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Abstract

With the continuous expansion of data availability in many large-scale, complex, and
networked systems, such as surveillance, security, the Internet, and finance, it becomes
critical to advance the fundamental understanding of knowledge discovery and analysis
from raw data to support decision-making processes. Existing knowledge discovery and
data analyzing techniques have shown great success in many real-world applications such
as applying Automatic Target Recognition (ATR) methods to detect targets of interest in
imagery, drug activity prediction, computer vision recognition, and so on. Among these
techniques, Multiple-Instance (MI) learning is different from standard classification since
it uses a set of bags containing many instances as input. The instances in each bag are
not labeled — instead the bags themselves are labeled. In this area many researchers have
accomplished a lot of work and made a lot of progress. However, there still exist some
areas which are not covered. In this thesis, we focus on two topics of MI learning: (1)
Investigating the relationship between MI learning and other multiple pattern learning
methods, which include multi-view learning, data fusion method and multi-kernel SVM.
(2) Dealing with the class imbalance problem of MI learning.

In the first topic, three different learning frameworks will be presented for general MI
learning. The first uses multiple view approaches to deal with MI problem, the second is a
data fusion framework, and the third framework, which is an extension of the first frame-
work, uses multi-kernel SVM. Experimental results show that the approaches presented
work well on solving MI problem.

The second topic is concerned with the imbalanced MI problem. Here we investigate
the performance of learning algorithms in the presence of underrepresented data and se-
vere class distribution skews. For this problem, we propose three solution frameworks: a
data re-sampling framework, a cost-sensitive boosting framework and an adaptive instance-
weighted boosting SVM (with the name IB SVM) for MI learning. Experimental results
— on both benchmark datasets and application datasets — show that the proposed frame-
works are proved to be effective solutions for the imbalanced problem of MI learning.
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Chapter 1

Introduction

In the information age in which we live, accumulating data is easy and storing is inex-
pensive. People recognize that learning from data can gain new knowledge from human
“experiences”. Machine learning, the study of algorithms that automatically learns from
data, improves our ability to perform real-world tasks.

In machine learning, supervised learning is concerned with algorithms that can learn
concepts from labeled examples. If each instance is labeled, this kind of supervised learning
is named as Single-Instance learning. In contrast, there is an alternative type of learning
referred to as Multiple Instance (MI) learning [38]. In this learning, each individual pattern
in a data set can be described by a set of individual instances. The instances in this set
are not labeled but the set itself is. For MI data set, each set is called a “bag” and it can
contain a number of instances. The number of instances in each bag can be different, and
the same instance can even belong to different bags. Bags may group different instances
sharing the same property. Bags may also group different instances of the same object. The
MI problem first emerged in the work of Dietterich et al. [38] when addressing the problem
of drug activity prediction. Since then MI learning has been used in many applications,
including drug activity recognition [38], computer vision recognition [68][122] and text-
categorization [4].

MI learning has several key advantages. Firstly, recent research [34][43][121] supports
that it is possible to obtain more accurate classifications if the detection is based upon
multiple instances of the object instead of a single instance of the object. Here each
instance can be seen as an “aspect”. Since MI algorithms can combine the information
of multiple aspects of the object for recognition, the MI framework has been shown to be
effective in such applications. Secondly, for supervised learning, data is labeled by experts
and the labeling work is very time-consuming. For MI data, only the bags need to be
labeled, which will highly reduce the labeling workload.
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1.1 Motivation and Objectives

Side-scan sonar equipped vehicles, such as Autonomous Underwater Vehicles (AUVs), are
frequently used by military and commercial organizations to acquire high-resolution sonar
imagery for the detection of possible objects (e.g. mine like objects (MLOs)) or regions of
interest. Automatic Target Recognition (ATR) methods have been successfully applied to
detect MLOs in sonar imagery [43][77][83][84]. Since many sonar images of the same object
are taken during different sonar passes, there are multiple images of the same object at
different ranges and aspects. It is expected that the additional information obtained from
more images of an object will improve the classification performance in the case of single
image information. Experimental results from recent research prove this [43][77][83][84],
and also find that misclassifications can be reduced if the detection is based on multiple
images of an object, rather than a single image.

When using existing algorithms [43][77][83][84] for MLOs detection in our related project,
performance (on both efficacy and efficiency) of these approaches is not always as good
as we expect. We were motivated to develop new algorithms for this task. Based on the
characters of the MLOs datasets in our project, MI learning, which has been successfully
applied in many computer vision recognition applications, has been chosen as an Auto-
matic Target Recognition (ATR) candidate method to detect MLOs. This was the original
motivation of this research.

However, when using existing MI learning algorithms for some MLOs datasets, perfor-
mance is still not always as good as we expect. We must look for a better performance
algorithm for our tasks. For existing MI learning approaches, they can be categorized into
“one-level” methods and “two-level” methods. The term “one-level” denotes the methods
that extend the single-instance learners to deal with MI data. Different from “one-level”
methods, “two-level” MI learning methods tackle the MI problem by introducing two levels
of data space: the instance-level and the bag-level. Most existing MI methods are “one-
level” methods. In our preliminary research, we have found that the “two-level” MI learning
framework may provide better compatitive preformance and learning efficiency comparing
to many “one-level” MI learning methods. To develop new MI algorithms which have good
performance and efficiency, we plan to start our work under the “two-level” MI learning
framework.

Moreover, the “MI assumption”, a very important and specific concept class of MI
learning, was made to regard the relationship between instances inside the bags and the
label of the bag. The first MI assumption originally comes from the application of Diet-
terich et al. [38]’s work. Almost all early work in MI learning follows this “standard MI
assumption” class known to be appropriate for a drug activity prediction domaim. How-
ever, this “standard MI assumption” is not guaranteed to hold in other domains and it is
not suitable for many applications [46]. In the MLO detection task, we have to drop this
“standard MI assumption” and consider alternative assumptions. We should also develop
some new methods based on the alternative MI assumptions.

Furthermore, when applying ATR methods to detect possible objects such as MLOs,
the number of naturally occurring clutter objects (e.g. rocks, shipwrecks, fish) that are
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detected is typically far higher than the relatively rare event of detecting MLOs. Thus,
the number of non-MLOs is always much greater than the number of MLOs. Regardless
whether the classification is based on a single image or multiple images of an object, the
training data sets are always class imbalanced. Our preliminary research shows that both
single-instance classifiers and multi-instance classifiers are always impacted by the class
imbalance problem.

For single-instance classification of MLO detection we can apply many existing ap-
proaches, including sampling methods [22] [59] and cost-sensitive classification methods
[11] [40] [108]. For multi-instance classification of MLO detection, however, there are to
our knowledge very few related discussions about multi-instance class imbalance problems.
Since the existing methodologies dealing with single-instance class imbalance datasets work
on instances, we cannot apply them directly to multi-instance datasets which are comprised
of bags of instances.

From the description above we can find that although many works have been done in
MI research, there exist many areas in MI learning which are not studied enough, in detail:

1. In recent years, numerous methods have been proposed to learn from multi-view
data by considering the diversity of different views [115]. The basic idea of Multi-view
learning is to use the consistency among different views to achieve better performance.
In Multi-view learning, each particular view is learned by introducing one model, and
then the redundant views of the same input data are exploited to improve the learning
performance by jointly optimizing all the models [115]. The views can be obtained
from multiple sources or different feature subsets. This is close to MI learning.
However, the difference is that MI learning uses multiple instances to describe the
object (bag), while multi-view learning uses multiple groups of features (views) in
one instance. If we can find a way to transfer the MI problem into a multi-view
problem in a ‘two-level” MI framework, we can gain the benefits of both by applying
existing single instance method for MI problem, and then take advantage of learning
the second-level using different views.

2. Efficiency is a factor which always needs to be considered when developing new algo-
rithms. We find that some “two-level” MI learning methods have high computational
complexity [116] and others have not [47]. In many cases, keeping competitive ac-
curacy with lower computational complexity is very important for developing new
algorithms. In this research we are trying to develop such kinds of methodologies for
combining MI learning with other existing technologies, such as data fusion. Data
fusion is a technology which collates information from different sources. It has also
been widely used in sonar imagery recognition [43][77][83][84]. The relationship be-
tween data fusion and MI learning has not been studied enough. The question that
arises with these two frameworks is: can data fusion be used as a MI learning frame-
work? If the answer is yes, we may find a way to develop a new methodology that
has competitive performance with lower running time.

3. Some ensemble technologies have been used to combine classifiers to get better per-
formance. Due to the scarcity of MI data, convincing tests and comparisons between

3



MI algorithms combined in ensemble methods are not researched enough. Thus,
recognizing the connection between the various ensemble methods can sometimes
inspire new solutions with well-founded theoretic justifications. For instance, the
multi-kernel method [8] [90] has been shown to be a very strong ensemble algorithm
which can combine different kernel functions into a final decision for classification.
Can the multiple kernel frameworks be successfully used in MI learning? This ques-
tion is worthy of further research.

4. While significant research efforts have been put into MI learning and many approaches
have been proposed to tackle the MI problem, it is important to note that the per-
formance of classification can be affected by the class imbalance problem when the
training data distribution is skewed. Our research shows that similar to the single-
instance imbalanced problem, classification of MI data with imbalanced class distri-
butions significantly degrades the performance of most standard MI algorithms. Due
to the inherent differences between MI learning and single-instance learning, the ex-
isting solutions for single-instance class imbalanced problems do not transfer directly
to MI datasets. This is a drawback, as in our experience imbalanced MI problems
often occur in the data mining problem.

Therefore we believe that the study of MI learning still requires a stronger and clearer
theoretical interpretation, as well as use of more practical and artificial datasets for the
purpose of evaluation. In order to capture the big picture of MI learning, we set up the
following objectives:

• To create a new MI method which combines the multi-view learning method with
MI approaches.

• To create a data fusion framework for MI learning.

• To create a new MI ensemble method using the multi-kernel method.

• To analyze the class imbalance MI problem and establish a general framework for
this problem.

• To create new MI methods using algorithms extended from existed imbalanced single
instance learning for imbalanced MI problem.

• To apply the proposed algorithm on a collection of datasets from real-world applica-
tions.

We aimed to achieve these objectives to the best of our abilities. Although some objectives
may be too large-scaled to be fully accomplished, we hope that this thesis will improve the
understanding of the MI problem.
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1.2 Contributions

Although many algorithms were previously presented for MI learning, there is still a re-
quirement to increase the efficiency of these algorithms. In this thesis we present several
new approaches for the general MI problem. They are the Multi-view two-level concepts
framework, the data fusion framework, and the Multi-kernel SVM framework. Due to the
high efficiency of these learning frameworks, we expect better learning performance with
respect to running time and accuracy.

In recent years, the imbalanced learning problem has drawn a significant amount of
interest from academia, industry, and government funding agencies. The fundamental issue
with the imbalanced learning problem is that imbalanced data can significantly compromise
the performance of most standard learning algorithms. Although a lot of research has been
done in the area of the class imbalance problem, in the context of MI learning, there is no
discussion about this problem. In this thesis, we are the first to present and analyze the
class imbalance problem of MI learning. We proposed several novel frameworks to solve this
problem. They are the resampling framework, the cost sensitive boosting framework, and
the instance-weighted boosting SVM framework. Part of this research has been published
in some related papers [100][103][105][106][107][108].

1.3 Thesis Layout MI Learning

New Approaches

Imbalanced 
Learning

Resampling
Cost Sensitive 

Methods

Bag_SMOTE
Cost Sensitive 

Boosting
Instance_SMOTE

Fusion_MI

Multi_Kernel MI

Theoretical 
framework MV_TLC

Instance-weighted 
boosting SVM MI

Figure 1.1: The framework of this research

The framework for this research is presented in Figure 1.1. This research could be
divided into two parts. The first part is about solving the general MI problem using new
methods to learn MI datasets. The second part is about the class imbalance problem of
MI learning.

In the first part, we propose three solution frameworks for the MI problem. In the first
framework, a multi-view two-level learning approach is presented. In the second framework,
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we present a novel data fusion framework for learning MI datasets. In the third framework,
a multi-kernel MI solution is presented.

In the second part, we also propose three solution frameworks for the MI class imbalance
problem. In the first framework, we explore MI data sampling methods. In the second
framework, we present a novel generalized version of MI cost-sensitive boosting technique.
In the third framework, we present an instance-weighted boosting SVM technique for MI
learning.

Experimental results — on both benchmark datasets and application datasets — show
that the proposed frameworks are effective solutions for both of the general MI problem
and imbalanced MI problem.

Chapter 2 gives an overview of the MI problem and its existing solutions. In chapter 3, a
multi-view two-level concepts approach is applied for the MI problem. In chapter 4, a data
fusion framework is given and discussed. In chapter 5, a multiple kernel SVM approach is
applied for the MI problem. chapter 6 gives an overview of the class imbalance problem,
the existing solutions, the discussion of the imbalanced MI problem and a brief overview
of the options available for evaluation. Moreover, chapter 6 also discusses approaches for
the imbalanced MI problem. The resampling approaches and a cost sensitive boosting
approach is given and discussed. In chapter 7, an instance-weighted boosting SVM ap-
proach is presented for imbalanced MI problem. In chapter 8, a case study is given on the
application of mine like objects using MI approaches. For each presented approaches, we
discuss the experiments designed to evaluate these presented approaches. Subsequently,
the implementation details, and experimental results obtained is also discussed. Finally,
in chapter 9, we state our conclusions and our future work.
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Chapter 2

Background and Literature Review
for the MI Problem

2.1 Homogeneous learning and heterogeneous learn-

ing

The supervised learning is called “supervised” because the class labels are provided in the
data. This is in contrast to the unsupervised learning, where the classes are not known.
The task of the algorithm of the supervised learning is to build a model that will generate
predictions of the labels of future examples.

A data set D used in the learning task consists of a set of data records, which are
described by a set of attributes A =

{
A1, A2, · · · , A|A|

}
, where | A | denotes the number of

attributes or the size of the set A. The data set also has a class attribute/label C. A data set
for learning is simply a relational table containing a set of data records. Each data record
which is called an instance in machine learning describes a piece of “past experience”.
The objective of learning on D is to produce a classification/prediction function to relate
values of attributes in A and classes in C. The function can be used to predict the class
values/labels of the future data. The function is also called a classification model or simply
a classifier.

In traditional supervised learning, each data record describes a piece of information.
We call this kind of supervised learning “homogeneous learning”. However, in real-world
learning tasks, sometimes the structure of the information is very complex and we have to
use different data structure to describe it. Then we have the chance to meet different data
structures, in response there are different supervised learning models. We call these kinds
of learning “Heterogeneous learning”. Some commonly found heterogeneities include task
heterogeneity (as in multi-task learning), view heterogeneity (as in multi-view learning),
instance heterogeneity (as in multi-instance learning), and label heterogeneity (as in multi-
label learning).

Figure 2.1 gives the structure of machine learning. Under the supervised learning, multi-
view learning, data fusion, multi-task learning all belong to the Heterogeneous learning.
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Figure 2.1: The structure of machine learning

2.2 The description of the MI problem

In single-instance learning, one piece of “past experience” is described by one instance. If
the piece of “past experience” needs more than one instance to describe it, this learning
task becomes a MI learning task. We call the group which contains instances describing
one piece of “past experience” a “bag” and all of the instances in this data set have the
same number of attributes.

Object_1

instance_1

instance_2

…

instance_m

MI Learning

Process
Result

Object_t

instance_1

instance_2

…

instance_n

...

Figure 2.2: Data generation for MI learning

The difference between the single-instance learning and the MI learning can be depicted

8



graphically as shown in Figure 2.2 [38]. In this figure, the “object” is an example described
by some attributes, the “result” is the class label and the MI learning process is the
relationship. In single-instance learning, there is only one instance in each bag while in MI
learning there is more than one instance although not all of the instances are useful for the
learning process.

The first MI problem arises in drug activity prediction [38] about choices of represen-
tation for drug molecules. Drug molecules can adopt multiple shapes by rotating some of
their internal bonds as shown in Figure 2.3. Every combination of angles of the rotatable
bonds of a molecule defines a “conformation”. Here, one molecule and its conformations
can be treated as a group. If we use a set of features to represent this molecule, we will get
one pattern, and each conformation of this molecule can also be represented by a pattern
with same features. All of these patterns will build a bag which represents this molecule,
and each pattern is an instance inside this bag. In the drug activity experiment, if there
is one conformation of a molecule that is active, this molecule is defined as active. If a
molecule is defined as inactive, that means there are no conformations of this molecule
that are active. Since every molecule and its conformations have only one label (active or
inactive), the bag of this molecule has only one label. Here we have the first MI learning
example.

Figure 2.3: Different shapes of drug molecules in one conformation

To help clarify this MI learning concept, Chevaleyre & Zucker [30] refer to an example
as the simple jailer problem. Imagine that there is a locked door, and there are N key
chains with each containing a bunch of keys. If a keychain contains a key that can unlock
the door, that key chain is considered to be useful. The learning problem is to build a
model that can predict whether a given key chain is useful or not. Here each key is a
pattern and the keychain may contain a different number of keys. If each key represents
an instance, the keychain is a “bag” and this bag has only one pattern — useful or not.
If the keychain is useful, that means there is at least one key that can unlock the door.
Otherwise, there must be no key in this keychain that can unlock the door.

Despite the differences, MI learning basically adopts the same setting as the single-
instance supervised learning. It still has examples with attributes and class labels, one
example still has only one class label, and the task is still the inference of the relationship
between attributes and class labels. The only difference is that every one of the examples is
represented by more than one feature vector. If we regard one feature vector as an instance
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of an example, normal supervised learning has only one instance per example while MI
learning has multiple instances per example, hence named “MI learning” problem.

The MI learning problem described in [38] and [30] can be defined as:

Given: a set of bags Bi, i = 1, · · · , N , their label c (Bi) ∈ {0, 1}, and the instances
eij (j = 1, · · · , ni) belonging to each bag.

Output: An unknown function f that classifies individual instances as 1 or 0, and for
which it holds that c(Bi) = 1 if and only if there exists eij ∈ Bi : f (eij) = 1 (MI constraint,
MIC).

Within a two class context, with class labels positive and negative, the original MI
assumption states that an example is positive if at least one of its instances is positive
and negative if all of its instances are negative. We refer to this MI assumption as the
“standard MI assumption”[46] [110].

2.3 One-level MI learning and Two-level MI learning

In the area of MI learning, many researchers have accomplished a lot of work and made
much progress. After Dietterich et al. [38] have introduced the Axis-Parallel hyper-
Rectangle (APR) methods for MI learning, many MI learning approaches have been de-
veloped.

As we already mentioned in chapter 1, MI learning approaches can be categorized into
“one-level” MI learning methods and “two-level” MI learning methods. “one-level” ap-
proaches denotes the methods that extend the single-instance learners to deal with MI data.
Among these approaches, Diverse Density (DD) [73] and the Expectation-Maximization
Diverse Density [123] were proposed as general frameworks for solving MI learning problem.
For tree methods, Blockeel et al. [14] proposed a MI tree method (MITI), and Bjerring
et al. [13] extended this in their work by adopting MITI to learn rules (MIRI). Andrews
et al. [4] proposed two approaches to modify Support Vector Machines [33]: mi-SVM for
instance level classification and MI-SVM for bag level classification.

Different from “one-level” MI learning methods, “two-level” MI learning methods tackle
the MI problem by introducing two levels of data space: instance-level and bag-level. At
the first level, the structure of the instance space is learned, and at the second level, the
interaction that leads to a bags class label is discovered.

Weidmann et al. [110] introduced the idea of two-level-classification (TLC) to tackle
generalized MI problems by constructing a single “meta-instance” from a bag. Xu [116]
presented a group-conditional approach called “two-level distribution (TLD) approach”.
Zhou & Zhang [126] employs k-means with a different number of clustered groups to build
the “meta-instance”.

Chen et al. [26] introduced an approach with the name Multiple-Instance Learning via
Embedded Instance Selection (MILES) to MI learning based on the diverse density frame-
work. Moreover, Xu & Frank introduced two simple heuristic algorithms called MIWrapper
[47] and MIboost [117] which are also “two-level” MI learning approaches.
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Recent research [26] [47] [110] [117] [126] shows that “two-level” MI learning methods are
very competitive with the more sophisticated and state-of-the-art “one-level” MI learning
methods. In general, “two-level” MI learning methods have these following benefits:

1) Several methods [47] [117] are not difficult to implement and their performance is
outstanding.

2) Almost all existing state-of-the-art single instance methods can be combined with
these “two-level” MI learning methods.

2.4 MI Assumptions

After the first MI problem arises in [38], much research and progress has been accomplished
by many researchers as we have already mentioned in chapter 1. Note that the standard
MI assumption is based on instance-level class labels, thus the “standard MI Learning
process” is commonly viewed as a two-step process with the first step consisting of a
classification problem and the second step that is a “positive instances selecting” process
based on the first step where the standard MI assumption is applied. This assumption
played an influential role in the early stage of MI learning. However, as we shall see,
there are methods that directly infer the output from the interactions between the input
instances without the instance selection step. We noticed that several MI methods do not
actually follow the standard MI assumption nor explicitly state which assumptions they
use. As a matter of fact, we believe that this standard assumption may not be essential
to make accurate predictions. What matters is the combination of the model from the
first step and the assumption used in the second step. Given a certain type of model for
classification, it may be appropriate to explicitly drop the standard MI assumption and
establish other assumptions in the second step.

We agree with the statement mentioned in [116] that the two-step paradigm itself is one
possibility for modeling the MI problem. For the instances within a bag for an example,
there may be ambiguity, interactions and redundancy to exploit. The two-step model
and the standard MI assumption may be suitable to exploit ambiguity [66] but if we are
interested in other properties of the examples, other models and assumptions may be more
appropriate. We may need more background knowledge to choose the right way to model
the problem, but in most cases we lack such knowledge. Consequently it is necessary
that we try a variety of models or assumptions in order to come up with an accurate
representation of the data. Systematic reviews of MI assumptions have been given in [46],
[116] and [118]. To explain the algorithms and models we will present in the following
chapters, we shall also review those major MI assumptions and the algorithms following
these assumptions.

In this section we review the MI assumptions classes that have been proposed and the
algorithms under these assumptions. Figure 2.4 gives the relationships between the various
major assumptions. Table 2.1 gives the list of these MI assumptions and algorithms under
these assumptions. In the following contents of this chapter we will discuss some major
assumptions as the representatives and the algorithms under these assumptions in detail.
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Table 2.1: MI assumptions and algorithms
Name Algorithms

the standard assumption APR[38]; DD[73]; EM-DD[123]; MI-SVM[4]; NN[81];
mi-SVM[4]; MITI[14]; MITR[30]; Boosting[5]

the generalized assumption TLC[110]; CCE[126];
the collective assumption MIboost [117]; MIwrapper[47]

the metadata-based assumption Simple MI[39]; Relic[85]; K MI kernel[49]
the GMIL assumption GMIL-1[87]; GMIL-2[94]

the count-based GMIL assumption Count-Based GMIL[94]
the DD-SVM/MILES assumption DD-SVM[27]; MILES[26]

the BARTMIP assumption BARTMIP[122]
the nearest neighbor assumption Bayesian-KNN[101]; Citation-KNN[101]

the MI graph assumption MIGraph and miGraph[124]
the instance weights assumption IFLIW[45]; YARDS[45];
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2.4.1 The standard MI assumption

As we already introduced in section 2.2, the standard MI assumption is the original as-
sumption for the MI problem. Weidmann et al. [110] indicated that by employing different
assumptions of how the instances’classifications determine their bag’s label, different kinds
of MI problems can be defined.

Following the notation of Gärtner et al. [49] and Weidmann et al. [110], we need to
assume a binary class attribute Ω = {+,−}. Let χ be the instance space and N be the
input space. Then an MI concept is a function vMI : Nχ −→ Ω. The task in MI learning
is to learn this function based on a number of example elements of the function. Here,
Nχ refers to the set of all functions from χ to N (which is isomorphic to the set of all
multi-subsets of χ). The output of f(χ) ∈ Nχ is viewed as the number of occurrences of χ
in the multi-set.

Under the standard MI assumption, the MI learning problem can be defined as:

vMI(X)⇔ ∃x ∈ X : cI(x) (2.1)

where cI ∈ C is a concept from a concept space C (usually called the “underlying
concept”), and X ⊆ χ is a set of instances.

