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The vast amounts of information available today call for smart ways to analyze and make decisions
based on data. One of the most prominent approaches is machine learning, that is, algorithms which
utilize data for discovering patterns and learning to make optimal decisions. This thesis focuses on
one important category of machine learning: classification, in which the aim is to learn rules that can
be used for predicting the classes or labels of observations.

On top of classification in general, this thesis considers two sub-problems of it — both separately and
mixed together — which are imbalanced data and text classification. Imbalanced data refers to
classification tasks where one or some of the classes are notably rarer compared to the other
class(es). Observations belonging to a rare class are typically the ones that have a high value, but,
without modifications, many classification algorithms struggle with finding these rare observations.
Text classification refers to applying classification algorithms to tasks involving natural language
documents.

The thesis includes an introduction to classification and the analysis of text data and three
publications. The first publication presents an application of text classification for measuring the
economic sentiment in Finland based on news titles. The second publication considers imbalanced
data and text data together and introduces a new method for addressing both challenges
simultaneously. The third publication discusses the — perhaps surprisingly challenging — question of
how different classifiers should be evaluated and compared when dealing with imbalanced data.
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1. Introduction

Learning is essentially about the leap from past experiences to upcoming
decisions. The way both humans and machines learn is fundamentally very
similar: try and recognize patterns from known examples and generalize
those patterns to adequately accurate rules that can be used for decision-
making in the future. Being able to create generalizations from separate
examples is also called inductive reasoning or inductive inference—in ref-
erence to the fact that learning rarely is a deductive process but is typically
based on logical induction. Learning may also incorporate inductive bias,
i.e., to consider some generalized rules more plausible than others based
on prior knowledge. [76]

Recently, it seems that when people talk about artificial intelligence,
or Al, they almost exclusively refer to generative large language models
(LLMs). However, Al is a very broad concept that includes basically all
programs and algorithms that can make some automated decisions—the
list ranges from tic-tac-toe bots to self-driving cars and from email spam
filters to chat bots. Nor is Al a new innovation. The earliest advances in
modern Al date back to 1940s and 1950s; the foundations for modern deep
learning neural networks were laid in a seminal work in 1943 [60] and the
famous concept known as the Turing test was introduced by Alan Turing
in 1950 [78].

Utilizing the computational power of computers to do tedious, computa-
tionally complex or time-consuming tasks makes sense; it frees the time of
humans and avoids human errors (though it may bring some other mis-
takes in exchange as, without explicitly programming it, machines do not
tell when they are unsure). Machine learning can be seen as a special case
of artificial intelligence where the algorithms learn from examples, i.e.,
from training data. Machine learning is typically an apt approach if the
task is highly complex in a logical sense. For example, even though chess
is a complex game, high performing chess engines can be built without
machine learning. On the other hand, for example, in tasks related to
natural language processing, machine learning approaches typically excel.

Machine learning is typically divided into supervised and unsupervised
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Introduction

learning paradigms. Supervised learning refers to scenarios where the
algorithm knows the correct output value or concept for each example
in the training data. This thesis focuses on one of the most important
concepts of supervised learning: classification. The aim of classification is
to learn relations between observations and their respective classes (i.e.,
concepts or labels) such that also previously unseen observations could be
classified as accurately as possible. [76]

On the other hand, unsupervised learning means that the algorithm has
only the examples and tries, for instance, to group similar observations
together (a process which is called clustering). Unsupervised learning
is often also referred to as data-mining, as the aim is typically to find
patterns or rules from large data sets that can subsequently be analyzed
and rationalized about by humans. Another important category of machine
learning is reinforcement learning, where the learning algorithm acts as an
agent in an action-feedback environment (in the real-word or in a computer
simulation) where it takes turns in making decisions and learning from
the feedback it receives. [63]

As said, learning typically cannot be approached with deductive reason-
ing as the patterns and rules in real world are highly complex and often
even appear to have stochastic elements. In classification, it is virtually
impossible (apart from some trivial cases) to find a perfect generalization
that would be 100% accurate for all known and all future examples. Thus,
it is better to accept that classifiers do make mistakes—the question is
about which mistakes to make. In real-life decision-making, every action,
be it the correct one or not, has some costs and/or benefits associated with
it. While costs and benefits may commonly be understood as referring to
monetary losses and gains, they can also be almost anything else—time,
respect, or life years. In any case, it is clearly important to try to take into
account the associated costs and benefits when making decisions.

The costs (and benefits) are often different for different classes. Moreover,
the imbalance in costs is commonly also reflected in class frequencies such
that observations belonging to a rare class cost more if misclassified than
the ones belonging to a frequent class. Consider, for instance, a classifier
which is trying to identify patients with an elevated risk of developing a
very rare but potentially life-threatening disease. As the vast majority of
patients do not have the risk, a trivial classifier that gives every patient
a “no risk” label yields a very high accuracy. However, misclassifying a
patient with an elevated risk bears potentially much higher costs than
misclassifying a patient with no risk (though, the latter misclassification
probably is not cost-free either).

The case presented above is an example of a phenomenon referred to as
the problem of imbalanced data (and cost-sensitivity) in classification, and
it is the main theme of this thesis. Research of imbalanced data focuses on
developing approaches and measures for making optimal decisions when
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Introduction

the class probabilities and misclassification costs are not evenly distributed.
[28, 37, 57] As Charles Elkan put it: “The essence of cost-sensitive decision-
making is that it can be optimal to act as if one class is true even when
some other class is more probable” [28].

In addition, different domains of data may generate their own distinctive
challenges in classification—both when the data is balanced and often
amplified when it is not. For example, in some classification tasks, e.g.,
in classification of natural language, the observations are not inherently
in numerical form and need to be transformed into numerical values first
in order to be digestible for classification algorithms [51]. This feature of
text data produces non-trivial challenges both in classification in general
as well as when the data is imbalanced [14]. On top of the problem of
imbalanced data in general, this thesis also considers the challenges of
data imbalance in particular when working with natural language data.

The rest of this thesis is organized as follows. Chapter 2 provides an
introduction to statistical learning theory and machine learning classi-
fication. Chapter 3 considers the phenomena of imbalanced data and
cost-sensitivity and the general challenges related to them. In Chapter 4,
the main categories of approaches to imbalanced classification as well as
the distinctive challenges of imbalanced text data are discussed. Finally,
Chapter 5 summarizes the articles of this thesis, Chapter 6 discusses the
significance and future prospects of the work, and Chapter 7 considers
certain key terms of the thesis.

17






2. Classification

Classification is the task of assigning a label (or multiple labels) from a
predefined set of classes for a given observation. Each observation consists
of a known set of measured variables (also known as features) based on
which the classifier tries to predict the correct label(s) for the observation.
[63, 76]

The simplest form of classification is the binary case where there are
only two classes—often referred to as the positive and the negative class.
That is, binary cases are typically of the form of a “yes or no” question,
e.g., should this email be labeled as spam, is this credit card transaction
fraudulent, or does this patient have a high risk of having a specific disease.
On the other hand, in multiclass classification there are more than two
(exclusive) classes to choose from, and in multi-label classification each
observation can be assigned one, multiple or none of the (non-exclusive)
labels. [63, 76]

There are multiple ways to approach classification tasks. These include,
for instance, logic-based decision trees and statistical and probabilistic
algorithms. This thesis focuses on supervised (statistical and machine
learning) classification. The starting point of supervised approaches is to
acquire suitable training data, that is, correctly labeled examples! which
are used for optimizing (i.e., learning) a classification rule that can be used
for labeling previously unseen instances.

In this chapter, Section 2.1 provides a brief introduction to statistical
learning theory, Section 2.2 discusses supervised machine learning clas-
sification algorithms, and Section 2.3 considers key aspects of classifier
evaluation.

11t is not always possible to ensure that every label in the training set is correct—
thus, in practice, learning applications may have to be able to handle partly
incorrect or noisy training data as well.

