the test-
ing set while improving it on Ly. When the accuracy on g does not degrade,
the final accuracy on the testing set does not significantly decrease. These
observations confirm that, it is an effective way to improve the classification
accuracy of semi-supervised learning by using the accuracy on the original
labeled data to further decide whether to accept the selected unlabeled in-

stances into the next iteration or not.
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Figure 4.4: Learning curves on the kr-vs-kp dataset

4.3 Discussion

In standard self-training and co-training, if the current classifier has poor
performance and wrongly assigns labels to some self-labeled instances, the
final performance will be jeopardized due to the accumulation of mislabeled
data. It is a general problem for the methods based on the classifier per-
formance on the expanded data, including the original labeled data and the
self-labeled data. Since the originally labeled instances are generally more
reliable than self-labeled instances, the performance on the former instances
alone is more critical. ISBOLD considers both the prediction confidence of
the current classifier on the self-labeled data and the accuracy on the origi-
nal labeled data only. The effectiveness of ISBOLD algorithm confirmed our
conjecture that, the classifier should have a good performance on the origi-
nal labeled data if it wants to have good prediction performance on future

data. More precisely, when the accuracy of the classifier evaluated on the
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original labeled data decreases, the accuracy on the future testing set gener-
ally degrades as well. Hence, utilizing the accuracy on the original labeled
data to select more reliable unlabeled instances seems crucial to the final

performance of semi-supervised learning.

4.4 Summary

In this chapter, a new instance selection method, ISBOLD, is presented to
improve the performance of self-training and co-training when using Naive
Bayes as the underlying classifier. During each iteration, after selecting a
number of unlabeled instances that the current classifier has high classifica-
tion confidence, we use the change of accuracy of the current classifier on
the original labeled data to decide whether to accept the selected unlabeled
instances to expand the labeled training set in the next iteration. Experi-
ments on 26 UCI datasets show that ISBOLD can significantly improve the
performance of self-training and co-training on many datasets. The learning
curve analysis gives a vivid demonstration and experimentally proves the

feasibility of our method.
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Chapter 5

Cost-Sensitive Semi-Supervised

Bayesian Learning Methods

In this chapter, we deal with the application of Naive Bayes in the problem
that the labeled data is scarce and different misclassification errors result in
different costs. A special case that datasets have imbalanced data distribu-
tion is introduced at the beginning, which is natural to be handled by cost-
sensitive learning methods if assigning different misclassification costs to the
classes. Hence, three methods on cost-sensitive learning in semi-supervised
learning scenario are presented in the chapter: a single-model cost-sensitive
self-training method and two cost-sensitive self-training methods using mul-
tiple classifiers. We focus on binary datasets here, and the proposed methods

might be extended on multi-class datasets in the future.
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5.1 A Study of Semi-Supervised Learning on

Class-Imbalanced Data

Section 2.2 introduces that learning classifiers on data with skewed class
distributions may cause bad predictions on the minority class. Here, we
conduct experiments on some special cases to confirm the phenomenon in
self-training and co-training. Given the percentage of positive instances in
the labeled data, we randomly sample a new dataset with the same size of
the original data set with different class distributions. Then self-training and
co-training are applied on the new dataset. By changing the percentage of
positive instances in the labeled data from 0 to 1, we observe the classification
accuracy on the test set that has the same class distribution as the labeled
data.

Figure 5.1 shows the average results of true positive rate (TPR) and true
negative rate (TNR) of 10 runs of 10-fold cross-validation on datasets sam-
pled from the “credit-g” dataset when the ratio of labeled data to unlabeled
data is fixed to 10% : 90% in self-training. Computation methods for TPR
and TNR are described in Appendix B.

The curves show that, when there are fewer positive instances in the train-
ing labeled data, most test instances are predicted by the learn classifier to
negative class because TPR is close to 0 and T'NR is close to 1.0; when the
percentage of positive instances is close to 1.0, most test instances are pre-

dicted as positive class. Hence, when the class distribution is not balanced,
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Figure 5.1: Results on class-imbalanced data

the learned classifier tends to classify more instances to the majority class
which might ignore the minority class when the percentage of minority class

in the training data is very small.

Cost-sensitive learning is a very natural method to apply on the class-imbalanced
datasets if we consider that different classes have unequal misclassification
costs. In the following sections, we will introduce three cost-sensitive semi-

supervised learning methods.

5.2 Analysis of Cost-Sensitive Learning

Cost-sensitive learning deals with the problem that misclassifying different

classes are associated with different costs. A cost matrix for binary-class
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datasets is shown in Figure 5.2. Suppose the class with lower misclassifica-
tion cost is represented as positive (P), and the class with higher misclassifi-
cation cost as negative (N). “cfp” is the cost of wrongly classifying a negative
instance to be positive. “cfn” is the cost of misclassifying a positive instance
to be negative. “ctp” and “ctn” are the costs of correctly classifying a posi-
tive instance and a negative instance, respectively. Usually, ctp=ctn=0, and

cfp>cfn>0.

Predicted class

P N
Actualclass | P CTP CFN
N CFP CTN

Figure 5.2: Cost matrix for binary-class datasets

Here, we use the confusion matrix to analyze the cost-sensitive problem.
Descriptions of the confusion matrix for binary-class datasets are given in
Appendix B. Three confusion matrixes are shown in Figure 5.3. Sub-graph
(c) represents the general case that there are some misclassified positive in-
stances and negative instances when applying a classifier on a testing dataset.
The numbers of true positive instances, false positive instances, true negative
instances, and false negative instances are pl, nl, n2, and p2, respectively.
Sub-graph (a) shows the confusion matrix that all the instances are predicted
as “positive”. Sub-graph (b) displays the confusion matrix that all the in-
stances are predicted as “negative”. By computing the total cost, we have

costy = (p1+p2) *xctp+ 0% cfn+ (ny +ng) xcfp+0xctn = (ny +n9) xcfp,
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costy, =0xctp+ (p1 +p2) xcfn+0xcfp+ (ny +ng) xctn = (p1 + po) x cfn,
and cost, = pyxctp+payxcfn+nyxcfp+ngxctn = psxcfn+nyxcfp. By

comparing the above three equations, we obtain following results:

1. If gfiﬁ < B2 then cost, < cost. which means that, classifying all in-
2

stances as “positive” can get smaller misclassification cost than using

some specific classifier.

2. If szZ > BLthen cost, < cost. which means that, classifying all in-
1

¢

stances as “negative” can get smaller misclassification cost than using

some specific classifier.

3. It gfiz < %, then cost, < cost, and classifying all instances as
“positive” has smaller misclassification cost than classifying them as
“negative”; otherwise, classifying all as “negative” has smaller cost

than classifying as “positive”.

Predicted class Predicted class Predicted class
P N P N p N
Actual P | pl+p2 0 Actual P 0 pl+p2 Actual P pi p2
class N | ni+n2 0 class N 0 nil+n2 class N nl n2

(@) (b) {c)

Figure 5.3: Three confusion matrixes

The two cases in sub-graph (a) and sub-graph (b) are two extreme cases,
which make sense in real-world applications when we want to correctly find
instances of one particular class and ignore the other class. The ideal situa-

tion is that a good cost-sensitive classifier is able to correctly classify instances
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for both classes, that is, po — 0 and n; — 0. It is difficult to design a classifier
to meet the ideal situation. An alternative way to get lower misclassification
costs is to design classifiers to get high values of n; while sacrificing the whole

accuracy to a small degree.

5.3 A Single-Model Cost-Sensitive Self-Training

Method

In this section, a new cost-sensitive self-training method CS-ST is presented.
The main idea of CS-ST is to consider the expected cost when selecting and
labeling the unlabeled instances so as to adapt the self-training algorithm
to the cost-sensitive learning problem. The degree of change of the average
misclassification cost is used as a further selection criterion to decide whether

to add the selected instances into the training data.

5.3.1 Algorithm Description

The cost matrix described in Section 5.2 is used in our algorithm. We set cfn
=1 and cfp > 1 because misclassifying a negative instance is associated with
a larger cost. By fixing the value of ¢fn to 1, the value of ¢ fp reflects the ratio

of the misclassification costs of the two classes. The average misclassification
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cost on a testing dataset with m instances is formulated as:

>, Clpredictedclass;, actualclass;)

AC = (5.1)

m

where predictedclass; is the predicted class label of the i-th testing in-
stance, actualclass; is the actual class label of the i-th testing instance, and
C(predictedclass;, actualclass;) is the cost of misclassifying the instance of
the actual class label to the predicted class label.

The CS-ST algorithm is described in Figure 5.4. Initially, a Naive Bayes
classifier Cy is learned from Lg. In iteration ¢, L; is updated and a new Naive
Bayes classifier C; is built from L;. The unlabeled instances are selected
and labeled according to the expected costs. The change of the average
misclassification cost is used to further decide whether to use the selected
instances to expand the training data. Since the real labels of the unlabeled
data are unknown to the algorithm, it is not feasible to compute the actual
misclassification cost of the each classifier in each iteration. Therefore, we
estimate the average misclassification cost of C;, denoted as Zét, on a small
dataset with real labels (Lg). The stopping criterion is that the maximum
number of iterations is reached or there is no unlabeled instances left in U.

Compared to the standard self-training, the misclassification cost is consid-

ered in three places:

e Selection (step 4(a)): after current classifier C; produces the prediction

probability for each unlabeled instance, the expected cost is computed
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1. Set the iteration counter t to 0.

2. Build a Naive Bayes classifier Cj on the labeled data Ly only.
3. Compute ;l\ét.

4. While the stopping criteria are not satisfied,

(a) Select m unlabeled instances from U; that classifier C; has the
smallest expected cost.

(b) Assign each selected unlabeled instance an “optimum” label with
the smallest expected cost computed by Equation 2.1.

Form L, as the union of L; and the selected instances.

5. Return the final classifier.

Figure 5.4: The CS-ST algorithm
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using Equation 2.1. The m unlabeled instances with the smallest ex-

pected cost will be selected.

Labeling (step 4(b)): for each of the m selected instance, assign it
the “optimum” class that has the smallest expected cost. This step
is similar to the labeling step used in the CS-EM algorithm [55]. The
difference is that, in CS-EM, it computes a value (between 0 and 1) as
the weight of the instance after assigning the “optimum” class; while

all unlabeled instances have the same weight 1.0 in CS-ST.

Whether to accept the m instances to expand the labeled data in the
next iteration (steps 4(f-g)): if ACyy1 > AC,, discard the m selected

instances; otherwise, use them in the next iteration.