The standard MI assumption states that each instance has a hidden class label c ∈
Ω = {+,−} . Under this assumption, an example is positive only if one or more of its
instances are positive. Thus, the bag-level class label is determined by the disjunction of
the instance-level class labels.

A number of learning algorithms for MI classification under the standard MI assumption
have been proposed in the literature. After first presenting the MI problem, Dietterich et
al. [38] presented several algorithms for learning axis-parallel rectangles to identify the
positive region of instance space. Learning axis-parallel concepts [38] is the first class of
algorithms that were proposed to solve MI problem with the idea of finding an axis-parallel
hyper-rectangle (APR) in the feature space to represent the target concept. Obviously,
this APR should contain at least one instance from each positive bag and exclude all the
instances from negative bags. Dietterich et al. [38] then suggested three algorithms to find
such a hyper-rectangle: a “standard” algorithm finds the smallest APR that bounds all
the instances from positive bags; an “outside-in” algorithm constructs the smallest APR
that bounds all the instances in positive bags and then shrink the APR to exclude false
positives; an “inside-out” algorithm starts from a seed point which grows into a rectangle
with the goal of finding the smallest APR that covers at least one instance per positive bag
and no instances from negative bags. The three algorithms are evaluated on one artificial
and two real datasets, and the “inside-out” algorithm is shown to be the most effective
one.

Blockeel et al. [14] proposed a tree method which is called MITI (multi-instance tree
inducer) for MI learning. Similar to a single-instance decision tree (like C4.5 [79]), the MI
tree is based on the information gain of a feature of the instance. The difference between
the multi-decision tree and the single-decision tree is that the growing of a MI tree is based
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on the information gain of a feature over a set of instances instead of the feature of one
instance. The concept of information gain and entropy are extended to bags of instances
in the MI learning framework. Suppose S is a collection of instances which belong to p(S)
positive bags and n(S) negative bags, F is the feature being considered as the splitting
criterion and Sn is the collection of instances whose value of feature F is n. The extended
information gain and entropy are defined as:

Entropymulti(S) = − p(S)

p(S) + n(S)
× log2(

p(S)

p(S) + n(S)
)− n(S)

p(S) + n(S)
× log2(

n(S)

p(S) + n(S)
)

(2.2)

InfoGainmulti(S, F ) = Entropymulti(S)− Σn∈V alues(F )
p(Sn) + n(Sn)

p(S) + n(S)
× Entropymulti(Sn)

(2.3)

Moreover, compared to single-instance decision tree, MITI has two key modifications:
(a) nodes are expanded in best-first order guided by a heuristic that aims to identify pure
positive leaf nodes as quickly as possible, and (b) whenever a pure positive leaf node is
created, all positive bags containing instances in this leaf node are deactivated.

Andrews et al. [4] proposed two approaches to modify Support Vector Machines, mi-
SVM for instance-level classification and MI-SVM for bag-level classification. The goal
of mi-SVM is to maximize the usual instance margin jointly over the unknown instance
labels and a linear or kernelized discriminant function. In comparison, MI-SVM aims at
maximizing the bag margin, which is defined as the margin of the “most positive” instance
in case of positive bags, or the margin of the “least negative” instance in case of negative
bags. Both methods were implemented using mixed integer quadratic programming. More
discussion will be given in chapter 5 and chapter 7.

For other approaches, Maron & Lozano-Perez [73] defined diverse density, a measure of
the likelihood that a point in instance space is a positive target concept, and used a gradient
search to find the point that is most likely to define the target concept. A refinement
of this algorithm, EM-DD, was proposed by Zhang & Goldman [123]. Several single-
instance learning methods have been ‘upgraded’ to the MI scenario under the standard
MI assumption, including neural networks [81] and weak learners for boosting [5]. Zhou
& Xu [125] adapted semi-supervised support vector machines to the standard MI scenario
by encoding a ‘positive constraint’ in the objective function of the SVM.

2.4.2 The generalized MI assumption

Although the standard MI assumption is widely believed to be appropriate for the musk
drug activity prediction problem [38], the MI representation can be applied to a number of
other problem domains where the standard MI assumption might not be directly applicable.
Based on this, Weidmann et al. [110] formulated a hierarchy of generalized instance-based
assumptions for MI learning. The hierarchy consists of the standard MI assumption and
three types of generalized MI assumptions: presence-based MI, threshold-based MI and
count-based MI, each more general than the previous.
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If we use vPB : Nχ −→ Ω to define a presence-based MI concept, vTB : Nχ −→ Ω
to define a threshold-based MI concept, and vCB : Nχ −→ Ω to define a count-based
MI concept, then the formal definitions of presence-based MI, threshold-based MI and
count-based MI can be shown in Equations 2.4, 2.5 and 2.6 [110].

vPB(X)⇔ ∀c ∈ Ĉ : ∆(X, c) ≥ 1 (2.4)

vTB(X)⇔ ∀ci ∈ Ĉ : ∆(X, ci) ≥ ti (2.5)

vCB(X)⇔ ∀ci ∈ Ĉ : ti ≤ ∆(X, ci) ≤ zi (2.6)

Here we still follow the notation of Gärtner et al. [49] and Weidmann et al. [110]. In these
equations, Ĉ ∈ C is the set of required concepts, ∆ : Nχ × C → Ω is the function that
outputs the number of occurrences of a concept in the bag, ti ∈ N is the lower threshold for
concept I, and zi ∈ N is the upper threshold for concept I. We have νMI ⊂ νPB ⊂ νTB ⊂
νCB.

The threshold-based MI assumption states that a bag is positive only if there are at
least a certain number of instances in the bag that belong to each of the required concepts.
Each concept can have a different threshold.

For approaches to be used in wider domains, algorithms that rely on the generalized
MI assumption may be more appropriate. Under this assumption, Weidmann et al. [110]
presented a Two-Level Classification (TLC) algorithm to learn the type of MI concepts that
are described in their concept hierarchy [110]. Similarly, Zhou & Zhang [126] presented a
constructive clustering ensemble (CCE) method. This algorithm uses a clustering method
to group the instances in the training bags into d clusters, to build the concepts for the
bag level classification.

2.4.3 The collective MI assumption

The collective assumption, designed as a general alternative to the standard MI assumption,
was not precisely defined by Xu [116] but was defined by Foulds & Frank [46]. It is
motivated by a view of the nature of MI bags that is based on probability theory. Under
this view, a bag is not a finite collection of fixed elements as is generally assumed, but
instead is a sample of an underlying population specific to that particular bag. Under
this assumption, a bag can be modeled as a probability distribution Pr(X | b) over the
instance space, where the observed instances were generated by random sampling from
that distribution.

Instances are assumed to be assigned class labels according to a probability function
g(x) = Pr(X | b). Under this assumption, the bag-level class probability function is
determined by the expected class value of the population of that bag. Let c be a class label
and let b be a bag. Then

Pr (c | b) = EX [Pr (c | x) | b] =
w

X

Pr (c | x)Pr (x | b) dx (2.7)
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To compute this exactly, we must know Pr(X | b), the probability distribution for the bag.
However, this is generally not known in practice so the sample provided by the instances
in the bag is used instead:

Pr (c | b) =
1

nb

nb∑
i=1

Pr(c | xi) (2.8)

where nb is the number of instances in the bag. In the limit, as the sample size approaches
infinity, the sample version of the equation will approach the population version.

Xu & Frank developed statistical algorithms for learning this kind of probabilistic con-
cept, the most notable of which are versions of logistic regression and boosting, upgraded
to solve MI learning problems under the collective MI assumption [117].

For single-instance classification, Logistic Regression assumes a parametric form for the
distribution Pr(Y | X), then directly estimates its parameters from the training data. The
parametric model assumed by Logistic Regression in the case where Y is a boolean is:

Pr(Y = 1 | X) =
1

1 + exp(ω0 +
∑n

i=1 ωiXi)
(2.9)

and

Pr(Y = 0 | X) =
exp(ω0 +

∑n
i=1 ωiXi)

1 + exp(ω0 +
∑n

i=1 ωiXi)
(2.10)

However, the standard logistic regression model does not apply to MI data because the
instances’ class labels are masked by the “collective” class label of a bag. Xu & Frank [117]
use a two-stage framework to upgrade linear logistic regression and boosting to MI data.

As usual, the maximization of the log-likelihood function is carried out via numeric
optimization because there is no direct analytical solution. The optimization problem can
be solved very efficiently because we are working with a linear model.

Moreover, Xu & Frank [117] introduced a simple heuristic algorithm called MIWrapper
for applying single-instance learners under the collective assumption. The first step of
the MIWrapper algorithm is to collect all of the instances from all of the bags, and label
each of them with the label of the bag that they came from. This step effectively creates
a propositional (i.e. single-instance) dataset. To set equal total weight for each bag,
the algorithm weights all of the instances. Then a single-instance learner is applied to
this propositional dataset. At classification time, the single-instance learner predicts class
probabilities for all of the instances in the bag for which the classification is to be predicted.
The output is merely the average of the predicted instance-level class probabilities. Using
the arithmetic mean at prediction time, the method applies the sample version of the
collective assumption formula when making predictions.

2.4.4 The Metadata-based MI assumptions

Since single-instance learning algorithms have been developed for a long time, a simple idea
to MI learning is to transform the MI data into single-instance dataset and a single-instance
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learning algorithm can then be applied directly to dataset. One approach is to replace each
bag with a feature vector consisting of metadata features derived in some way from the
instances in that bag [46]. At classification time, new bags are mapped into the metadata
feature space, and predictions are made by outputting the prediction of the single-instance
learner for the transformed version of the bag. Xu [116] refers to methods of this kind as
metadata approaches. When this type of method is used, the implicit assumption is merely
that the classification labels of the learning examples are directly related to the metadata.
We will therefore refer to this type of MI assumption as a metadata assumption.

Lin [39] described three versions of a MI approach with the name “Simple MI” under
the metadata assumption, each of which differs only in the type of summary statistics used
for the single-instance feature space. The first two methods merely average the values
of the instances in a bag for each dimension, using either the arithmetic or the geometric
mean. The third option is called the ‘minimax’ method. Here, the minimum and maximum
values of each variable are recorded for each bag. This method is equivalent to Gärtner et
al.’s [49] minimax kernel, used as a kernel in a standard support vector machine algorithm.

The main advantage of Simple MI is that it is extremely fast. The computation of
the feature space transformation is trivial, and the single-instance base learner only has to
learn from as many instances as there are bags in the training set, regardless of how many
instances are contained inside the bags.

Although this simple model is not able to represent all types of problems, Lin [39]
found that Simple MI (with appropriate base learners) performs surprisingly well on many
datasets, even outperforming all of the special-purpose MI algorithms that were investi-
gated in some cases.

The MILES [26], YARDS [45], BARTMIP [122], TLC [110] and CCE [126] algorithms
all use feature space transformations, where bags are mapped to single-instance feature
vectors, and single instance algorithms are applied to the resulting datasets. These methods
can therefore be viewed as metadata approaches.

2.4.5 Other MI assumptions

Scott et al. [87] introduced a MI assumption with the name GMIL based on theoretical
results from geometric pattern recognition. Under this assumption, they proposed the
GMIL-1 algorithm. Tao & Scott [95] proposed GMIL-2 to improve the computational and
memory efficiency of the algorithm. Tao et al. [94] proposed another assumption with the
name Count-Based GMIL which is more general than GMIL assumption and Count-based
assumption, with the algorithm Count-Based GMIL under it.

Related to the GMIL assumption, the DD-SVM [27] and its successor MILES [26] use
a generalized MI assumption with the name DD-SVM/MILES assumption.

The BARTMIP algorithm under the so-called BARTMIP assumption which is proposed
by Zhang et al. [122] is also closely related to MILES. While MILES assumes that bag
labels are related to the instance-level distance from a set of target points, the BARTMIP
method assumes that bag labels are related to distances from target bags.
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There are two MI assumptions using instance weights introduced by Foulds et al. [46].
The first one, the weighted collective MI assumption, is an extended version of the collective
assumption that incorporates a weight function over the instance space as well as a prob-
ability function. The other one, the weighted linear threshold MI assumption, is based
on linear classification models from single instance learning. In response, Foulds et al.
[46] presented two algorithms, IFLIW [46] and YARDS [46], under these two assumptions
respectively.

Zhou et al. [124] proposed algorithms that depend on the MIGraph assumption that the
spatial relationships between instances in bags are important contributors to bag labels.
Under this assumption, two algorithms (MIGraph and miGraph) were presented.

Nearest neighbor assumptions were proposed by Wang & Zucker [101] when proposing
two variants of the standard k-nearest neighbor algorithm in their work: The first algorithm
(Bayesian-KNN) uses a Bayesian method for predicting the most likely class given a set of
neighbors, while the second algorithm(Citation-KNN) is based on the notions of references
and citers from the field of library and information science: when making a classification
decision, not only are nearest neighbors of an example considered, but also bags that
consider the example to be a nearest neighbor.

2.5 Discussion about current solutions

From this definition of the MI learning problem in section 2.1 we find that the standard
assumption of the MI learning problem [116] is based on the MI constraint. The first MI
algorithm stems from the pioneering paper by Dietterich et al. [38], which also introduced
the aforementioned Musk datasets. The “APR and the MI assumption” combination
dominated the early stage of MI learning.

Some more practical MI algorithms were developed in this domain, such as MULTINST
[5], which tries to calculate the expected number of instances per bag that fall into the
hypothesis for the positive class (in this case an APR) and adheres closely to the MI as-
sumption. Diverse Density (DD) [73] and EM-DD [123] model were also heavily influenced
by the “APR and the MI assumption” combination.

However, this assumption originally comes from the application of Dietterich et al.
[38]’s work and may not be suitable for all other applications. Some new methods broke the
MI assumption and APR-like formulations. The “Citation-KNN” method [101] definitely
violates the standard MI assumption because it decides a test example’s class label by the
majority class of its nearest examples. Thus, it does not classify an example based on
whether at least one of its instances is positive or all of the instances are negative. The
SVM with the MI kernel [49] also violates the standard MI assumption.

MI learning has been widely used to combine additional information for decision mak-
ing and classification [105][110][117]. However, most of the application cases violate the
standard MI assumption. We should develop some methods that are not based on the
standard MI assumption. Following this idea, data fusion, a technology which collates
information from different sources, can be used for MI learning problem.

18



On the other hand, when using existing MI learning algorithms for learning in some
applications, performance is not always as good as we expect. We must look for a better
performance algorithm for our tasks. As in the motivation of this research which was
mentioned in chapter 1, one potential approach is the Multi-view learning framework [115]
which has been used widely to improve performance of learning methods. The other
potential approach is the Multiple Kernel Learning (MKL) method, an approach that has
been reported to have good performance in many learning cases [8][50][90].

The last point about the drawback of existing MI learning methods is that there is no
other research about the class imbalance problem in MI learning, as far as we know. Since
the class imbalance problem exists in many MI learning application, it is necessary to have
a comprehensive and systematic analysis on this problem.

All of the issues above are the motivations behind our work in this thesis. In the next
chapters we will discuss them in detail.
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Chapter 3

A Multi-View Two-level Learning
Method for Generalized MI Problems

3.1 Motivation

In this chapter, we address the MI problem under the generalized MI assumption since
it is less specific. Under this assumption, we introduce the idea of multi-view, two-level-
classification to deal with the MI problem. The first step of this method constructs a
single meta-instance from a bag, which represents regions in the instance space and has
an attribute for each region. Every attribute indicates the number of instances in the
bag that can be found in the corresponding region. By repeating this step using different
construction methods, we get a multi-view attribute set containing attributes that represent
regions in different instance spaces. Along with the bag’s class label, the multi-view meta-
instance can be passed to a standard propositional learner, to learn the influence of the
regions on a bag’s classification. In the second step, we introduce a multi-view approach to
learn from the multiple independent sets of features generated in the first step. Multi-view
learning describes the problem of learning from multiple independent sets of features (i.e.
views) of the presented data. This framework has been successfully applied to many real-
world applications [15][18][19][44]. Indeed, a multi-view learning problem with n views can
be seen as n strongly uncorrelated feature sets that are distributed in the dataset.

This multi-view, two-level classification (MV-TLC) [107] strategy transforms a MI
dataset into a multi-view, single meta-instance dataset, and learns from multiple views
(the feature set) of this meta-dataset. The information acquired by view learners is then
integrated to construct a final classification model. Our empirical studies show that our
method compares well to other popular MI classifiers.

Unlike most current MI learning algorithms, which are derived from supervised learning
algorithms by shifting the focus from the instances to the bags (i.e. adapting single-instance
algorithms to the MI representation), our method demonstrates the feasibility of another
approach to solving MI learning: adapting the MI representation to the single-instance
algorithms. The main contribution of this chapter is that we transform the MI problem into
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a multi-view single instance problem. This provides two potential benefits: any existing
single instance algorithm can be applied, and the presented multi-view learning method
uses the consistency among different views to achieve better performance.

The remainder of the chapter is structured as follows: Section 3.2 presents the related
concepts; Section 3.3 describes and discusses the proposed algorithm, it also illustrates
the efficiency of our algorithm as determined by experimentation and offers final remarks;
Section 3.4 presents the conclusion and future work.

3.2 Multi-view learning

In recent years, numerous methods to learn from multi-view data by considering the di-
versity of different views have been proposed. The views can be obtained from multiple
sources or different feature subsets. The basic idea of Multi-view learning is to make use
of the consistency among different views to achieve better performance. As opposed to
single view learning, multi-view introduces one function to model a particular view, and
jointly optimizes all the functions to exploit the redundant views of the same input data
to improve the learning performance. The Multi-view learning process has three stages:
Multi-view construction, views validation and views combination.

View construction methods can be analyzed and categorized into three classes. The
first class includes techniques that construct multiple views from so-called meta-data, using
random approaches. Creating different views corresponds to feature set partitioning, which
generalizes the task of feature selection. Instead of providing a single representative set of
features, feature set partitioning decomposes the original set into multiple disjoint subsets
to construct each view. For example, Brefeld et al. [18] presented a simple way to convert
from a single view to multiple views, by splitting the original feature set into different views
at random. Di & Crawford [36] conducted a thorough investigation of view generation for
hyper-spectral image data. Three strategies: Clustering, Random selection and Uniform
band slicing, have been proposed to construct multiple views by considering the key issues
of diversity, compatibility and accuracy. Guo & Viktor [51] also presented a method using
conventional data mining methods to classify relational objects without having to flatten
the multiple relations into a universal one.

The second class consists of algorithms that reshape or decompose the original single-
view feature into multiple views, such as the above matrix representations, or different
kernel functions. For example, Wang et al. [109] developed a novel technique to reshape
the original vector representation of a single view into multiple matrix representations.
Matsubara et al. [74] proposed a pre-processing approach to simplify constructing the
different views required by multi-view learning algorithms. Moreover, the literature shows
that several kernel functions have been used successfully, and can be considered distinct
views of the data. Thus, the problem of how to learn the kernel combination can be seen
as multiple kernel learning [50].

The third class is comprised of methods that automatically perform feature set parti-
tioning. Chen et al. [26] suggested a novel feature decomposition algorithm called Pseudo
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Multi-view Co-training (PMC), which automatically divides the features of a single view
dataset into two mutually exclusive subsets. This algorithm can find an optimal split of
the features automatically, by solving an introduced optimization problem iteratively.

With respect to views validation, several approaches have been proposed to analyze
the relationships between multiple views, or to cope with the problems resulting from the
violation of view assumptions or the noise in the views. Muslea et al. [76] introduced
a view validation algorithm that predicts whether the views are adequately compatible
to solve multi-view learning tasks. This algorithm attempts to learn a decision tree in a
supervised manner, in order to discriminate between learning tasks according to whether
the views are sufficiently compatible for multi-view learning. Liu & Yuen [71] proposed two
new confidence measures (inter-view confidence and intra-view confidence) to describe the
view sufficiency and view dependency issues in multi-view learning. For multiple kernel
learning, Lewis et al. [69] compared the performance of unweighted and weighted sums
of kernels on a gene functional classification task. Christoudias et al. [31] presented a
Bayesian localized approach for combining different feature representations with Gaussian
processes that learns a local weight for each view.

Regarding views combination, Kumar & Daumé III [65] applied co-training to the un-
supervised learning setting, and proposed a spectral clustering algorithm for multi-view
data. In the Bayesian co-training proposed by Yu et al. [120], a Bayesian undirected
graphical model for co-training through the gauss process is constructed. For multiple
kernel learning, Lanckriet et al. [67] used a direct approach to optimize the unrestricted
kernel combination weights. Gönen & Alpaydin [50] proposed an approach assigning dif-
ferent weights to kernel functions according to data distribution, and defined a locally
combined kernel matrix.

3.3 Proposed Methods

The MI concepts described by Weidmann et al. [110] consists of a set of instance-level
processes that are in some way related to the bag-level concepts. According to the definition
of standard and generalized MI learning, the label of a bag is determined by the relationship
between the feature vector set describing the bag and the target points in the instance space.
There are two functions in the Weidmann et al. [110] concept hierarchy that determines a
bag’s class label: the mono-instance concept function that assigns an instance in a bag to
a concept, and the MI concept function that computes a class label from the instances in
a bag, given their concept membership by the first function. Thus, a two-level approach
of learning is appropriate.

Most current MI learning algorithms use a strategy of adapting single-instance learning
algorithms to meet the MI representation, and have been somewhat successful. And some
MI learning algorithms using the opposite strategy, that is, adapting the MI representation
to meet the requirements of existing single instance supervised learning algorithms, have
also been effective [110][116][126].

The TLC approach proposed by Weidmann et al. [110] generates only one meta-instance
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for each bag, using a standard decision tree. In contrast, CCE proposed by Zhou & Zhang
[126] employs k-means with a different number of clustered groups to impose different
structures on the instance space. In each structure, a meta-instance is generated for each
bag. CCE also uses majority voting to combine the predictions of classifiers. It is clear
that the role of the decision tree in TLC can be replaced by another supervised learning
algorithm, and the role of k-means in CCE can be replaced by some other clustering
method. This provides a starting point to develop an upgraded methodology based on
TLC and CCE.

Classification modelClassification model

Meta 
instances I

Meta 
instances I

MI instancesMI instances

Level one

Method 1

Meta 
instances II

Meta 
instances II

Meta 
instances N

Meta 
instances N

...

Method nMethod 2

Level two
Multi-view learning algorithm

Figure 3.1: MV-TLC framework

In this thesis, we present a Multi-view two-level classification framework (MV-TLC) for
generalized MI learning, as shown in Figure 3.1. In the first level, the framework imposes
different structures on instance spaces with different dimensions, and in each structure a
meta-instance is generated for each bag. Both the supervised and unsupervised learning
algorithms are employed to generate the meta-instances. In the second level, a multi-view
algorithm is applied to combine the predictions of the classifiers.

3.3.1 Construct the multi-view meta-instances dataset in level
one

In level one, the instances in all the bags are collected. Supervised and unsupervised
learning methods are then applied to construct a new concept for the second level. The
same mapping is performed at classification time, and the bag-level predictions are made
by the single-instance learner.

Using supervised learning methods to construct the meta-instances

Several algorithms can be used for the supervised learning methods, including decision
tree (which is also used in TLC [110]) and rule induction. Here we chose a decision tree
to impose a structure on the instance space. As shown in Figure 3.2, the decision tree is
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built on the set of all instances contained in all bags, and labeled with their bag’s class
label. A unique identifier is assigned to each node or leaf of the tree, and information gain
is used for test selection. A simple pre-pruning heuristic is applied, and nodes are not split
further when the sum of the instance weights in the node is less than two. Each node in
the tree represents a concept. Algorithm 1 illustrates the process.

f0f0 id=0

f1f1 f2f2

f3f3 Leaf_0Leaf_0

<=0.25 >0.25

id=1 id=2

id=3 id=4

<=0.5 >0.5

f0f0 f1f1 ...... Leaf_nLeaf_n ClassClass

11
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11 ...... 00

00 ...... 11

11 ...... 00
+1+1

bag0bag0 id_0id_0 id_1id_1 ...... id_mid_m ClassClass

66 22 ...... 11 +1+1

Figure 3.2: build the first level concepts using decision tree

In this algorithm, each bag is converted into a single-instance representation with an
attribute for every node in the tree (i.e. each concept), the value of which is set to the
number of instances that reach that node in the decision tree. The tree allows us to convert
a bag into a single instance, with one numerical attribute for each node in the tree. Each
attribute counts how many instances in the bag are assigned to the corresponding node in
the tree. The TLC-decision tree algorithm proposed in Figure 3.3 is similar to the method
used in TLC [110], but there are some important differences (e.g we do not initialize the
weight of each instance). Unlike TLC, which only counts nodes as attributes, our method
utilizes both the leaves and the nodes. Although only a TLC-decision tree method is
proposed here, other supervised learning algorithm can also be used to construct new
concepts in level one, such as rule induction algorithms and alternative tree methods.