19



Classification
2.1 Foundations of Statistical Learning

In the context of classification, the goal of learning is to use a labeled
training sample for finding an accurate mapping from the input space to
the output space. The input space (also often called the feature space in
machine learning literature) consists of some measured variables of the
observations and the output space includes the possible classes (or labels)
for the observations. A training sample is a set 7' = (X, Y;);" ; of examples
(X,Y) € X x Y, where X is the input space and ) is the output space. In
classification, the output space is discrete (and finite), whereas regression
deals with learning tasks with continuous output spaces. [52, 63, 76]

2.1.1 Classifier Learning

In some cases, it is adequate to assume that there is an unknown but
deterministic underlying mapping f from input space to output space, and
only the observations are sampled from a distribution defined on X" but
the labels are deterministic for every observation. However, generally the
case is that there is some uncertainty in the labels as well (for instance,
due to the fact that the selected set of features cannot convey all relevant
information for mapping from the input space to the output space). Thus,
the more common case is to regard the classification task as stochastic and
to assume that the examples are drawn (i.i.d.) from a joint distribution p
defined on X x Y. [63]

A classifier h is a mapping h : X — ) from the input space to the output
space, and the aim is to be able to use the classifier for any observations
drawn from the same distribution p as the training sample. The two main
concerns of a classification algorithm are the ability to find a suitable
classification rule in the training (in-sample) data, and the ability to fit a
classification rule that also generalizes to other (out-of-sample) data drawn
from the same distribution?. [63, 76]

Finding the best, or even an adequate, decision rule for the training set
is rarely trivial, especially as many real-life data sets are not (linearly)
separable. Yet, as the modern learning and optimization algorithms (and
computers) are so powerful, typically the more challenging task is to
regularize the classification rule, that is, to make the classifier generalize
well to out-of-sample data and not to overfit the training data.

The quality of a classifier h is evaluated based on a loss function (often
also called a cost function) I(h(X),Y). Combining the distribution p and
the loss function gives us the definition of risk:

R(h) := E,[I(h(X),Y)]. (2.1)

2In some learning tasks, the joint distribution p may change over time—either
smoothly or at one (unknown) point of time. This specific problem of learning is
called concept drift (see, e.g., [55]).
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However, as the distribution p is practically never known in real-life tasks,
empirical risk R(h) = LS 1(h(X;),Y;) is used instead. The risk of
the population is also referred to as the generalization error, which is
commonly estimated as the empirical risk of out-of-sample data, i.e., as
the average loss in the so-called test set (data from distribution p which
was not used in learning the classification rule). One of the most used loss
functions is the 0-1 loss: lp.1(h(X),Y) = 1[h(X) # Y]. [63, 76]

Let F denote the set of measurable functions X +— ). The (theoretical)
optimal Bayes model is then defined as f* := argmin;c 7 R(f). In practice,
the learning approach is commonly to select a subset # C F as a set
of possible models (known as the hypothesis space) and try to find the
classifier as h* = argminyey R(h). The difference between the risk of a
theoretical Bayes model f* and the risk of a model that is achievable in
practice h* is called the excess risk, and it can be decomposed as:

R(h*) - R(f*) = gapp + gesh (2.2)

where Eupp is the approximation error (also known as bias in machine learn-
ing literature) and &g is the estimation error (also known as variance).
The approximation error is caused by the choice of  and the estimation
error by the selected classifier and the training sample 7'. [63, 76]

In practice, the set of possible models # is typically implicitly induced
based on the functional form of the classifier / (and its hyperparameters);
for instance, whether the chosen model approaches the classification task
with a linear or a non-linear decision rule. An alternative decomposition for
Equation 2.2 takes into account also an error caused by the optimization
approach such that

R(h*) - R(f*) = gapp + 5est + goph (2-3)

where the optimization error &y is caused by that, in practice, the model is
fitted as h* = arg H/li\nheﬂf%(h), where min is some practical optimization al-
gorithm used for learning the classification rule [12]. In this decomposition,
the errors are

Eapp = R(W*PP) — R(f"),
Eest = R(heSt) - R(happ)’
gopt = R(h*) - R(heSt):
where h2PP = arg miny,cy R(h), and h®st = arg ming,cy; R(h).

2.1.2 Balancing the Errors in Learning

Commonly, there are trade-offs between the errors listed in the previous
section. The approximation-estimation trade-off (i.e., bias-variance trade-
off) is generally relevant regardless of the scale of the learning task [12].
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A rule of thumb in machine learning is that, particularly when dealing
with limited training data, inducing some bias (approximation error) in
the model by restraining the size of H can reduce the effective variance
(estimation error) so much that the total error is reduced as well. That
is, on top of empirical risk minimization, learning algorithms often also
include inductive bias in some form. The reason being that not restricting
the hypothesis space and only focusing on minimizing the in-sample empir-
ical risk can lead to a too specific decision rule (i.e., overfitting) that works
well in the training set but generalizes poorly to out-of-sample data. [76]

Technically speaking, though, practically all learning approaches consist
of real-valued parameters, thus making the size of the effective hypoth-
esis space infinite. However, there are other means for measuring the
complexity of #, such as Vapnik—Chervonenkis (VC) dimension [81]3. For
a classification task with a p-variate input space X and a binary output
space ), the VC dimension of hypothesis space H is defined as the size
of the largest set of any points in R? that a classifier h € H is able to
classify perfectly for an arbitrary labeling of those points. That is, the
VC dimension of a binary classifier i for a learning task X — ) can be
regarded as a measure of the complexity of . VC dimension is defined
only for binary classification tasks, whereas Natarajan dimension [65] is a
complexity measure that generalizes the concept to multiclass tasks (i.e.,
tasks where |Y| > 2).

The issue, however, is that the VC dimension of very complex models is in-
finite. There exists also other approaches, such as Rademacher complexity
(see, e.g., [76]), which may be more useful for complex classification models
and tasks. Unlike VC dimension, Rademacher complexity depends also on
the given training sample and measures the complexity of H based on the
average empirical error of best possible classifiers h € H for training sets
where the labels have been drawn randomly from ). That is, it measures
complexity of H as its ability to fit randomly drawn labels—the smaller
the average error, the higher the complexity of #.

The bias-variance trade-off shown in Equation 2.2 can be balanced by
choosing a model with a simpler functional form, thus reducing the size of
‘H and increasing the approximation error. A simpler model overfits the
training data less than a more complex model, and therefore, the estima-
tion error often decreases more than the approximation error increases. On
the other hand, overfitting is less of a problem when the training sample
is very large—however, large-scale learning tasks are subject to the effect
of optimization error (Equation 2.3) in non-trivial ways [12]. Another way
to balance the bias-variance trade-off is to use regularization techniques.
These include, e.g., adding a penalty term depending on the magnitudes
of the model parameters (the sum of /> or /! norms are popular choices) to

3English translation of the original Russian paper (1968).
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the objective function that is minimized when fitting the classifier. [63, 76]

In practice, probably the most used approach to restrain the estimation
error is k-fold cross-validation, which is a general approach that can be
used when optimizing the model hyperparameters. Hyperparameters (or
free parameters) refer to the parameters of a model that are not optimized
in learning but are set prior to fitting the classifier. They may, for example,
have an effect on the functional form and complexity of the classification
rule or on the weights assigned to different classes. [63]

The idea of k-fold cross-validation is to divide the training set randomly
into k (roughly) equal size sub-samples (called folds). Each fold is used at a
time as a hold-out set and the sample consisting of the remaining k —1 folds
is used for fitting the classification rule. In each iteration, the resulting
classifier is evaluated using the hold-out set, and after all k iterations
have passed, the evaluations are averaged. Let F/ = (X7,Y7) € T denote
the j:th fold of the training sample T' = (X;,Y;)!" ;. The cross-validated
empirical risk Rey(h) is then:

i

k
Rev(h) = %Z (; Zl(hT\Fj(Xf)’W))
j=1 > 7 =1

where /i p; means a classifier learned from the sample 7"\ FJ and n; is
the number of observations in the fold j. [63]

The intuition behind k-fold cross-validation is that, as the aim is to
achieve good generalization for out-of-sample data, in each iteration, the
classifier is evaluated using a hold-out set, while still being able to make
use of the whole training sample by iterating over the folds. On the
other hand, if the training sample is very large and/or the applied clas-
sification algorithm is highly complex, the computational time of k-fold
cross-validation may also be high.

2.2 Supervised Machine Learning

Machine learning can be broadly divided into three main categories: (i)
supervised, (i) unsupervised, and (iii) reinforcement learning. Supervised
learning deals with tasks with prelabeled training data, whereas unsuper-
vised learning (also known as data mining) aims at learning interesting
properties and patterns (e.g., sub-clusters) from unlabeled data. Rein-
forcement learning is an approach for dynamic input-output environments,
where the algorithm acts as an agent that simultaneously aims at both
learning its environment and making optimal decisions. Other learning
scenarios include, for instance, online learning (where, instead of using a
large training set before operation, the algorithm receives training data
while operating), and active learning (where the algorithm has, e.g., an
option to not classify difficult examples itself but ask for an expert opinion
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and learn from it). [52, 63, 76]

Classification algorithms that are considered to fall under the branch of
machine learning typically have (at least some of) the following properties:
(i) they make few or no distributional assumptions about the data generat-
ing process, (ii) they do not have closed-form solutions, and (iii) they are
based on an iterative (and heuristic) search of the hypothesis space with,
e.g., stochastic gradient descent.