5.3.2 Experiments and Results

In this section, CS-ST is compared with following algorithms:

(1) SelfTrain: it is the standard self-training method using Naive Bayes as

the underlying classifier.

(2) SL: it is a Naive Bayes classifier trained on the original labeled data

only.

For each method, after the classifier is built, testing instances are assigned

labels according to the predicted probabilities of the classifier, and the av-
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erage misclassification cost is computed thereafter based on the number of

misclassified instances and the corresponding costs.

5.3.2.1 Datasets

Two kinds of datasets are used to compare the performance of the methods.
The first set is 13 datasets that appear in several papers of cost-sensitive
learning [14] [57] [15] [55] [63]. They can be downloaded from UCI repos-
itory [1]. In our experiments, the datasets are pre-processed in Weka [67].
Missing values are replaced by the “ReplaceMissing” filter. Numeric values
are discretized by the ten-bin discretization filter. The dataset “hypothy-
roid” is changed to a binary class dataset by selecting the two most frequent
class values. The second set is three text datasets “oh0”, “oh5”, and “oh10”

that are used in Qin [55].

Table 5.1: Experimental Datasets

[ Dataset [ Size [ #Attr [ #Pos [ #Neg [ %Neg [ #Pos/#Neg]
kr-vs-kp 3196 37 1669 1527 | 47.78% 1.1
cleanl 476 167 269 207 | 43.49% 1.3
bupa 345 7 200 145 | 42.03% 1.4
spambase 4601 58 2788 1813 | 39.40% 1.5
vote 435 17 267 168 | 38.62% 1.6
wdbc 569 31 357 212 | 37.26% 1.7
pima-indians 768 9 500 268 | 34.90% 1.9
tic-tac-toe 958 10 626 332 | 34.66% 1.9
breast-w 699 10 458 241 | 34.48% 1.9
credit-g 1000 21 700 300 | 30.00% 2.3
breast-cancer 286 10 201 85 | 29.72% 2.4
sick 3772 30 3541 231 6.12% 15.3
hypothyroid 3675 30 3481 194 5.28% 17.9
oh0 1003 3183 809 194 | 19.34% 4.2
ohb 918 3013 769 149 | 16.23% 5.2
oh10 1050 3239 885 165 | 15.71% 5.4

To be consistent, the order of class values in some datasets are changed so
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that the majority (positive) class is the first class value while the minority
(negative) class is the second class value. The modified datasets include
“tic-tac-toe”, “bupa’, “breast-cancer”, “breast-w”, and “vote”.

The details of the data sets are displayed in Table 5.1. “#Attr” is the number
of attributes in each dataset. Columns “#Pos” and “#Neg” show the number
of instances belong to positive class and negative class, respectively, in each
dataset. Column “%Neg” depicts the percentage of negative instances in each
dataset. And column “#Pos/#Neg” is the ratio of the number of positive

instances to the number of negative instances in each dataset.

5.3.2.2 Experimental Settings

On each dataset, ten runs of five-fold cross-validation are conducted and
the average results are reported. The labeled percentage [p (following the
notation in previous chapters) is set to be 1%. Hence, in each fold, 20% data
is kept as the testing set, and the other 80% data is then randomly split
into labeled data (1% of the 80% data) and unlabeled data (99% of the 80%
data). The class distribution in the labeled data is kept the same as that in
the whole dataset.

We implemented CS-ST and self-training in Weka, and utilized the code for
NaiveBayes and NaiveBayesMultinomial in Weka. For the 13 UCI datasets,
NaiveBayes is used as the underlying classifier in all the methods. For the
three text datasets, NaiveBayesMultinomial classifier is used as the underly-

ing classifier because it is suitable for dealing with text datasets.

76



The cost of misclassifying a negative instance to be positive (cfp) is set to
2, 5, and 10, respectively, to observe the performance of the three meth-
ods in different situations. The average misclassification cost is used as the

performance measurement.

5.3.2.3 Results on Thirteen UCI Datasets

Comparison results of the methods when using different cfp values are shown
in the sub-tables of Table 5.2. Each value in front of “+” is the average value
of the average misclassification costs computed from the ten runs of five-fold
cross-validation, followed by the corresponding standard deviation after “£”.
Row “Mean” depicts the mean value of the average misclassification cost
computed over all the datasets of the corresponding column. Row “CS-ST:
w/t/1” represents that CS-ST wins on w datasets (marked by e), ties on ¢
datasets, and loses on [ datasets (marked by o) against the corresponding
method, under a two-tailed pair-wise t-test at 95% significance level. Please
note that, lower average cost implies better performance.

It can be seen that, CS-ST generally gets significantly smaller or equal aver-
age misclassification cost than SelfTrain when cfp changes from 2 to 10. It
significantly outperforms SelfTrain on nine datasets when cfp is 10. More-
over, CS-ST generally obtains much smaller average cost than SL except on
the “hypothyroid” dataset. The advantage of CS-ST over SL is more obvious
when cfp is 5 and 10.

To compare the classifiers’ abilities to identify negative instances, the com-
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Table 5.2: Average results of AC on 13 UCI datasets

(a) cfp=2
[ Dataset [ CS-ST | SelfTrain | SL ]
breast-cancer 0.54 + 0.15 | 0.53 £ 0.16 0.57 4+ 0.12
breast-w 0.03 £ 0.01 | 0.03 + 0.01 0.22 + 0.06 o
bupa 0.69 £ 0.12 | 0.70 £+ 0.11 0.72 £ 0.13
cleanl 0.70 £ 0.10 | 0.68 + 0.15 0.67 £ 0.12
credit-g 0.57 £ 0.05 | 0.56 + 0.05 0.58 + 0.04
hypothyroid 0.17 + 0.03 | 0.17 £ 0.01 0.11 + 0.00 o
kr-vs-kp 0.50 £ 0.11 | 0.73 £ 0.03 ¢ | 0.44 + 0.08
pima-indians 0.51 £ 0.12 | 0.51 + 0.12 0.61 £ 0.06
sick 0.13 £ 0.06 | 0.15 + 0.06 0.12 £+ 0.00
tic-tac-toe 0.65 + 0.08 | 0.64 £ 0.10 0.60 £ 0.08
vote 0.17 £ 0.05 | 0.19 £+ 0.16 0.18 £ 0.12
wdbc 0.14 £ 0.17 | 0.13 £ 0.16 0.33 £ 0.09 e
spambase 0.28 + 0.03 | 0.29 £ 0.11 0.78 = 0.01 o
[ Mean [ 0.39 [ 0.41 [ 0.46 ]
[ CS-ST: w/t/1 | - [ 1/12/0 [ 3/9/1 ]
(b) cfp=5
[ Dataset [ CS-ST [ SelfTrain [ SL ]
breast-cancer 0.97 + 0.30 | 1.04 £ 0.30 1.16 £ 0.20 e
breast-w 0.04 £ 0.03 | 0.04 + 0.02 0.52 +0.15 e
bupa 1.16 £0.34 | 1.29 £ 0.31 e | 1.43 £ 0.40 @
cleanl 1.32 £ 0.29 | 1.24 £ 0.43 1.32 + 0.35
credit-g 1.134+0.13 | 1.18 £ 0.10 e | 1.35 £ 0.11 e
hypothyroid 0.33 + 0.03 | 0.33 £ 0.01 0.26 + 0.00 o
kr-vs-kp 0.88 £0.24 | 1.44 + 0.08 ¢ | 0.92 4+ 0.21
pima-indians 0.95 + 0.27 | 1.00 £ 0.25 1.38 £ 0.15 e
sick 0.21 +0.12 | 0.28 = 0.11 e | 0.31 £ 0.00 e
tic-tac-toe 1.24 +£ 0.20 | 1.30 £ 0.21 1.18 £ 0.19
vote 0.31 £ 0.21 | 0.36 + 0.31 0.29 £+ 0.25
wdbc 0.24 £ 0.32 | 0.21 + 0.31 0.77 £ 024 o
spambase 0.55 £ 0.06 | 0.63 £ 0.23 e | 1.94 + 0.03 e
[ Mean [ 0.72 [ 0.80 [ 0.99 ]
[ CS-ST: w/t/1 ] - [ 5/8/0 [ 8/4/1 ]
(c) cfp=10
[ Dataset [ CS-ST [ SelfTrain [ SL ]
breast-cancer 1.58 £ 056 | 1.88 £ 0.55 e | 2.14 = 0.41 e
breast-w 0.07 £ 0.05 | 0.06 £+ 0.04 1.04 £0.30 e
bupa2 1.80 £ 0.59 | 228 £ 0.64 e | 2.62 + 0.87 @
cleanl 2.36 + 0.63 | 2.18 £ 0.89 2.39 +£ 0.76
credit-g 1.99 +£0.25 | 220 £ 0.19 e | 2.62 + 0.25 @
hypothyroid 0.57 + 0.04 | 0.58 £ 0.02 0.53 + 0.01 o
kr-vs-kp 1.53 +0.44 | 262+ 0.15e | 1.70 = 0.44 @
pima-indians 151 £ 052 | 1.82 £ 0.48 e | 2.67 £ 0.31 @
sick 0.33 +0.23 | 0.51 £ 0.19e | 0.61 £ 0.01 e
tic-tac-toe 217 £ 042 | 240 £ 0.41 e | 2.15 £ 0.41
vote 0.45 £ 0.23 | 0.64 £ 0.58 ¢ | 0.49 + 0.46
wdbc 0.40 £+ 0.58 | 0.34 £+ 0.57 1.51 £ 049 e
spambase 1.00 £ 0.14 | 1.18 £ 0.43 ¢ | 3.88 £ 0.06 e
[ Mean [ 1.21 [ 1.44 [ 1.87 ]
[ CS-ST: w/t/1 ] - [ 9/4/0 [ 9/3/1 |
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Table 5.3: Average results of TNR on 13 UCI datasets