Using unsupervised learning methods to construct the meta-instances

For the unsupervised learning methods, clustering algorithms are chosen to construct new
concepts, and then applied to cluster the instances into d groups. Specifically, d features
are generated so that if a bag has an instance in the i-th group, then the value of the i-th
feature is set to 1; otherwise it is set to 0. Thus, each bag is represented by a d-dimensional
binary feature vector, such that common single-instance supervised classifiers can be em-
ployed to distinguish the bags. Theoretically, any unsupervised learning algorithm can be
used in the proposed TLC-clustering algorithm (e.g. k-means, EM). Figure 3.3 gives an
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Algorithm 1 the TLC-decision tree algorithm

1: Given: D = the set of train bags; C = all instances in the bags in D
2: Set: L = decision tree classifier; F = a new single instance data set; int i, j = 0
3: for all Ci ∈ C do
4: Ci.setClassV alue(D(Ci).ClassV alue)
5: end for
6: L.train(C)
7: Output the final hypothesis:
8: set N = all nodes and leaves in L
9: while j < D.size() do
10: Fj.setClassV alue(Dj)
11: Fj.setAttribute(N)
12: for n ∈ {1, N.size()} do
13: Fj.attribute(n) =

∑
count(N(Ci∈Dj))

14: end for
15: end while
16: Return F

example of this process and Algorithm 2 illustrates the details of this method.

Algorithm 2 TLC-clustering

1: Given: D = the set of train bags
{
X l
}

; C = all instances in the bags in D
2: Set: T = a set of m numbers {t1, t2, · · · , tm}; U = Clustering algorithm; Si = a new

single instance data set int i, j = 0
3: for i ∈ {1, · · · ,m} do
4: U(C, ti)
5: for j ∈ {1, · · · , D.size()} do
6: for k ∈ {1, · · · , ti} do
7: yjk ⇐ Overlap(Xj, Uk)
8: end for
9: Si ⇐ Si

⋃
{< yj1, · · · , y

j
tm >}

10: end for
11: Si.setClassV alue(D)
12: end for
13: Return Si

3.3.2 Learning the multi-view meta-instances dataset in the level
two

Combining the generated concepts in level one gives us a multi-view single instance meta-
dataset for level two. Here we can repeat the meta-data generation procession by using
different supervised and unsupervised learners. For instance, for the decision tree algorithm
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Figure 3.3: build the first level concepts using clustering method

in Algorithm 1, we have multiple choices such as J48 [79], Simple tree [92], Decision stump
[58] and so on. We can also choose different parameters in these learners. Similarly, for
the unsupervised algorithm in Algorithm 2, we also have multiple choices to get different
learners by using different clustering methods. This is similar to the Multiple Kernel
Learning (MKL) [49]. The benefit of generate more views is that we can collect less
information when construct new concepts from the original multi-instance data. Simply
merge these meta-dataset together, we will find that each bag in the original multi-instance
data is transferred into a single instance. Applying more meta-data generation will increase
the number of features in this meta-data.

To learn this meta-dataset, we can simply use any single-instance learning method,
or we can use any feature selection method to process this data. Here we introduce an
ensemble learning method combining with multi-view feature selection algorithm in level
two of MV-TLC.

In [104], we presented a framework which uses multiple kernel SVM classifiers as the
base learners for stacked generalization [113], a general method of using a high-level model
to combine lower-level models, to achieve greater computational efficiency.

Stacked generalization is [113] a heterogeneous ensemble method for combining multiple
classiers (base models) by learning a meta-level classier based on the output of the base-level
classiers, estimated via cross-validation. We have found that since stacked generalization
is an ideal ensemble method for heterogeneous base models, if we use feature selection
method to generate multiple views on the meta-data constructed in level 1 in Figure 3.1,
we can build a heterogeneous multi-view ensemble method in level 2 in Figure 3.1.

Algorithm 3 provides the details of the MV-TLC algorithm.

In the second level of the MV-TLC framework, the multiple views construction stage
builds various hypotheses on the target concept, based on the multiple training data sets
given by level one of the MV-TLC. Single view learners are used to learn the target concept
from each view of the database separately.
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Algorithm 3 MV-TLC learning algorithm

1: Given: dataset Φ which is generated from level one of MV-TLC
2: Set: L = view learner; M = meta learner
3: Output: the final hypothesis: £
4: Let View Set V = ∅; Hypothesis set H = ∅
5: Generate view set V = {V 1, · · · , V m} using the chosen correlation-based feature selec-

tors and measurements from Φ
6: Train L with V , forming hypothesis set H
7: Form final model F by combining H, using M
8: Return £

In the views validation stage, a number of different view learners are trained. All the
learners from the views construction stage are evaluated in this stage, as they must be
validated before being used by the meta-learner of the stacked generalization. This process
is required to ensure they are capable of learning the target concept on their respective
training sets. The algorithm uses a heuristic measure to evaluate the correlation between
views; a similar heuristic principle was applied in the feature selection approach by Hall
[53].

After completing construction of the view feature set, the MV-TLC algorithm ranks
view feature subsets according to the correlation-based heuristic evaluation measure and
selects the best ranked subset. Various heuristic approaches are employed to search the
view feature space. The MV-TLC algorithm uses the best first and ranker [53] as the
search method. A similar strategy has been applied by Guo & Viktor [51] .

In the last step of the MV-TLC, the multi-view learners from the views validation stage
are incorporated into a meta-learner to construct the final classification model. The meta-
learner is used to create a function to control the way that the view learners work together
to achieve maximum classification accuracy. This function and the hypotheses constructed
by each of the view learners constitute the final model.

3.3.3 Analysis

Blum & Mitchell [15] proved that when two adequate views are conditionally independent
given the class label, co-training can be successful. Based on the same conditional inde-
pendence assumption, Dasgupta et al. [35] provided the PAC style bounds for co-training.
Let S be an i.i.d sample consisting of individual samples s1, · · · , sm. A partial rule h on a
dataset X is a mapping from X to the label set {1, · · · , k,⊥}, where k is the number of
class labels and ⊥ denotes the partial rule h that gives no opinion. We have the following
for all pairs of rules h1 and h2:

If γi(h1, h2, δ/2) > 0 for 1 ≤ i ≤ k then f is a permutation, and for all 1 ≤ i ≤ k, we
have:

P (h1 = i|f(y) = i, h1 6=⊥) ≤ 1

γi(h1, h2, δ)
(εi(h1, h2, δ) + P̂ (h1 6= i|h2 = i, h1 6=⊥)) (3.1)
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where εi(h1, h2, δ) =
√

ln 2(|h1|+|h2|)+ln 2/δ
2|S(h2=i,h1 6=⊥)| and γi(h1, h2, δ) = P̂ (h1 = i|h2 = i, h1 6=⊥

) − P̂ (h1 6= i|h2 = i, h1 6=⊥) − 2εi(h1, h2, δ) . Abney [1] relaxed this assumption, and
found that weak dependence alone can lead to successful co-training. Given the mapping
function Y = y, the conditional dependence of opposing-view rules h1 and h2 is defined as:

dy =
1

2

∑
u,v

|Pr[h1 = v|Y = y, h2 = u]− Pr[h1 = v|Y = y]| (3.2)

And the weak dependence rule is :

dy ≤ p2
q1 − p1

2p1q1

(3.3)

where p1 = minu Pr[h2 = u|Y = y], p2 = minu Pr[h1 = u|Y = y], and q1 = 1 − p1. As
the proposed MV-TLC framework deploys multi-views constructed using supervised or
unsupervised learning methods, h1 and h2 can be learned from view concepts constructed
using different methods. In this case, X1 and X2 are constructed in different feature spaces,
and we can consider that the weak dependence rule in equation 3.3, or the conditional
independence rule in equation 3.2, are satisfied. Under these assumptions, the MV-TLC
algorithm will be successful.

However, X1 and X2 can be constructed using the same method with different or identi-
cal parameter settings, and in these situations additional weak assumptions are required to
guarantee the success of the MV-TLC algorithm. We can use the ε-expansion assumption,
first mentioned by Balcan et al. [44], to analyze the success condition. Here, we provide
the definition of ε-expansion. We assume that the examples in Algorithm 3 are drawn from
a distribution D over an instance space X, and let X+ and X− denote the positive and
negative regions of X respectively. For S1 ⊆ X1 and S2 ⊆ X2 let Si(i = 1, 2) denote the
event of an example where 〈x1, x2〉 has xi ∈ Si. If we set S1 and S2 as confident sets in
each view, then Pr(S1 ∧ S2) denotes the probability mass of examples for which we are
confident about both views, and Pr(S1⊕S2) denotes the probability mass of examples for
which we are confident about only one view. D+ is ε-expanding if, for any S1 ⊆ X+

1 and
S2 ⊆ X+

2 , Pr(S1 ⊕ S2) ≥ εmin[Pr(S1 ∧ S2), P r(S1 ∧ S2)].

Another slightly more powerful type of expansion, known as ‘left-right expansion’, can
be defined as: D+ is ε-right-expanding if, for any S1 ⊆ X+

1 and S2 ⊆ X+
2 , if Pr(S1) ≤

0.5 and Pr(S2|S1) ≥ 1− ε then Pr(S2) ≥ (1 + ε)Pr(S1).

If the MI problem is under the standard MI assumption, and the learning algorithm
used in each view is naturally confident about being positive and is able to learn from
positive examples only, then the assumption of ε-expanding will be satisfied, and we can
say that the distribution D+ over positive examples is expanding.

If the MI problem is under the generalized MI assumption, many concept classes cannot
be learned from positive examples only. In this situation, Wang & Zhou [102] demonstrated
that when the diversity between two learners is larger than their errors, the performance
of the learners can be improved by multi-view style algorithms. The difference d(hi, hj)
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Table 3.1: Details of Datasets (‘#’denotes ‘number of’).
Dataset #bags # attribute # positive # negative instances
Elephant 200 230 100 100 1391

Fox 200 230 100 100 1320
Tiger 200 230 100 100 1220

Mutagenesis atoms 188 10 125 63 1618
Mutagenesis bonds 188 16 125 63 3995

MutagenesisM chains 188 24 125 63 5349
Musk1 92 166 47 45 476
Musk2 102 166 39 63 6598

between the two classifiers hi and hj implies their different biases. In the meta-level of
Algorithm 3, if the examples labeled by classifier hi are useful for classifier hj, hi should
have information that hj does not have; in other words, hi and hj should have significant
differences. In the MV-TLC algorithm, we chose different meta-learners to guarantee the
differences between hi and hj.

3.3.4 Experiments

In this section, we explain our experiments to investigate and compare the proposed MV-
TLC method to other popular MI learning algorithms.

Details of Datasets

The datasets used in our experiments are those employed in [14] and [45], and can be
retrieved from http://www.eecs.uottawa.ca/˜bwang009/. Table 3.1 shows the details of
the datasets.

Experimental results

We compare MV-TLC with other MI algorithms, including MITI [14], MILR [28], DD [66],
EMDD [123], MISMO (RBF kernel) [4], SimpleMI [39], MIboost [117], MIwrapper [47]
and TLC with attribute selection (TLC AS) [110]. Random Forest [56] was chosen as the
propositional learner for SimpleMI, MIboost and MIwrapper.

For MV TLC, in level one we chose a standard decision tree method as the super-
vised learning method, with k-means Euclidean distance and k-means Manhattan distance
as unsupervised learning methods to generate the concepts. Empirically, each clustering
method groups the instances into 20 groups.

In level two, LibSVM (RBF kernel) [21], LibSVM (linear kernel) and Random Forest
[56] were chosen as the views learners, and LibSVM (RBF kernel) was chosen as the
propositional learner for meta-instances.
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We choose both Accuracy and AUC as the measures for our algorithms and experiments.
Tables 3.2 and 3.3 present the experimental results using accuracy and AUC separately.
“M” in “M atoms”, “M bonds” and “M chains” denotes “Mutagenesis”.

Table 3.2: Experiment results (Accuracy by percent)
Classifier Elephant Fox Tiger M atoms M bonds M chains Musk1 Musk2

1 MITI 77.7±1.0 61.4±3.7 75.9±2.0 80.4±2.8 79.6±2.6 82.0±1.0 70.7±2.8 70.0±1.1
2 MILR 75.4±1.4 60.2±5.0 75.3±2.9 72.0±1.0 74.6±2.2 76.2±0.8 70.9±1.6 76.5±2.1
3 DD 75.7±1.4 65.4±1.6 66.5±2.7 71.6±0.5 71.6±1.5 75.2±1.9 77.2±4.1 76.9±2.5
4 EMDD 74.3±3.4 62.2±0.4 72.5±1.5 72.2±1.2 72.1±2.6 69.7±4.4 82.2±2.7 84.7±2.0
5 MISMO(RBF) 82.3±2.0 55.1±3.3 81.7±0.8 68.3±0.7 81.5±1.5 83.5±2.0 86.3±2.0 82.5±1.8
6 Simple-MI(RF) 79.4±1.9 59.5±4.5 77.3±2.0 79.3±2.4 85.2±2.8 82.4±1.1 77.6±3.6 78.0±3.4
7 Simple-MI(SVM) 84.0±1.1 57.6±1.1 79.7±1.4 68.0±0.2 69.0±1.7 75.1±1.2 51.1±0.0 61.8±0.0
8 MI-wrapper(RF) 85.7±1.0 62.8±2.4 81.7±1.2 82.6±1.8 80.2±2.0 82.9±2.0 85.0±3.0 78.2±1.6
9 MI-wrapper(SVM) 82.5±0.9 60.4±1.3 78.0±1.1 66.5±0.0 66.8±0.3 67.0±0.0 49.1±0.5 61.8±0.0
10 MIboost(RF) 84.5±1.1 60.6±1.8 79.1±2.1 80.6±1.4 80.0±0.9 81.7±1.1 85.0±4.4 78.4±1.6
11 MIboost(SVM) 83.1±1.6 60.5±1.7 78.4±1.1 66.5±0.0 66.9±0.2 67.0±0.0 48.9±0.0 61.8±0.0
12 TLC AS 81.5±3.1 63.5±3.4 75.0±2.2 78.2±1.6 82.4±0.7 83.8±0.6 84.8±1.9 81.4±1.7
13 MV-TLC 82.5±2.7 68.0±1.5 79.0±1.9 79.7±2.1 86.2±1.2 85.2±0.8 84.8±2.9 83.3±1.1

Table 3.3: Experiment results (AUC)
Classifier Elephant Fox Tiger M atoms M bonds M chains Musk1 Musk2

1 MITI 77.5±1.3 61.3±2.7 75.7±1.8 73.5±3.7 72.3±3.4 74.4±1.7 70.4±2.7 71.7±1.4
2 MILR 81.8±3.5 56.1±5.4 79.9±2.7 77.9±0.5 80.6±3.7 80.8±2.7 74.3±1.5 83.2±1.5
3 DD 83.8±1.0 69.3±0.7 72.2±4.6 75.7±0.4 76.0±0.6 81.5±0.8 83.0±7.0 76.9±2.5
4 EMDD 80.4±4.5 63.2±2.0 76.3±1.6 64.6±3.7 73.3±6.6 72.8±5.7 85.7±6.3 90.6±3.2
5 MISMO(RBF) 82.3±2.0 55.1±3.3 81.7±0.8 60.0±1.3 79.9±2.2 81.3±2.7 86.2±2.0 82.4±2.3
6 Simple-MI(RF) 88.1±2.2 63.2±3.6 85.0±2.0 83.6±1.8 90.5±1.8 85.1±0.9 86.1±2.5 85.5±3.2
7 Simple-MI(SVM) 84.0±1.1 57.6±1.1 79.7±1.4 53.9±0.4 56.9±1.5 65.1±1.3 50.0±0.0 50.0±0.0
8 MI-wrapper(RF) 93.6±1.1 67.9±1.2 88.7±1.0 84.7±1.5 82.9±2.4 85.9±0.8 92.9±2.0 82.9±3.8
9 MI-wrapper(SVM) 88.4±0.9 66.1±2.7 85.5±1.0 74.9±0.0 79.9±2.1 75.8±2.6 51.9±0.6 53.9±0.0
10 MIboost(RF) 92.3±1.1 66.2±1.2 87.9±1.3 84.4±0.9 83.3±0.4 85.9±1.2 90.8±2.2 81.7±2.2
11 MIboost(SVM) 88.3±1.5 64.4±1.3 85.8±1.2 73.5±0.0 78.7±3.4 77.6±0.8 53.4±0.0 55.0±0.0
12 TLC AS 81.4±2.3 62.0±2.1 77.0±1.4 76.7±1.2 83.9±2.0 84.9±1.8 83.8±2.3 82.3±1.4
13 MV-TLC 91.4±1.7 69.0±1.5 81.9±1.9 86.4±1.3 91.2±0.6 89.8±0.9 90.9±2.4 87.2±2.3

We applied a statistical test method–Nemenyi’s post-hoc test [60] to determine which
classifier had the best performance. First, we ranked the evaluation values for each dataset
with different classifiers, and the sum of the ranks for all datasets is represented by R.i,
where i represents a classifier. Then we used the following formula to calculate the q value
between different classifiers:

qij = (Ri −Rj)/

√
k(k + 1)

6n
(3.4)

where k is the number of classifiers and n is the number of datasets. We then determined
if one algorithm is better than another by comparing their q values with the critical value
qα. The result of 5-5-2 for MITI shows that the algorithm wins five times, loses five and
equals two times. If we set the scores as win=1, equal=0 and lose=-1, the total score of
each algorithm in the tables can be calculated. The results of this are shown in Table 3.4.
The numbers in the first row denote the classifier numbers listed in Table 3.2 and 3.3.
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Table 3.4: Experiment result using the statistical test method
1 2 3 4 5 6 7 8 9 10 11 12 13

Acc 5-5-2 1-8-3 2-7-3 4-6-2 8-3-1 6-5-1 2-8-2 11-0-1 0-11-1 9-2-1 0-10-2 8-2-2 11-0-1
AUC 0-11-1 3-4-4 3-4-5 2-9-1 2-5-5 9-3-0 0-11-1 11-0-1 3-4-5 10-2-0 3-4-5 4-4-4 11-0-1
Score -11 -8 -6 -9 2 7 -17 22 -12 15 -11 6 22

Tables 3.2 to 3.4 show that the performance of MV-TLC is as good as the performance
of MI-wrapper with random forest and both of these are better than the other algorithms.
Although MV-TLC is not designed for standard MI problems, its performance is compa-
rable to other algorithms that achieve the best results.

3.3.5 Discussion

Data with complex structures, such as MI data, is usually difficult to learn with traditional
machine learning paradigms. Constructive induction is a general approach to address
inadequate features found in original data. Using this strategy, TLC [110] and CCE [126]
demonstrate good performance compared to other popular MI algorithms. However, the
fact that TLC only generates the concepts in one instance space can make the constructed
features not adequate enough to be learned. Although CCE employs clustering to impose
different structures, and uses the power of ensemble learning rather than single classifier,
its performance on count-based MI is as good as that of TLC with AS [110] or MI kernel
[126]. Zhou & Zhang [126] found that this could be because the binary feature vectors
used by CCE are not sufficient to represent the exact number of instances in a cluster. To
use the power of ensemble learning, Dietterich [37] indicated that an effective paradigm
for generating diverse classifiers is required. The feature vector diversity generated by
clustering the instances into different number of groups may not be strong enough for the
ensemble learning method.

The empirical study shows that by using a multi-view style algorithm, and generating
multi-view concepts with different structures in different instance spaces, MV-TLC can
achieve higher and more stable performance compared to TLC [110] and CCE [126].

Under the collective assumption that instances contribute equally and independently to
bag-level class labels, MI-wrapper with Random Forest showed great performance. How-
ever, for some applications, this assumption might not always be suitable. In data with
more complex construction, instances could be dependent on bag-level class labels, and
in such cases the generalized MI assumption utilized by MV-TLC may be more appropri-
ate. On the other hand, we found that for some data, both MI-wrapper and MIboost are
sensitive to propositional learners. In our empirical study, when choosing SVM with RBF
kernel as the propositional learner, MI-wrapper and MIboost’s performance was low. In
contrast, MV-TLC can employ the power of multi-view learning and is not sensitive to
propositional learners.
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3.4 Conclusions and future research

In this chapter, we proposed a framework that demonstrates a solution for MI learning
by adapting MI representation to single-instance algorithms. The proposed algorithm,
known as MV-TLC, employs processes that include supervised and unsupervised learning
methods to help construct new multi-view meta-features that can be exploited by common
supervised learning algorithms. MV-TLC also utilizes the power of multi-view learning
paradigms to achieve strong generalization ability. Experiments show that MV-TLC works
well with both standard and generalized MI problems, without requiring any modifications.

There are many potential ways to modify the MI representation. Exploring other
schemes for adapting to single-instance algorithms would be an interesting future direc-
tion. In addition, the success of MV-TLC reveals that other multi-view methods can be
considered when learning data with complex structures. Applying these techniques would
be another promising area for further investigation.

32



Chapter 4

The Data fusion framework for the
MI Problem

In this chapter, we will introduce the fusion assumption. This is a new MI assumption
that differs from other assumptions we discussed in chapter 2.

4.1 Introduction

Data fusion is a technology that collates information from different sources in order to
improve accuracy and to make better inferences than which could be achieved by the use
of a single classifier or data set alone. While the coverage of methodological areas of data
fusion systems includes artificial intelligence, pattern recognition, and statistical inference,
application areas of data fusion are widespread.

In data fusion, modeling procedures consist of association, estimation, and identity
declaration. Association determines which pairs of observations belong together, by rep-
resenting observations of the same entity. Commonly used association measures include
correlation coefficients, distance measures, association coefficients, and probabilistic sim-
ilarity measures. In terms of estimation, parameters of the fusion model are estimated
using maximum likelihood estimator, least square estimator, or Kalman filter estimator.
For identity declaration, typically the information extracted from the multiple sources can
be fused at different fusion levels and with different methods [52]. The fusion levels are:

• The data fusion (low-level fusion) is the fusion of information directly at the output

• The fusion of characteristics (mid-level fusion) is the fusion of information extracted
from data obtained directly from the output.

• The decision fusion (high-level fusion) is the merging of information corresponding to
the formulation of hypotheses derived from an expert or a system (e.g. a classifier).
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In the data-level fusion, different data sources are fused directly. For instance, in
imagery pattern recognition, data-level fusion is often referred to as pixel level fusion [7].

Feature-level fusion, or state-level fusion, involves the extraction of representative fea-
tures from data. In this level, features are extracted from multiple data sources and are
combined into a single feature vector which is used as an input for pattern recognition
approaches based on base learners.

Decision-level fusion involves fusion of classifiers. Examples of decision level fusion
methods include classical approaches such as Dempster-Shafer (DS) algorithm [88] and
logistic fusion, along with weighted decision methods (ensemble or voting techniques).

Before we get into the discussion of the proposed approach for MI learning, we review
the application literature on data fusion in following section.

4.2 Literature review

The most common numerical fusion techniques used are Bayesian probability theory, Fuzzy
systems and Dempster-Shafer (DS) theory [88]. Fuzzy systems contain a wealth of possible
fusion operators. However, many of the operators are non-associative and the choice of
operators is case dependent, which means that the order in which the information is fused
has an impact on the final result. Bayesian and DS models have both been successfully
applied . But DS theory provides some features that Bayesian theory does not. One of the
most significant features is that DS theory can consider the union of classes. This feature
is used to improve the separability of different classes. As a result, the DS method is a
popular data fusion method that has been widely used [7] [121].

Buede & Girardi [20] demonstrated how Bayesian and DS algorithms can address the
same target identification problem involving multiple levels of abstraction, such as identi-
fication based on type, class, and nature. In the process of demonstrating target identi-
fication with these two reasoning methods, the authors compared their convergence time
to a long run asymptote for a broad range of aircraft identification scenarios that include
missing reports and mis-associated reports.