Some standard machine learning algorithms are inherently designed
for binary classification, and in order to apply them for multiclass data
some modifications are needed [7]. One approach is to transform multiclass
classification into multiple binary tasks with, e.g., one-vs-rest or one-vs-one
schemes (see, e.g., [31]). For a multiclass task with £ classes: [y1, 2, ..., Yk,
one-vs-rest approach generates k different binary tasks where y; is the
positive class and the remaining classes together compose the negative
class. On the other hand, for the same task, one-vs-one approach produces
@ tasks where y; is the positive class and y; is the negative class, where
j # i. The labels produced with these approaches (in an out-of-sample set)
are aggregated into final classifications, for instance, based on voting. [7]

As machine learning algorithms typically rely heavily on the labeled
training sample (often accompanied with some regularization) to create
classifiers with good generalization, the quality of data is of crucial impor-
tance for machine learning approaches. Many classification algorithms
are unable to handle missing values. If there are only few examples (or
features) that miss values in the training set, a common approach is just
to remove observation rows (or feature columns) with missing values in
the data preprocessing phase. [92]

If the missing values are distributed over multiple rows and/or columns,
deleting observations or features with missing values bears a high risk
of losing important information. Thus, there have been a lot of research
focusing on approaches to impute the missing values (for example, based
on the feature mean across the data or within the given class) in order to
avoid removing observations or features from the sample (see, e.g., [3] and
[29]). Another important aspect of data preprocessing is feature selection
and analysis of feature relevance (see, e.g., [34]). Feature selection can
also be regarded as a form of regularization as it effectively decreases the
model complexity by discarding features with the lowest relevance [34].

The set of different classification approaches is extremely broad and
greatly varies in the algorithm complexity—from the earliest ideas, such
as (single-layer) perceptrons [72] and k-nearest neighbors [18], to multi-
layer perceptrons and ensemble methods, such as Adaptive Boosting [33]
and random forests [42], and to the modern deep learning neural networks.
The following two sections provide an introduction to two widely used clas-
sification algorithms, naive Bayes classifier and support vector machines,
which both have also been applied in the articles of this thesis.
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2.2.1 Naive Bayes Classifier

Naive Bayes (NB) classifier (see, e.g., [7, 23, 51, 76]) is a probabilistic
classification approach that is based on an assumption that the features
of each observation are mutually independent. Based on this assumption,
the likelihood of an observation can be computed as the product of the
conditional probabilities of its feature values independently. An instance
x; is classified to class i that maximizes the posterior probability of the
class. For computational reasons, the classification is typically based on
log-probabilities:

arg max (log f(i) +log fi(x;)),

where f(i) is the prior probability of class ¢ and f;(x;) is the likelihood of
observation z; in class 1.

Let observation z; = (x}, ey ]) be a p-dimensional vector drawn from a
multinomial distribution. Furthermore, let each of the considered classes
be represented with a distinct multinomial distribution characterized by a
parameter vector 0; = (6}, ...,6%). This approach is known as multinomial
NB, and it is often used, e.g., in text classification with a bag-of-words
modeling approach (see, Section 4.4.1). Based on the feature independence
assumption, the log-likelihood in multinomial NB is given by

P
log fi(x;) Z T; *log 0" (2.4)

k=1
Let (z;,y;) € T be a set of n training observations and their respective

labels. In multinomial NB, the parameter vector estimates 6; are commonly
computed as smoothed maximum likelihood estimates:

k
oF — Nita
' Nit+an’
k—
where Ni =3, o, —; a% is the number of occurrences of feature & in class

i,and N; = >F_, NF is the total number of occurrences of all features in
class i. The pseudo count o > 0 serves as a smoothing prior to prevent zero
estimates. This technique is commonly called Laplace smoothing—though,
some authors reserve this term only for the case o = 1. [51]

For instance in text classification, on top of smoothing certain other
transformations—such as TF-IDF weighting (see, [74])—are typically ap-
plied when estimating the parameters, see, e.g., [71]. Text classification is a
great example of the ability of NB to produce relatively accurate classifica-
tions even though the features (i.e., words in a text) are clearly dependent
[23]. Another advantages of NB classifier include its computational light-
ness and high interpretability of its parameters. On top of the multinomial
model, other versions of naive Bayes include, for instance, Bernoulli NB
with binary variables and Gaussian NB with normal variables.
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2.2.2 Support Vector Machines

Support vector machine (SVM) [11, 17] is one of the most used machine
learning classification algorithms. SVMs, and especially the non-linear
kernel extensions, are very flexible and can achieve state-of-the-art level
performance in a variety of tasks. The idea of SVM is to fit a maximum-
margin hyperplane in the p-dimensional feature space to separate the two
classes with labels -1 and 1.

In the simplest case, where the two classes are linearly separable in
the training sample, the original version of the algorithm, hard-margin
SVM, can be used. Hard-margin SVM finds the two parallel hyperplanes
that fully separate the classes while maximizing the margin between the
hyperplanes. These hyperplanes are represented with the set of points x
that satisfy w 'z + b = &1, where the normal vector w and intercept b are
the fitted parameters. The actual decision boundary used in classification,
w'z +b =0, lies between the margin hyperplanes.

The distance between the margin hyperplanes is ﬁ Maximizing this
distance is (computationally conveniently) equivalent to minimizing %Hw”z,
leading to the optimization problem:

N T
arg min Sl
s.t. yj(wTacj +b)>1,j=1,..,n,

where (z;,y;) € T is the training set of observations and their binary labels
and n is the size of T. In hard-margin SVM, the observations that lie on
either margin (i.e., observations x; for which y;(w'z; + b) = 1) are called
the support vectors—giving the classifier its name.

Real-life data, however, rarely is linearly separable. The soft-margin
version of SVM [17] (which is the algorithm people are typically referring
to when talking about SVM) handles non-separable data by introducing
hinge loss slack variables ¢; = max (0,1 — y;(w'z; + b)) for observations
that fall on the wrong side of the margin hyperplanes. With the slack
variables, the optimization problem becomes:

. 1 9 -
arg min 5w +C;£j
s.t. yj(wTazj +0)>1-¢,j=1,..,n,

5] > 07 .7 = 17"'7""

where C' > 0 is a hyperparameter controlling the trade-off between margin
width maximization and loss term minimization.

Although SVM is a linear classifier, it can be applied to non-linear clas-
sification tasks as well by using the kernel trick [11]. The dual of the
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SVM optimization problem can be written such that is depends only on
dot products between the observations. The idea of the kernel trick is
to replace the dot product with a kernel function that defines an inner
product in a higher dimensional space. A classification problem can be
solved with a linear classifier in the transformed space by utilizing the
powerful (hard-margin or soft-margin) SVM algorithm. The resulting clas-
sifier, however, accounts for a non-linear classifier in the original feature
space. Some widely used kernels include, for example, polynomial, sigmoid,
and radial basis function (RBF) kernels. For more on kernel functions and
optimization of SVM, see, for instance, [63] and [76].

2.3 Classifier Evaluation

In real-life classification tasks, empirical risk is often accompanied with
some other statistics in evaluation in order to give a broader view of the
classification performance. On the other hand, the exact loss function
is not always known, but simply using a generic 0-1 loss is problematic
as the considered classes may have different sizes and importance. Ac-
curacy (which is arguably the most used evaluation measure) is a direct
counterpart to 0-1 loss, as accuracy is the number of correctly classified
observations divided by the total number of observations, which is equal to
one minus empirical risk with 0-1 loss. [16, 28, 57, 85]

In a binary case, where the output values consist of a positive and
a negative class, the performance of a classifier on any (labeled) data
sample can be fully summarized in a two-by-two confusion matrix, as
shown in Table 2.1. A binary confusion matrix includes four values: tp
(number of true positives), tn (number of true negatives), fp (number of
false positives), and fn (number of false negatives). However, as comparing
multiple classifiers based on these four values (let alone, more than four
values, if there are more than two classes) simultaneously is typically
challenging, confusion matrices are commonly compressed into univariate
evaluation statistics. [16, 57]

Table 2.1. Binary confusion matrix.