(a) cfp=2
[ Dataset [ CS-ST | SelfTrain | SL ]
breast-cancer 0.46 4+ 0.18 | 0.44 + 0.17 0.34 £ 0.15 @
breast-w 0.99 £ 0.01 | 0.99 + 0.01 0.70 + 0.09 e
bupa 0.56 £ 0.16 | 0.53 £+ 0.16 0.43 + 0.23 o
cleanl 0.51 + 0.16 | 0.57 & 0.22 o | 0.50 £ 0.19
credit-g 0.32 £ 0.08 | 0.32 + 0.06 0.15+ 0.09 e
hypothyroid 0.06 £ 0.07 | 0.03 £ 0.03 e | 0.00 + 0.01 e
kr-vs-kp 0.69 £ 0.09 | 0.51 +£ 0.03 e | 0.67 + 0.10
pima-indians 0.55 £ 0.13 | 0.53 + 0.13 0.26 £ 0.10 @
sick 0.49 £ 0.34 | 0.25 = 0.28 ¢ | 0.00 + 0.01 @
tic-tac-toe 0.38 + 0.12 | 0.37 £ 0.12 0.44 £ 0.13 o
vote 0.89 £ 0.07 | 0.86 £+ 0.14 0.90 £+ 0.11
wdbc 091 +0.14 | 093 +0.140 | 0.60 £ 0.14 e
spambase 0.74 &+ 0.04 | 0.72 £ 0.10 0.02 + 0.01 o
[ Mean [ 0.58 [ 0.54 [ 0.39 ]
[ CS-ST: w/t/1 ] - [ 3/8/2 [ 9/3/1 ]
(b) cfp=5
[ Dataset [ CS-ST [ SelfTrain [ SL ]
breast-cancer 0.50 £0.17 | 0.44 £0.17 e | 0.34 £0.15 @
breast-w 0.99 £0.01 | 0.99 4+0.01 0.70 +£0.09 e
bupa 0.62 +0.18 | 0.53 +0.16 @ | 0.43 +0.23 e
cleanl 0.52 £0.15 | 0.57 +0.22 0.50 £0.19
credit-g 0.38 £0.09 | 0.32 £0.06 ¢ | 0.15 +0.09 e
hypothyroid 0.06 £0.08 | 0.03 £0.03 ¢ | 0.00 +0.01 e
kr-vs-kp 0.73 £0.10 | 0.51 +0.03 ¢ | 0.67 +0.10 e
pima-indians 0.58 £0.14 | 0.53 £0.13 ¢ | 0.26 £0.10 @
sick 0.55 +0.35 | 0.25 +0.28 ¢ | 0.00 +0.01 e
tic-tac-toe 0.42 £0.12 | 0.37 £0.12 e | 0.44 £0.13
vote 0.88 +0.11 | 0.86 +0.14 0.90 £0.11
wdbc 0.91 +£0.14 | 0.93 +0.14 0.60 +0.14 o
spambase 0.77 £0.04 | 0.72 £0.10 e | 0.02 £0.01 e
[ Mean [ 061 o054 [ 0.39 ]
[ CS-ST: w/t/1 ] - [ 9/4/0 [ 10/3/0 ]
(c) cfp=10
[ Dataset [ CS-ST [ SelfTrain [ SL ]
breast-cancer 0.56 £0.18 | 0.44 £0.17 e | 0.34 £0.15 @
breast-w 0.99 £0.01 | 0.99 4+0.01 0.70 +£0.09 e
bupa 0.66 £0.15 | 0.53 £0.16 @ | 0.43 +0.23 e
cleanl 0.52 +£0.15 | 0.57 +0.22 0.50 +£0.19
credit-g 0.41 £0.09 | 0.32 +0.06 e | 0.15 +0.09 e
hypothyroid 0.07 +£0.09 | 0.03 +0.03 @ | 0.00 +0.01 e
kr-vs-kp 0.73 +£0.09 | 0.51 +0.03 ¢ | 0.67 +0.10 e
pima-indians 0.64 £0.14 | 0.53 £0.13 ¢ | 0.26 £0.10 @
sick 0.60 £0.35 | 0.25 £0.28 @ | 0.00 +0.01 e
tic-tac-toe 0.45 £0.13 | 0.37 £0.12 ¢ | 0.44 4+0.13
vote 0.91 +£0.06 | 0.86 +0.14 ¢ | 0.90 +0.11
wdbc 0.91 +0.14 | 0.93 +0.14 0.60 +£0.14 o
spambase 0.77 £0.04 | 0.72 £0.10 ¢ | 0.02 +0.01 @
[ Mean [ 063 Jo054 [ 0.39 ]
[ CS-ST: w/t/1 ] - [ 10/3/0 [ 10/3/0 |
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parison results on True Negative Rate (TNR) are shown in Table 5.3. TNR
is the ratio of the number of correctly classified negative instances over the
total number of negative instances. Higher TINR means that the classifier
identifies more negative instances, which is beneficial to reduce the misclassi-
fying cost. Because SelfTrain does not consider misclassification cost during
classifier learning process, the classifier is the same when cfp changes and
hence T'NR values are not affected by using different cfp values. The situa-
tion is the same for SL. It is observed from the table that, when cfp is small,
CS-ST wins the other two methods on nine and three datasets, respectively,
while loses on one and two datasets, respectively. However, when cfp is 5
or 10, CS-ST can significantly outperform SelfTrain and SL on nine or ten
datasets in terms of T'NR.

To summarize the analysis, on the 13 UCI datasets, CS-ST generally has
much better performance than SelfTrain and SL on most of the datasets
concerning the average misclassification cost and the true negative rate, when

cfpis 2,5 or 10.

5.3.2.4 Results on Three Text Datasets

In [55], compared to a decision tree classifier built on the labeled data only
and a direct-EM method, the presented method CS-EM (using a decision tree
classifier with smoothing as the underlying classifier) shows better average
misclassification cost only on “oh0” while obtaining similar results on ‘0h5”

and “oh10”, when different cfp values are used. Here, we use the three text
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Table 5.4: Average results of AC on three text datasets

(a) cfp=2
[ Dataset [ CS-ST | SelfTrain | SL ]
oh0 0.08 £ 0.08 [ 0.23 £ 0.11e | 0.21 & 0.06
oh5 0.37 £ 022 | 049 £ 0.11 e | 0.30 £ 0.08 0
oh10 0.26 + 0.09 | 0.30 £+ 0.08 @ | 0.27 + 0.05
[ Mean [ 0.24 [ 0.34 [ 0.26 ]
[ CS-ST:w/t/1 | [ 3/0/0 [ 1/1/1 ]
(b) cfp=5
[ Dataset [ CS-ST [ SelfTrain [ SL ]
oh0 0.12+0.15 [ 028 £ 0.16e | 0.38 £ 0.15
oh5 0.56 + 0.38 | 0.69 £ 0.22 e | 0.58 £ 0.14
oh10 0.31 £+ 0.19 | 0.35 £ 0.18 0.54 + 0.14
[ Mean [ 0.33 [ 0.44 [ 0.50 ]
[ CS-ST:w/t/1 | [ 2/1/0 [ 2/1/0 ]
(c) cfp=10
[ Dataset [ CS-ST [ SelfTrain [ SL ]
oh0 0.19+£0.27 [ 0.36 £ 0.28 ¢ | 0.64 + 0.31 @
oh5 0.88 + 0.67 | 1.00 + 0.44 1.04 £ 0.27
oh10 0.40 + 0.37 | 0.42 + 0.36 1.00 £ 0.29 o
[ Mean [ 0.49 [ 0.60 [ 0.89 ]
[ CS-ST:w/t/1 ] [ 1/2/0 [ 2/1/0 ]

and 10, respectively.
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datasets to examine the performance of CS-ST. The comparison results on

the average misclassification cost are shown in Table 5.4, when cfp is 2, 5,

It is observed that, when cfp is 2, CS-ST significantly outperforms SelfTrain
on all the three dataset. When cfp is larger, CS-ST significantly outperforms
SelfTrain on one to two datasets, while having equal performance on the
other datasets. While CS-ST wins on one dataset and loses on one dataset
over SL when cfp is 2, the former significantly outperforms the latter on two

datasets and ties on one dataset when cfp is 5 and 10. In other words, when



cfp is larger, CS-ST has more effect to reduce the misclassification cost than
the other two methods.

In each row, the lowest average misclassification cost obtained on the dataset
is shown in bold font. It is observed that, CS-ST generally obtains the lowest
average misclassification cost among the three methods except on “oh5” when
cfpis 2. Moreover, CS-ST has much lower mean values on the three datasets
than the other two methods. The difference is more obvious when cfp is 10.
Therefore, on the three text datasets, CS-ST also generally outperforms Self-
Train and SL on the average misclassification cost when cfp is 2, 5 or 10.

The superior performance is obviously observed when cfp is larger.

5.3.3 Summary

In this section, a cost-sensitive self-training method CS-ST is proposed to
deal with the situation that the number of labeled data is small and dif-
ferent misclassification errors incur different costs. Naive Bayes is used as
the underlying classifier. The expected cost is considered when selecting and
labeling unlabeled instances in each iteration of self-training. In order to
prevent possible performance degradation, the change of performance on av-
erage misclassification cost on the original labeled data is applied to decide
whether to add the selected instances to expand the training data.

Our experimental results on 13 UCI datasets and three text datasets show
that, CS-ST generally outperforms two base methods in terms of the average

misclassification cost and the true negative rate. The advantage of CS-ST is
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more obvious when cfp has a larger value.

5.4 A Cost-Sensitive Semi-Supervised Learn-
ing Method Based on Bagging

Bagging, also called bootstrap aggregating, is a method to learn multiple
versions of a model and use them to get an aggregated model [3]. Tt is also
used for cost-sensitive learning, such as the MetaCost algorithm [14]. Given
a training dataset D of size n, the basic steps of applying bagging technique

in supervised learning are listed as follows.

1. Generate m new datasets D; of size n’ >= n by sampling from the

original datasets uniformly and with replacement;
2. Build m classifiers on the sampled datasets;

3. For an unseen data instance, combine the predictions of the m classifiers

by voting.

When sampling with replacement, an instances may appear multiple times
in a new dataset. For a large value of n, D; may have 63.2% of the distinct
instances from D, while the other instances are duplicates [3].

In this section, a new cost-sensitive method “BaggingCSSSL” is presented
in semi-supervised learning scenario that uses the bagging technique. A set

of semi-supervised learning models are learned from the sampled datasets
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and combined for classification when different misclassification errors are

associated with different costs.

5.4.1 Algorithm Description

In semi-supervised learning, the number of labeled data L is small. Hence,
to generate sampling instances from Ly might not contribute to the learning
of a better classifier. Hence, we obtain sampling instances from the unlabeled
data U and combine the sampled dataset with Ly to learn semi-supervised
learning classifiers.