J. Fawcett et al. [43] investigated two approaches for fusing multiple views: fuse-feature
and fuse-classification. In the first approach, the two feature sets taken at different aspects
were combined to form a large feature vector. Then a kernel based classifier was trained
with this feature vector. In the second approach, two individual-aspect classifications of
two feature vectors were fused using the DS theory [88].

S. Reed et al. [83][84] have also investigated the classication of a target by fusing several
views using DS theory [88]. They present a model to extend the standard mine/not-mine
classication procedure to provide information on the shape and size of the object. The
difference between their work and the work of others is that they generated the mass
functions using a fuzzy functions membership algorithm based on fuzzy logic.

Decision level fusion methods include weighted decision methods such as ensemble or
voting techniques. Data ensemble combines various results obtained from a single classifier
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fitted repeatedly based on bootstrap resamples. Such algorithms can be divided into two
types: those that adaptively change the distribution of the bootstrap training set based
on the performance of previous classifiers, as in Boosting methods, and those that do
not, as in Bagging. Military application includes automated target recognition, guidance
for autonomous vehicles, remote sensing, battlefield surveillance, and automated threat
recognition systems [43] [83] [84]. Nonmilitary conventional applications include monitoring
of manufacturing processes, condition-based maintenance of complex machinery, robotics,
and medical pattern recognition [20] [52].

4.3 Fusion assumption and the MI fusion framework

for MI learning

The fusion assumption is motivated by a view of the nature of MI bags that is based
on the Bayesian theory of subjective probability. Under this view, a bag is not a finite
collection of fixed elements, but instead is a sample of an underlying population specific to
that particular bag. A bag can be treated as a group of different information sources with
different degrees of reliability. To account for this, we associate “instance reliability” with
each instance so that a less reliable instance has a smaller effect on the global fusion of
local decisions made by each instance. These local decisions are fused using the Dempster’s
rule [88] to get the final decision. The diagram in Figure 4.1 shows this high level fusion
processing flow for classification/fusion using MI data.

Decision
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Figure 4.1: the processing flow for classification/fusion using multiple views

The DS method [88] is based on two ideas: obtaining degrees of belief for one question
from subjective probabilities for a related question, and Dempster’s rule for combining
such degrees of belief when they are based on independent items of evidence.

The Dempster’s rule [88] of combination is a purely conjunctive operation (AND). The
combination rule results in a belief function based on conjunctive pooled evidence and it
can also be used for multi aspect classification.

In DS theory, each unique class makes up a set called the frame of discernment Θ =
{ω1, ω2, · · · , ωM}. Belief is attributed to hypotheses within the power set through a basic
probability assignment called the mass function m(A) for any collection A1, A2, · · · , An, of
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subset of Θ. A function Bel : 2Θ −→ [0, 1], is a belief function if it satisfies Bel(Θ) = 0,
and for any collection A1, A2, · · · , An, of subset of Θ,

Bel(A1 ∪ · · · ∪ An) ≥
∑

I⊆1,··· ,n,I 6=Ø

(−1)|I|+1Bel(
⋂
i∈I

Ai) (4.1)

A belief function assigns to each subset of Θ a measure of the total belief in the proposition
represented by the subset. The notation, | I | is the cardinality of the set I. Suppose that
we have two views of target S1 and S2 and the mass functions m1(S1) and m2(S2). Based
on the Dempster’s rule, the mass after fusion for the set A is:

m12 = K

∑
S1∪S2=Am1(S1)m2(S2)

1−
∑

S1∪S2=Ø m1(S1)m2(S2)
(4.2)

Here K is the constant of proportionality which normalized the result to compensate for
the measure of belief committed to Ø.

The classification rule for this case is

g(S1, S2) = argmax1≤i≤nm12(ωi) (4.3)

Using the graphical interpretation, it is straightforward to write down the formula for the
orthogonal sum of more than two belief functions. Let m = m1⊕· · ·⊕mn, then m(Ø) = 0
and

m(A) = K
∑
∩Ai=A

∏
1≤i≤n

mi(Ai) (4.4)

K−1 = 1−
∑
∩Ai=Ø

∏
1≤i≤n

mi(Ai) =
∑
∩Ai 6=Ø

∏
1≤i≤n

mi(Ai) (4.5)

Similar to many authors, we use DS theory as a choice for MI classification in our research.
In our algorithm, we use a training dataset for the single-aspect classifier and then save
the predicted class labels from the testing data. Using T cross validation we can get a
T ×M output matrix. Let βi(k), k = 1, 2, · · · , T which corresponds to the ith column of
the prediction vector for the kth testing feature vector.

For n output vectors βi(k), i = 1, 2, · · · , n obtained from n single-aspect classifications,
the n sets of masses are finally fused using Dempster’s rule and the final decision is given
by the classification rule g(x1, x2, · · · , xn) [10].

Algorithm 4 gives the details of the MI fusion algorithm.

4.4 Experiments

In this section, we explain our experiments to investigate and compare the proposed MI-DS
method to other popular MI learning algorithms.
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Algorithm 4 the MI fusion algorithm

1: Given: A multi-instance training dataset with a set of bags χi, i = 1, · · · , N , where
each bag can consist of an arbitrary number of instances and a given label:χi =
{x1

i , x
2
i , · · · , x

ni
i ;Yi} , i = 1, · · · , N, Yi ∈ {−1,+1}, and each instance xni

i is an M-tuple
of attribute values belonging to a certain domain or instance space R.

2: C = all instances xni
i , i = 1, · · · , N in the bags of χ

3: L = single instance classifier
4: int j=0
5: for all Cj ∈ χ do Cj.setClassValue(χi)
6: end for
7: L.train(C)
8: Save the predicted class labels from the testing data. Using T cross validation to get

a T ×M output matrix.
9: The mass after fusion for the set A is: m(A) = K

∑
∩Ai=A

∏
1≤i≤nmi(Ai)

10: Get the final decision given by the classification rule g(x1, x2, · · · , xn) using Dempster’s
rule g(x1, x2, · · · , xn) = argmax1≤i≤nm1,2,··· ,n(ωi)

4.4.1 Experimental results on Accuracy and AUC

The datasets used in our experiments are those employed in chapter 3 where Table 3.1 shows
the details of the datasets. We compare MI fusion with other MI algorithms, including
MITI [14], MILR [117], DD [73], EMDD [123], MISMO (RBF kernel) [4], MIoptimalBall
[6].

For MI fusion, Random Forest [56] was chosen as the propositional learner. We choose
both Accuracy and AUC as the measures for our algorithms and experiments. Tables
4.1 and 4.2 present the experimental results using accuracy and AUC separately. “M” in
“M atoms”, “M bonds” and “M chains” denotes “Mutagenesis”.

Table 4.1: Experimental results (Accuracy by percent)
Classifier Elephant Fox Tiger M atoms M bonds M chains Musk1 Musk2

1 MITI 77.7±1.0 61.4±3.7 75.9±2.0 80.4±2.8 79.6±2.6 82.0±1.0 70.7±2.8 70.0±1.1
2 MILR 75.4±1.4 60.2±5.0 75.3±2.9 72.0±1.0 74.6±2.2 76.2±0.8 70.9±1.6 76.5±2.1
3 DD 75.7±1.4 65.4±1.6 66.5±2.7 71.6±0.5 71.6±1.5 75.2±1.9 77.2±4.1 76.9±2.5
4 EMDD 74.3±3.4 62.2±0.4 72.5±1.5 72.2±1.2 72.1±2.6 69.7±4.4 82.2±2.7 84.7±2.0
5 MISMO(RBF) 82.3±2.0 55.1±3.3 81.7±0.8 68.3±0.7 81.5±1.5 83.5±2.0 86.3±2.0 82.5±1.8
6 MIoptimalBall 73.5±2.3 50.5±1.8 66.0±2.5 72.3±1.9 73.4±1.4 72.3±2.2 70.7±1.7 79.4±1.2
7 MI fusion(RF) 81.5±0.9 64.2±2.6 79.0±2.4 79.5±1.4 80.7±2.2 80.0±1.3 83.9±1.4 78.2±1.8

Here we applied Nemenyi’s post-hoc test [60] to determine which classifier had the best
performance. If we set the scores as win=1, equal=0 and lose=-1, the total score of each
algorithm in the tables can be calculated. The results of this are shown in Table 4.3.

Tables 4.1, 4.2 and 4.3 show that the performance of MI fusion is competitive. Although
MI fusion is not designed for standard MI problems, its performance is comparable to other
algorithms which achieve the best results.
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Table 4.2: Experiment results (Experiment results (AUC))
Classifier Elephant Fox Tiger M atoms M bonds M chains Musk1 Musk2

1 MITI 77.5±1.3 61.3±2.7 75.7±1.8 73.5±3.7 72.3±3.4 74.4±1.7 70.4±2.7 71.7±1.4
2 MILR 81.8±3.5 56.1±5.4 79.9±2.7 77.9±0.5 80.6±3.7 80.8±2.7 74.3±1.5 83.2±1.5
3 DD 83.8±1.0 69.3±0.7 72.2±4.6 75.7±0.4 76.0±0.6 81.5±0.8 83.0±7.0 76.9±2.5
4 EMDD 80.4±4.5 63.2±2.0 76.3±1.6 64.6±3.7 73.3±6.6 72.8±5.7 85.7±6.3 90.6±3.2
5 MISMO(RBF) 82.3±2.0 55.1±3.3 81.7±0.8 60.0±1.3 79.9±2.2 81.3±2.7 86.2±2.0 82.4±2.3
6 MIoptimalBall 73.5±4.2 50.5±1.7 66.0±3.6 69.0±1.8 70.9±4.8 67.8±3.9 70.6±4.5 75.5±2.5
7 MI fusion (RF) 89.9±1.6 66.5±4.1 85.7±1.8 77.5±1.4 80.5±1.8 78.4±1.8 92.4±2.5 82.9±2.4

Table 4.3: Experiment result using the statistical test method
MITI MILR DD EMDD MISMO(RBF) MIoptimalBall MI fusion(RF)

Accuracy 4-2-0 1-3-2 1-3-2 1-3-2 5-0-1 0-6-0 5-0-1
AUC 1-5-0 4-1-0 3-1-2 2-4-0 3-2-0 0-6-0 6-0-0
Score -2 1 0 -4 6 -12 11

4.4.2 Experimental results on running time

In this experiment, we compare the running time of MI fusion with other classifiers on
dataset Musk2. We report running time results (Intel Core i3-4130 @ 3.40GHz processor,
3.75G RAM) in Table 4.4.

Table 4.4: Experiment results (Running Time)
Classifier Time(ms)

1 MITI 3765
2 MILR 45528
3 DD 3898139
4 EMDD 307873
5 MISMO(RBF) 93213
6 CitationKNN 159018
7 MIoptimalBall 47513
8 MINND 15467
9 MI fusion(RF) 3015

From the experimental results on running time we can find that MI fusion using random
forest is faster than other algorithms while its accuracy is competitive.

4.5 Analysis and Conclusion

The MI Fusion assumption is designed as a general alternative to the standard MI assump-
tion. Similar to the collective assumption, the MI fusion assumption is based on probability
theory. However, unlike the collective assumption, The MI Fusion assumption does not
assume that the population of a bag is independent of each other. Experimental result on
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performance shows that the MI fusion approach under this assumption is competitive in
contrast with other MI approaches. Moreover, Experimental results on the running time
of training show that its computational complexity is lower than that of many popular MI
approaches.
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Chapter 5

The Multi-kernel framework for MI
Problem

5.1 Introduction

In chapter 3, we introduced a multi-view, two-level classification (MV-TLC) strategy to
transform a MI dataset into a multi-view, single meta-instance dataset, and we learned
from multiple views (the feature set) of this meta-dataset. In this chapter we will extend
this topic using another multi-view strategy — the Multiple Kernel learning approach on
the MI learning problem.

As mentioned in chapter 2, kernel methods have been used in MI learning widely such
as mi-SVM or MI-SVM [4] and have been proved to be successful MI learning approaches.
However, the main drawback of kernel methods still exists in MI learning, which is that
they require the user to specify a single suitable kernel at the beginning. This is usually a
hard task even when the user is familiar with the problem domain and is often critical to
the kernel method’s success.

To ease this burden, significant attention has been paid to the problem of automatically
learning the kernel. Methods such as the grid search [57] and the random search [12] have
been provided recently. Moreover, the majority of the previous work in this area has
focused on the Multiple Kernel Learning (MKL) [49] setting, where the user only needs to
specify a set of base kernels, and the learning algorithm is responsible to find a combination
of these base kernels that is appropriate for the learning problem.

In this chapter, we adapt the strategy of MKL to the MI learning problem which can
eliminate the drawback of single kernel methods mentioned above. We present a Multiple-
Kernel MI-SVM framework based on this idea. Section 5.2 gives a literature review of the
background and related work; Section 5.3 gives the detail of the Multiple-Kernel MI-SVM
framework; section 5.4 is the experimental part followed by the conclusion in section 5.5.
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5.2 Background and related work

Recent developments on SVMs and other kernel methods have shown the need to con-
sider multiple kernels. This provides flexibility and reflects the fact that typical learning
problems often involve multiple, heterogeneous data sources.

The reasoning is similar to combining different classifiers. Instead of choosing a single
kernel function, it is better to have a set and allow the algorithm to do the picking or
combination step. Multiple Kernel Learning (MKL) was originally developed to control
the search space capacity of the possible kernel matrices to achieve good generalization. It
has also been widely applied to problems involving multi-view data. This is because kernels
in MKL naturally correspond to different views and combining kernels either linearly or
non-linearly improves learning performance.

MKL can be useful in two aspects: (1) Since a kernel plays the role of defining the
similarity between instances, different kernels correspond to different notions of similarity,
and using a specific kernel may be a source of bias. To avoid this, we can apply a learning
method to pick the best kernel for us or use a combination of a kernel set. In allowing
a learner to choose among a set of kernels, a better solution can be found. (2) Different
kernels may be using inputs coming from different representations. Since there may be
different measures of similarity corresponding to different kernels, combining kernels is a
possible way to combine multiple information sources.

The key idea of MKL is to learn a linear combination of a given set of base kernels
by maximizing the margin between the two classes or by maximizing kernel alignment.
We can think of a kernel combination as a weighted average of kernels and consider the
weight β ∈ RP

+ and
∑P

m=1 βm = 1, where P denotes the number of weights. Suppose
one is given n m × m symmetric kernel matrices Kj, j = 1, · · · , n, and m class labels
yi ∈ {1,−1} , i = 1, · · · ,m. A linear combination of the n kernels under an l1 norm
constraint is considered:

K =
n∑
j=1

βjKj, β ≥ Ø, ‖β‖1 = 1 (5.1)

where β = (β1, · · · , βn)T ∈ Rn, and Ø is the n dimensional vector of zeros. Geometrically,
different scaling of the feature spaces lead to different embeddings of the data in the
composite feature space. Then the goal of MKL is to learn the optimal scaling of the
feature spaces, with the so called “separability” of the two classes in the composite feature
space maximized.

In kernel methods, the choice of a kernel function is critical, since it completely deter-
mines the embedding of the data in the feature space. Ideally, this embedding should be
learnt from the training data. In practice, a relaxed version of this very challenging prob-
lem is often considered: given multiple kernels capturing different “views” of the problem,
how does one learn an “optimal” combination of them?

Lanckriet et al. [67] have proposed to use the soft margin of SVM as a measure of
separability, that is, to learn the weight β by maximising the soft margin between the two
classes. Bach et al. [8] have reformulated the problem and then proposed a SMO algorithm

41



for medium-scale problem. Cortes et al. [32] discuss the suitability of the 2-norm for MKL.
In their paper they conclude that using the 1-norm improves the performance for a small
number of kernels, but not for a large number of kernels. Meanwhile, the 2-norm increases
the performance significantly for larger sets of candidate kernels and never decreases it.
Sonnenburg et al. [90] developed an efficient semi-infinite linear program and made MKL
applicable to large scale problems. Rakotomamonjy et al. [80] proposed simple MKL
by exploring an adaptive 2-norm regularization formulation. Gönen & Alpaydn [50] have
reviewed the literature on MKL.

The performance improvement of MKL comes at a price. Learning the entire set of
models and then combining their predictions is computationally more expensive than learn-
ing just one simple model. The computational complexity of MKL is very high for two
major reasons: (1) Similar to normal kernel based methods, MKL needs to compute ker-
nel functions for each sample-pair over the training set; (2) MKL needs to optimize the
classifier parameters and kernel weights in an alternative manner, thus learning global
optimal parameters would incur intensive computation. More specifically, MKL that use
optimization approaches to learn combination parameters have high computational com-
plexity, since they are generally modeled as a semi definite programming (SDP) problem,
a quadratically constrained quadratic programming (QCQP) problem, or a second-order
cone programming (SOCP) problem. MKL can also be modeled as a semi-infinite linear
programming (SILP) [8] problem, which uses a generic linear programming (LP) solver
and a canonical SVM solver in the inner loop. This method is more efficient than previous
methods but the computational complexity is still very high.

In recent years, a lot of efforts have been made on reducing the computational com-
plexity of the SVM algorithm. For MKL, Chen et al. [28] have proposed a method by
dividing the global problem with multiple kernels into multiple local problems, each of
which optimize in a local processor with a single kernel.

5.3 Proposed approach

Multiple kernel SVM is used for some situations where a machine learning practitioner may
be interested in more flexible models. In this thesis, we present a multiple kernel framework
for the MI problem. We can expect MKL to have a better performance in MI learning
problem for two reasons. (1) Obviously, because the highly complicated description of
real objects in MI learning cause a special problem, a flexible model is necessary for the
learning task. (2) Due to the enhanced interpretability of the decision function, more
effectible computation and higher predication accuracy are expected in MI learning.

Therefore, it is significant to add multiple kernel methods to the MI learning problem.
In this section, the model and algorithm of Multiple-Kernel MI-SVM will be given. In
Multiple-Kernel MI-SVM method, we also defined the functional margin of a bag with
respect to a hyperplane by yi = YI maxi∈I(〈W,Xi〉+ b). Based on this rule, the inequality
constraints in multiple kernel SVM can be changed for solving the MI learning problem.
Therefore the Multiple-Kernel MI-SVM model can be expressed as a new optimization
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problem shown in the following:

min
{fm},b,ξ,d

1

2

∑
m

1

dm
‖fm‖2

Hm
+ C

∑
I

ξI (5.2)

Subject to:

YI max
i∈I

(
∑
m

fm(xi) + b) ≥ 1− ξI ∀I

ξI ≥ 0
∑
m

dm = 1, dm ≥ 0 ∀m

Since the first constraint in our MI formulation contains the max operations, we un-
folded this max operation as [3]. For negative bags, the inequality constraint can be read
as −〈w, xi〉 − b ≥ 1 − ξI ,∀i ∈ I, where YI = −1. For positive bags, a selector variable
s(I) ∈ I which denotes the instance selected as the positive instance in per positive bag
BI will be given. For dm, s(I) ∈ I and α, b, alternately compute one set of variables and
hold other sets. This leads to the following Multiple-Kernel MI-SVM (MKMI) algorithm:

Algorithm 5 Multiple Kernel MI-SVM algorithm

1: Given: A multi-instance training dataset with a set of bags χi, i = 1, · · · , N , where
each bag can consist of an arbitrary number of instances and a given label:χi =
{x1

i , x
2
i , · · · , x

ni
i ;Yi} , i = 1, · · · , N, Yi ∈ {−1,+1}, and each instance xni

i is an M-tuple
of attribute values belonging to a certain domain or instance space R.

2: Initialize yi = Yi for i ∈ I
3: Compute K =

∑M
m=1 dmKm(xn, xi), α, b for data set with imputed labels

4: Compute fi =
∑l

n=1 αiK + b for all xi in positive bags
5: For every positive bag BI do
6: If (

∑
i∈I(1 + yi)/2) = 0)

7: Compute i′ = arg maxi∈I fi
8: Set fi′ = 1
9: End if
10: End for
11: While (imputed labels have changed)
12: Output (dm, α, b)

Many research works have reported that when using the Multi-kernel SVM classifier,
higher accuracy of classification can be expected. However, most of these research works
are about single instance learning. For MI learning, we need experimental results to sup-
port our hypothesis that Multi-kernel SVM can also be used for successfully solving MI
problems.

5.4 Experiments

In this section, we explain our experiments to investigate and compare the proposed Mul-
tiple Kernel MI-SVM (MKMI) method to other popular MI learning algorithms.
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5.4.1 Experimental setup and results

In our experiments we use the same datasets employed in chapter 3. We compare MKMI
with benchmark algorithms: SVM with different kernels. Two popular kernels (RBF and
linear) are chosen in this experiment and the hyper-parameters of SVMs are set using the
Cross-Validation and Grid-Search methods [57]. For MKMI, MI fusion is chosen for MI
part and 30 kernels are chosen for MKL. Table 5.1 gives the detail of these kernels. The
format of these kernels is kernel name (gamma, cost). For all kernels the epsilon is 1e-5,
and the coef0 is 0.

Table 5.1: Kernels details
1)Gaussian(2.1,1) 2)Polynomial(1) 3)Sigmoid(0.1)

4)Exponential(10,10) 5)Spherical(10) 6)Gaussian(20,1)
7)Circular(1) 8)Gaussian(100,10) 9)InverseMultiQuadric(1)

10)Gaussian(10,10) 11)T-Student(1) 12)Gaussian(1,1)
13)Linear 14)Spline 15)Chi-square(1)

16)RationalQuadratic(10) 17)Polynomial(10) 18)HistogramIntersection
19)ANOVA(1) 20)Distance(1) 21)Spherical(1)

22)Wavelet(1,1) 23)Sigmoid(0.01) 24)Polynomial(0.1)
25)Polynomial(2) 26)Gaussian(10,1) 27)Cauchy(1)

28)RationalQuadratic(1) 29)T-Student(0.1) 30)InverseMultiQuadric(10)

We choose both the Accuracy and the AUC as the measures for our algorithms and
experiments. Tables 5.2 presents the experimental results using accuracy and AUC sepa-
rately.

We applied Nemenyi’s post-hoc test [60] to determine which classifier had the best
performance. The results of this are shown in Table 5.3.

Table 5.2 and 5.3 show that the performance of MKMI is better than the algorithms
using single kernels.

From chapter 3 to chapter 5, we have presented 3 different frameworks for MI learning.
In table A.3 and A.4 we listed the results of all experiments applying these algorithms on
the benchmark datasets listed in Table 3.1. Combining the results listed in Table A.3 and
A.4, we can find that MV TLC gives the best performance comparing to other algorithms
on the benchmark datasets.