Actual: Positive Negative
Positive t fi
Predicted: . P P
Negative fn tn

Simple univariate statistics include, e.g., true positive rate (tpr, also

known as recall or sensitivity) tpt%, true negative rate (tnr, also known as
tn

specificity) nih and precision (also known as positive predictive value)

tptTpfp. Tpr and tnr measure the share of correctly classified positive and
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negative observations, respectively, and precision measures the share of
actual positives out of all positive predictions. [57, 76, 85]

On their own, however, these simple univariate statistics are too simpli-
fied, as perfect tpr (or tnr) can be obtained by classifying every observation
positive (or negative). Perfect precision is not trivially achievable, but
typically the case is that the fewer observations are classified positive the
higher the value of precision. To remedy these problems, the most popular
classification evaluation statistics are based on combining some of the
simple statistics listed above. [67] These include, for instance, balanced
accuracy, which is the arithmetic mean of tpr and tnr, and Fi-score, which
is the harmonic mean of precision and recall (tpr).

F-score is a special case of a more generic evaluation statistic, Fz-score:

precision x recall
(B2 x precision) + recall”

Fg=(1+p% (2.5)
Fg-score is often recommended to be used especially when dealing with
imbalanced data (imbalanced data is further discussed in Chapter 3), but
recently, some researchers have raised questions on whether Fj-score in
fact is a suitable statistic for evaluation of imbalanced classification, see,
e.g., [16, 35, 69]. Publication III of this thesis provides some new insights
on the drawbacks of applying Fjs-score for evaluation of imbalanced classi-
fication and compares it to another evaluation measure, informedness.

Informedness is defined as tpr + tnr — 1, that is, it puts equal emphasis
on tpr and tnr (see, e.g., [69]). Another widely used evaluation mea-
sure in imbalanced classification is balanced accuracy, defined as w
(see, e.g., [85]). Balanced accuracy is essentially the same measure as
informedness—the only difference being that informedness ranges from
-1 to 1 whereas balanced accuracy ranges from 0 to 1. As discussed in
Publication III, unlike Fj3-score, informedness and balanced accuracy be-
have linearly compared to total cost when the misclassification costs are
observation-independent and linear. Total classification cost is further
discussed in Section 3.2.

The evaluation statistics discussed above are designed exclusively for
the evaluation of some specific classification rule. However, there exists
also “global” measures that aim to present a broader assessment of the
capabilities of a classifier. Many classification algorithms offer an option
for moving the decision boundary via classification threshold adjustment.
For example, as discussed earlier, the default behavior of SVM is to classify
observation r; based on whether w'z; + b is greater or less than zero.
However, this classification threshold can be freely adjusted higher or
lower as well, e.g., depending on the misclassification costs of the given
classification task.

Arguably the most used global evaluation measure is the receiver oper-
ating characteristic (ROC) curve. The ROC curve plots tpr of a classifier
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against its false positive rate (i.e., 1 — tnr) by increasing the classification
threshold based on some step interval. The range of evaluated thresholds
is set such that the end-points of a ROC curve are at (0,0) and (1, 1). The
closer the curve gets to the top-left corner the better, where the top-left
point accounts for a perfect classification, i.e., tpr = 1 and fpr = 0. [63]

Precision-recall curve is another widely used global measure. As the
name suggests, it plots precision of the classifier against its recall (tpr)
by altering the classification threshold, where the optimal point is the
top-right corner, i.e., when both recall and precision are equal to one.
ROC and precision-recall curves may also be compressed into univariate
measures, e.g., by computing the area under the ROC curve (AUC) value
or the average precision (AP) value. [20]

Examples of ROC and precision-recall curves and respective AUC and
AP values are illustrated in Figure 2.1. These examples consider the
performance of two classifiers, SVM with a default linear kernel and SVM
with a non-linear RBF kernel, on a simple simulated data set. In both
cases, the non-linear SVM classifier is said to dominate the linear SVM
classifier as, in every point, its curve is higher than (or equal to) the other
curve [20]. Note that better AUC or AP values do not guarantee that one
classifier dominates the other, but on the other way around, dominant
classifier always has a higher value of AUC or PR—as is the case in this
example, too.

ROC Curve Precision-Recall Curve

0.8 1

o
o
1
Precision
\ \

True Positive Rate
o
S
\

0.2 4

—— Linear SVM (AUC = 0.86) —— Linear SVM (AP = 0.79)
0.0 1 RBF SVM (AUC = 0.91) 4 RBF SVM (AP = 0.82)

T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall

Figure 2.1. ROC and precision-recall curves on simulated data.

One of the challenges of classification evaluation is that it is sometimes
difficult to keep different comparisons comparable as there are an abun-
dance of evaluation measures to choose from. In research this means
that there has to be some established conventional measures that make
research evaluations comparable and transparent. On the other hand, in
practical applications, the practitioners need to know which measures are
the most informative for their case.
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3. Imbalanced Data and
Cost-Sensitivity

In classification problems, data is said to be imbalanced if the number of
observations varies significantly across the considered classes. There does
not exist any specific threshold for data to be imbalanced, and technically,
any data set that features an uneven class distribution can be called
imbalanced. However, since lower imbalance ratios are not known to
cause similar issues in classification as higher ratios, the imbalance ratios
considered in the literature are typically at least of the order of 1:100 [37].
On the other hand, there does not exist an upper-limit for class imbalance,
and, in theory, imbalance ratios can be arbitrarily large.

In a binary imbalanced classification task, the smaller class is commonly
called a minority class, and correspondingly, the larger class is called a
majority class. Furthermore, the minority class is often labeled as the
positive class, since the minority instances typically constitute the set of
interesting observations that are wished to be detected among the majority
(negative) observations. [13, 70, 85, 87]

Research of imbalanced data often focuses on the binary case, as classifi-
cation of multiclass data is usually conducted by dividing the problem into
a set of binary tasks with either one-vs-one or one-vs-rest scheme. The
higher the number of classes, the higher the degree of imbalance typically
is in the data. [7, 45] Nevertheless, when dealing with a classification task
that includes a high number of classes (either in multiclass or multi-label
classification) the challenges caused by different types of class distributions
may also need to be considered, see, e.g., [40].

One of the most common issues with imbalanced data is that standard
classifiers have a tendency to fit a classification rule with a trivially high
(in-sample) accuracy while favoring the majority class and neglecting the
minority class [1, 37, 47, 49, 58, 89]. Many standard classification algo-
rithms are designed, either directly or indirectly, to maximize accuracy—
thus assuming that all misclassifications are equally costly [89, 90]. In
reality, however, the minority instances are typically of high importance
and the cost of misclassifying a minority observation is much higher than
the cost of misclassifying a majority observation. Thus, in most cases, accu-
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racy is not a suitable measure for decision rule optimization and evaluation
in imbalanced classification [57, 90].

The challenges of imbalanced classification can be broadly divided into
two main sources: (i) the issues related to the characteristics of imbalanced
data that hinder generalization (of minority class), and (ii) the inability
of many learning algorithms to deal with uneven class prior and cost
distributions. The challenges related to classification of imbalanced data
and to cost imbalances are discussed in Sections 3.1 and 3.2, respectively.

3.1 Characteristics of Imbalanced Data

It should be noted that, strictly speaking, the concept of imbalance merely
refers to the fact that the given (training) data set is imbalanced—though,
typically the interest is on the underlying (unknown) distribution [87].
However, usually it is adequate to assume that the sample class distribu-
tion is an accurate estimate of the population distribution, and that any
future sample from the same population to which the classifier is applied
should feature a similar degree of imbalance as the training set. Yet, this
is not always the case, and the underlying distribution (and the costs of
misclassifications) may change in time or from place to place. [70]

Sample imbalance that can be assumed to reflect the imbalance in the
underlying distribution is called intrinsic imbalance as it is assumed to
be a true property of the population and not an artifact related to the
considered data set. On the other hand, imbalance that is not caused
(only) by the underlying class distribution but (also), for instance, by
some bias in data gathering process, is referred to as extrinsic imbalance.
Identifying and modeling extrinsic imbalance (and its sources) can be
extremely challenging in real life. [37]

Imbalances can also be categorized into relative and absolute rarity
[37, 87]. Relative rarity is the more typical case, where the imbalance
in data is caused by that minority observations are relatively rarer than
majority observations. That is, the minority class is smaller than the
majority class, but if the training set is large enough, there may still be a
plenty of information available about the minority class. Of course, it is
rarely possible to just arbitrarily increase the training set size—making
relative rarity problematic for classification. On the other hand, in case of
absolute rarity, the size of the training set has little effect on the fact that
information about the minority class is very limited. The most severe cases
of absolute rarity are considered in the field of novelty detection, where
there is not a single training observation representing the “minority class”
(see, e.g., [67]).