The BaggingCSSSL algorithm is described in Figure 5.5. Firstly, n new
datasets Ug, (i = 1,...,n) are randomly sampled from the unlabeled data
U with replacement. Ug, and U have the same size. Secondly, given each
combination of the original labeled data L, and a unlabeled data Ug, as the
input, a cost-sensitive classifier Cyg, is leaned by using the CSAIIU method
that is described in steps 2(a-d). The set of classifiers are output as the final
classifiers. To better illustrate the idea of the “BaggingCSSSL” method, its
structure is described in Figure 5.6.

In the CSAIIU method (step (2) of Figure 5.5), all the unlabeled instances
are iteratively assigned labels and used to expand the labeled data. A Naive
Bayes classifier is initially built from the original labeled data. For each
instance, the prediction probability given by the Naive Bayes classifier is
adopted as an estimate of the real conditional probability so as to compute

the expected cost. Then the method finds the label that has the smallest
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Input: the labeled data Lg; the unlabeled data U; the number n.

Output: a set of classifiers Cyg, (i =1,2,...,n).

1. Generate n new datasets Ug, by sampling from U uniformly and with
replacement.

2. Fori =1 ton,

e Apply the following steps of the C'SAIIU method to build a cost-
sensitive classifier Cs, from the labeled data Ly and the unlabeled
data Usg;:

(a) Initialize t = 0.

(b) Build a Naive Bayes classifier Cyy from L.

(c) While ¢ has not reached the maximum number of iterations,
— Form a new dataset U’ by copying all instances from Usg,.

— Assign each instance in U’ an “optimum” label that has
the smallest expected cost computed by Equation 2.1.

— Form a new training dataset L;;; by combining L, and
U'.
— Build a new Naive Bayes classifier Cy; 1 from L.
— Set t=t+1.
(d) CSZ. - thl-

3. Return the set of classifiers Cl,.

Figure 5.5: The BaggingCSSSL algorithm
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Figure 5.6: The structure of the BaggingCSSSL algorithm

expected misclassification cost for each unlabeled instance to form a new
dataset U’. A new Naive Bayes classifier is built from the combination of the
original labeled data and U’. The method iterates with updating the labels
in U’ and building a new classifier until the stopping criterion is satisfied.

After obtaining the set of classifiers, we use them to predict class member-
ships for unseen testing data instances. For example, suppose the dataset
has two classes “+1”7 and “-17; and we have three classifiers Cg,, Cg, and

Cg, output by the algorithm. For a test instance X, the pair of prediction
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probabilities on the two classes generated by the three classifiers are (0.8,

0.2), (0.9, 0.1) and (0.4, 0.6), respectively. Then, when we use the set of

classifiers to do prediction on X, P(+1|X) = (0.8+0.93§.Z)049(46.%io.1+0.6) = 0.7,

_ 0.240.140.6 _
and P(—1]X) = (0850904 (02+01505) — 0-3-

5.4.2 Experiments and Results Analysis

We conduct similar experiments as shown in Section 5.3.2.2. n is set to 10
which is a recommended value for the number of Bootstrap replicates in bag-
ging [3]. Hence, there are 10 classifiers returned by BaggingCSSSL method:
Cs,, Cs,, ..., and Cg,,. The results on 13 UCI datasets and three text datasets
are summarized in Table 5.5, when cfp is set to different values. Row “vs
CS-ST: w/t/1” shows the t-test results of comparing BaggingCSSSL to CS-
ST when using the cfp value displayed in the corresponding column. Row
“vs SelfTrain: w/t/1” summarizes the t-test results of comparing BaggingC-
SSSL to SelfTrain when using the cfp value displayed in the corresponding
column. Likewise, row “vs SL: w/t/1” indicates the t-test results of compar-
ing BaggingCSSSL to SL when c¢fp is set to the value in the corresponding
column.

It can be seen from Table 5.5 (a) that, when cfp is small (cfp=2), Bag-
gingCSSSL wins CS-ST on two datasets while loses on five datasets, and
BaggingCSSSL has equal performance as SelfTrain and SL. However, when
cfp increases to 5 and 10, BaggingCSSSL wins CS-ST on six datasets, ties

on four datasets, and loses on three datasets. Compared with SelfTrain and
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Table 5.5: Average AC' of BaggingCSSSL method

(a) on UCI datasets

BaggingCSSSL
Datasets Fp=2 [ fp=5 [ fp =10
breast-cancer 0.56 + 0.15 | 0.74 = 0.10 | 0.72 £ 0.10
breast-w 0.03 £+ 0.01 | 0.04 £ 0.02 | 0.06 £ 0.05
bupa 0.64 = 0.10 | 0.61 = 0.05 | 0.63 £ 0.09
cleanl 0.69 + 0.14 | 1.32 = 0.42 | 2.30 £ 0.86
credit-g 0.59 + 0.07 | 0.88 = 0.11 | 0.84 £ 0.17
hypothyroid 0.21 £ 0.02 | 0.50 £ 0.06 | 0.86 £ 0.09
kr-vs-kp 0.66 £ 0.08 | 0.81 £ 0.21 | 0.90 £ 0.15
pima-indians 0.49 £ 0.11 | 0.64 £ 0.10 | 0.67 £ 0.03
sick 0.22 £0.03 | 0.51 £ 0.05 | 0.86 £ 0.05
tic-tac-toe 0.64 + 0.03 | 0.65 = 0.00 | 0.65 £ 0.00
vote 0.17 £ 0.16 | 0.25 + 0.30 | 0.38 £ 0.52
wdbc 0.10 + 0.04 | 0.22 £0.09 | 0.39 £ 0.18
spambase 0.81 +0.04 | 1.46 £0.69 | 0.95 + 1.11
[ Mean [ 0.45 [ 0.66 [ 0.79
vs CS-ST: w/t/1 2/6/5 6/4/3 7/4/2
vs SelfTrain: w/t/1 | 4/5/4 7/3/3 7/4/2
vs SL: w/t/1 4/4/5 9/2/2 10/1/2
(b) on text datasets
BaggingCSSSL
Datasets Fp=2 (/=75 [ cfp =10
oh0 0.19 £ 0.10 | 0.24 £ 0.12 | 0.30 £ 0.14
ohb 0.42 +£0.13 | 0.55 £ 0.18 | 0.78 £ 0.36
oh10 0.35 + 0.06 | 0.39 £0.16 | 0.47 £ 0.31
[ Mean [ 0.32 [ 0.40 [ 0.52
vs CS-ST: w/t/1 0/0/3 0/1/2 0/3/0
vs SelfTrain: w/t/1 | 2/0/1 1/1/1 0/3/0
vs SL: w/t/1 1/0/2 2/1/0 2/1/0
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Table 5.6: Average TNR of BaggingCSSSL method on 13 UCI datasets

BaggingCSSSL
Datasets p=2 [ fp=5 [ Fp =10
breast-cancer 0.64 + 0.22 | 0.96 £ 0.11 | 0.99 4+ 0.03
breast-w 0.99 + 0.01 | 0.99 + 0.01 | 0.99 + 0.01
bupa 0.78 + 0.26 | 0.98 = 0.02 | 0.99 + 0.02
cleanl 0.53 + 0.22 | 0.53 £ 0.22 | 0.54 £ 0.21
credit-g 0.43 + 0.16 | 0.80 = 0.11 | 0.95 &£ 0.06
hypothyroid 0.06 & 0.04 | 0.19 &£ 0.07 | 0.79 £ 0.24
kr-vs-kp 0.62 + 0.13 | 0.82 £ 0.10 | 0.90 £ 0.03
pima-indians 0.72 £ 0.15 | 0.98 + 0.07 | 0.99 + 0.01
sick 0.07 £ 0.06 | 0.20 + 0.21 | 0.92 £+ 0.12
tic-tac-toe 0.92 + 0.16 | 1.00 + 0.00 | 1.00 + 0.00
vote 0.93 + 0.13 | 0.93 £0.12 | 0.93 £+ 0.12
wdbc 0.89 + 0.05 | 0.90 + 0.05 | 0.90 + 0.05
spambase 0.01 + 0.05 | 0.29 £ 0.38 | 0.86 £ 0.32
[ Mean [ 0.58 [ 0.74 [ 0.90 ]

vs CS-ST: w/t/1 6/4/3 8/3/2 10/3/0

vs SelfTrain: w/t/1 | 8/3/2 8/4/1 10/3/0

vs SL: w/t/1 10/2/1 12/1/0 12/1/0

SL, BaggingCSSSL gets lower average misclassification costs on seven or nine
datasets. When cfp is 10, BaggingCSSSL reduces the misclassification costs
on more datasets than the other three methods. Therefore, BaggingCSSSL
shows better performance when cfp increases.

In terms of finding true negative instances, the advantage of BaggingCSSSL
is observed in Table 5.6. The results indicate that, generally, BaggingCSSSL
significantly predicts more negative instances than CS-ST, SelfTrain, and SL.
When cfp is 10, the TNR values of BaggingCSSSL computed on most of the
13 UCI datasets are close to 1.0, and the average result of TNR on the 13
UCI datasets is 0.90. On the “tic-tac-toe” dataset, BaggingCSSSL correctly
predicts all the negative instances (I'N R =1.0) when cfp is 5 and 10.

As displayed in Table 5.5 (b), the comparison results on the three text

datasets indicate that, BaggingCSSSL gets equal or worse performance than
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CS-ST with regards to the average misclassification cost. Compared to Self-
Train, using bagging technique has better performance on one or two datasets
while losing on one dataset when cfp is 2 and 5. Compared to SL, the per-
formance of BaggingCSSSL is improved as cfp increases. BaggingCSSSL has
more advantage to get a low average misclassification cost among the four

methods when cfp is 10.

5.4.3 Summary

A bagging based cost-sensitive semi-supervised learning algorithm is pre-
sented in this section. A set of classifiers are learned and saved for prediction
on unseen data. Since each classifier is trained from the combination of the
labeled data and a different set of unlabeled data, diversity is introduced
into the final set of classifiers. The experimental results show that, Bag-
gingCSSSL has smaller misclassification cost than the single-model method
and the two base methods. Moreover, the bagging based method identifies

more negative instances that have a small portion in the dataset.
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5.5 A Cost-Sensitive Semi-Supervised Learn-
ing Method Using Multiple Classifiers with
Randomly Selected Unlabeled Instances

In this section, a method “MultiRSCSSSL” is presented to use multiple cost-
sensitive self-training classifiers when randomly selecting the unlabeled in-

stances.