5.5 Conclusion

In this chapter, we formulated a novel method to solve the classification problem within
the MI learning context by multiple kernel learning. To improve the classification precision
of the SVM method regarding the MI problem, this chapter introduced the multiple kernel
learning method to the process of multiple instance learning. A new SVM model (MKMI)
is also proposed, which is based on the two-level MI model. The solution for this model was
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Table 5.2: The Experiment Results

Dataset Kernel Type
Accuracy AUC

SVM MKMI SVM MKMI

Elephant

RBF 85.4±0.7

84.7±0.4

85.4±0.3

84.5±0.7
Linear 82.6±1.4 83.6±1.3

Sigmoid 84.1±1.0 84.2±0.6
Polynomial 83.1±0.6 83.5±0.4

Tiger

RBF 79.3±1.7

82.9±0.4

79.3±1.7

82.8±0.6
Linear 80.6±1.6 80.3±1.3

Sigmoid 80.2±1.2 79.8±0.6
Polynomial 81.0±1.1 81.2±0.8

Fox

RBF 61.7±1.3

57.8±2.1

61.7±1.3

57.8±2.3
Linear 54.6±1.5 53.8±1.2

Sigmoid 54.5±1.1 54.6±1.3
Polynomial 61.5±0.7 61.4±0.6

M atoms

RBF 78.7±0.7

79.2±0.9

72.6±0.4

74.6±1.0
Linear 73.4±0.9 66.9±0.7

Sigmoid 53.4±0.3 49.8±0.2
Polynomial 62.6±2.1 63.0±1.8

M bonds

RBF 78.2±0.5

85.2±1.9

75.3±1.3

84.3±0.5
Linear 79.5±0.8 76.1±1.0

Sigmoid 63.3±1.2 64.7±1.1
Polynomial 79.3±0.7 80.1±1.2

M chains

RBF 83.0±0.6

83.0±0.8

79.7±0.5

80.1±0.8
Linear 83.0±1.1 82.1±0.9

Sigmoid 63.3±1.2 65.7±1.4
Polynomial 80.3±1.5 78.9±1.6

Musk1

RBF 51.1±0.0

82.4±2.4

50.0±0.0

82.3±2.5
Linear 79.3±2.7 79.2±2.7

Sigmoid 51.1±0.0 51.3±0.0
Polynomial 81.3±1.9 81.2±2.0

Musk2

RBF 61.8±0.6

81.4±2.6

50.5±0.5

82.3±2.1
Linear 80.0±0.5 80.9±1.1

Sigmoid 49.0±0.6 51.4±1.0
Polynomial 80.4±2.3 81.2±2.5

Table 5.3: Experiment result using the statistical test method
RBF Linear Sigmoid Polynomial MKMI

Acc 1-1-2 1-1-2 0-4-0 1-1-2 4-0-0
Acc 1-1-2 1-1-2 0-4-0 2-1-1 4-0-0

Score -1 0 -8 -1 8
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presented and some numerical experiments on benchmark data were performed. Computa-
tional results on a number of datasets indicate that the proposed algorithm is competitive
with other SVM methods.
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Chapter 6

Imbalanced MI Problem

6.1 Background and Literature Review for the Class

imbalance problem

6.1.1 The description of the class Imbalance problem

A single-instance dataset is imbalanced if its classes are not represented approximately
equally. In imbalanced datasets, the number of examples in one class is often much higher
than the number in the other class. In this situation, a default classifier always predicts a
new example as the “the majority class”. The significant difficulties of the class imbalance
problem, and its frequent occurrence in practical applications of machine learning and data
mining, have attracted a lot of interest in the field. A number of research papers dedicated
to this problem can be found in [55] and other publications [11][61][93].

Generally the imbalance problem in machine learning is referred to as a between-class
imbalance. A within-class imbalance, which concerns itself with the distribution of rep-
resentative data for sub-concepts within a class, also exists in many datasets. Standard
classifiers generally perform poorly on imbalanced datasets because they are designed to
generalize from training data and output a hypothesis that best fits the data to get the
smallest error rate [93]. Consequently, this design pays less attention to rare cases in an
imbalanced dataset when achieving the minimum error rate.

Although the degree of imbalance varies from one application to another, in most
situations, the correct classification of minority samples often has a greater value than
the other cases. For example, in a cancer diagnostic classification application where the
cancer cases are usually quite rare as compared with normal populations, the skewed class
distribution will train the classifier to identify every sample to the normal class since in
this case the error rate of classification is close to zero. However, a favorable classification
model is one that provides a higher identification rate on the cancer category. In this case,
the imbalanced or skewed class distribution problem makes the classifier fail on this task.

Research on the class imbalance problem is critical in data mining and machine learning.
Two observations account for this point: (1) the class imbalance problem is pervasive in a
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large number of domains in the data mining and machine learning community. (2) Most
popular classification modeling systems are reported to be inadequate when dealing with
the class imbalance problem [2][9][11][55].

To provide a concrete understanding of the direct effects of the imbalanced learning
problem on standard learning algorithms, He et al. [55] provides a case study of the popular
decision tree learning algorithm. In this case, imbalanced data sets exploit inadequacies in
the splitting criterion at each node [79]. There may be two problems with this procedure:
(1) Fewer observations in the minority examples results fewer leaves. This correlates with
the problem of relative and absolute imbalances. (2) Concepts that have dependencies
on different feature space conjunctions correlates with the between-class imbalance. In
both cases, the effects of imbalanced data on performance are detrimental. Wu & Chang
[114] also provides a case study of another popular learning algorithm-SVM. In this case,
a checkboard example is provided. Comparing the class boundaries with a low and a
high ratio of the number of majority instances to the number of minority instances, it is
obviously to be observed that the class boundary with a high ratio is much more skewed
towards the minority quadrant, and hence causes a higher incidence of false majority class.

6.1.2 Solutions for the single-instance class imbalance problem

Most of the current studies are based on the topics covered in section 6.1.1. Particularly,
the majority of the current solutions are designed to reduce the impact that these problems
induced on standard learning algorithms. He et al. [55] made a systematic literature review
on the solutions for the class imbalance problem. Based on his work, we list the solutions
proposed to overcome the effects of imbalanced data.

The re-sampling methods have been used widely in order to provide a balanced dis-
tribution. Related studies have shown improved overall classification performance on a
balanced data set [41][55][59][100]. For single-instance learning, re-sampling methods can
be divided into under-sampling and over-sampling. For under-sampling method, Kubat
and Matwin [64] proposed a technique called one-sided selection (OSS). One-sided selec-
tion attempts to intelligently under-sample the majority class by removing majority class
examples that are considered either redundant or ‘noisy’. For over-sampling method, the
Synthetic Minority Over-sampling Technique (SMOTE) [22] was introduced as a directed
over-sampling method. With SMOTE, the neighborhood of a minority instance is assumed
to be the same class as the instances between two minority instances. Barandela et al. [9]
proposed a modified distance calculation, which causes an example to be biased more to-
wards being identified with positive examples than negative ones. Han et al. presented a
modification of SMOTE [22] technique which they call borderline-SMOTE (BSM) [54] for
single-instance learning.

Different from re-sampling methods which attempt to balance distributions by consid-
ering the representative proportions of class examples in the distribution, cost-sensitive
learning methods consider the costs associated with misclassifying examples [40][97]. It
targets the imbalanced learning problem by using different cost matrices that describe the
costs for misclassifying any particular data example.
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Except re-sampling methods and cost-sensitive learning methods, numerous other ap-
proaches have also been pursued in the community. Since kernel-based learning methods
provide state-of-the-art techniques for many of today’s data engineering applications, the
use of kernel-based methods to deal with imbalanced problem has naturally attracted grow-
ing attention recently. In terms of SVMs, several attempts have been made to improve
their class prediction accuracy [2][75][89][99][100]. We will make a systematic discussion
about this topic in chapter 7.

Ensembles have been used to combine the results of several classifiers, each induced with
different costs ratio. The SMOTEBoost approach [25] creates synthetic examples from the
minority class, thus indirectly changes the updating weights and compensates for skewed
distributions. Moreover, several cost-sensitive boosting methods for imbalanced learning
have been proposed in recent years. Three cost-sensitive boosting methods, AdaC1, AdaC2
and AdaC3, were proposed in [93], which introduced cost items into the weight updating
strategy of AdaBoost. AdaCost [42] is another cost-sensitive boosting algorithm that
follows a similar methodology.

Besides the methods mentioned above, there are other methods that have also attracted
attention in the community, such as the one-class learning or novelty detection method
[24]. Raskutti & Kowalczyk [82] show that one-class learning is particularly useful on
extremely imbalanced data sets with a high dimensional noisy feature space. Juszczak &
Duin [62] combine one-class classifiers with a re-sampling method with the aim of adding
information in to the training set, both from the target (minority) class and the outlier
(majority) class. Su & Hsiao presented an evaluation of a model with the name MTS [91]
for imbalanced learning with comparisons to several classification algorithms. This work
showed the effectiveness of the MTS in the presence of imbalanced data.

6.1.3 Evaluation methods for the class imbalance problem

Confusion matrix: the confusion matrix, as shown in the following table, represents the
typical metrics for evaluating the performance of machine learning algorithms. In the
Table 6.1, TN is the number of True Negatives, FP is the number of False Positives, FN
is the number of False Negatives, and TP is the number of True Positives. The FP Rate
is calculated as FP/(FP + TN).

Table 6.1: Confusion matrix for a two-class problem
Predicted Positive Class Predicted Negative Class

Actual Positive Class TP (True Positive) FN (False Negative)
Actual Negative Class FP (False Positive) TN (True Negative)

Gmean and F-measure: When learning imbalanced data, the overall classification ac-
curacy is often not an effective measure of performance [11][55]. We chose Gmean [64] as
the measure for our algorithms and experiments. The definition of Gmean is expressed in
(6.1).

Gmean = (TN/(TN + FP )× TP/(TP + FN))1/2 (6.1)

49



Here TP/(TP + FN) is defined as true positive rate (TPR) (or Sensitivity [64]), and
TN/(TN + FP ) is defined as true negative rate (TNR) (or Specificity [64]). We use
TPRmin to denote the true positive rate of the minority class, and TPRmaj to denote the
true positive rate of the majority class. It should be noted that TPRmin = TNRmaj.

In order to evaluate the experimental results with different methods, we also used F-
measure [55] as a measurement tool for our algorithm and experiment. F-measure is defined
as:

F −measure = (1 + β2)/β2 × TP/(2TP + FP + FN) (6.2)

where β is a coefficient to adjust the value, and usually β = 1. The area under the ROC
curve (AUC) which represents the expected performance as a single scalar is also used as
an evaluation method in this work.

6.2 The imbalanced MI problem

Since MI learning is being employed in increasingly more practical applications as an alter-
native to supervised learning, the occurrences of class imbalance problems in MI learning
are most often related to these applications. The problem with the application of MLO
detection, as mentioned in chapter 1, is one of the related examples. In the area of MLO
detection, Williams et al. [111] used innitely imbalanced logistic regression to solve the
class imbalance problem. Wang et al. [108] also provided a solution to this problem,
using an instance-weighted support vector machines algorithm. However, all these works
are about single-instance learning. There are very few discussions related to MI learning.
Thus, finding solutions for this problem is becoming an important issue in the knowledge
discovery and data mining field.

For a MI dataset, it is possible that the bag number of one class is much higher than the
bag number of the other classes. In this case, since the final margin of MI classification is at
bag level, and the training process of MI learning always favors the bag level accuracy, the
default classifier would always tend to predict “majority class”. Figure 6.1 shows the class
imbalance problem of MI learning where there are far more majority bags than minority
bags, and the margin learned by the default classifier is “pushed” closer to the minority
bags from the ideal margin. In this situation, whether a MI dataset is imbalanced or not
depends on the distribution of the bags of each class. When a MI dataset is imbalanced
at the bag level, it will have one of the following situations at the instance level: (1) the
number of majority instances is much higher than the number of minority instances; (2) the
instances are “balanced”; or (3) the number of majority instances is less than the number
of minority instances.

• For the first situation

Given a bag b, its class label property C(Y | b) can be calculated by: [116]

C(Y | b) = EX|b[C(Y | X)] =

∫
x

C(Y | x)Pr(x | b)dx (6.3)
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Majority Instance

Majority bag

Minority bag

Minority Instance

X1

X2

Learned margin

Ideal margin

Figure 6.1: This figure illustrates the class imbalance problem of MIL.

where xi(i = 1, · · · , n) are instances in bag b. In this situation Pr(xmaj | b)� Pr(xmin | b),
we can easily derive the following from (2):

C(Y | b) ∼=
∫
x

C(Y | xmaj)Pr(xmaj | b)dxmaj (6.4)

Here the “maj” denotes majority class and “min” denotes minority class.

• For the second and third situation

It is presented that the class imbalance problem is not only directly caused by class
imbalances, but also related to the degree of overlapping among the classes [78]. Although
single-instance learning is discussed in [78], we can apply similar explanations to MI learn-
ing.

X-Axis

p2 p 1

1 2

Class A Class B

Figure 6.2: Overlap of two classes with a single feature in multi-instance dataset

Figure 6.2 illustrates a situation where a single feature x is used to classify bags as
Class A or Class B. Here we assume perfect knowledge, as the probability distributions
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of x conditional on class membership fA(x) and fB(x) are known. In Figure 6.2, p1 and
p2 represents the portion of the probability density functions of Class A and Class B
respectively. We can measure the overlap of the probability density functions by p1 + p2,
which depends on the distance x2−x1 separating the means of the conditional distributions
relative to the standard deviations.

Suppose a proportion τ of bags in the population are from Class A. The proportion
of cases misclassified with perfect knowledge will be p1τ from Class A and p2(1− τ) from
Class B. Overall, we have p1τ + p2(1− τ) proportion of bags misclassified, which depends
on both the overlap and the degree of class imbalance. If the number of bags in each class
is highly imbalanced, either τ or 1− τ will be close to 0. For a multi-instance data set, it
is common for one instance to appear in different bags. This means that the bags can be
highly overlapped, even when they are from different classes. In this situation, the majority
decisions will always tend to be made in favor of the bag level majority class, even if the
instance level is balanced.

From the analysis, we conclude that for a MI dataset the class imbalance problem
happens at the bag level. To address this problem, we must look for solutions at the bag
level.

6.3 Re-sampling Techniques for Imbalanced MI Prob-

lem

For single-instance learning, SMOTE was proposed to counter the effect of having only a
few instances of the minority class in a dataset [22]. Related research shows that SMOTE
can create synthetic instances of the minority class, by operating in the “feature space”
rather than the “data space”. Generally, SMOTE has more effective performance than
over-sampling with replacement [98].

Although it is based on the analysis in section 6.2, we know that the class imbalance
problem for MI learning happens at the bag level. However, we are not sure if creating
synthetic instances of the minority class at the instance level can improve the bag level
classification. This is because creating synthetic instances in the minority bags can also
increase the decision region for each bag, although this increase may not be as big as
synthetic bag creation. Here we present two MI SMOTE algorithms, both at the bag level
and instance level.

The original SMOTE algorithm was created for single-instance classification. To apply
it to a MI dataset, we must modify the MI dataset to a single-instance dataset, and use
the bag label as its instance labels. After using the SMOTE algorithm to create synthetic
instances of the minority class, the new single-instance dataset must be changed back to
a MI dataset. In this case, the generated synthetic instance has the same bag ID as its
father instance’s bag ID. As a result, the total number of minority instances increases, but
the number of bags does not change. We name this MI algorithm “Instance SMOTE”.
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The Instance SMOTE algorithm creates synthetic minority instances in each bag, with-
out creating new bags. We also introduce a Bag SMOTE algorithm to create new synthetic
minority bags with new instances.

Algorithm 6 The Bag SMOTE algorithm

1. For each bag of minority class Xi ∈ Xmin i = 1, · · · ,M , where X is the set of training
bags and M is the number of bags in the minority class:
1) Create a new bag X i

new with the same label as Xi, and a new bag ID; Set Smin as a
set of all instances in Xmin.
2) For each feature vector (instance) xj in Xi :
• For the continuous features, create a synthetic sample:

xjnew = xj + (x̂j − xj)× δ (6.5)

• For the nominal features, take a majority vote between xj and x̂j for the nominal
feature value ε. In the case of a tie, choose at random. Assign ε to xjnew. Here x̂j is one
of the K-nearest neighbors for xj : x̂j ∈ Smin, and δ ∈ [0, 1] is a random number.
3) Insert xjnew into X i

new.
2. Insert X i

new into Xmin.

Algorithm 6 shows the details of the Bag SMOTE algorithm. The algorithm is a
bag level over-sampling approach in which the minority class is over-sampled by creating
“synthetic” bags, rather than by over-sampling with replacement.

Figure 6.3: The process of generating synthetic bags on minority class

Figure 6.3 gives the process of generating synthetic bags on minority class using the
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Bag SMOTE algorithm. New bags are generated to “balance” the bag numbers of majority
and minority classes.

6.4 Cost-sensitive Boosting algorithm for Imbalanced

Multiple-instance Problem

Here we propose a generalized version of the Cost-sensitive Boosting-MI algorithm. Our
goal is to reduce the bias inherent in the learning procedure due to class imbalance, and
to increase the weights for the minority class in each round of boosting.

Take as input the training set (x1, y1) , · · · , (xm, ym); xi ∈ X, yi ∈ {−1,+1} , where
xi is an n-tuple of attribute values belonging to a certain domain or instance space X,
and yi is a label in a label set Y. The key process of the AdaBoost.M1 method [48] is to
iteratively update the distribution function over the training data. This means that for
every iteration t = 1, · · · , T , where T is a given number of the total number of iterations,
the distribution function Dt is updated sequentially, and used to train a new hypothesis:

Dt+1(i) = Zt

Dt(i) exp (−αtyiht(xi))
(6.6)

where αt = 0.5 ln((1− εt)/εt is the weight updating parameter, ht(xi) is the prediction
output of hypothesis ht on the instance xi, εt is the error of hypothesis ht over the training
data, and Zt is a normalization factor.

Schapire and Singer [86] used a generalized version of Adaboost, as shown in [86], where
the training error of the final classifier is bounded as:

m
1 |{i : H(xi) 6= yi}| ≤

∏
t

Zt (6.7)

where

Zt =
∑
i

Dt(i) exp(−αtyiht(xi))

≤
∑
i

Dt(i)( 2

1+yiht(xi)
e−α+ 2

1−yiht(xi)
eα)

(6.8)

Minimizing Zt on each round, αt is induced as:

αt = 2
1

ln

(
∑

i,yi 6=ht(xi)
Dt(i)

∑
i,yi=ht(xi)

Dt(i)
)

(6.9)

The weighting strategy of AdaBoost identifies samples by their classification outputs,
as correctly classified or misclassified. However, it handles samples of different classes
equally. The weights of misclassified samples from different classes are increased by an
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identical ratio, while the weights of correctly classified samples from different classes are
decreased by an identical ratio.

Similar to the methods for managing the single-instance class imbalance problem in
[40], [42], [93] and [96], the learning objective when dealing with the multi-instance class
imbalance problem is to improve the identification performance on the minority class. Our
strategy is to apply cost-minimizing techniques to the combination schemes of ensemble
methods. This objective expects that the weighting strategy of a boosting algorithm will
preserve a significant weighted sample size of the minority class. A preferred boosting
strategy can distinguish different types of samples, and boost more weights on the samples
associated with higher identification importance.

To indicate the different identification importance among bags, each bag is associated
with a cost item; the higher the value, the higher the importance of correctly identifying
the sample. For an imbalanced multi-instance dataset, there are many more bags with the
majority class label than with the minority class label. Using the same learning framework
as AdaBoost, the cost items can be fed into the weight update formula of AdaBoost to
bias the weighting strategy. Algorithm 7 shows the proposed algorithms.

Algorithm 7 Cost-sensitive boosting algorithm for MI learning

Given: A multi-instance training dataset with a set of bags Xi, i = 1, · · · , N , where
each bag can consist of an arbitrary number of instances and a given label:Xi =
{x1

i , x
2
i , · · · , x

ni
i ;Yi} , i = 1, · · · , N, Yi ∈ {−1,+1}, and each instance xni

i is an M-tuple
of attribute values belonging to a certain domain or instance space R.
Initialize D1(i) = 1/m.
For t = 1, · · · , T and the constraint condition η is satisfied
1. Train a weak learner using distribution Dt.
2. Get a weak hypothesis ht : X −→ R.
3. Choose αt ∈ R.
4. Update:

Dt+1(i) = Zt

Dt(i)Kt(Xi,Yi)
(6.10)

where Zt is a normalization factor (chosen so that Dt+1 will be a distribution).
Output the final hypothesis:

H(X) = sign

(
T∑
t=1

αtht(X)

)
(6.11)

For the original Adaboost, Kt(Xi, Yi) in (6.10) is set as exp (−αtYiht(Xi)). Our pro-
posed algorithms introduced cost items into the weight update formula of AdaBoost, either
inside the exponent, outside the exponent, or both. Each modification can be a new boost-
ing algorithm, denoted as Ab(p, q). The modifications of Kt(Xi, Yi) are then given by:

Kt(Xi, Yi) = Cp
i exp (−Cq

i αtYiht(Xi)) (6.12)

Now we induce the weight update parameter αt and constraint condition η in Algo-
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rithm 7 for Ab(p, q). From (6.12) we get:

Dt+1 = Zt

Cp
i Dt(i) exp(−Cq

i αtYiht(Xi))
=

m
∏

t Zt

Cpt
i exp(−Cq

i Yif(Xi))
(6.13)

where
f(X) =

∑
t

αtht(X) (6.14)

and
Zt =

∑
i

Cp
iDt (i) exp (−Cq

i αtYiht (Xi)) (6.15)

The overall training error is bounded as:

m
1 |{i : H(Xi) 6= Yi}| ≤ m

1
∑
i

Cp
i exp (−Cq

i Yif(Xi))

=
∏
t

Zt
∑
i

(
Cpt

i

Cp
i

)
Dt+1 (i)

(6.16)

According to [86], for weak hypotheses C2
i αtYiht(Xi) ∈ [−1,+1] with range [-1,+1], α

can be obtained by approximating Z as follows:

Zt =
∑
i

Cp
iDt(i) exp (−Cq

i αtYiht(Xi)) ≤

∑
i

Cp
iDt(i)

(
2

1+Cq
i Yiht(Xi)

e−αt+ 2

1−Cq
i Yiht(Xi)

eαt

) (6.17)

Let

G(αt) =
∑
i

Cp
iDt(i)

(
2

1+Cq
i Yiht(Xi)

e−αt+ 2

1−Cq
i Yiht(Xi)

eαt

)
(6.18)

Our purpose is for αt to minimize G(αt), so we can obtain:

G′ (αt) = dαt

dG
= 0. (6.19)

Next, we can analytically obtain αt from (6.19), giving:

αt = 2
1 × ln

(
∑

i C
p
i Dt(i)−

∑
i,Yi=ht(Xi)

Cp+q
i Dt(i)+

∑
i,Yi 6=ht(Xi)

Cp+q
i Dt(i)

∑
i C

p
i Dt(i)+

∑
i,Yi=ht(Xi)

Cp+q
i Dt(i)−

∑
i,Yi 6=ht(Xi)

Cp+q
i Dt(i)

)
(6.20)

The sample weight updating goal of AdaBoost is to decrease the weight of the training
samples that are correctly classified, and increase the weight of the opposite samples [48]
[86]. Therefore, αt should be a positive value, and the training error should be less than
random guessing, based on the current data distribution. To ensure that αt is positive, we
get ∑

i,Yi=ht(Xi)

Cp+q
i Dt(i) >

∑
i,Yi 6=ht(Xi)

Cp+q
i Dt(i) (6.21)

This is the constraint condition η in Algorithm 7.
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6.5 Experimental Results

6.5.1 Experimental results on benchmark datasets

Experimental setup

The techniques presented in this chapter were implemented in the Java in the framework
of the WEKA machine learning tool [112]. The 9 datasets we used in our empirical study
listed in Table 6.2 are from popular benchmark datasets employed in [14] and [45]. The
percentage of minority bags varies from 8.27% to 25.15%, while the percentage of minority
instances (instances in minority bags) varies from 8.34% to 25.38%. The datasets come
from a wide range of application domains.

Table 6.2: Details of datasets

Datasets # bags # attribute
# min % min # min % min
bags bags instances instances

Elephant 125 230 25 20.00 150 16.45
Fox 121 230 21 17.36 134 17.16

Tiger 126 230 26 20.63 164 23.16
M atoms 167 10 42 25.15 365 25.38
M bonds 160 16 35 21.88 603 16.95
M chains 152 24 27 17.76 514 11.10

Component 281 200 48 17.08 186 17.05
Function 233 200 41 17.60 254 12.99
Process 220 200 31 14.09 179 14.72

All the datasets used in this study have a binary class. In this section, we explain the
experiments we conducted to investigate and compare the proposed algorithms. The Tree
method was chosen as the weak learner/base learner because it is, 1) stable in MI learning
[13], [14], and 2) suitable to be the weak learner in many related works [93], [97]. For
sampling methods, the degree of minority over-sampling is determined by the imbalance
ratio, which means that in all datasets new minority class bags were created or replicated
until the number of minority class bags was equal to the number of majority class bags.

For the cost-sensitive methods, the original costs were usually chosen according to the
number of bags of each class (higher weights on minority classes and lower weights on
majority classes), except for the experiments which investigated the effects of cost ratio
setups. The iteration rounds of boosting could be terminated by, a) the prefixed number
T, or b) the constraint condition η in algorithm 7. The parameter T, which governs the
number of classifiers generated, was set to ten in each boosting algorithm. The Ten-fold
Cross-Validation method was used in all experiments.
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Experimental results of re-sampling methods

• Degree of minority over-sampling

Figure 6.4 compares the minority bag oversampling with replacement (Bag over-sampling),
Instance SMOTE and Bag SMOTE on different degrees of minority over-sampling. The
experiments were conducted on the Mutagenesis3 atoms dataset, and MITI [12] was chosen
as the classifier. The minority class was over-sampled from 100% to 800% of its original
size. As a result, the minority bag number has increased from 100% to 800% for Bag over-
sampling and Bag SMOTE; the bag number does not increase for Instance SMOTE, but
the number of minority instances increases from 100% to 800%.