The challenges of imbalanced classification are not limited to just between-
class imbalance, but imbalanced data often comes with a set of other issues
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that make learning more difficult [57]. For example, imbalanced data
often also includes within-class imbalances, that is, the classes themselves
consist of multiple (imbalanced) sub-clusters [48]. The issue with having
an internally imbalanced minority class is that, as there are only a limited
number of minority training observations, parts of splintered minority
class may be treated as noise or outliers, and consequently, generalizing
the minority class becomes highly difficult for learning algorithms.

Moreover, related to the issue of within-class imbalance, imbalanced data
is often associated with the problem of small disjuncts [44, 49, 88]. Many
algorithms fit a classifier based on multiple disjuncts in the data space [49].
However, correctly classifying minority observations often requires finding
“small disjuncts”, as detecting minority instances—which, by the nature of
imbalanced data, are rare—requires fitting very specific classification rules.
The number of training observations that a disjunct correctly classifies is
referred to as its coverage, and in small disjuncts that coverage is low. [49]

Due to different regularization techniques that the classifiers apply, small
disjuncts that in fact account for the minority class may get dropped from
the classification rule [44, 49, 57, 88]. Moreover, in real-life, data sets often
have high dimensionality which makes detecting low coverage areas in
data even more difficult [49]. At the same time, however, regularization
is usually necessary in order to avoid overfitting, as (at least in balanced
data sets) small disjuncts are often caused by noise and removing them is
justified [87].

Other collateral difficulties of imbalanced data include, for instance, the
issue of generalizing the minority class as there is a lack of information
in the training data [57, 87]. Moreover, imbalanced data is known to be
prone to noise in data [1, 57, 75]. Together, noise and lack of information in
training data also introduce the issue of data set shift, i.e., noisy data and
overfitting may cause poor out-of-sample performance [57]. The difficulties
of imbalanced classification are commonly amplified by data complexity,
e.g., high dimensionality and class overlapping [49, 57]. In fact, class
overlapping can be regarded as one of the main challenges of classification
in general. Namely, if the classes are fully (linearly) separable, no learning
algorithm should have any problems fitting a perfect classification rule—
regardless of whether the data is imbalanced or not. [5, 21, 57]

The final issue of imbalanced classification that should be discussed is the
use of improper evaluation measures. As mentioned earlier, accuracy—on
which many learning algorithms are inherently based—is not a suitable
measure for imbalanced classification as minority classes have only little
impact on it [87]. In a binary case, the measures of interest typically are
recall (true positive rate), true negative rate, and precision, as discussed
in Section 2.3. However, these measures are not able to consider the big
picture in classification; for instance, 100% recall can be achieved trivially
by classifying every observation to positive class. Thus, many conventional
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evaluation measures are defined as combinations of, for example, the three
measures listed above. Another measure for evaluation is total cost, which
is discussed in the following section.

3.2 Cost Imbalances

A sometimes overlooked property of imbalanced classification is that the
class imbalance itself is not that significant of an issue if the misclassi-
fication costs are similar for all classes. Sure, imbalance can cause poor
generalization of the minority class, but if the costs of a false negative and
a false positive are equal, it hardly makes any difference. However, the
cost of a false negative classification typically far surpasses the cost of a
false positive, as the minority class commonly consists of those interesting
or important instances that we want to or need to find [13, 70, 87].

Theoretically, each observation is associated with a cost C(i, j, z) of as-
signing observation z to class i when the true class is j [90]. However,
there is often some uncertainty related to the costs and they are rarely
explicitly known in practice [80]. It is important to notice that, despite the
term, not all costs are money—in fact, in many real-life applications (some)
costs are something else, e.g., time or quality of life [46, 80, 92]. Moreover,
even if costs could be measured as money, it can be that they will only be
realized as monetary losses or gains over a long time horizon, making the
cost estimation highly challenging.

A simple cost structure is such that the costs are independent of the
observations and depend only on the true and predicted classes, that is, the
cost C(i,j,2) can be written as C(i, j). Moreover, in the simple case, the
costs are typically linear, i.e., for instance, twice as many false positives
costs twice as much. In a binary case, the simple cost structure is given by
four constant cost values: cost of true positive, Ctp, cost of false positive,
Crp, cost of false negative, Cry, and cost of true negative, Cty. [22, 28, 84].

Similarly to classification confusion matrices (in a binary case) discussed
in Section 2.3, the costs can be summarized in a cost matrix where the
entries represent the costs of all possible classifications and misclassifica-
tions as shown in Table 3.1. The costs can be positive, zero, or negative
(i.e., gains). [28, 57, 84, 90]

A reasonable cost system can be defined such that Crp < Cpy and Cpy <
Crp, i.e., the cost of classifying an observation correctly is always smaller
than the cost of misclassifying it [28]. Moreover, any reasonable cost
system can be transformed into

/ _ Crp—CrN o 1 _ Cpn—C1Nn [
CTP = Crp—Crx’ CFP = 1, CFN = CFP*CTN’ CTN = 0, (31)

while preserving monotonicity with respect to total cost [28].
As the classes are very rarely fully separable, the main issue concerns
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Table 3.1. Binary cost matrix.

Actual: Positive Negative
Positive C C
Predicted: . T P
Negative CFN CrN

those observations that fall into the overlapping region. The challenge
typically lies in the trade-off between false positives and false negatives.
In case of a fixed data sample, total classification cost is arguably the
most informative evaluation measure—assuming that the cost matrix is
explicitly known [89]. Given the numbers of instances in the confusion
matrix, tp, fn, fp, and tn, total cost is

C =tpCrp + fnCFN + prFP + tnCrpy.

That is, the loss function is given by the cost matrix, and total classification
cost of the classifier h is nR(h), where n is the number of observations in
the sample and R(h) is the empirical risk in the sample. The transformed
form of total cost given by the cost transformations in Equation 3.1 is

C" = tpCrp + fnCpy + fp.

Another condition for a reasonable cost system is that all costs should
be measured from the same baseline—for instance, opportunity costs (i.e.,
missed gains) do not follow the same baseline as factual costs [28]. However,
assuming a fixed data sample for all the evaluated classifiers, we can set
the perfect classification as the baseline, and reduce the cost structure to
an even simpler form of ¢ x fn + fp, where ¢ = %

In Publication III, it is shown that the transformed total cost can in
fact be replaced with this simpler scaled cost in evaluation as long as the
data sample is fixed for all the evaluated classifiers. The simple scaled
cost we defined is the difference between the transformed total cost of the
considered classification and the transformed total cost of a hypothetical
perfect (tp = ap and tn = an) classification:

C* = Cppap + Cpyan = Cppap = Cpp(tp + fn).
The difference for the given sample is
Cpnfn + Cpptp + Cppfp + Cpytn — C*

/ / Cpn—C' Crp—C Cpn—C'
= (Chy — Chp)fn +fp = (=GR — GE=CR)fn +fp = (=it 4 £p

=c x fn + fp,
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which is a strictly increasing function of total cost. That is, given a fixed
sample, replacing the actual or transformed cost matrix with this simpler
form does not affect evaluation.

Although total cost is the most suitable evaluation measure for a fixed
sample when all the classification costs are explicitly known, it is important
to remember that—just as with any other evaluation measure—sample
total cost is merely an estimate of the expected value of total cost. Moreover,
the classification costs are rarely fully known in practice, and they can also
be observation-dependent, non-linear, or change in time or from place to
place [30, 70, 80, 90]. Estimation of costs in imbalanced classification is
further discussed in Section 4.2.

Costs of imbalanced learning and decision making are not limited to
just classification costs. In practice, there are multiple steps involved in a
decision making process—from data gathering and processing to algorithm
training to actual decisions and model tuning. For example, in certain
domains, e.g., in medical diagnosis, different tests (i.e., data features) may
have imbalanced costs as well. That is, if different classifications and
features both have unevenly distributed costs, the learning and decision
making process also involves a question of which features should be in-
cluded in order to produce the possible predictions while minimizing the
cost of features. [46, 66, 80, 92]

If both the misclassification and feature costs are explicitly known, they
both account for the total (expected) cost of classification, and the question
of which features should be involved can be answered explicitly as a single
cost optimization problem [79, 80]. There are other possible sources of
costs involved in classification as well. These include, for instance, costs of
training examples, computational costs, and human-computer interaction
costs [46, 80].
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4. Approaches to Imbalanced
Classification

The approaches to imbalanced classification can be divided into three
main categories: data-level methods (i.e., sampling), model-level modifi-
cations (i.e., algorithmic approaches), and the theoretical framework of
Bayes-optimal cost-sensitive learning. [24, 31, 37, 57] There also exists
approaches that combine two or all of the general categories listed above.
None of these approaches outperform the others in every application, and
approaching imbalanced classification always requires considering the
given task, its objectives, and any data-specific challenges.