5.5.1 Algorithm Description

Similar to BaggingCSSSL, MultiRSCSSSL generates an ensemble of classi-
fiers to predict probabilities for the unseen test data. The MultiRSCSSSL
algorithm is described in Figure 5.7. In step 1, the CSRanSelU method de-
scribed in steps 1(a-d) is applied n times on the combination of Ly and U to
learn an ensemble of cost-sensitive classifiers. For an unseen test instance,
the prediction probabilities given by the set of classifiers are computed using
the same method for BaggingCSSSL in Section 5.4.1. To vividly show the
idea of the method, the structure of the “MultiRSCSSSL” method is drawn
in Figure 5.8.

In the CSRanSelU method, if we use the EM method or the self-training
method with confidence selection for instances, C'g, would be the same in
the ensemble. Please recall that, the experimental study in Chapter 3 shows

that, using random selection is not necessarily inferior to using confidence
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Input: the labeled data Lg; the unlabeled data U; the number n.

Output: an ensemble of classifiers Cp, (i = 1,2,...,n).

1. For v =1 to n,

e Apply the following steps of the CSRanSelU method to build a
cost-sensitive classifier C'y, from the labeled data Ly and the un-
labeled data U:

(a) Initialize t = 0.
(b) Build a Naive Bayes classifier Cyy from Ly.
(c) While ¢ has not reached the maximum number of iterations,

— Randomly select m instances from U and move them out
of U.

— Assign each selected instance an “optimum” label that has
the smallest expected cost computed by Equation 2.1.

— Generate L, as the combination of Ly and the m selected
instances.

— Build a new Naive Bayes classifier Cy ;1 from L;;.
— Set t=t+1.
(d) CE‘Z - thl'

2. Return the ensemble of classifiers C, .

Figure 5.7: The MultiRSCSSSL algorithm
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Figure 5.8: The structure of the MultiRSCSSSL algorithm

selection in self-training. In order to add more diversity into the ensemble
classifiers, we randomly select some unlabeled instances in each iteration of
self-training and assign them the labels that have the minimum expected
cost.

There are two major differences between BaggingCSSSL and MultiRSCSSSL:
(1) In MultiRSCSSSL, each classifier Cpg, is built from the original labeled
data Ly and the unlabeled data U; while each classifier C, in BaggingCSSSL

is learned from L, and an unlabeled dataset Us, sampled from U. (2) In
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MultiRSCSSSL, each classifier is built by calling the CSRanSelU method
that randomly select unlabeled instances in self-training; in BaggingCSSSL,
each classifier is obtained by calling the CSAIIU method that employs uses

all the unlabeled instances in each iteration of training.

5.5.2 Experiments and Results Analysis

We conduct experiments on the same datasets as described in Section 5.3.2.2.
n is set to 10 here as well. The results on 13 UCI datasets and three text
datasets are summarized in Table 5.7, when cfp is set to different values.
Figures in the table have similar meanings as introduced in previous sections.
The results shown in Table 5.7 (a) indicate that, MultiRSCSSSL generally
outperforms SL on five to eight UCI datasets when cfp changes from 2 to
10, although it get worse performance on three datasets when cfp is 2. Com-
pared to SelfTrain that does not consider the misclassification cost when
building the classifier, MultiRSCSSSL get significant smaller average mis-
classification cost on four and six datasets when cfp is set to different values.
Hence, it is concluded that, MultiRSCSSSL generally outperforms the two
base performances.

It is also observed that, MultiRSCSSSL wins CS-ST on two datasets and loses
on three datasets when cfp is 2; and wins on three datasets while losing on
one dataset when cfpis 5 or 10. The advantage of ensemble learning is shown
only when cfp is set to a larger value.

When comparing MultiRSCSSSL to BaggingCSSSL, the former method sig-
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Table 5.7: Average AC of MultiRSCSSSL method

(a) on UCI datasets

Datasets MultiRSCSSSL
cfp=2 [ cfp=35 [ ¢fp =10
breast-cancer 0.54 £0.16 | 0.92 £0.29 | 1.13 £ 0.34
breast-w 0.03 £ 0.01 | 0.04 £0.02 | 0.06 + 0.04
bupa 0.64 + 0.10 | 0.75 £0.16 | 0.75 + 0.17
cleanl 0.68 + 0.14 | 1.30 £ 0.42 | 2.28 + 0.83
credit-g 0.57 £ 0.04 | 1.16 £ 0.10 | 1.83 + 0.23
hypothyroid 0.17 £ 0.01 | 0.33 £ 0.01 | 0.59 £ 0.02
kr-vs-kp 0.65 & 0.09 | 1.08 £ 0.22 | 1.44 + 0.40
pima-indians 0.49 + 0.10 | 0.71 £ 0.19 | 0.89 + 0.41
sick 0.18 £ 0.03 | 0.36 = 0.05 | 0.60 + 0.12
tic-tac-toe 0.62 £ 0.09 | 0.85 + 0.14 | 0.82 + 0.18
vote 0.16 £0.16 | 0.22 £0.12 | 0.32 £ 0.15
wdbc 0.10 £ 0.04 | 0.21 £0.09 | 0.38 + 0.18
spambase 0.32 £ 0.02 | 0.58 & 0.04 | 0.90 + 0.07
[ Mean [ 0.40 [ 0.65 [ 0.92

vs BaggingCSSSL: w/t/1 | 5/8/0 3/7/3 2/8/3

vs CS-ST: w/t/1 2/8/3 3/9/1 3/9/1

vs SelfTrain: w/t/1 4/7/2 4/9/0 6/7/0

vs SL: w/t/1 5/5/3 7/5/1 8/4/1

(b) on text datasets
Datasets MultiRSCSSSL
cfp=2 [ cfp=35 [ ¢fp =10
oh0 0.15 £ 0.15 | 0.29 £ 0.35 | 0.48 + 0.65
ohb 0.48 £ 0.10 | 0.80 £ 0.18 | 1.32 + 0.34
oh10 0.28 £ 0.06 | 0.31 £0.10 | 0.38 + 0.23
[ Mean [ 0.31 [ 0.47 [ 0.73

vs BaggingCSSSL: w/t/1 | 1/2/0 0/2/1 0/2/1

vs CS-ST: w/t/1 0/1/2 0/1/2 0/1/2

vs SelfTrain: w/t/1 0/3/0 0/3/0 0/3/0

vs SL: w/t/1 1/1/1 2/0/1 2/0/1
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nificantly gets smaller average misclassification cost on five datasets and ties
on eight datasets, if cfp is 2. When cfp increases to 5 or 10, the two methods
get equivalent performance.

Results recorded in Table 5.7 (a) show that, on the text datasets, MultiRSC-
SSSL wins SL on one or two datasets and loses on one dataset, while Mul-
tiRSCSSSL has similar performance as SelfTrain. The better performance
of MultiRSCSSSL over CS-ST on UCI datasets is not feasible on the text
datasets: CS-ST outperforms MultiRSCSSSL on two datasets when cfp is 2,
5, and 10, respectively. Compared to BaggingCSSSL, MultiRSCSSSL wins
on the “onl0” dataset when cfp is 2, but loses on the “oh5” dataset when
cfp is 5 and 10. Therefore, on the three text datasets, CS-ST should be
applied instead of BaggingCSSSL or MultiRSCSSSL.

5.5.3 Summary

In this section, MultiRSCSSSL, is presented to use multiple self-training clas-
sifiers that unlabeled instances are randomly selected and misclassification
costs are incorporated during the training process. By randomly selecting
unlabeled instances to expand the labeled data part, diversity is introduced
into the learned self-training classifiers. Results on the 13 UCI datasets
show that MultiRSCSSSL generally outperforms the NB classifier built on
the labeled data only and the self-training classifier, concerning the mis-
classification costs evaluated on the testing data. Moreover, MultiRSCSSSL

gets smaller average misclassification costs than CS-ST when cfp is set to
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5 or 10. The two methods MultiRSCSSSL and BaggingCSSSL have similar

performance on most datasets when cfp is large.
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Chapter 6

Learning Bayesian Network

Structures from Labeled and

Unlabeled Data

In previous chapters, we have conducted research to improve the performance
of self-training and co-training when Naive Bayes is used as the underlying
classifiers, as well as methods to deal with the cost-sensitive problem. How-
ever, the conditional independence assumption of Naive Bayes may not be
satisfied in real-world applications. In addition, although Naive Bayes has
good classification accuracy, the graph structure of Naive Bayes is less pow-
erful than Bayesian networks to represent the relationship among variables.
In this chapter, we study the structure learning of Bayesian networks from

labeled data and unlabeled data. The discovered Bayesian networks not only
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have good classification performance, but also have good graph structures to

represent the relationship among variables.

6.1 Two Definitions of Bayesian Networks

As introduced in Section 2.3, a Bayesian network has a directed acyclic graph
(DAG) representing the relationships among variables (nodes) and a condi-
tional probabilities table for each node that represents the conditional prob-
abilities of the node given its parents.

In order to get an understanding of the details of our presented methods,

some definitions are described here:

Definition 6.1.1. In a given network structure, the Markov blanket of a

variable X consists of X'’s parents, X'’s children, and the parents of X's

children [21].

Conditioned on the set of nodes in the Markov blanket of X, X is independent
of all other nodes in the graph. Therefore, for classification tasks, the class

node is conditionally independent of all other nodes given its Markov blanket.

Definition 6.1.2. A v-structure in a directed acyclic graph G is an ordered
triple of nodes (xr,y,z) such that the directed edges x — y and z — y are

contained in G but there is no adjacent edge between x and z in G [9)].

The skeleton of a DAG is the corresponding undirected graph with the same

nodes and edges. The only difference is that the edges are undirected in
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the skeleton. Two DAGs are considered equivalent if and only if they have
the same skeletons and have the same v-structures that are found from the

graphs [65]. A detailed method of finding equivalence class is given in [8].

6.2 Algorithm Description

Our new algorithm named “SSLBN” is depicted in Figure 6.1. In the SSLBN
method, we utilize the framework of self-training method to use both the
labeled data and the unlabeled data. The main idea is to iterate between
structure learning and parameter learning for Bayesian networks. Greedy
hill-climbing method is used to search for a graph structure from a labeled
training dataset. Firstly, a BN classifier C} is built on the labeled data L.
Then, an EM procedure is called to update parameters for C;, based on the
labeled data L; and the unlabeled data U;. In other words, we treat the
class labels of unlabeled instances as missing values and use EM method to
update the parameters of the newly built Bayesian network. And then, the
classifier C; with its new parameters is applied in instance selection of the
self-training method. The most confident instances are selected, labeled and
moved to the labeled data. We call these steps as one iteration. The process
iterates until the maximum number of iterations is reached or there is no
unlabeled instances left in Uj.