Figure 6.4 shows that with an increase of the minority over-sampling degree, the
TPR min of Bag over-sampling and Bag SMOTE increases, while that of Instance SMOTE
maintains almost the same value. The Gmean of these three method follows the trend of
TPR min, since the change of TNR min is not as great as the change of TPR min. After
200% over-sampling, the Gmean of Bag SMOTE is always bigger than the Gmean of the
other two methods, since Bag SMOTE gets more preference on TPR min, but loses less
on TNR min.

• Comparison of different re-sampling technologies

Table A.1 presents the experimental results of the base learners (MITI [14]) and all the
sampling methods, using the base learners on all datasets. This comparison shows that
compared with the base learner, almost all of these re-sampling methods have increases
of TPR min and decreases of TNR min. Since the increase of TPR min is always greater
than the decrease of TNR min, the Gmean of all re-sampling methods is improved, with
Bag SMOTE being the best.

Experimental results of Cost-sensitive boosting methods

• Cost ratio setups

For cost-sensitive techniques for single-instance class imbalanced learning, the cost was
experimentally chosen according to the instance number in each class [40][42][59][96]. In
this experiment, we investigated the effects of cost ratio setups. The misclassification
cost CM denotes the misclassification cost of the majority class, and Cm denotes that of
the minority class. The ratio between CM and Cm shows the deviation of the learning
importance between the two classes. Here, we fix the cost item of the minority class to 1,
while changing the cost item of the majority class in the range of 0.1 to 1.0. When the
cost ratio is 1.0, the proposed algorithm reduces to the MI AdaBoost algorithm.

Figure 6.5 shows the experimental result of this classification when using Ab (1,1)
with the base learner MITI [14] on Mutagenesis3 atoms dataset. Using a Ten-fold Cross-
Validation method, the real imbalance ratio between the number of minority and majority
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Figure 6.4: Comparison of % Minority correct for replicated Bag over-sampling, In-
stance SMOTE and Bag SMOTE for the M atoms dataset
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Figure 6.5: Gmean, TP rate and TN rate with Cost ratio setups for Ab(1, 1) on M atoms
dataset using MITI[14]

bags for each experiment is about 0.33. From Figure 6.5, we find that when the cost ratio
is set from 0.1 to 1.0, the true negative rate increases and the true positive rate decreases.
The best Gmean is obtained when the cost ratio is 0.4, which is close to the bags imbalance
ratio.
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Figure 6.6: Gmean, TP rate and TN rate with Cost ratio setups for Ab(2, 1) on Elephant
dataset using MIRI [13]

We then we chose the same strategy with a different classifier on a different dataset.
MIRI was chosen as the base learner and Ab (2,1) as the boosting algorithm, and we re-
peated the experiment on the elephant dataset. Figure 6.6 shows the experimental result.
The real imbalance ratio is about 0.25. We find that after the point where cost ratio is
0.3, TPR min decreases and TNR min increases with an increase in the cost ratio degree.
But before cost ratio 0.3 the graph does not follow this rule, and the best Gmean is when
the cost ratio equal 0.4.

• Parameters P and Q setups
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In (6.13), the parameters P and Q are the coefficient parameters of the cost items inside
and outside the exponent respectively. In this experiment we investigated the impact of
P and Q setups. Here we set P and Q in a range from 0 to 2.5, in steps of 0.5. When
P=Q=0, the proposed algorithm reduces to the MI AdaBoost algorithm.

Table 6.3: Comparison of coefficient parameters P and Q setups using Gmean as the
evaluation on M atoms dataset

Q=0 0.5 1.0 1.5 2.0 2.5
P=0 0.643 0.632 0.668 0.695 0.715 0.727
0.5 0.648 0.677 0.694 0.750 0.719 0.716
1.0 0.666 0.694 0.737 0.720 0.689 0.666
1.5 0.647 0.731 0.702 0.705 0.691 0.666
2.0 0.712 0.775 0.714 0.680 0.609 0.648
2.5 0.702 0.720 0.642 0.648 0.632 0.636

Table 6.3 shows the experimental result of this classification on dataset Mutagene-
sis3 atoms. Here we still used MITI [14] as the base learner, and chose Gmean as the
evaluation measurement.

From Table 6.3, we can see that increasing P and Q independently consistently in-
creases the Gmean value of the classification. However, changing these two cost items
concurrently gives the classification a chance for better performance. In this experiment,
the best performance is at (P=2.0, Q=0.5). When the sum of P and Q is over 2.5, the
performance of the classifier begins to decrease.

• Comparison of different cost-sensitive boosting technologies

Table A.1 also shows the experimental results of the base learner (MITI [14]) and the
base learner with the presented cost-sensitive boosting algorithms using different coefficient
parameters P and Q on all datasets. A set of (P,Q) settings of [(0,0); (0,1); (1,0); (1,1);
(1,2); (2,1); (2,2)] are tested. Here Ab (0,0) is actually the original Adaboost algorithm,
as mentioned previously.

Friedman’s test [60] was performed on the multiplication results of Gmean and F-
measure, and the result is shown in Table 6.4.

Table 6.4: Friedman’s test result
Friedman X2 df p-value Critical X2

28.028 12 0.00548 18.31
28.028 > 18.31, hypothesis rejected

Since Friedman’s test shows that the classifiers performed differently, we applied Ne-
menyi’s post-hoc test [60] to determine which pairs of classifiers had different performance.
The scores of all the classifiers are shown in Table 6.5. For example, the result of 10-0-0 for
Ab (1,1) means that, compared to the other 10 classifiers, this classifier wins 10 times, is
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equal zero times, and loses zero times. If we set the scores as win=1, equal=0 and lose=-1,
the total score of each classifier can be calculated. This result is also shown in Table 6.5.

Table 6.5: Experiment result using the statistical test method
Ab(1,1) Ab(1,2) Ab(2,1) Ab(0,1) Ab(2,2) Bag SMOTE Ab(1,0) Bag Over-Sampling Instance SMOTE Adaboost Base Learner

Gmean×(F-measure) 10-0-0 9-0-0 8-0-2 6-1-3 6-1-3 5-0-5 4-0-6 3-0-7 1-1-8 1-1-8 0-0-10
Score 10 9 6 3 3 0 -2 -4 -7 -7 -10

6.5.2 Analysis and discussion

Based on the experiments conducted in this work, a number of conclusions can be drawn.

The experimental results show that the three proposed solutions (i.e. the classifier
independent method re-sampling technique, the classifier dependent method cost-sensitive
boosting technique, and the Adaweight SVM algorithm) can improve the performance of
the base learner for class imbalanced multi-instance learning.

For the re-sampling technique, experimental results show that the classification per-
formance using Instance SMOTE is not as high as when using Bag over-sampling and
Bag SMOTE. This proves our expectation that the class imbalance problem occurs at
bag-level, so the solution should also be found at the bag-level. The fact that Bag SMOTE
is better than the bag replication method shows that with bag replication, the decision
region that results in a classification decision for the minority class can be smaller and
more specific. Bag SMOTE can cause the classifier to create larger decision regions that
contain nearby minority class bags.

The cost-sensitive boosting technique assumes that a cost matrix is known for different
types of errors or samples. However, for a real world dataset the cost matrix is often
unavailable. Experimenting with cost ratio setups for cost-sensitive learning shows that
the best cost ratio setup is dependent on the dataset and the chosen classifier. When
the cost matrix is unavailable, choosing the natural bags imbalance ratio as the original
cost ratio for cost-sensitive learning proved to be a practical solution for the algorithms
presented in our research. Moreover, the coefficient parameters of the cost items were
found to be related to the classification performance of class imbalanced MI learning. The
combination of these two coefficient parameters gives us opportunities to achieve better
classification performance.

In our experiment, the performance of Ab (1,1) is the best overall (Table A.1), followed
by Ab (1,2), Ab (2,1), Ab (0,1) and Ab (2,2). These experimental results show that the
weighted updating strategy of cost-sensitive boosting algorithms increases the weights on
the misclassified bags from the minority class more than it does on those from the majority
class. Similarly, it decreases the weights on correctly classified bags from the minority class
less than on those from the majority class.

In both Table A.1 and Table 6.5, we also compared the re-sampling framework and the
Cost-sensitive boosting framework on all datasets. Most Cost-sensitive boosting algorithms
show more competitive performance than the Bag SMOTE technique. A possible reason
for this is that when Bag SMOTE creates new synthetic bags, majority instances could also
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be included in the original minority bags, which would increase the chance of introducing
noise for created bags.

6.6 Conclusion and Future work

In this chapter, we have presented a comprehensive and systematic analysis of a challenging
and critical issue in the knowledge discovery and data mining field: the multi-instance
class imbalance problem. We have also provided two novel solution frameworks for this
problem: re-sampling technology and cost-sensitive boosting technology. Based on these
methods, we conducted experimental analysis using different learning algorithms with nine
real-world benchmark datasets from a variety of application domains, and four datasets
from a real-world project. Experimental evidence derived from standard datasets was
presented to support the improved performance of the proposed algorithms. We found that
the presented algorithms that included both data re-sampling methods and cost-sensitive
boosting methods deal with the class imbalance problem in MI learning effectively.

The objective of this research is to provide practical guidance to machine learning
practitioners when they build classifiers from multi-instance class imbalanced datasets, and
to provide researchers with possible directions for future study. It would be worthwhile
to investigate if the methods presented here are suitable for datasets with extremely high
imbalance ratios. For re-sampling algorithms and cost-sensitive boosting algorithms, Tree
methods are also used as base learners for techniques presented in this chapter. Although
the presented re-sampling algorithms and cost-sensitive boosting algorithms are learner
independent, the setup of the parameters could be influenced by choosing base learners
with different technologies. Future work will include investigating the relationship between
these two presented techniques and different base learners. We also intend to research other
applications of the presented algorithms for multi-instance classification, and investigate
other related algorithms.
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Chapter 7

Applying Instance-weighted Boosting
SVM to Imbalanced MI Learning

7.1 Introduction

Support vector machines, a classification method based on the principle of Structural
Risk Minimization from statistical learning theory, is widely used in the machine learning
area. For MI learning, Andrews et al. [4] presented an approach to multiple-instance
learning based on two alternative generalizations of the maximum margin idea used in
SVM classification. Cheung & Kwok [29] presented a support vector regression approach
for MI regression under the standard MI regression assumption. To make computation
feasible, their method relies on the simplifying assumption that the primary instance is the
one with the highest output value according to the SVM.

In this chapter we apply an instance-weighted variant of SVM combining with MI fusion
which is presented in chapter 4 to deal with the MI learning problem. We develop an
asymmetric boosting method on the weights of the trade-off parameters to optimize the
instance-weighted SVM with both 1-norm and 2-norm format. The rest of this chapter is
organized as follows: Section 7.2 reviews the related algorithms. In section 7.3, we introduce
and discuss our new algorithm in detail. After these developments, we also present an
experimental part (subsection 7.3.4) that illustrates the efficiency of our algorithm and we
make some observations about its performance in this section. Section 7.4 is the conclusion
and future work.

7.2 Background and Related Work

SVM [16][33] is a learning algorithm seeking a linear decision boundary

f(x) = ωTΦ(x) + b (7.1)
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in a feature space F , where Φ : χ→ F is a map from the input space χ to the feature
space F , ω ∈ F is a coefficient vector, b ∈ R is a bias term.

The parameters ω and b are learned as

min
ξ,ω,b
‖ω‖2 + C

l∑
i=1

ξni (7.2)

Subject to:
yi(ω

TΦ(xi) + b) ≥ 1− ξi, i = 1 . . . l,

ξi ≥ 0, i = 1 . . . l,

where l is the number of training instance, C is the trade-off parameter, ξ is the so-called
slack variable.

The corresponding Lagrangian for the 1-norm (n=1) soft margin optimization problem
is:

L =
1

2
min
ξ,ω,b
‖ω‖2 + C

l∑
i=1

ξi −
l∑

i=1

αi[yi(ω
TΦ(xi) + b)− 1 + ξi]−

l∑
i:yi=1

µiξi (7.3)

Where αi ≥ 0 and µi ≥ 0.

Although SVM has been very successful in many application areas, when faced with
imbalanced datasets, the performance of SVM drops significantly [75][114]. The causes
for this performance loss are: (a) Minority points lie further from the ideal boundary and
the imbalanced support vector ratio. Wu & Chang [114] explain this phenomenon as one
source of boundary skew. They point out that the imbalance in the training data ratio
means that the minority instances may lie further away from the “ideal” boundary than
the majority instances. Moreover, they mention that the ratio between the majority and
the minority support vectors also becomes imbalanced when the data gets imbalanced. As
a result, the neighborhood of a test instance close to the boundary is more likely to be
dominated by majority support vectors and the decision function is more likely to classify
a boundary point into majority class. (b) Akbani et al. [2] pointed that the constant C
specifies the tradeoff between maximizing the margin and minimizing the error. If C is not
very large, SVM simply learns to classify everything as majority class because that makes
the “margin” the largest with zero cumulative error on the minority examples, which does
not count for much. This explains why SVM fails completely in situations with a high
degree of imbalance.

To deal with the class imbalanced problem on single-instance data using SVM, many
works have been recently done. Shawe-Taylor et al. [89] showed that the distance of a test
point from the boundary is related to its probability of misclassification. This observation
resulted in the generation of a related technique which was used in their paper. The
technique provides a more severe penalty if an error is made on a minority example than
if it is made on a majority example.
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Morik et al. [75] proposed an algorithm that uses the 1-norm (n=1). Two cost-factors
are chosen so that the potential total cost of the false positives equals the potential total
cost of the false negatives. This means that the parameters of the SVM are selected so
that they obey the ratio: C+/C− = N−/N+ where C+ and C− are cost factors that adjust
the cost of false positive vs. false negatives and N+ and N− are the numbers of positive
instances and negative instances respectively. By increasing the margin on the side of the
minority class, this method provides a way to induce a decision boundary which is much
more distant from the “critical” class than it is from the other. Finding this hyper-plane
can be translated into the following optimization problem:

min
ξ,ω,b
‖ω‖2 + C+

l∑
i:yi=1

ξi + C−
l∑

i:yi=−1

ξi (7.4)

Subject to:
yi(ω

TΦ(xi) + b) ≥ 1− ξi, i = 1 . . . l,

ξi ≥ 0, i = 1 . . . l,

The corresponding Lagrangian for the 1-norm soft margin optimization problem is:

L =
1

2
min
ξ,ω,b
‖ω‖2+C+

l∑
i:yi=1

ξi+C
−

l∑
i:yi=−1

ξi−
l∑

i=1

αi[yi(ω
TΦ(xi)+b)−1+ξi]−

l∑
i:yi=1

µiξi (7.5)

Where αi ≥ 0 and µi ≥ 0.

The dual problem of problem (7.4) is

max
α

L =
l∑

i=1

αi −
1

2

l∑
i,j=1

yiyjαiαjk(xi, xj) (7.6)

Subject to
0 ≤ αi ≤ C+

0 ≤ αi ≤ C−

l∑
i=1

yiαi = 0

Instead of using the 1-norm for the loss measure, Veropoulos et al. [99] use the 2-norm
(n=2 in equation (7.2)). This method enables the algorithm to control the balance between
sensitivity and specificity without adding any additional information. Experimental results
[99] show that this method is also an effective method to deal with the class imbalanced
problem.

There have been many works in the community that apply general sampling and en-
semble techniques to the SVM framework. For instance, Akbani et al. [2] presented a so-
called SDC algorithm which combined the SMOTE [22] technique with the weighted SVM
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methods [75]. This algorithm makes the minority instances more densely distributed
in an attempt to guarantee a more well-defined boundary. In Akbani et al.’s work [2],
they compared five different techniques: SVM, SVM+under sampling, SMOTE+SVM,
weighted SVM and their presented algorithm: SMOTE+weighted SVM. From their exper-
imental results, we find that the weighted SVM performs the best comparing with the first
three techniques which use the statistical testing method. Comparing the weighted SVM
with the SMOTE+weighted SVM, the weighted SVM is still competitive (wins 3 times,
ties 2 times and loses 5 times). In their experiments all SVMs are 1 norm.

Meanwhile, the methods proposed in [63][72] develop ensemble systems by modifying
the data distributions. Moreover, Wang & Japkowicz [100] proposed to modify the Ad-
aboost method by combining it with the weighted SVM. With this method, a modified
version of the training data based on a sequential learning procedure can be built to im-
prove classification performance. Wu & Chang [114] proposed a class boundary-alignment
algorithm, which modified the kernel matrix K based on the distribution of the training
data. Instead of using an input space, they conducted the kernel transformation based on
the spatial distribution of the support vectors in feature space.

Although there are so many works related with SVM on class imbalanced problem,
as we mentioned in chapter 6, all of them are about single-instance learning. It is very
necessary for us to research on SVM about imbalanced MI problem.

7.3 Proposed Approach

The motivation of our approach comes from Morik et al. [75] and Veropoulos et al.[99]’s
algorithms. Unlike the penalty term in Morik et al. [75] and Veropoulos et al.[99]’s
algorithm, where the values of C+ and C− are fixed and all training data points with
the same label are equally treated during the training process, the penalty term in our
algorithm is weighted in order to reduce the effect of less important data points.

To adjust the cost of false training data points, we choose a more general setting which
assigns each instance a regularization parameter Wi [70][119]. This parameter vector gives
us more flexibility for adjusting the cost of false positives vs. false negatives. Although we
still call this algorithm “instance-weighted”, here the “weight” is a regularization parameter
on slack variables in the optimization function of SVM, not the weight of the instance used
in Adaboost [86].

The function of n-Norm Soft Margin instance-weighted SVM can be formulated as the
following optimization problem: The parameters ω and b are learned as

min
ξ,ω,b
‖ω‖2 + C

l∑
i=1

Wiξ
n
i (7.7)

Subject to:
yi(ω

TΦ(xi) + b) ≥ 1− ξi, i = 1 . . . l,

ξi ≥ 0, i = 1 . . . l,
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7.3.1 1-Norm Soft Margin instance-weighted SVM

The corresponding Lagrangian for the 1-norm soft margin optimization problem is:

L =
1

2
min
ξ,ω,b
‖ω‖2 + C

l∑
i:yi=1

Wiξi −
l∑

i=1

αi[yi(ω
TΦ(xi) + b)− 1 + ξi]−

l∑
i:yi=1

µiξi (7.8)

Where αi ≥ 0 and µi ≥ 0

Setting the derivatives of the above Lagrangian w.r.t the primal variables ω, b and ξi
to zero, we obtain

∂L

∂ω
= 0⇔ ω =

l∑
i=1

αiyiΦ(xi) (7.9)

∂L

∂b
= 0⇔

l∑
i=1

αiyi = 0 (7.10)

∂L

∂ξi
= 0⇔ αi = CWi − µi (7.11)

where 0 denotes the vector with all zeros. i = 1 . . . l,. Since µi ≥ 0 we can get 0 ≤ αi ≤
1, i = 1 . . . l.

Substituting these equations into (7.8), we arrive at the following dual problem :

max
α

L =
l∑

i=1

αi −
1

2

l∑
i,j=1

yiyjαiαjK(xi, xj) (7.12)

Subject to
0 ≤ αi ≤ CWi

l∑
i=1

αiyi = 0

and the KKT [17][33] conditions of this formulation become

αi[yi(ω
TΦ(xi) + b)− 1 + ξi] = 0

(CWi − αi)ξi = 0, i = 1 . . . l.
(7.13)

Figure 7.1 shows the separating hyper plane and the margin of this classification problem
where each instance is assigned a regularization parameter Wi. The point labeled ξi are
said to be on the wrong side of their margin with the cost factor CWi, and each parameter
of the point labeled ξi can affect the hyper plane and margin.
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Figure 7.1: The non-separable classification problem together with the separating hyper
plane and the margin.

7.3.2 2-Norm Soft Margin instance-weighted SVM

The corresponding Lagrangian for the 2-norm soft margin optimization problem is:

L =
1

2
min
ξ,ω,b
‖ω‖2 + C

l∑
i:yi=1

Wiξ
2
i −

l∑
i=1

αi[yi(ω
TΦ(xi) + b)− 1 + ξi] (7.14)

Where αi ≥ 0 and µi ≥ 0

Setting the derivatives of the above Lagrangian w.r.t the primal variables ω, b and ξi
to zero, we obtain

∂L

∂ω
= 0⇔ ω =

l∑
i=1

αiyiΦ(xi) (7.15)

∂L

∂b
= 0⇔

l∑
i=1

αiyi = 0 (7.16)

∂L

∂ξi
= 0⇔ αi = CWiξi (7.17)

where 0 denotes the vector with all zeros and i = 1 . . . l,. Since µi ≥ 0 we can get that
0 ≤ αi ≤, i = 1 . . . l.
Substituting these equations into 7.14, we arrive at the following dual problem :

max
α

L =
l∑

i=1

αi −
1

2

l∑
i,j=1

yiyjαiαjK(xi, xj)−
1

2C
‖α‖2 (7.18)
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Subject to
αi ≥ 0

l∑
i=1

αiyi = 0

and the KKT [17][33] conditions of this formulation become

αi[yi(ω
TΦ(xi) + b)− 1 + ξi] = 0 (7.19)

7.3.3 Instance-weighted boosting SVM algorithm

In equation 7.7, each instance is assigned a regularization parameter Wi. Our target is to
choose the best set of parameters Wi so that the classifier can accurately predict unknown
data (i.e. testing data). It is not known beforehand the optimal value of Wi for a given
problem.

In [57], Hsu et al. provided grid search through a subset of the hyper-parameter space
of a learning algorithm to solve the problem of hyper-parameter optimization. In [12],
Bergstra et al. compared different strategies and proved that random search is generally
better than grid search for hyper-parameter optimization. However, when faced with too
many parameters, neither grid search nor random search is suitable for the problem of
hyper-parameter optimization. Our idea is to update the hyper-parameters Wi iteratively
over the training examples by calling the instance-weighted SVM with the initial hyper
parameters as the base learner. The process is similar to the Adaboost [86] algorithm.

Here we present an instance-weighted boosting SVM (IB SVM) algorithm for the hyper-
parameter optimization of Wi.

Different from the traditional Adaboost [86] algorithm and its variants [42][93], IB SVM
does not optimize the actual weights of instances. Instead, it tries to optimize the regu-
larization parameter on the cost of slack variables in function (7.7). Algorithm 8 gives the
details for this algorithm.

At each iteration t, IB SVM makes a call to the base learner with input set and hyper-
parameter distribution Wt and returns a hypothesis ht. The distribution Wt(i) is updated
so that the values of Wt(i) that ht misclassifies are reduced and the values of Wt(i) that
ht classifies correctly are increased. This way, in the next iteration the base learner is
forced to focus its attention on the examples that have been misclassified more often in
previous rounds. However, IB SVM focuses more attention on the misclassified examples
not by increasing the instance weight which is adopted by Adaboost [86] but by a different
method.

From equation (7.7), we find that minimizing the second term C
∑l

(i=1) Wiξ
n
i minimizes

the associated error. The weight factors C
∑l

i=1Wi specify what tradeoff we are willing to
tolerate between maximizing the margin and minimizing the error. Increasing the tradeoff
parameters

∑l
i=1Wi of one class will increase the distance between the margin and the
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Algorithm 8 IB SVM algorithm

1: Given: (x1, y1), · · · , (xm, ym) where xi ∈ X, i = 1, · · · ,M, yi ∈ Y = {−1,+1}.
2: Choose an instance weighted SVM classifier as the base learner.
3: initialize the hyper-parameter distribution W1(i) for it.
4: for t = 1, . . . , T do
5: Train the base learner using the hyper-parameter distribution Wt.
6: Get a hypothesis ht : χ→ R.
7: Choose αt ∈ R.
8: Update:

Wt+1(i) =
Wtexp(−αtyiht(xi))

Zt
(7.20)

where Zt is a weight normalization factor (chosen so that Wt+1 will be a distribution).
9: end for
10: Output the final hypothesis:

H(x) = sign(
T∑
t=1

αtht(x)) (7.21)

slack variables of this class and will reduce the misclassified instances of this class. How-
ever, this can also increase the misclassified instances of the other class. The IB SVM’s
goal is to obtain the optimal tradeoff by tuning the hyper-parameter distribution Wt(i).