This chapter provides an introduction to the three main categories of
approaches: Section 4.1 discusses data-level techniques, Section 4.2 cost-
sensitive learning framework, and Section 4.3 algorithm-level modifica-
tions. Finally, Section 4.4 considers the distinctive challenges of data
imbalance in natural language processing and approaches designed for
imbalanced text classification.

4.1 Sampling Techniques

In practice, sampling methods constitute arguably the most popular cate-
gory of approaches to imbalanced classification [77, 85, 89]. The two main
reasons for their popularity are that, first, as they operate on the data-level,
they can be accompanied with any learning algorithm, and second, they do
not require assigning misclassification costs explicitly [84, 89].

Sampling can be divided into three main approaches: (i) undersampling,
where some of the majority class observations are removed from the train-
ing set, (ii) oversampling, where the size of the minority class is increased
in the training set, and (iii) different adaptations and combinations of
(1) and (ii) (for an overview, see, e.g., [37]). The most straightforward ex-
amples of undersampling and oversampling are random undersampling
(RUS) and random oversampling (ROS), where either a predetermined
number of majority instances are randomly deleted, or the minority class
is appended by duplicating a given number of randomly selected existing
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minority observations, respectively.

The idea of sampling is that by duplicating or removing observations
in the training set it effectively induces an uneven cost distribution [89].
However, there are certain issues with the naive sampling approaches. If
the imbalance ratio is high, RUS has to remove a large share of the majority
observations, and as this is done randomly, there is a high risk of losing
important information [4, 54, 57, 87, 89]. On the other hand, with ROS, in
case of severe imbalance, many of the minority observations get duplicated
multiple times which makes the learning algorithm prone to overfit the
training data [4, 57, 87, 89]. Due to these reasons, majority of sampling
techniques applied in practice represent either informed undersampling or
synthetic oversampling.

The idea of informed undersampling is to apply a set of rules and heuris-
tics for selecting which majority observations to remove instead of doing it
randomly (see, e.g., [64]). Undersampling can also be based on ensemble
learning, i.e., training multiple classifiers (that vote for the final classifica-
tion) on multiple different undersampled training sets in order to mitigate
the risk of losing information while keeping the benefits of undersampling
(see, e.g., [64, 77]). In synthetic oversampling, the minority class is not over-
sampled with existing observations but rather with synthetically generated
instances in order to reduce the risk of overfitting. The idea of synthetic
oversampling was first introduced in 2002 in a groundbreaking sampling
approach, Synthetic Minority Over-sampling Technique (SMOTE) [13]. To
this day, SMOTE is still arguably one of the most applied oversampling
methods.

The synthetic observation generation process of SMOTE is based on con-
sidering one minority observation at a time and then selecting one or more
of its k nearest (minority) neighbors and creating synthetic observations
as random convex combinations with the selected neighbors [13]. That
is, existing observations do not get duplicated with SMOTE, and, conse-
quently, the risk of overfitting is reduced compared to ROS [57]. However,
researchers have also pointed out certain limitations related to SMOTE
that may hinder the generalization of minority class. In SMOTE, synthetic
observations are generated uniformly across the minority sample and are
also always bounded by the convex hull of the minority class. In addition,
SMOTE may in some cases be sensitive to the hyperparameter k£ and prone
to generate noisy synthetic observations. [6, 24, 37].

Adaptive Synthetic Sampling (ADASYN) [36] is a popular modification
of SMOTE aiming to produce better generalization of the minority class.
The number of synthetic observations that ADASYN generates in the
neighborhood of each minority observation depends on the proportion of
how many of its all k£ nearest neighbors belong to the majority class. That
is, ADASYN focuses sampling onto areas in the data space where there
are a larger share of majority instances in order to emphasize these border
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areas of the minority sample which are generally more difficult to learn in
classification.

Like SMOTE and ADASYN, many popular sampling techniques are non-
parametric, i.e., they do not require strong distributional assumptions.
However, there exists also probabilistic sampling methods (see, e.g., [14]
and [19]). On the other hand, oversampling approaches can be divided into
convex and non-convex methods. For instance, SMOTE and ADASYN are
convex sampling techniques as the synthetic observations are generated
within the convex hull of the minority class. On the contrary, Geometric
SMOTE [24] and Localized Random Affine Shadowsampling (LoRAS) [6]
are examples of methods that can create non-convex synthetic observations.

There may also be certain limitations and issues related to approaching
imbalanced classification with sampling. Even though there is no need
to assign misclassification costs explicitly in sampling, the oversampling
(or undersampling) ratio must still be selected, which implicitly poses
some imbalanced cost distribution that, in turn, may not be traceable
[89]. In addition, in some cases, sampling methods may be prone to cause
overfitting [87].

4.2 Cost-Sensitive Learning

If all the costs C(i, j, z) and posterior probabilities P(j|x) of observation z
belonging to class j are known, the theoretical Bayes-optimal decision rule
is to assign an observation z to the class that minimizes the conditional
expected cost, i.e., Bayes risk [26, 90]. That is, observation x is assigned
label [ such that

l= argmiinZP(ﬂx)C’(i,j, x).
J

9

It is also possible to, on top of the known classes, include an “uncertain’
class to the decision making process. That is, if the given observation is
too challenging to label for the classifier (i.e., the classification cannot be
made with a predetermined certainty), it can be passed on to the attention
of an expert with a fixed cost. [80]

Technically, cost-sensitive learning and classification can be performed
with any posterior probability estimation approach, but here we focus on
applying machine learning algorithms for making cost-sensitive decisions.
In practice, the challenge of cost-sensitive learning with machine learning
is that, although many standard machine learning classification algorithms
produce some score describing the certainty of each classification, typically,
these scores cannot be interpreted as accurate probability estimates [23, 25,
90, 91]. For instance, SVM gives a certainty score based on the distance
between the given observation and the class-separating margin. Even
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though the scores could be normalized into the range of [0, 1], these scores
typically are not accurate probability estimates, as the distances from the
margin are not proportional to the conditional probabilities. [91]

In a decision tree, a certainty score of a leaf can be computed as %, where
k is the number of correctly classified instances and n is the total number
of instances in the leaf. However, these certainty scores can rarely be used
as accurate probability estimates, as the learning algorithms typically
aim to make the leaves as homogeneous as possible and as, especially
with imbalanced data, some leaves may contain only a small number of
observations. [90] On the other hand, naive Bayes classifier technically
calculates the scores as posterior probability estimates, but, as the feature
independence assumption of naive Bayes very rarely actually holds in
reality, these estimates are typically too extreme [23, 90].

In general, standard classification algorithms are poor at estimating
posterior probabilities—as it is not what they have been designed to do—
but are typically accurate at ranking observations based on the conditional
probabilities [25, 84, 90]. Thus, researchers in the field of cost-sensitive
learning have focused on how to produce calibrated probability estimates
based on the scores (and rankings) that the classifiers output, for instance,
with decision trees and naive Bayes classifier [90], with naive Bayes and
SVM [91], and with SVM [25].

The decision tree probability estimates can be improved, for example,
with smoothing. This can be done by including pseudo-observations in both
(or all) classes in the given leaf when computing the estimate. However,
standard Laplace smoothing adjusts all estimates towards % (where N
is the number of classes), whereas, from Bayesian perspective, the con-
ditional probability estimates should be shrunken towards the marginal
probabilities. The estimates can be smoothed towards the base rates,
e.g., by m-estimation, which replaces the probability estimate % by ’“ﬁrif;”,
where b is the base rate of the class and m is a hyperparameter controlling
how strongly the estimates are smoothed. In order to reduce the variance
of the estimates, instead of the leaves, the estimates can be computed
by using parent (or grandparent) nodes that include a higher than some
predetermined number of observations. [90]

Other estimation approaches include, for instance, bootstrap aggregation
(bagging) and binning. The idea of bagging is to train an ensemble of
classifiers on bootstrap samples and to aggregate the classifications by
voting in order to improve the classification stability. Bagging can also
be used for estimating the probabilities P(j|xz) by taking the share of
classifiers that vote class j for observation z (see, e.g., [22]). Yet, studies
have argued that bagging is not suited for probability estimation and, in
general, does not produce unbiased estimators, as the voting scores in
bagging inherently measure the stability of the base learner for a given
observation and not the conditional probability of a certain class [59, 90].
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The idea of binning is to rely on the accuracy of classifiers in ranking
the instances. The range of certainty scores (and respective training
observations) are divided into bins. The probability estimate of a bin for
class j is computed as the number of class j training observations in the
bin divided by the total number of observations in the bin. That is, binning
gives a discrete step-wise function of probability estimates, where the
number of different estimates is limited by the number of bins. However,
the number of bins should be small enough to reduce the variance of the
binned estimates. [25, 90, 91]