In step 3(e), the greedy hill-climbing search method starts from the neigh-

borhood structures of C} to find a better candidate structure Cy ., aiming
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Input: labeled data Ly and unlabeled data U

Output: a Bayesian network classifier C'

1. Set t, the iteration counter, to 0.

2. Use the hill climbing search method to learn a Bayesian network Cy on
the labeled data Lg only.

3. While the stopping criteria are not satisfied,
(a) Apply the EM method to update parameters for the class node

of Ct.

(b) Select m unlabeled instances from U, that C; has the highest pre-
diction confidence.

(c) Use C; to assign a label to each selected instance.
d) Form L;.; as the combination of L; and the m selected instances.
+

(e) Use the hill climbing search method to find a new Bayesian Net-
work classifier Cyy1 on Lyig.

(f) Increase t by 1.

4. Return C;_; as the final classifier.

Figure 6.1: The SSLBN algorithm
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to keep good structures that have been learned so far. The neighborhood
structures of C; consists of all the BN structures that can be obtained from
C; by one operation of adding, removing, or reversing a directed edge locally.
These structures are evaluated by a scoring metric. Bayesian metric is used
in the algorithm!. The candidate structure that can mostly improve the score
of the previous structure is adopted as the new starting structure. Then the
neighborhood structures of the new starting structure are evaluated. The
process iterates until the current structure is not significantly different from
the previous structure. The final structure is adopted as Cy.1. In step 2, the
greedy hill-climbing method works in a similar way except that it initially
starts with a randomly generated structure.

In step 3(a), an EM method is applied to update the parameters of the class
node in Cy. The EM algorithm is described in Figure 6.2. There are two main
steps in the procedure: the E-step and the M-step. In the E-step, sufficient
statistics are counted or estimated using probabilistic inference based on clas-
sifier Cy and datasets L; and U;. Given a dataset with complete information,
parameters of a Bayesian network can be computed using Equation 2.3 in-
troduced in Section 2.3. In this section, the labels of instances in U, are
unknown to us. Therefore we need to use some inference method to estimate

the parameters on U;. For an unlabeled instance u, the expected value of

!The description is available at http://weka.sourceforge.net/manuals/weka.bn.pdf.
Other scoring metrics can also be used instead.
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Niji is computed as:

E(Nijk) = Z E(Nijk|a) (6.1)

where

E(Nij|t) = p(X; = k,Ilx, = jlu) (6.2)

When the values of X; and Ily, are not missing in u, the expected value is
counted as either 1 if X; = k and Iy, = j are satisfied in u, or 0 otherwise.
If either value is missing in @, p(X; = k,Ilx, = j|u) is calculated as p(X; =
k, Iy, = j|lu*) that can be solved by Bayesian inference algorithms such as
Junction Tree Inference method [28], where u* represents the set of all the
available values in u. The inference program is usually complex to apply,
especially when the number of variables is large. To make it simply here,
we use the class membership generated by C; on u* as an estimation of

p(X; = k,Ilx, = j|a). In the M-step, the parameter 6;;; is updated by

E(Nij.)

>k E(Niji) (63)

O, =
The two steps iterate until the maximum number of EM iterations has been
reached, or the difference of the log-likelihood values of two adjacent itera-
tions is smaller than a pre-defined threshold €. The second criterion can be

formalized as

[l(w) —ll(w—1)] <e (6.4)

e is set to 107" in SSLBN method. and 11(w) is the log-likelihood of classifier
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Input: a Bayesian network classifier C;

Output: C; with updated parameters values

1. Set the counter w to 0.
2. While the stopping criteria are not satisfied,

(a) E-step: Compute E(N;jx) on L, and U, using Equation 6.1.
(b) M-step: Compute parameter values using Equation 6.3.

(c) Compute the log-likelihood ll(w) by Equation 6.5.
(d) w=w +1.

3. Return C; with the new parameter values.

Figure 6.2: The EM method for updating parameters

C; in the w-th iteration of EM, which is computed by

= E(Nij) x log(6ij1)

i?.j?k

6.3 Experiments on Datasets Generated from

Known Bayesian Networks

Given a Bayesian network structure with known parameter values, random

instances can be simulated from the distribution represented by the BN. To

examine the performance of our method, we generate datasets from known
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Bayesian network structures by simulation. After learning Bayesian network
classifiers from the generated datasets, we can check the structure differ-
ences between the discovered BNs with the original BNs. Here we focus on
binary-class datasets with balanced class distributions. Two kinds of known
Bayesian networks are used in the experiments: some benchmark Bayesian
networks and some artificial Bayesian networks with different numbers of

nodes and edges.

6.3.1 Two Kinds of Bayesian Networks
6.3.1.1 Benchmark Bayesian Networks

Table 6.1 shows the information of selected benchmark Bayesian networks
and the datasets generated from them. The first column shows the name of
each Bayesian network. The second, third and fourth column represent the

number of nodes and edges and the edge density in each BN, respectively.

|E]

For a structure with |v| nodes and | E'| edges, the edge density e = TR

The remaining three columns display the name of the dataset, the number

of instances in the dataset, and the class attribute, respectively.

Table 6.1: Datasets generated from benchmark Bayesian networks

[BN [[v[[[E[[e [ Dataset [[instances| | class node |
. Hailfinder-500 500 WindFieldMt
Hailfinder| 56 | 66 1 0.04 -y 7617000 1000 WindFieldMt
Insurance | 27 | 52 [0.15| Insurance-AntiTheft-1000 | 1000 AntiTheft
Win95pts | 76 | 112 0.04 | Win95pts-1000 1000 PrtData
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“Hailfinder” is obtained from JavaBayes software, given in the examples
available at http://www.cs.cmu.edu/ javabayes/JavaBayes-0.346.tar.gz, and
we selected the node “WindFieldMt” as the class node because it has bal-
anced marginal probabilities (0.5276, 0.4723). Concerning “Insurance”?,
node “Airbag” has balanced marginal distributions thus is used as the class

node in the sampled dataset. Similarly, node “PrtData” on the “Win95pts”

BN structure is used as the class node in the “Win95pts-1000” dataset.

6.3.1.2 Artificial Bayesian Networks

Although above three Bayesian Networks have large |v| and |E|, e is very
small for each BN. In order to observe the performance to reconstruct Bayesian
network with different edge densities, we randomly generate artificial Bayesian
networks with different numbers of nodes and edges and then conducted ex-

periments on datasets generated from them.

Table 6.2: Datasets generated from artificial Bayesian networks

[ BN [ o] [IE] [ e [ Dataset ]
c3v10E9 10 | 9 0.2 | c3v10E9-1000
c3v10E18 | 10 | 18 0.4 | c3v10E18-1000
c3v10E27 | 10 | 27 0.6 | c3v10OE27-1000

We use the open-source java software WEKA to generate artificial BNs. After
a BN is generated, the node that has the maximum in-degree (the number

of incoming edges) is selected as the class node. Each non-class node has

2“Insurance” and “Win95pts” are obtained from
http://www.cs.huji.ac.il/labs/compbio/Repository /networks.html
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3 states, and the class node has two states. Random values are assigned
to the conditional probability tables for each node on one condition that
the marginal probability distribution of the class node is close to (0.5, 0.5).
Then a data set with 1000 instances is randomly generated from the artificial
Bayesian network. Table 6.2 shows the information of the generated Bayesian
networks and datasets. When e is too large, most nodes have directed edges
to the children of its children which makes the graph too complex. Hence,

we only generated BN with very large e for |v| = 10.

6.3.2 Measurements

When the underlying Bayesian network structure is known, the performance
of a discovered Bayesian network classifier on a given dataset is usually ex-
amined from two aspects: (1) the quality of the graph structure; and (2) the
classification performance.

Three kinds of measurements are used to examine the performance of the

presented method here:

1. The structure differences between the original Bayesian network GG, and

the discovered Bayesian network G, [69] [64]:
e Missing: the number of missing edges that exist on GG, but do not
exist on Gy;

e Fxtra: the number of extra edges that do not exist on G, but

appear on Gy;
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e Reversed: the number of reversed edges that have opposite direc-

tions on (G, and Gy;

e SD: the total number of different edges, which is the summariza-

tion of Missing, Extra and Reversed;

e SHD: the number of different edges on the equivalent classes of

the two BNs.

2. The structure difference of the Markov blankets of the class node on
the original Bayesian network G, and the discovered Bayesian network
Gg4: the number of missing edges (MB_Missing), the number of extra
edges (MB_Extra), the number of reversed edges (MB-Reversed), and
total different edges (MB_SD).

3. Classification measures on separate test sets: Accuracy, True Positive
rate (TPR), True Negative rate (TNR), F-measure, and AUC [13].

These measures are described in Appendix B.

For the two structure difference measurements, smaller values imply bet-
ter performance. For the classification measurements, larger values indicate

better performance.

6.3.3 Experimental Settings

Our method is implemented in WEKA, and all the comparison experiments

are conducted in WEKA.
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Following the symbols used in previous chapters, [p is used again to represent
the percentage of labeled data in the training set when generating the labeled
data, unlabeled data, and testing data in each fold. For each dataset, we use
10 runs of 10-fold cross-validation. In each fold, 10% of the dataset is saved
aside to be the testing set, I[p portion of the other 90% data is used as
labeled data, and the remaining (1-Ip) portion of the 90% data is used as
unlabeled data. At the end of each iteration of self-training, the discovered
BN is saved as the start candidate structure of hill-climbing search in the
next iteration. The maximum number of iterations [ is set to be 100. When
the algorithm stops, the final BN is evaluated on the test set by computing
above measurements.

For datasets generated from “Hailfinder”, we set Ip to be 5%, 10% and 15%
respectively. For all other datasets, we set Ip to be 10%. However, if the
accuracy of supervised learning classifier when Ip is 10% is very close to that
of when Ip is 100%, we set Ip to be 1%. The reason of doing this is to make
sure that there is room for improvement by utilizing unlabeled data.