• Choosing αt

In the original Adaboost algorithm, the weight updating parameter is expressed as

αt =
1

2
log

1− εt
εt

(7.22)

where εt is the error of hypothesis ht on the instance xi in the original boosting algorithm.
Here we choose the balanced error

ε′t =
∑

i:ht(xi)6=yi

|Wi/Ri| (7.23)

instead of εt in this algorithm where Ri denotes the imbalance ratio (Ri ∈ (0, 1], i =
1, · · · , l). The reason we choose ε′t instead of εt is that for the class imbalanced problem,
the balanced error of hypothesis ht is a more unbiased evaluating method than the error
of hypothesis ht. Which means the evaluation on the majority class and minority class
testing instances is asymmetric. For the initialized value of W1(i), we set

W1(i) = Ri =

{
Nmin/Nmaj, if yi = Labelmin

1, if yi = Labelmaj
(7.24)
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where N denotes the number of instances, “min” denotes “minority” and “maj” denotes
“majority”.
The initial values of W1(i) are set to be different for majority and minority class. When
t = 1, the IB SVM is the same as the Weighted SVM.

• Computational complexity analysis

If m is the size of the training set, training an SVM takes O(m2) with a general pur-
posed QP solver [21]. Suppose the IB SVM algorithm takes n iterations, the total time
complexity of IB SVM algorithm is O(nm2)). Since n is always set as a constant (generally
it is 10) in our experiments, the time complexity of IB SVM algorithm is always acceptable.

• Benefits from diverse multiple learners

Ensemble approaches like Boosting [86] reduce the generalization error of machine learn-
ing systems by building and aggregating diverse multiple classifiers. However they suffer
from the limitation of their basic theoretical property—they are only suitable for improv-
ing the predictive performance of unstable learners [66]. The class imbalanced problem
exploits the “instability”of almost all of the learners [66], which gives us a chance to build
and aggregate some diverse multiple stable classifiers such as SVM. By assigning each in-
stance a regularization parameter for the hyper-parameter C, we can successfully build
diverse sources of training dataset. By successive reweighting of the training set where
current weight depends on the previous classifier’s performance, IB SVM grows an ensem-
ble of classifiers without decreasing prediction accuracy of base learners.

• Analysis

Theorem 1 Suppose the base learning algorithm Instance-weighted SVM, when called by
IB SVM, generates hypotheses with balanced errors ε1, · · · , εt.(as defined in Eq.(7.23))
Then the balanced error ε = Pri[hf (xi) 6= yi] of the final hypothesis hf output by IB SVM
is bounded above by

ε ≤ 2T
T∏
t=1

√
εt(1− εt).

Define the weight vector: wi = W (i) for i = 1, · · · ,M . βt = εt/(1 − εt). The update
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rule given in step 8 in algorithm 8 implies that

M∑
i=1

wt+1
i =

N∑
i=1

wtiβ
1−|ht(xi)−yi|
i

≤
M∑
i=1

wti(1− (1− βt)(1− |ht(xi)− yi|))

= (
M∑
i=1

wti)(1− (1− εt)(1− βt))

The final hypothesis hf , makes a mistake on instance i only if

T∏
t=1

βt−|ht(xi)− yi| ≥ (
T∏
t=1

βt)
−1/2

The final hyper weight on any instance i is

wT+1
i = W (i)

T∏
t=1

β
1−|ht(xi)−yi|
t

Combining the two Eqs above we can get the lower bound of the sum of the final hyper
weights by getting the sum of the final weights of the examples on which hf is incorrect:

M∑
i=1

wT+1
i ≥

∑
i:hf (xi) 6=yi

wT+1
i

≥ (
∑

i:hf (xi)6=yi

W (i))(
T∏
t=1

βt)
−1/2

= ε · (
T∏
t=1

βt)
−1/2

Then from above we can get:

ε ≤ 2T
T∏
t=1

√
εt(1− εt).

This gives the proof of Theorem 1.

7.3.4 Experimental setup and results

In our experiments we use the same datasets employed in chapter 3. In our experiments,
we choose a 5 × 5 fold cross validation strategy. In this strategy, each data set is divided
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equally into five folds. One of the folds is taken as testing dataset while the other folds are
regarded as training dataset.

We chose the LibSVM [21][57] as the algorithm for the support vector machine clas-
sification. Modifications were made to the original source code based on the LibSVM
license [21]. MI fusion which is developed in chapter 4 is combined with IB SVM here for
imbalanced MI classification.

For single-instance learning, the IB SVM algorithm and related experiments have al-
ready been presented in our related work [106]. With the help of MI fusion, now we can
apply the IB SVM on imbalanced MI datasets and compare our method with Morik et
al. [75] and Veropoulos et al. [99]’s algorithms on different norms. Morik et al.[75] and
Veropoulos et al.’s algorithms [99] are denoted as weighted SVM (1-norm and 2-norm).
The experimental results are presented in Table A.5. Four kernels (linear, RBF, sigmoid
and polynomial) are chosen in this experiment. The hyper-parameters of all SVMs are set
using the Cross-Validation and Grid-Search methods [57]. Here we list the kernel with the
best result for all SVMs.

Table 7.1: Experiment result using the statistical test method
Weighted SVM IB SVM

1-norm 2-norm 1-norm 2-norm
Accuracy 0-2-1 0-2-1 2-1-0 3-0-0

AUC 0-2-1 0-2-1 2-0-1 2-0-1
Total Wins -4 -4 3 5

We listed the experimental results in Table A.5 and summarized the best results for
each algorithm in Table 7.1. For each data set, we pick up the winners on Gmean and AUC
respectively for all kernel methods and norms. From Table 7.1 we can get the conclusion
that on most datasets we tested in our experiment, IB SVM has better performance than
weighted SVM with the same kernel function.

7.4 Conclusion and Future work

In this chapter, an adaptive instance weighted boosting SVM combining with MI fusion
method is proposed for the imbalanced MI problem. We have extended Morik et al. [75]
and Veropoulos et al.’s algorithm [99] by choosing a more general parameter setting: each
instance is assigned a regularization weight hyper-parameter Wi. This method gives us
more flexibility than only adjusting the weights of the false positives vs. the false negatives.
Experimental results show that this method can improve the prediction performance of
the classification on both measurements of Accuracy and AUC [23]. Our future work will
include hyper-parameters optimization including the original cost factor C and the kernel
parameters. Moreover, the relationship of the process of hyper-parameter optimization
and the performance of classifiers will also be investigated.
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Chapter 8

Case study on detecting mine like
objects

As introduced in chapter 1, MI algorithms can be chosen as the Automatic Target Recog-
nition (ATR) methods to detect possible objects (such as MLOs) or regions of interest in
sonar imagery. Since many of the sonar images of the same object are taken from different
sonar passes, there are multiple images of the same object at different ranges and aspects
of the sonar.

Figure 8.1: Multiple images of one target in sonar imagery for the detection of mine like
objects (MLO)

Figure 8.1 gives an example of multiple images of one target. It is anticipated that
the additional information obtained from additional images of an object should improve
the classification performance over single-aspect classification. In this case, the MLOs
classification on multiple images of an object is defined as a binary MI learning problem:

Input: Given a set of bags Xi, i = 1, · · · , N , where each bag represents an object which
might or might not be an MLO. A bag consists of an arbitrary number of instances which
have information about the multiple sonar images of the object:

Xi =
{
x1
i , x

2
i , · · · , x

ni
i ;Yi

}
, i = 1, · · · , N, Yi ∈ {−1,+1} (8.1)

where each instance xni
i is an M-tuple of attribute values belonging to a certain domain

or instance space R. There is a function c that classifies individual bags as +1(MLO) or
-1(non-MLO).

Output: a model that predicts whether a new example, which consists of an arbitrary
number of multiple sonar images of the object, falls into MLO category or not.
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8.1 Experimental results on MLO datasets

The MLO datasets are from the MLO detection project, a real world application. The
sonar data used in this study was provided by the Ocean Systems Laboratory, Heriot-
Watt University, Edinburgh, UK. The sonar images were collected by an AUV fitted with
side-scan sonar on Loch Earn (Scotland) in November, 2010. In MLO classification, sonar
images collected by AUVs convey important information about the underwater conditions.
Raw sonar images are pre-processed before machine learning algorithms are applied.

8.1.1 Data preprocessing

In mine countermeasure missions (MCM), sonar images collected by AUVs will convey
important information about the underwater conditions. Raw sonar images have to be
properly pre-processed before machine learning algorithms are applied. How to properly
process the sonar images will have a significant impact on the subsequent MLOs detection
and classification stages.

In the MCMs, a large part of sonar images collected by AUVs represent the back-
groundseabed. In MLOs detection and classification, we are more interested in the object
that lies on the seabed rather than the background. Therefore, the areas from the images
with only background information can be simply discarded.

The first step of this classification task is the segmentation of the sonar images. Image
segmentation is a widely used image processing technique to detect target objects and
segment the original images into small pieces that contain the target objects.

In this step, our goal is to delete image data that contain only background information
and reduce the amount of data to be processed. Therefore whether the size, shape and
location of the target object are accurately found is not a main concern in this step. The
foreground objects are assumed to have a more complex texture than the seabed. Thus, the
foreground object areas are obtained by using local range and standard deviation filters.

In sonar image segmentation, edges are significant local changes of intensity in an
image. Edge detection is often used in order to extract the pieces of MLO objects from
the background of seabed. Discrete differencing is a local edge enhancement technique. It
is used to sharpen edge elements in an image by discrete differencing in either the vertical
or horizontal direction, or in a combined fashion. In 2D images, edges are expressed using
partial derivatives. Points which lie on an edge can be detected by detecting the maximum
of gradient.

The gradient is a vector which has certain magnitude and direction:

∇I = (
∂I
∂x
∂I
∂y

) (8.2)

magn(∇I) =

√
(
∂I

∂x
)2 + (

∂I

∂y
)2 =

√
u2 + v2 (8.3)
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dir(∇I) = tan−1(v/u) (8.4)

The magnitude of gradient is usually approximated by:

magn(∇I) ≈| u | + | v | (8.5)

The gradient can be approximated by finite differences:

∂I/∂x = (I(x+ hx, y)− I(x, y))/hx = I(x+ 1, y)− I(x, y), (hx = 1) (8.6)

∂I/∂y = (I(x, y + hy)− I(x, y))/hy = I(x, y + 1)− I(x, y), (hy = 1) (8.7)

Here we choose the Sobel method as the edge detection method.

Figure 8.2: Example of an image processing result on an image provided by the Ocean
System Lab, Heriot-Watt University

Figure 8.2 illustrates the extraction of foreground objects from a sonar image which
was provided by the Ocean Systems Lab, Heriot-Watt University. Areas that do not have
a reasonable size will be ignored.

The objective of the image processing procedures at this point is data reduction rather
than MLOs detection. Thus, a relatively high false alarm rate is acceptable.

The next step of this image processing task is the segmentation of the sonar images into
three distinct regions: highlight or target echo (sound scattered by the target by active
sonar), shadow (regions of low acoustic energy created by an object or seabed feature
blocking the sound propagation) and background or seabed.

For object detection tasks, an object should be detected through a single image, no
matter where and how it lies on the seabed. Therefore, the features used should be robust
to the location and orientation of the object. The grayscale histogram, a simple but
informative statistical feature, is considered. In many image recognition systems, many

77



complex features are used, but such features will inevitably increase the computational
complexity, impeding the real time detection. The histogram is easy to calculate and
robust to rotation. The distribution of the grayscale value can be well described by this
feature.

The size of each sonar image used in our study is 500×1024, so there are 512, 000 pixel
values in each raw image. In order to translate this image information into data (which can
be processed by machine learning algorithms), we draw the histogram for the final image.
As in the unit 8 image, the brightness of a pixel falls into the region 0− 255. This region
is divided into 16 bins. The number of the pixels falling into each bin are counted and
normalized by the total number of the pixels. These 16 numbers are taken as the features
of the data. The advantage of this method is that the features are robust to the variation
of the location and orientations of the objects. The grayscale histograms are normalized to
the frequency that a pixel value falls into each bin. The MLOs are labeled as the positive
examples.

8.1.2 Comparison of different technologies on class imbalanced
MLO datasets

Table 8.1: Details of datasets

Datasets # bags # attribute
# min % min # min % min
bags bags instances instances

MLO 1 561 16 58 10.34 116 10.34
MLO 2 555 16 64 11.53 144 12.18
MLO 3 425 16 65 15.29 158 17.67
MLO 4 762 16 63 8.27 132 8.34

The 4 MLO datasets we used in this experiment are listed in Table 8.1. The percentage
of minority bags varies from 8.27% to 15.29%. In this experiment we compare different
technologies presented in chapter 6 on MLO datasets and the experimental results are
listed in table A.2. The result shows that both of Ab(1,1) and Ab(1,2) have the best
performance on MLO datasets. We also compare the methods presented in chapter 7 on
these data and the experimental results are listed in table A.6. The result shows that with
MI fusion, IB SVM can improve the performance slightly comparing with SVM weight.

8.1.3 Classification on multiple images of object

In the experiments, we study the classification performances as a function of the number
of aspects and compare the experimental result using different MI classifiers.

The binary datasets used in these empirical studies are described in Table 8.2. The
negative examples denote the non MLOs and the positive examples denote the MLOs.
In Table 8.2, dataset MLO 5 has 360 objects while the number of MLOs (positive) and
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non MLOs (negative) are both 180. Each object has three images so we can study the
classification performances as a function of the number of images.

Table 8.2: Details of dataset MLO 5
Datasets #objects #attribute #positive examples #negative examples
MLO 5 360 16 180 180

Figure 8.3: Classification performances as a function of the number of images using MITI
as the classifier

ROC curves are chosen as the measure technique for the classification and the experi-
mental results are shown in Figure 8.3 and Figure 8.4.

Figure 8.3 shows the ROC curves as a function of the number of aspects using MITI as
the classifier and Figure 8.4 shows the ROC curves using MI fusion with decision tree as
the classifier. We can find that for both classifiers, with more images used for classification,
the performance is better.
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Figure 8.4: Classification performances as a function of the number of images using
MI fusion with decision tree as the classifier
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8.1.4 Classification on different shape of MLOs with multiple
images

After making a classification of MLOs and non MLOs, we can keep on making a classifi-
cation on what kind of shape the MLO belongs to. MLO 6 is in Table 8.3 is chosen as the
dataset for this experiment. MLO 6 has 279 objects. We have three different shapes of
MLOs which are cylinder, manta and wedding cake shapes and each shape has 93 objects
respectively.

Table 8.3: Details of dataset MLO 6
Datasets #objects #attribute #cylinder #manta #wedding cake
MLO 6 279 16 93 93 93

This study includes two parts, the first one is using tree method as classification al-
gorithm in this study and the second part is using Logistic Regression instead. For each
method, single-aspect and multi-aspects classification are studied respectively. For single-
aspect classification, each object has one image. For multi-aspects classification, each
object has more than one image and we choose the number of images randomly between
two and three.

Tree method

Table 8.4 to Table 8.6 show the confusion matrices resulting from single-aspect classification
using decision tree, multi-aspects classification using MITI and multi-aspects classification
using MI fusion with decision tree respectively.

Table 8.4: The Confusion Matrices Resulting From Single-Aspect Classification Using
Decision Tree

(a) Single Aspect
Cylinder Manta Wedding Cake

Cylinder 58.9 24.9 16.2
Manta 11.9 73.5 14.6

Wedding Cake 11.4 16.2 72.4

Table 8.5: The Confusion Matrices Resulting From Multi-Aspects Classification Using
MITI

(b) Multi-Aspects
Cylinder Manta Wedding Cake

Cylinder 80.6 11.8 7.5
Manta 8.6 83.3 8.1

Wedding Cake 10.2 3.2 86.6
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Table 8.6: The Confusion Matrices Resulting From Multi-Aspects Classification Using
MI fusion with Decision Tree

(c) Multi-Aspects
Cylinder Manta Wedding Cake

Cylinder 73.6 17.2 9.2
Manta 4.8 84.4 10.8

Wedding Cake 8.6 7.0 84.4

Logistic Regression method

Table 8.7 to Table 8.9 give the confusion matrices resulting from single-aspect classifica-
tion using Logistic Regression, multi-aspects classification using MILR and multi-aspects
classification using MI fusion with Logistic Regression respectively.

Table 8.7: The Confusion Matrices Resulting From Single-Aspect Classification Using
Logistic Regression

(a) Single Aspect
Cylinder Manta Wedding Cake

Cylinder 58.9 22.7 18.4
Manta 30.8 55.1 14.1

Wedding Cake 4.9 15.1 80.0

Table 8.8: The Confusion Matrices Resulting From Multi-Aspects Classification Using
MILR

(b) Multi-Aspects
Cylinder Manta Wedding Cake

Cylinder 72.6 16.7 10.7
Manta 10.3 76.3 5.4

Wedding Cake 8.1 3.8 88.1

Table 8.9: The Confusion Matrices Resulting From Multi-Aspects Classification Using
MI fusion with Logistic Regression

(c) Multi-Aspects
Cylinder Manta Wedding Cake

Cylinder 69.4 19.9 10.7
Manta 16.7 75.3 8.0

Wedding Cake 7.0 8.1 84.9

From these classification results we can see that the classification performance, both on
using the MI framework and data fusion framework, were improved by using more “images”
in the classification.
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8.2 Conclusion

In this chapter, we have demonstrated the performance improvements in the classification
of side scan sonar images obtained by using feature sets corresponding to multiple sonar
images of the same object. In our experiments, we have transformed the multiple aspects
classification problem into a multiple-instance learning problem and we have found that the
MI fusion method can be an alternative and effective framework for the multiple-instance
learning problem.

The experimental results of section 8.1.2 show that the two proposed solutions in chap-
ter 6 (i.e. the classifier independent method–sampling technique and the classifier depen-
dent method–cost-sensitive boosting technique) can improve the performance of the base
learner for class imbalanced MI learning. The results also show that the weighted updat-
ing strategy of cost-sensitive boosting algorithms increases the weights on the misclassified
bags from the minority class more than it does on those from the majority class. Similarly,
it decreases the weights on correctly classified bags from the minority class less than on
those from the majority class. Moreover, the experimental results of section 8.1.2 also show
that the proposed approach in chapter 7 (i.e. the IB SVM algorithm) can also be used as
an alternative method in this application.

We have also studied the classification performances as a function of the number of
aspects. From the experimental results we find that for both frameworks, the performance
is enhanced when more images are used for classification.

Comparing the single aspect classification rates with two multiple-aspect approaches
on different shapes, we see that collecting multiple images produces a significant increase
in hit rate and a significant decrease in error rate for all mine shapes.

Our future works will involve applying the presented frameworks in the thesis on other
multiple aspect learning applications and using more classifiers.
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Chapter 9

Conclusions and future work

9.1 Extended Summary

In this thesis, we have presented a comprehensive and systematic analysis of two challenging
and critical issues in the knowledge discovery and data mining field: the MI learning
problem and the class imbalance problem in MI.

For the general MI problem, we have presented three novel frameworks: the Multi-View
Two-level MI framework, the multi-kernel MI framework and the MI fusion framework.

For the imbalanced MI problem, we have also provided three novel solution frame-
works for this problem: sampling technology, cost-sensitive boosting method and adaptive
instance weighted support vector machines framework.

Based on these methods, we conducted experimental analysis using different learning
algorithms with real-world benchmark datasets from a variety of application domains, and
datasets from a real-world project. Experimental evidence derived from standard datasets
was presented to support the improved performance of the proposed algorithms. We found
that the presented algorithms are effective on dealing with the general MI problem and
class imbalance problem respectively.

9.2 Thesis Contributions

In this section we will examine whether we achieved the expected contributions described
in section 1.3.

A novel multi-view solution for the general MI problem

Under the generalized MI assumption, we introduced a multi-view, two-level-classification
approach to deal with the MI problem in chapter 3. This multi-view, two-level classifica-
tion (MV-TLC) strategy transforms a MI dataset into a multi-view, single meta-instance
dataset, and learns from multiple views (the feature set) of this meta-dataset. The in-
formation acquired by view learners is then integrated to construct a final classification
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model. Our empirical studies show that our method compares well to other popular MI
classifiers.

A novel fusion solution for the general MI problem

In chapter 4 we presented a new MI assumption— fusion assumption model for the MI
problem. The fusion assumption is based on the Bayesian theory of subjective probability.
Under this assumption, a bag is a sample of an underlying population specific to the
particular bag and a bag can be treated as a group of different information sources with
different degrees of reliability. Under this assumption, we presented a MI fusion algorithm
based on the Dempster-Shafer (DS) theory [88]. Our experimental results show that the
MI fusion approach is competitive and takes more advantage on computational complexity
than other MI approaches.

A Multi-kernel SVM algorithm for the general MI problem

In chapter 5 we formulated a novel method to solve the classification problem within the
MI learning context using multiple kernel learning. To improve the classification precision
of the SVM method with regard to the MI learning problem, this chapter introduced a
multiple kernel learning method to the process of multiple instance learning. It proposed
a new SVM model (MKMI), which is based on the two-level MI model. Computational
results on a number of datasets indicate that the proposed algorithm is competitive with
other SVM methods.

A solution using Re-sampling Techniques for the class imbalanced MI prob-
lem

There are very few related discussions about the multi-instance class imbalance prob-
lem. In chapter 6 we proposed two algorithms using the sampling technology: Instance SM-
OTE and Bag SMOTE. The experimental results show that the proposed solutions can
improve the performance of the base learner for the class imbalanced multi-instance learn-
ing. The results also support our expectation that the class imbalance problem occurs at
the bag-level, so the solution should also be found at the bag-level.

A Cost-sensitive Boosting algorithm for the class imbalanced MI problem

To deal with the class imbalanced MI problem, in chapter 6 we also provided a cost-
sensitive boosting algorithm. We proposed a generalized version of the Cost-sensitive
Boosting-MI algorithm. Our goal is to reduce the bias inherent in the learning procedure
due to the class imbalance, and to increase the weights for the minority class in each
round of boosting. A systematic study on cost and the coefficient parameters were made
in section 6.5. The coefficient parameters of the cost items were found to be related to the
classification performance of class imbalanced MI learning. The combination of these two
coefficient parameters gives us opportunities to achieve better classification performance.
The experimental results show that the proposed solutions can improve the performance
of the base learner for class imbalanced multi-instance learning. Moreover, it even has a
better performance than the re-sampling techniques for many data sets.

An instance-weighted SVM algorithm for imbalanced MI problem

In chapter 7 we applied an instance-weighted variant of the SVM with both 1-norm
and 2-norm format to deal with the imbalanced MI learning problem. We developed an
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asymmetric boosting method on the weights of the trade-off parameters to optimize the
instance-weighted SVM. This method gives us more flexibility than only adjusting the
weights of false positives vs. false negatives. Experimental results show that this method
can improve the prediction performance of the classification on both measurements of
Gmean and AUC.

A case study on MLO detection

In chapter 8 we conducted a case study on detecting mine like objects. The algorithms
we have presented were applied on this application successfully.

9.3 Future Research

Two objectives of this research are:

1) Providing practical guidance to machine learning practitioners when they want to
use new algorithms or build classifiers from MI datasets

2) Providing researchers with possible directions for study on class imbalanced MI
datasets.

Our presented work and future work involve around these two objectives. Our future
work includes:

1. For solving the general MI problem, the MV-TLC framework, the Multiple-
kernel MI SVM framework and the data fusion framework have been presented. The
performance of these frameworks needs more experimental results to compare with
existing MI learning approaches. In our future work, we will make sufficient experi-
ments on comparing these frameworks with other existing MI learning frameworks.

Moreover, for the MV-TLC algorithm, after the first step, we can build a new model
combining the results obtained with all the models discovered before for the second
step which learns bag-level concepts. Here we plan to apply another MI learning
algorithm-MILES [26] to this transformed data.