In addition to probability estimation, classification costs are rarely ex-
plicitly known and have to be estimated as well [70, 90]. Usually the only
available approach is to use the training data for predicting future costs,
e.g., by (multiple) linear regression. There are, however, certain issues
related to predicting costs based on training data. First, explicit costs
are not always known even in the training set. Second, even if the costs
are known, they usually depend not only on the observation itself but
also on its realized class—or it can be that the costs are only available for
observations in a certain class. [90]

This phenomenon is known as the sample selection bias. For example, in
a data set which includes information of people who were solicited to donate
money for a charity, the costs (or, in this particular case, benefits) are only
known for the positive class, i.e., people who did donate. Yet, imputing zero
costs for negative observations in estimation is clearly wrong, as it would
be similar to assigning a zero donation probability for every observation in
the negative class. [90]

The problem with sample selection bias is that, when the costs are
observation-dependent, there are two underlying (correlated) probabilistic
processes: one determining the class of the observation and another deter-
mining the cost(s) related to the given observation. Whether the cost(s)
get observed, however, depends on the realized class of the observation.
Another example of sample selection bias would be a data set of people
who had loaned money from a bank; if a person successfully repaid their
loan they have a zero cost—though, had they defaulted, the cost obviously
would not have been zero. For approaches addressing the sample selection
bias in cost estimation see, for example, [39] and [90].

4.3 Algorithmic Approaches

Certain learning algorithms feature a possibility to incorporate asymmetric
penalties for the set of classes in the decision rule optimization or to
bias the classification threshold towards the minority class by some other
means. For instance, with naive Bayes classifier, this can be done by
altering the class prior distribution in favor of the minority class(es). SVM
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is another classifier that has been extensively considered in the context
of classification with imbalanced class and cost distributions (see, e.g.,
[1, 45, 83], and the references therein).

Any approach that introduces new hyperparameters or utilizes the op-
portunity to alter existing hyperparameters to bias the decision rule in
favor of the minority class can be considered to fall under the category of
algorithmic approaches. However, the majority of learning algorithms do
not approach classification as a probabilistic optimization problem based
on explicit costs and posterior probability estimates. Therefore, a classifier
achieved by an algorithmic approach is not necessarily guaranteed to agree
with the theoretical Bayes-optimal decision rule. [45]

In many classification algorithms, such as SVM, it is possible to manually
shift the fitted decision boundary. Classifiers often output a certainty
score which is only subsequently mapped into a binary label based on a
classification threshold. Typically, this threshold is by default set to “the
middle”, but it may also be altered to better acknowledge the imbalanced
classes and misclassification costs, i.e., such that a smaller certainty score
is required for a positive classification than for a negative classification.
With SVM, this method is referred to as boundary movement. The decision
threshold can be optimized, for example, with cross-validation. [45]

Biased penalties SVM (BP-SVM) [83] is one of the extensions to SVM
that alter the hyperparameters to put more emphasis on the minority
class. In BP-SVM, the regularization hyperparameter C is split into two
penalty terms, C, for the positive class (y = 1) and C_ for the negative
class (y = —1). That is, the sums of hinge losses of positive and negative
observations are weighted by C; and C_, respectively, transforming the
optimization problem into

. 1
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4.4 Data-Specific Challenges: Imbalanced Text Data

4.4.1 Modeling Natural Language

Significance of machine learning based natural language processing in
data mining and analytics has increased massively in the recent decades.
The applications of machine learning and statistical text mining and anal-
ysis include, e.g., information retrieval, machine translation, generative
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language models, and text classification. Natural language differs notably
from many other data domains, and thus modeling natural language is a
critical—and not trivial—first step when working with text data. [51, 53]

The approaches for transforming text data to numerical form can be
broadly divided into document level and word (or n-gram or character
n-gram) embedded approaches. In document level approaches, an obser-
vation (i.e., a text document) is represented with a (fixed) length vector,
whereas a word embedding model maps words to (fixed) length vectors
and a document is represented either as a matrix or as a sequence of
vectors. Some approaches do not consider words as the base units but
rather word or character n-grams. A word n-gram model splits a text to
units of n consecutive words. For example, a 2-gram (bigram) embedding of
the sentence “this is an example” would be (“this is”, “is an”, “an example”).
On the other hand, a character n-gram model splits a text to units of n
consecutive characters. [51]

The process of extracting the base units from a text is called tokenization—
and correspondingly, the units of text are commonly referred to as tokens.
Tokenization can, for instance, be based on splitting a text using white
spaces and removing the punctuation marks. If the tokens are words, some
or all of their conjugations may also be removed. This is referred to as word
normalization, and it can be done, e.g., by stemming or lemmatization.
Both of these approaches aim at mapping words to simpler form such that
the feature space is reduced and words with similar meanings actually
look exactly the same. [51]

Word normalization is helpful in modeling approaches where the tokens
are treated as features; as there is not a measure of similarity between
a pair of tokens, they either are the same feature or not. Lemmatization
finds the morphological root of a word, whereas stemming finds a “body”
or a “stem” of a word. [51] The stem itself does not necessarily have to be
a word, and there exist multiple approaches for stemming—probably the
most used of them being the Porter stemmer [68].

On top of tokenization and word form normalization, uninformative to-
kens are often removed—this process is commonly called stopword removal.
Stopwords are typically considered to consist of highly frequent tokens
(such as articles and prepositions) that possess only little semantic infor-
mation and can in some cases be treated as noise in the data (see, e.g., [73]).
Though, it is important to note that stopwords depend on the language
and also commonly on the context [32].

In general, word frequencies and their ranking based on the frequencies
exhibit a power law type relationship (commonly known as Zipf’s law
[93]). That is, a majority of a text sample consists of the most frequent
tokens, and thus, removing the most common tokens can help the classifier
focus on the more informative tokens. In addition, tokens with very low
frequencies in the sample are sometimes also considered to be “stopwords”
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that are also removed. The process of pruning less informative words from
the vocabulary may also be seen as a form of feature selection [32].

An example of Zipf’s law is presented in Figure 4.1, where the frequencies
of distinct words appearing in the first chapter of this thesis have been
plotted against their respective ranking. On the left hand side, the figure
presents the distribution of the total vocabulary (after preprocessing)
consisting of 428 different words, and on the right hand side, it presents
only the top 20 most frequent words. The most frequent word in the chapter
is the (as it typically is in any English language text) which appears in total
55 times. A bit over half of the text in Chapter 1 consists of the 48 most
frequent words, which accounts for only about 11% of the total vocabulary.
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Figure 4.1. Word frequency distribution of the first chapter.

After preprocessing, text documents need to be embedded into numerical
form in order to be digestible for statistical and machine learning algo-
rithms. Though, it should be noted that classification can also be done
without machine learning algorithms, for instance, by labeling documents
based on a sentiment dictionary (see, e.g., [10]). Text can be transformed
into numerical form, for example, by embedding tokens into vectors with,
e.g., one-hot encoding or semantic word vector models, such as word2vec
[61, 62] or fastText [9, 50] algorithms. The semantic word vector models
are trained such that the embeddings they output capture some informa-
tion about what the words mean, such that words with similar meanings
have similar embeddings.

Besides word embeddings, another approach is to transform text doc-
uments straight into vectors. Arguably the most popular approach for
embedding documents is a bag-of-words model, where each token in the
training set is assigned an index and a document is represented as a vector
with a length equal to the size of the vocabulary. Each index in a bag-of-
words vector represents the frequency of that token in the given document.
The benefit of semantic word vectors is that they offer a similarity measure
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between words, whereas the benefit of the bag-of-words model is that it is
easy to implement for any data set and for any language without the need
for a pre-trained embedding model. [51]

On the other hand, the bag-of-words model loses information about word
order as it treats a document just as a set of tokens. To combat the
drawbacks of a bag-of-words model, the bag-of-words vectors are often
transformed before fitting a classifier, for instance, with term frequency -
inverse document frequency (TF-IDF) transformation (see, [74]). Moreover,
in some cases, augmenting TF-IDF with a transformation based on docu-
ment length and token weight normalization may improve classification
(see, [71]).