To examine whether using unlabeled data can really help find better Bayesian
networks, we recorded the results on supervised learning which use only the
labeled data to train a classifier. These results are represented as sIBN for
simplicity. We also recorded the results of supervised learning when Ip is
100% (which means the amount of unlabeled data is zero and all training
data are used as the labeled data), represented as sIBN_100%, to get the

upper bound of the classification performance of semi-supervised learning.
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6.3.4 Results and Analysis

6.3.4.1 On Benchmark Bayesian Network Structures

Table 6.3 and Table 6.4 show the average results of 10 runs of 10-fold cross-
validation on datasets generated from “Hailfinder” with different sizes and
different values of [p are used. The second column (“sIBN_100%") records
the results of classifiers that are leaned from all the training data (that is,
Ip is 100%). This column is put here to show the best performance that the
classifier can get if all the training data are available to be used. The third
column (“sIBN”) represents the results of BN classifiers learned from the
labeled data Lg only by using the hill-climbing search method, when Ip is 5%.
The fourth column (“SSLBN”) represents the results of BN classifiers learned
from Lg and U by applying the SSLBN method, when Ip is 5%. Values in the
remaining four columns have similar meanings but with different values of
Ip. Better performance of SSLBN over the classifier learned from the labeled
data only (that is, higher values on classification performance measures and
lower values on structure qualify measures) are marked in bold font. The
contents in other tables in this sub-section have similar meanings and thus
we will not explain each of them in the following paragraphs.

It is observed from Table 6.3 that, when [p is 5%, by utilizing the unlabeled
data, SSLBN gets higher classification performance in terms of accuracy,
TPR, F-measure, and AUC; and it obtains higher quality of Bayesian net-

work structures with smaller structure difference concerning Missing, Fxtra,
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Table 6.3:

Average results of 10 runs of 10-fold cross-validation on

“Hailfinder-500”

1p=5% Ip=10% Ip=15%
Measures sIBN-100% g p[ SSLEN [ SIBN [ SSLBN SIBN [ SSLBN
Accuracy 73.04% 53.70% | 55.12% | 55.26% | 58.58% | 58.14% | 60.08%
TPR 0.88 0.57 0.61 0.60 0.69 0.65 0.70
TNR 0.55 0.49 0.49 0.50 0.46 0.51 0.48
F-measure 0.78 0.57 0.59 0.59 0.64 0.62 0.65
AUC 0.77 0.55 0.56 0.58 0.60 0.60 0.63
Missing 15.32 4145 | 20.39 | 30.46 | 18.97 [ 26.31 | 17.85
Eatra 29.80 10480 | 43.03 | 97.40 | 43.38 | 73.40 | 40.60
Reversed 11.84 1093 | 12.43 | 12.76 | 11.99 | 13.01 | 12.16
SD 56.96 157.18 | 75.85 | 140.62 | 74.34 | 112.72 | 70.61
SHD 65.32 158.11 | 86.84 | 145.80 | 86.33 | 121.13 | 82.19
MB_Missing 0.04 0.85 0.67 0.50 0.40 0.18 0.14
MB_Eatra 2.19 8.68 7.2 9.56 3.79 8.51 4.24
MB_Reversed 0 0 0 0 0 0 0
MB_SD 2.23 9.53 7.87 10.06 | 4.19 8.69 4.38

Table 6.4: Average results of 10 runs of 10-fold cross-validation on

“Hailfinder-1000”

1p=5% 1p=10% Ip=15%
Measures sIBN-100% g p[ SSCEN [SIBN [ SSLBN BN [ SSLBN
Accuracy 70.30% 54.61% | 57.24% | 55.26% | 58.16% | 58.06% | 59.05%
TPR 0.79 0.57 0.64 0.60 0.70 0.69 0.73
TNR 0.62 0.52 0.50 0.50 0.46 0.47 0.45
F-measure 0.73 0.56 0.60 0.57 0.63 0.62 0.64
AUC 0.73 0.57 0.60 0.58 0.61 0.61 0.62
Missing 15.67 31.40 | 18.50 | 24.93 | 16.62 [ 22.63 | 15.28
Eutra 19.11 98.96 | 46.18 | 58.74 | 45.97 | 45.13 | 44.60
Reversed 8.96 13.30 | 11.58 | 1231 | 11.12 | 1329 | 11.00
SD 4374 143.66 | 76.26 | 9598 | 73.71 | 81.05 | 70.88
SHD 43.85 14813 | 88.36 | 104.91 | 86.30 | 91.09 | 83.30
MB_Missing 0.00 0.44 0.36 0.12 0.07 0.05 0.04
MB_Eutra 2.10 9.51 5.68 771 3.41 5.06 3.37
MB_Reversed | 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MB_SD 2.10 9.95 6.04 7.83 3.48 5.11 3.41
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Table 6.5: Average results of 10 runs of 10-fold cross-validation on
“Win95pts-1000” when Ip = 10%

[ Measures [ sIBN_100% [ sIBN [ SSLBN |
Accuracy 99.90% 99.86% | 99.57%
TPR 1.00 1.00 1.00
TNR 1.00 1.00 0.99
F-measure 1.00 1.00 1.00
AUC 1.00 1.00 1.00
Missing 26.97 63.35 40.23
Eztra 84.47 73.12 86.35
Reversed 18.18 14.46 17.25
SD 129.62 150.93 143.83
SHD 129.90 150.97 143.72
MB_Missing 3.80 3.30 3.79
MB_Extra 2.29 0.40 2.65
MB_Reversed | 0 0 0.2
MB_SD 6.09 3.70 6.64

Reversed, SD, SHD, MB_Missing, MB_FExtra, and MB_SD. SSLBN and sIBN
have equal performance on MB_Reversed which is 0. The same observations
are found when Ip is 10% and 15%. The performance of SSLBN generally
improves when [p increases except TNR, if we carefully compare the values in
the table. Same findings are obtained from Table 6.4 on “Hailfinder-1000".
Hence, on “Hailfinder-500” and “Hailfinder-1000”, SSLBN outperforms sIBN
by finding Bayesian network structures with smaller structure difference and
higher classification performance. And the performance increases when more
original labeled data are available.

Table 6.5 shows the average results of 10 runs of 10-fold cross-validation on
“Win95pts-1000” with Ip equal to 10%. Values in column “sIBN_100%" and
“sIBN” are the measures of the supervised learning Bayesian network clas-

sifiers built on the corresponding original labeled data, respectively. It can
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Table 6.6: Average results of 10 runs of 10-fold cross-validation on
“Insurance-AntiTheft-1000" when Ip = 1%

[ Measures [ sIBN_100% [ sIBN [ SSLBN |
Accuracy 89.9% 65.01% | 64.42%
TPR 0.81 0.62 0.60
TNR 0.96 0.67 0.68
F-measure 0.87 0.59 0.58
AUC 0.94 0.68 0.65
Missing 16.81 33 25.07
Eztra 11.53 52.67 18.75
Reversed 10.68 10.67 9.55
SD 39.02 96.34 53.37
SHD 49.25 99.16 57.37
MB_Missing 2.01 4.19 4.26
MB_Extra 0.04 3.78 4.21
MB_Reversed | 0.99 0.27 0.14
MB_SD 3.04 8.24 8.61

be found that, SSLBN gets equivalent classification performance as “sIBN”
and “sIBN_100%" on accuracy, TPR, TNR, F-measure, and AUC. Although
SSLBN gets a larger value of MB_SD, the classification accuracy is not se-
riously affected. The average accuracy values obtained by “sIBN_100%",
“sIBN”, and SSLBN are close to 100%, which means that the three meth-
ods correctly predict almost all the instances in the testing sets. Besides,
SSLBN gets higher values of SD and SHD than “sIBN” does. Hence, on
the “Win95pts-1000” dataset, by using the unlabeled data, SSLBN can get
better Bayesian network structures while keeping the good classification per-
formance.

Table 6.6 shows the average results of 10 runs of 10-fold cross-validation
on “Insurance-AntiTheft-1000” with Ip equal to 1%. It can be observed

that, SSLBN can generally get much smaller values on SD and SHD than
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“sIBN”, and close results on the structure difference of Markov Blanket of the
class node. For the five classification performance, the results of “sIBN” and
SSLBN are close to each other. Therefore, on “Insurance-AntiTheft-1000”,
SSLBN finds better Bayesian networks structures with a slight lose on the

classification accuracy.

6.3.4.2 On Artificial Bayesian Network Structures

Table 6.7 shows the average results of 10 runs of 10-fold cross-validation
on the three datasets generated from artificial Bayesian networks with 10
nodes and different numbers of edges, and Ip is set to 10%. It is obviously
observed from results on “C3V10E9-1000” that, SSLBN has higher values
on accuracy, TPR, F-measure, and AUC than “sIBN”, while it obtains lower
values on SD, SHD, and MB_Maissing. Similar observations are found on
“C3V10E18-1000” and “C3v10E27-1000". These observations indicate that,
when the labeled data is scarce, SSLBN has better classification performance
and discovers Bayesian network structures of higher quality than the classifier
learned from the original labeled data only.

When comparing the results on the three datasets generated from artificial
Bayesian network structures with the same number of nodes but different
number of edges, we can find that, the performance on accuracy and AUC
decreases as the number of edges increases, and the structure difference in-
creases when there are more edges in the graph. The performance degrada-

tion is probably caused by the increased complexity of the graph structures
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Table 6.7: Average results of 10 runs of 10-fold cross-validation on three
datasets from artificial networks when Ip = 10%

Measures C3V10E9-1000 C3VI10E18-1000 C3v10E27-1000
SIBN_100%] sIBN | SSLBNsIBN_100%] sIBN | SSLBNSIBN_100% sIBN | SSLBN
Accuracy 75.04% | 60.42% 61.55%| 72.44% | 57.98%] 59.01%| 73.83% | 55.17%] 56.81%
TPR 075 | 054 | 0.59 074 | 0.64 | 0.60 0.72 058 | 0.57
TNR 075 | 0.66 | 0.64 0.71 052 | 0.58 0.75 052 | 0.57
F-measure 0.75 | 054 | 0.58 0.73 0.60 | 0.60 0.73__ | 0.53 | 0.56
AUC 0.81 0.63 | 0.65 0.81 0.60 | 0.62 0.82 057 | 0.59
Missing 0.01 354 | 2.5 3.26 684 | 4.27 3.19 14.89 | 9.82
Eutra 2.65 | 441 | 445 197 [ 269 | 3.27 1.22 1.53 | 2.33
Reversed 212 | 097 | 1.78 5.03 3.66_| 5.06 3.01 1.97 | 4.6
SD 478 892 | 8.73 1026 | 13.19 | 12.6 7.42 18:39 | 16.75
SHD 5.14 10.52 | 10.03 9.26 13.08 | 12.66 820 | 2054 | 18.85
MB_Missing | _ 0.01 3.67 | 2.86 330 | 5.75 | 4.10 226 | 822 | 6.24
MB_Egtra 2.65 191 | 3.69 597 | 3.10 | 5.1 0.69 1.65 | 5.01
MB_Reversed 212 | 0.718 | 1.25 2.03 090 | L.71 0.25 053 | 1.56
MB_SD 478 639 | 7.8 1139 [ 975 | 11.52 3.2 104 | 12.81

which poses great challenge in the structure learning methods.