MILES [26] embeds bags into a single-instance feature space based on similarity
scores, and applies the 1-norm support vector machine algorithm to the transformed
dataset. It uses the instances in the training bags as candidates for target points.
A feature-space mapping is defined, where every attribute represents the closeness
of an instance to a candidate target point (i.e. training instance). Each training
bag is mapped into this space (with class labels appended), and a single-instance
base learner is built on the transformed dataset. At testing time, bags are similarly
mapped into the instance-based feature space, and classification predictions are made
by the single-instance base learner. Moreover, a further (optional) refinement to the
algorithm is to use attribute selection to try to eliminate the attributes that do
not contribute to the instance-level classification problem learned by the first level
classifiers.
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2. For solving class imbalanced MI problem, we have presented cost sensitive
boosting algorithms at the bag level and bag level SMOTE algorithms which have
been shown to be effective. We have also presented an instance-weighted boosting
SVM MI framework. In the future, it would be worthwhile to investigate if the
methods presented are suitable for datasets with extremely high imbalance ratios.
Moreover, tree methods are used as the base learners for the techniques presented in
this thesis. Although the presented sampling algorithms and cost-sensitive boosting
algorithms are learner independent, the setup of the parameters could be influenced
by choosing base learners with different technologies. The relationship between the
presented techniques and different base learners will be investigated in our future
work. We also intend to research other applications of the presented algorithms for
MI classification, and investigate other related algorithms.

On the other hand, a MV-TLC framework for the class imbalanced MI problem could
also be researched as the future work. In MV-TLC, single-instance learning methods
are used in both of level one and level two. General solutions for the single instance
class imbalanced problem can be used in this framework. However, we would need
to implement related algorithms and complete more experiments in the next steps.

Moreover, we would need to apply the developed algorithms to other applications and
different types of MI datasets, such as stream data, multi-label MI data, multi-view MI
data and large-scale MI datasets. The related research can also be extended to other
learning tasks such as ranking, unsupervised learning and semi-supervised learning.
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Table A.1: Comparison of all presented algorithms with the base learner (MITI[14]) on the
benchmark datasets

Datasets Measures
Base Instance Bag Over Bag

Adaboost Ab(0,1) Ab(1,0) Ab(1,1) Ab(1,2) Ab(2,1) Ab(2,2)
Learner SMOTE Sampling SMOTE

Elephant

TPRmin 28.7±6.0 19.3±3.3 41.3±4.4 41.3±4.0 31.3±3.6 35.3±3.3 29.3±1.8 60.7±4.7 71.3±8.9 74.7±8.0 74.7±6.2
TNRmin 94.5±1.2 94.7±1.3 93.7±1.2 93.5±1.5 98.5±1.2 95.2±1.5 97.2±1.2 82.3±1.6 68.0±4.7 64.7±5.7 53.7±5.2
Gmean 52.0±5.5 42.8±3.6 62.2±3.4 62.2±3.0 55.6±3.2 58.0±2.7 53.4±1.8 70.7±2.5 69.6±5.2 69.5±2.1 63.3±4.1

Precision 83.2±4.5 78.5±3.9 86.6±3.0 86.4±3.0 95.6±3.5 88.1±3.4 91.2±3.7 77.4±1.9 68.9±4.4 68.0±2.0 61.7±3.7
Recall 60.7±7.1 48.6±5.3 73.5±3.4 73.6±3.2 64.2±4.0 68.4±3.1 62.3±2.0 85.8±2.4 90.4±3.8 91.8±3.1 91.9±2.8

F-measure 70.2±6.3 60.0±4.6 79.5±3.1 79.5±2.9 76.9±3.1 77.0±2.2 74.0±2.2 81.4±1.8 78.2±4.1 78.2±1.4 73.8±3.3

Fox

TPRmin 5.6±1.3 6.3±2.6 23.8±4.8 27.8±5.3 11.1±6.3 19.8±4.5 15.1±4.0 59.5±2.3 60.3±9.5 68.3±7.9 66.7±4.8
TNRmin 96.7±0.8 97.3±1.3 91.2±1.4 91.2±1.2 96.5±1.2 93.8±0.9 95.5±0.7 67.2±2.6 55.2±3.8 53.5±5.5 51.2±6.6
Gmean 23.2±2.4 24.9±4.5 46.6±4.7 50.3±4.6 32.7±9.9 43.1±4.5 37.9±5.1 63.2±5.5 57.7±5.5 60.4±5.0 58.4±2.2

Precision 62.4±3.7 68.5±3.5 72.2±4.0 75.2±4.0 70.0±5.2 75.2±4.2 76.0±4.4 64.0±4.2 57.0±4.9 59.3±4.4 57.9±2.0
Recall 21.6±3.9 23.4±6.9 58.8±6.8 63.8±5.4 34.6±5.4 52.9±5.8 44.9±7.9 86.8±4.8 87.2±4.4 90.7±3.1 90.3±1.9

F-measure 32.1±4.2 34.9±8.5 64.8±5.5 69.1±4.5 46.3±7.3 62.1±5.4 56.5±7.5 73.7±4.5 69.0±4.6 71.7±4.0 70.5±1.5

Tiger

TPRmin 31.4±2.1 38.5±6.4 48.1±5.1 55.1±3.8 49.4±4.5 54.5±4.5 52.6±5.1 65.4±3.8 73.1±7.7 70.5±3.8 82.7±4.5
TNRmin 95.5±1.8 95.0±1.0 93.8±1.2 89.5±1.5 96.5±1.0 93.7±1.8 96.0±1.0 86.3±2.0 72.3±2.1 71.5±3.0 59.5±5.0
Gmean 54.8±1.7 60.4±4.9 67.2±3.8 70.2±2.0 69.0±3.2 71.4±2.3 71.0±3.6 75.1±2.3 72.7±3.4 71.0±1.5 70.1±3.7

Precision 87.8±3.8 88.3±2.5 88.4±2.6 84.1±1.6 93.3±1.8 89.8±2.2 92.9±1.8 82.8±2.3 72.4±1.3 71.3±1.6 67.3±3.3
Recall 63.7±2.3 69.8±5.6 77.8±3.9 82.4±2.2 78.7±2.9 82.0±2.6 80.8±3.2 87.8±1.9 92.9±3.3 90.1±1.6 94.8±1.6

F-measure 73.8±2.0 78.0±3.9 82.7±3.0 83.2±1.0 85.4±2.2 85.7±1.0 86.4±2.3 85.2±1.6 80.6±2.1 79.6±1.0 78.7±2.6
M atoms TPRmin 37.7±2.0 35.3±6.6 48.4±1.9 55.2±2.8 43.3±1.3 51.2±2.0 51.2±4.0 70.6±6.3 81.3±3.6 86.1±1.3 88.9±4.0

TNRmin 95.6±0.4 95.2±1.1 87.1±1.2 92.9±0.4 95.7±0.8 87.2±1.3 86.5±0.9 76.8±2.4 58.4±3.2 59.2±3.5 41.7±2.5
Gmean 60.0±1.6 58.0±5.4 64.9±1.1 71.6±1.7 64.3±1.1 66.8±1.4 66.6±2.6 73.7±2.2 68.9±2.6 71.4±2.2 60.9±1.6

Precision 89.5±1.1 87.7±2.3 78.9±1.8 88.6±0.6 91.0±1.5 80.0±1.7 79.0±1.9 75.3±0.7 66.2±2.1 67.9±1.9 60.4±0.9
Recall 64.2±1.9 61.3±6.6 73.6±1.4 78.5±1.9 69.4±1.1 75.7±1.5 75.5±2.9 87.5±3.3 92.8±1.6 94.9±0.5 95.9±1.6

F-measure 74.8±1.6 72.1±5.3 76.2±1.2 83.3±1.2 78.7±1.1 77.8±1.2 77.3±2.2 80.9±1.3 77.3±1.9 79.1±1.3 74.1±0.9
M bonds TPRmin 30.5±3.8 28.6±2.9 60.0±1.9 56.7±4.4 48.6±1.9 60.5±6.0 59.0±4.8 74.8±3.5 76.2±5.1 77.1±3.8 78.1±2.9

TNRmin 95.6±0.9 96.4±0.7 91.3±0.4 92.0±0.8 95.7±0.4 88.8±0.5 88.9±0.7 79.3±3.1 72.3±2.1 72.0±2.9 70.7±3.1
Gmean 54.0±3.5 52.5±2.7 74.0±1.3 72.2±3.1 68.2±1.4 73.3±3.5 72.5±2.8 77.0±2.6 74.2±2.4 74.5±1.7 74.3±2.7

Precision 87.2±2.9 88.8±1.9 87.3±0.9 87.5±1.6 91.9±0.6 84.3±1.0 84.2±1.0 78.4±2.5 73.3±2.0 73.4±1.6 72.7±2.3
Recall 60.7±4.2 58.6±3.5 84.2±1.1 82.2±2.7 77.1±1.4 84.3±3.5 83.6±2.7 91.3±1.5 91.8±2.1 92.2±1.7 92.7±1.1

F-measure 71.6±3.8 70.6±2.9 85.7±1.0 84.8±2.2 83.8±1.0 84.3±2.1 83.9±1.7 84.3±1.9 81.5±1.7 81.8±1.2 81.5±1.9
M chains TPRmin 17.9±3.3 18.5±1.2 45.1±5.6 43.8±4.3 27.8±3.1 46.3±4.9 40.1±4.1 67.3±5.8 68.5±4.3 71.0±5.6 73.5±4.3

TNRmin 97.3±0.4 97.9±0.6 93.1±1.3 93.7±0.7 95.3±0.7 94.4±0.5 94.5±0.7 83.7±2.1 82.8±2.1 80.1±2.8 78.9±4.0
Gmean 41.7±4.1 42.6±1.5 64.8±4.1 64.1±3.2 51.5±2.9 66.1±3.7 61.6±3.2 75.1±2.4 75.3±2.2 75.4±2.4 76.1±2.4

Precision 86.1±4.2 89.8±2.3 86.4±2.7 87.4±1.4 85.4±2.6 89.0±1.9 87.9±1.8 80.6±1.2 80.0±1.5 78.2±1.8 78.0±3.4
Recall 49.5±5.9 51.1±2.2 78.7±3.8 78.1±3.0 63.8±3.6 79.6±3.5 75.4±3.0 90.3±2.2 90.8±1.7 91.7±2.1 92.7±1.5

F-measure 62.9±5.9 65.1±2.2 82.4±3.2 82.5±2.2 73.0±3.0 84.0±2.5 81.2±2.3 85.2±1.2 85.1±1.1 84.4±1.4 84.7±2.1
Component TPRmin 41.0±2.5 44.8±1.7 47.2±2.5 54.5±4.5 45.1±2.8 60.4±2.8 50.7±3.2 82.6±3.0 86.1±2.1 89.9±3.8 88.2±5.6

TNRmin 93.5±0.6 92.5±0.8 91.0±0.9 90.1±2.6 96.0±0.9 92.0±1.5 94.9±0.4 70.6±2.0 62.2±2.8 61.0±1.5 58.5±3.7
Gmean 61.9±1.9 64.4±1.1 65.5±1.9 70.1±2.2 65.8±1.9 74.6±2.1 69.3±2.2 76.4±1.2 71.2±2.4 74.1±1.6 71.8±2.8

Precision 86.3±1.2 85.7±1.1 83.9±1.9 84.9±3.2 91.9±1.6 88.3±2.2 90.7±1.1 73.8±1.0 69.5±1.9 69.7±1.1 68.1±2.2
Recall 77.0±1.8 79.7±1.1 81.2±1.5 85.2±2.3 79.9±1.8 88.1±1.2 83.2±1.9 95.8±0.9 96.8±0.5 97.7±0.9 97.2±1.4

F-measure 81.4±1.2 82.6±0.8 82.5±1.5 85.0±1.3 85.5±1.2 88.2±1.5 86.8±1.4 83.3±0.8 80.9±1.5 81.4±0.9 80.1±1.7
Function TPRmin 41.1±2.8 58.1±5.3 56.5±2.8 61.4±6.1 51.6±3.7 61.8±4.3 58.9±2.0 79.7±4.3 84.6±3.3 85.4±2.4 85.4±3.3

TNRmin 96.8±0.5 95.4±0.8 92.4±0.8 91.8±1.6 95.5±0.6 93.0±0.7 95.2±0.8 81.5±1.1 77.3±2.0 76.1±1.0 74.2±2.4
Gmean 63.0±2.1 74.5±3.6 72.2±1.9 75.1±4.4 70.2±2.3 75.8±2.9 74.9±1.3 80.6±2.5 80.8±1.5 80.6±1.2 79.6±1.9

Precision 92.7±1.2 92.5±1.5 88.1±0.1 88.1±3.0 92.0±0.7 89.7±1.3 92.5±1.1 81.1±1.4 78.8±1.6 78.2±0.9 76.8±1.9
Recall 76.4±2.1 86.5±2.5 85.8±1.4 87.9±2.7 83.2±2.0 88.2±1.8 87.0±1.0 94.8±1.4 96.2±0.9 96.4±0.7 96.4±0.9

F-measure 83.8±1.5 89.4±2.0 86.9±1.1 88.0±2.9 87.4±1.0 89.0±1.6 89.7±0.6 87.4±1.4 86.7±1.0 86.3±0.7 85.5±1.3
Process TPRmin 33.9±3.8 48.9±3.6 41.4±3.8 51.6±5.4 38.7±2.2 53.2±6.5 47.3±1.4 71.5±1.8 76.3±2.5 78.0±2.7 80.1±2.9

TNRmin 96.0±0.4 90.7±1.0 93.2±0.8 90.1±0.4 96.0±0.8 92.1±0.7 95.2±0.7 81.1±1.1 75.5±2.6 73.3±3.1 71.4±2.8
Gmean 57.0±3.2 66.6±2.6 62.1±2.8 68.2±3.5 61.0±1.7 70.0±4.2 67.1±0.9 76.2±1.1 75.9±1.4 75.6±2.0 75.6±1.5

Precision 89.4±0.8 84.0±1.6 85.8±1.9 83.9±1.4 90.7±1.5 86.8±2.0 90.9±1.3 79.1±1.0 75.8±1.7 74.5±2.4 73.8±1.4
Recall 75.4±3.2 85.3±1.9 81.0±2.4 86.5±2.5 79.3±1.5 87.1±0.3 84.5±0.8 93.8±0.5 95.1±0.7 95.5±0.7 96.1±0.7

F-measure 81.8±2.2 84.6±1.7 83.3±1.9 85.2±1.9 84.6±1.2 87.0±2.3 87.6±0.7 85.9±0.7 84.4±1.1 83.7±1.5 83.5±0.9
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Table A.2: Comparison of all presented algorithms with the base learner (MITI[14]) on the
MLO datasets

Datasets Measures
Base Instance Bag Over Bag

Adaboost Ab(0,1) Ab(1,0) Ab(1,1) Ab(1,2) Ab(2,1) Ab(2,2)
Learner SMOTE Sampling SMOTE

MLO 1 TPRmin 7.8±2.0 23.9±4.8 18.4±4.6 34.2±3.3 9.8±2.9 22.4±3.4 12.1±2.9 54.6±2.3 56.6±1.5 55.7±2.7 54.9±2.7
TNRmin 97.8±0.2 93.5±0.5 90.8±1.3 85.9±1.2 97.2±0.2 93.1±0.4 94.9±0.4 75.8±1.4 75.0±1.8 72.7±2.4 75.6±1.9
Gmean 27.5±3.6 47.2±4.6 40.9±5.1 54.2±2.7 30.8±4.6 45.7±3.6 33.8±3.9 64.3±1.8 65.1±0.6 63.6±2.3 64.4±1.5

Precision 76.6±5.0 77.6±4.1 65.6±5.9 70.6±3.1 75.9±6.2 75.7±3.0 69.1±4.3 69.3±2.1 69.4±1.0 67.1±2.6 69.2±1.3
Recall 41.4±6.9 72.0±4.5 64.7±7.2 81.6±2.4 47.1±8.3 70.6±4.6 53.2±6.6 91.2±0.7 91.9±0.5 91.6±0.9 91.3±0.9

F-measure 53.7±7.1 74.7±4.3 65.2±6.5 75.7±2.6 58.1±8.1 73.1±3.8 60.1±5.6 78.7±1.6 79.1±0.6 77.5±2.0 78.7±0.9
MLO 2 TPRmin 43.9±5.9 59.4±2.1 47.7±4.7 59.6±4.5 45.1±2.3 68.8±3.6 59.4±1.6 84.4±3.1 85.2±1.3 83.6±3.4 84.4±1.0

TNRmin 96.7±0.3 95.6±0.4 94.7±0.2 95.0±0.6 96.1±0.4 93.4±0.4 94.0±0.4 83.3±1.7 83.1±1.3 83.3±1.1 82.5±0.8
Gmean 65.2±4.3 75.3±1.5 67.2±3.4 75.3±2.9 65.8±1.6 80.1±2.3 74.7±0.9 83.8±1.3 84.1±0.3 83.5±1.5 83.4±0.8

Precision 92.9±0.8 93.1±0.8 89.9±1.2 92.3±1.0 92.0±0.7 91.2±0.9 90.9±0.3 83.5±1.1 83.4±0.9 83.4±0.6 82.8±0.7
Recall 85.5±3.1 91.8±0.6 87.3±2.2 91.8±1.3 86.2±1.1 94.4±0.9 91.8±0.5 97.6±0.5 97.8±0.2 97.5±0.6 97.6±0.2

F-measure 89.1±2.1 92.4±0.7 88.5±1.7 92.0±1.2 89.0±0.7 92.7±0.9 91.3±0.2 90.0±0.5 90.0±0.5 89.9±0.5 89.6±0.5
MLO 3 TPRmin 49.5±1.4 64.9±2.3 59.2±3.1 68.2±4.8 56.2±1.5 72.3±0.5 67.9±3.8 87.7±2.1 89.5±1.8 89.7±2.1 91.3±2.1

TNRmin 95.9±0.5 94.4±0.6 91.9±0.5 94.3±0.9 95.4±0.4 90.7±0.7 91.9±0.6 82.7±1.7 79.5±3.3 79.1±1.9 77.6±2.7
Gmean 68.9±1.1 78.3±1.5 73.8±2.1 80.2±2.8 73.2±1.0 81.0±0.6 79.0±2.3 85.2±1.3 84.4±1.8 84.2±1.2 84.2±1.7

Precision 92.4±1.1 92.0±1.0 88.0±1.1 92.3±0.9 92.4±0.7 88.6±0.9 89.4±0.8 83.6±1.4 81.5±2.3 81.1±1.2 80.3±2.0
Recall 84.4±0.7 91.1±0.8 88.9±1.2 92.1±1.8 87.6±0.7 93.5±0.2 92.1±1.3 97.5±0.5 97.9±0.4 98.0±0.4 98.3±0.4

F-measure 88.2±0.8 91.5±0.8 88.4±1.1 92.2±1.1 90.0±0.6 91.0±0.5 90.7±1.0 90.0±0.9 88.9±1.4 88.8±0.8 88.4±1.2
MLO 4 TPRmin 45.0±3.7 50.8±1.6 48.1±2.8 57.4±1.9 49.2±2.1 67.5±3.4 54.2±3.5 91.3±1.3 89.7±2.1 88.4±1.4 79.4±2.1

TNRmin 96.3±0.3 95.8±0.3 96.1±0.3 95.3±0.3 96.5±0.2 94.8±0.2 95.4±0.4 92.5±0.4 93.0±0.2 93.1±0.3 94.3±0.2
Gmean 65.8±2.8 69.7±1.1 68.0±2.0 73.9±1.3 68.9±1.5 80.0±2.1 71.9±2.3 91.9±0.8 91.3±1.0 90.7±0.7 86.5±1.2

Precision 92.2±1.2 92.3±0.6 92.4±0.8 92.4±0.5 93.4±0.4 92.8±0.6 92.2±0.7 92.4±0.5 92.8±0.2 92.7±0.3 93.3±0.3
Recall 89.9±1.4 91.9±0.5 91.1±0.9 93.7±0.4 91.5±0.7 95.8±0.6 92.8±0.9 99.1±0.1 99.0±0.2 98.8±0.2 97.7±0.3

F-measure 91.1±1.3 92.1±0.4 91.7±0.8 93.0±0.5 92.4±0.5 94.3±0.6 92.5±0.8 95.7±0.3 95.8±0.2 95.7±0.2 95.5±0.3

Table A.3: Experiment results (Accuracy by percent)
Classifier Elephant Fox Tiger M atoms M bonds M chains Musk1 Musk2
MV-TLC 82.5±2.7 68.0±1.5 79.0±1.9 79.7±2.1 86.2±1.2 85.2±0.8 84.8±2.9 83.3±1.1

MI fusion(RF) 81.5±0.9 64.2±2.6 79.0±2.4 79.5±1.4 80.7±2.2 80.0±1.3 83.9±1.4 78.2±1.8
MKMI 84.7±0.4 57.8±2.2 82.9±0.4 79.2±0.9 85.2±1.9 83.0±0.8 82.4±2.4 81.4±2.6

Table A.4: Experiment results (AUC)
Classifier Elephant Fox Tiger M atoms M bonds M chains Musk1 Musk2
MV-TLC 91.4±1.7 69.0±1.5 81.9±1.9 86.4±1.3 91.2±0.6 89.8±0.9 90.9±2.4 87.2±2.3

MI fusion(RF) 89.9±1.6 66.5±4.1 85.7±1.8 77.5±1.4 80.5±1.8 78.4±1.8 92.4±2.5 82.9±2.4
MKMI 84.7±0.4 57.8±2.2 82.9±0.4 74.6±1.0 84.3±0.5 80.1±0.8 82.3±2.5 82.3±2.1

Table A.5: Comparison of IB SVM and weighted SVM with MI fusion on the benchmark
datasets

Dataset Kernel
Gmean AUC

Weighted SVM IB SVM Weighted SVM IB SVM
1-Norm 2-Norm 1-Norm 2-Norm 1-Norm 2-Norm 1-Norm 2-Norm

Elephant Sigmoid 72.2±2.3 76.3±0.5 76.7±0.8 72.2±1.5 73.0±1.6 77.5±0.7 77.5±0.4 77.1±0.6
Fox Sigmoid 44.6±1.3 35.1±3.4 44.7±2.3 50.7±2.1 45.2±3.1 35.2±4.2 44.8±3.7 51.4±2.8

Tiger RBF 74.6±1.9 79.4±1.7 76.3±1.1 83.3±0.4 74.9±2.1 79.5±1.5 79.8±1.4 80.9±0.8
M atoms Polynomial 67.5±1.0 68.3±2.7 69.7±1.9 67.3±2.3 67.5±1.0 68.4±2.6 75.1±1.9 73.9±1.3
M bonds Polynomial 79.5±1.9 80.3±2.1 80.2±2.7 81.5±2.8 79.5±1.9 80.4±2.1 86.2±1.5 87.8±1.9
M chains Polynomial 80.0±1.6 78.4±2.6 77.7±3.9 79.3±1.8 80.1±1.6 78.7±2.5 84.0±2.1 84.4±2.2

Component Linear 79.7±0.9 81.1±1.6 80.1±2.8 77.7±2.0 79.9±0.8 81.4±1.5 84.6±2.8 85.6±1.2
Function Linear 84.8±1.6 83.2±2.0 78.6±2.2 81.2±1.2 85.0±1.5 83.5±1.8 85.0±1.7 87.2±0.8
Process Linear 83.8±0.9 83.4±0.8 77.5±3.2 79.3±6.0 84.0±0.8 83.6±0.8 83.5±2.0 83.1±1.1
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Table A.6: Comparison of IB SVM and weighted SVM with MI fusion on the MLO
datasets

Dataset Kernel
Gmean AUC

Weighted SVM IB SVM Weighted SVM IB SVM
1-Norm 2-Norm 1-Norm 2-Norm 1-Norm 2-Norm 1-Norm 2-Norm

MLO 1 Linear 67.9±1.6 67.2±2.1 68.0±1.4 67.8±2.3 68.4±1.8 68.5±2.4 68.4±2.1 69.6±1.0
MLO 2 Linear 85.2±1.4 85.3±0.8 86.4±0.6 87.0±0.5 84.4±2.1 84.1±1.4 85.9±1.1 85.8±0.7
MLO 3 Linear 87.6±2.1 88.9±0.2 88.5±1.6 88.1±2.3 86.7±1.2 87.0±0.4 86.7±1.4 87.5±1.3
MLO 4 Linear 91.3±0.4 91.9±0.5 91.2±1.1 90.2±2.1 91.4±0.4 92.1±0.5 95.7±0.3 94.9±0.6
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