6.4 Experiments on Datasets with Unknown

Bayesian Networks

In above section, the datasets are generated from known Bayesian network

structures. Hence, it is easier to evaluate the performance of the discovered

Bayesian network structures. In this section, the SSLBN method is tested on

several UCI datasets where the Bayesian network structures are unknown.

Five UCI datasets with different number of instances, attributes, and classes

are shown in Table 6.8. The numbers are the average accuracy computed

from ten runs of four-fold cross-validation on each dataset. The value of Ip is
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Table 6.8: Average accuracy of 10 runs of 4-fold cross-validation on five UCI
datasets when Ip = 1%

Datasets [ attr [ classes [ size [ sIBN | SSLBN [ sINB [ selfNB |

colic.ORIG | 27 2 368 57.31 59.08 62.58 55.79
iris 5 3 150 37.70 | 61.60 65.21 88.57
kr-vs-kp 37 2 3196 | 68.15 | 66.41 70.17 57.57
sick 30 2 3772 | 94.00 | 89.31 93.83 87.18
vowel 14 11 990 10.91 15.74 18.65 16.63

Table 6.9: Average accuracy on two UCI datasets with fixed given test sets

[ Datasets | attr [ classes [ [L] [ [U| | [test| [ slBN | SSLBN [ sINB [ selfNB |
shuttle 10 7 100 | 43400 | 14500 | 86.64 91.58 88.38 82.79
satimage | 37 6 600 | 3835 2000 77.10 79.30 81.03 79.08

set to 1%. Column “sIBN” represents the accuracy of the Bayesian Network
classifier learned on the labeled data only. Column “sINB” represents the
accuracy of the Naive Bayes classifier learned on labeled data only, while
column “selfNB” represents the accuracy of self-training using Naive Bayes
as the underlying classifier. Numbers in bold font means a better performance
than the corresponding base performance.

From Table 6.8, it can be observed that, when Naive Bayes is used, the self-
training method selfNB outperforms the corresponding base classifier sSINB
on one dataset but gets worse accuracy on the other four datasets. However,
when learning Bayesian networks as the underlying classifier, the self-training
method SSLBN outperforms its base classifier sSIBN on three datasets and
loses on two datasets.

Table 6.9 shows the average accuracy on “shuttle” and “satimage” datasets.
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For each dataset, a training data and a testing data are given separately in
UCIT Machine Learning Repository [1]. Hence, we randomly split the training
set into labeled part (L) and unlabeled part (U) and then conducted exper-
iments on the datasets. The process is repeated five times for each dataset.
From Table 6.9, it is observed that, when learning complex Bayesian Network
structures, using unlabeled data can help improve the accuracy on the two
datasets (shown in columns “sIBN” and “SSLBN”); while using unlabeled
data degrade the performance when Naive Bayes is used as the underlying
classifier (shown in columns “sINB” and “selfNB”). The results suggest that,
when unlabeled data can not work to help get a good performance of self-
training classifier using Naive Bayes, it might be promising to change the

underlying classifier to a Bayesian network.

6.5 Summary

In this section, we present a method called SSLBN for Bayesian network
structure learning from both the labeled and unlabeled data. It iterates be-
tween learning better structures and find better parameters for the structures.
Experiments on datasets simulated from some known Bayesian network struc-
tures show that, our method SSLBN can generally discover Bayesian net-
works with higher quality of structures and better or similar classification
performance, compared to the Bayesian network learned from the original

labeled data only. The experiments on some UCI datasets without knowing
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the graph structures also show that, SSLBN might be an alternative when
unlabeled data can not help improve the performance of self-training that

uses Naive Bayes.
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Chapter 7

Conclusion and Future Work

The main results of this dissertation are summarized in Section 7.1. In

Section 7.2, some interesting directions are pointed out for future research.

7.1 Thesis Summary

e In Chapter 3, the performance of several Bayesian network classifiers
in some semi-supervised learning methods are examined by an exten-
sive empirical study, as well as the comparison to a graph-based semi-
supervised learning method and the Transductive SVM method. The
results show that, using unlabeled data helps to build better classifiers
on some datasets. There are some interesting observations as well. In
the self-training and co-training framework, selecting the unlabeled in-

stances with high prediction confidence is not necessarily superior to
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randomly selecting the unlabeled instances. Besides, unlabeled data

might hurt the classification performance on some datasets.

e In Chapter 4, a new method ISBOLD is presented to improve the per-
formance of self-training and co-training when Naive Bayes is used as
the underlying classifier. By not adding into the training data some
unlabeled instances that hurt the classification accuracy on the original
labeled data, the method could prevent degradation of the classifica-
tion performance. The experimental results demonstrate that ISBOLD

outperforms the standard self-training and co-training methods.

e Chapter 5 proposes three learning methods when the labeled data is
insufficient and the classes have different misclassification costs. The
single-model cost-sensitive self-training method, CS-ST, incorporates
the misclassification costs into the training process of self-training and
uses the change of average cost on the original labeled data to help
select unlabeled instances into the training data. Two methods us-
ing multiple classifiers, BaggingCSSSL and MultiRSCSSSL, build a set
of different classifiers to reduce the variance of classification results.
Results on UCI datasets show that, the three new methods could get
smaller average misclassification cost while correctly predicting more
negative (minority) instances that have a higher misclassification cost

than the instances of other classes.

e In Chapter 6, we present a method SSLBN to learn Bayesian network
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structures in semi-supervised learning scenario. A hill-climbing search
method is used in the underlying classifier to discover Bayesian Net-
works from a dataset. SSLBN utilizes the framework of self-training to
expand the training data and employs EM to update parameters in the
graph structures. Experiments are conducted on datasets generated
from some benchmark structures and artificial structures, and some
UCI datasets with unknown structures. Results show that, SSLBN
could find better Bayesian networks with smaller structure differences
and higher classification accuracy, compared to the base BN classifier

that is learned on the original labeled data only.

7.2 Future Work

This section describes some possible future work of the dissertation.

In Chapter 5, the cost-sensitive semi-supervised learning methods presented
use Naive Bayes as the underlying classifier. Other classifiers such as decision
tree classifiers could be used instead in the methods. More experiments will
be conducted to examine the performance of using other classifiers. These
cost-sensitive learning methods will also be extended for the situation that
cfp is unknown.

In Chapter 6, we use the greedy hill-climbing method to search for Bayesian
network structures. Apparently, more sophisticated structure learning meth-

ods could be applied in this step. Besides, conditional likelihood could be
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used as the scoring metric to evaluate Bayesian network structures. This
is one direction for our future work. SSLBN will be extended to different
learning models to deal with cost-sensitive problems in our future work.

Moreover, concerning the complexity of Bayesian network structures, it might
be helpful to firstly learn a graph from the combination of labeled data
and unlabeled data without the class attribute, and to fine tune the edges
connected to the class node. Another possible way is to search in the space of
the equivalence classes instead of directed acyclic graphs. In the future work,
we will study how to better utilize the information contained in the unlabeled
data. Concerning the real-world applications, the proposed methods may be

applied in high-dimensional datasets such as gene expression data.
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Appendix A

Datasets

A.1 UCI Datasets

These UCI datasets are downloaded from WEKA [67] and used for classifi-
cation tasks. A brief description of the properties of the datasets is shown in

Table A.1.

A.2 Benchmark Datasets for Semi-Supervised
Learning

In Chapter 3, six benchmark datasets from the book “Semi-supervised learn-
ing” [4] are used in the experiments. These benchmark datasets are widely
used in semi-supervised learning area. A brief description of the properties

of the datasets is shown in Table A.2.
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Table A.1: Description of 26 UCI datasets used in the experiments

[ Dataset [ size [ #attributes [ #classes [frequency of each class ]
balance-scale 625 5 3 288,49,288
breast-cancer 286 10 2 201,85
breast-w 699 10 2 458,241
colic 368 23 2 232,136
colic. ORIG 368 27 2 244,124
credit-a 690 16 2 307,383
credit-g 1000 |21 2 700,300
diabetes 768 9 2 500,268
heart-c 303 14 2 165,138
heart-h 294 14 2 188,106
heart-statlog 270 14 2 150,120
hepatitis 155 20 2 32,123
ionosphere 351 35 2 126,225
iris 150 5 3 50,50,50
kr-vs-kp 3196 |37 2 1669,1527
labor 57 17 2 20,37
letter 20000 |17 26 all around 770
mushroom 8124 |23 2 4208,3916
segment 2310 |20 7 all 330
sick 3772 |30 2 3541,231
sonar 208 61 2 97,111
splice 3190 |61 3 767,768,1655
vehicle 846 19 4 212,217,218,199
vote 435 17 2 267,168
vowel 990 14 11 all 90
waveform-5000 | 5000 |41 3 1692,1653,1655

Table A.2: Description of six benchmark datasets used in the experiments

Dataset [ size [ #attributes [ #-classes ]

g241c 1500 | 241 2
g241d 1500 | 241 2
Digitl 1500 | 241 2
USPS 1500 | 241 2
COIL 1500 | 241 6
BCI 400 117 2
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Appendix B

Measurements

B.1 Classification Performance Measurements

A confusion matrix is usually used to analyze the classification performance
of a classifier on a given dataset. The confusion matrix for binary-class
datasets is shown in Figure B.1. “TP” (true positive) represents the number
of correctly classified positive instances; “TN” (true negative) is the number
of correctly classified negative instances; “FP” (false positive) is the number
of instances classified as positive while the true class is negative; and “FN”
(false negative) denotes the number of instances classified as negative but
the true class is positive.

By drawing the confusion matrix, we could compute the classifier’s accuracy
(Acc), true positive rate (TPR), true negative rate (TNR), false positive rate

(FPR), false negative rate (FNR), and F-measure. The formulas calculating
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Predicted class
P N

Actual P P FN
class N P N

Figure B.1: Confusion matrix for binary-class datasets

these measurements are listed in following equations:

_ TP+TN
Acc = TP+TN+FP+FN
_ TP
TPR = 7p17x
_ TN
TNR = 7575 (B.1)
_FP
FPR = 75775
_ __FN
FNR = 757Fx
_ 2TP
F — measure = TTPLFPIEN

AUC, the Area under ROC curve, is also a popular performance measure for

classification in addition to above measures [29].
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