Modeling approaches that transform text documents into fixed length
vectors enable the use of any general-purpose classification algorithm—
naive Bayes and SVM, for instance, being popular choices (see, e.g., [23,
71]). On the other hand, deep neural networks that process text as a
sequence of embedded word vectors have become increasingly popular
in natural language processing in general and also in text classification.
These approaches include, for example, recurrent neural networks (with
long short-term memory (LSTM) [43] and gated recurrent unit (GRU) [15]
extensions) and, the current state-of-the-art method in large language
models, the transformer architecture [82]. On top of machine learning
algorithms, probabilistic models, such as latent Dirichlet allocation [8] and
hidden Markov model, may also be used in text classification. For more
on approaches for text preprocessing and classification, see, for example,
[51, 53], and the references therein.

4.4.2 Imbalanced Text Classification

Just as in any other domain, data in text classification tasks may be
imbalanced as well. In fact, classification of natural language is almost
always imbalanced in practice, as the aim is typically to identify text
documents relating to one specific topic out of all possible topics [32, 40].
The general challenges of data imbalance (discussed also in this thesis) are
relevant to imbalanced text classification as well. However, the distinctive
nature of text data may pose difficulties that would not be encountered in
other imbalanced classification tasks apart from natural language. [14, 64]
The general approaches to imbalanced classification are usually viable
also for imbalanced text classification. Random oversampling and under-
sampling can be used with any modeling approach as they simply duplicate
or remove existing observations—though, the risk of overfitting with ran-
dom oversampling and information loss with random undersampling are
present also in text classification [40]. On the other hand, algorithmic
approaches focus on modifying the classification algorithm or the loss
function and are thus applicable as such to imbalanced text data as well.
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Depending on the modeling approach, general-purpose synthetic resam-
pling can be applied to text data as well. That is, in document-embedded
models, where the observations are represented with fixed-length vectors,
there is no technical reason why, say, oversampling with SMOTE could
not be used (see, e.g., [14, 64]). However, in these cases, the observations
are typically very sparse, which can cause issues when applying general
convex oversampling (or undersampling) techniques. On the other hand,
when modeling documents as sequences of word embeddings, general-
purpose sampling methods may not be an option, and instead, the minority
class should be oversampled by some other means, for instance, with data
augmentation techniques [40].

In document-embedded approaches, the feature space consists of the
tokens that appear in the training documents. Consequently, the feature
space of the minority class is a subset of the total vocabulary. When
using a convex oversampling method, the generated synthetic observations
are guaranteed to lie within the convex hull of the minority class. That
is, the set of tokens which appear in the minority sample is preserved.
However, this does not reflect the property of natural language that the
number of distinct words in a text sample tend to grow as a function of
the sample size—a phenomenon described by Heaps’ law [38] in natural
language processing, and, with a slightly different formulation, by Herdan’s
law in linguistics [41] (see also [27]). These issues related to applying
general-purpose sampling approaches to text data are discussed in detail in
Publication II, where we also introduce a novel text oversampling method
which takes into account the special property of text data described by
Heaps’ (and Herdan’s) law.

Researchers have also designed oversampling approaches particularly
tailored for text data. For instance, [14] propose a text oversampling
method based on a Latent Dirichlet Allocation (LDA) [8] model, and [64]
propose a framework for text oversampling based on a latent semantic
distributional model. Text augmentation can also be used as a basis for
text oversampling, with approaches encompassing a wide range of methods
from simple synonym replacement procedures to text generation with
large language models [40]. For example, [86] present a straightforward
augmentation technique consisting of synonym replacements and word
insertions, swaps, and deletions, and [56] propose a text oversampling
method using sequence generative adversarial networks.
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5. Summaries of the Articles

5.1 Negative Economic Sentiment Index Based on Finnish News
Titles

The article presents a novel economic sentiment index (i.e., soft indicator)
for the Finnish economy based on machine learning sentiment classifica-
tion of Finnish news titles. Recently, soft indices have become increasingly
important in economic forecasting and nowcasting, mostly due to the fact
that they become available earlier than hard macroeconomic data and thus
can help assessing the current and near-future state of the economy. The
most used economic sentiment indices are typically based on surveying
certain groups of people (e.g., consumers or purchase managers).

In this article, we apply supervised machine learning text classification
for identifying news titles with negative economic sentiment. Our negative
economic sentiment index is defined based on the monthly-aggregated pro-
portional frequencies of negative news in the coverage. We show that there
is a negative correlation between our index and the consumer confidence
index by Statistics Finland, and interestingly, our index seems to lead
the consumer confidence index by one month. Moreover, our index has a
positive correlation with Finnish stock market volatility and a negative
correlation with the rate of change of GDP. Finally, by using a simple
vector autoregression (VAR) model, we evaluate how certain other macro
variables respond to changes in the level of negative economic sentiment.

5.2 Extrapolated Markov Chain Oversampling Method for
Imbalanced Text Classification

The article introduces a novel text oversampling technique for consider-

ing certain distinctive properties of text data that general oversampling
methods are unable to address. In particular, many general-purpose over-
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sampling methods generate synthetic observations as (random) convex
combinations of subsets of existing minority class training examples. The
issue with applying this general approach to natural language data is that,
when the sample size of text increases, the feature space (i.e., the number
of distinct words) typically also grows as described by Heaps’ law. However,
generating synthetic observations as convex combinations of minority class
observations clearly preserves the feature space as immutable.

Our approach in this article is based on an assumption that the structure
of text can be modeled by dividing it into two properties: topic and se-
quence. Furthermore, we assume that the inherent sequential structure of
text is, to some extent, independent of the topic of text. Our method utilizes
Markov chains and allows the feature space (i.e., vocabulary) of the minor-
ity class to expand in oversampling by learning the sequential structure
partly from both classes, but by emphasizing the minority class in over-
sampling. We test our approach against prominent (both general-purpose
and text) oversampling methods on multiple well-known multiclass text
data sets and show that our approach outperforms the other methods in
certain evaluation statistics, especially when the imbalance is severe.

5.3 On Fj-score and Cost-Consistency in Evaluation of
Imbalanced Classification

Explicit misclassification costs are rarely available in practice and are
often difficult to estimate. Cost estimation can also be complicated by the
fact that different costs may have different units, i.e., they can be money,
time, or, for example, quality of life. Thus, conventional classification
evaluation measures are typically defined independent of any costs. Yet,
even if the actual costs are not explicitly known, they can still exist, making
evaluation of classifiers on imbalanced data highly challenging. F-score is
often recommended as one of the go-to evaluation measures in imbalanced
classification. However, some researchers have questioned whether it
actually is an appropriate measure for imbalanced classification.

This article argues that, since real-life decision-making problems always
have some classification costs (whether or not they are known), it would
be important to understand how different evaluation measures behave in
relation to total classification cost. We introduce a framework of evaluation
measure cost-consistency such that an evaluation measure is called cost-
consistent if decreasing total classification cost also increases the value of
the considered evaluation measure. In this article, F3-score is compared
to two other cost-independent evaluation measures, informedness and
balanced accuracy, under a simple cost structure. It is shown that Fz-score
is not cost-consistent, whereas, under certain conditions, informedness and
balanced accuracy are cost-consistent.
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6. Discussion and Future Prospects

In Publication I, we introduce an economic sentiment index for the Finnish
economy using machine learning classification of news headlines. The
results are significant, as, not only is there a negative correlation between
our index and the consumer confidence index by Statistics Finland, our
index seems to lead the consumer confidence index by somewhat a month.
Our index seems to also correlate with other widely used indicators measur-
ing the current state of the Finnish economy. The strength of our approach
lies in the fact that so-called soft indicators have become increasingly
important in economic forecasting as they are available earlier than hard
macroeconomic data, and our index seems to be provide useful information
even earlier than the currently used soft indicators.

Publication II presents an oversampling method for imbalanced text
classification, which takes into account one of the distinctive features of
natural language data; that is, as described by Heaps’ law, the vocabulary
should grow as the sample size of text is increased. Our work is significant,
since, as far as we know, our approach is the first to explicitly acknowl-
edge Heaps’ law in text oversampling. Moreover, the extensive empirical
experiments we conduct show that our method is able to outperform other
prominent sampling approaches in multiple occasions. The strength of our
approach is that, as it is based on a Markov chain model and on utilizing
information in the whole training data rather than just in the minority
sample, it is an effective method also for small and severely imbalanced
text data sets.

In Publication ITI, we introduce a concept of cost-consistency for assessing
different (binary) evaluation measures. The main argument of the work
is that, while true misclassification costs are often unknown and difficult
to estimate in real life, they still do exist, and thus, it is important to
understand how the applied classification evaluation measures behave
in relation to different cost structures. The results are significant, as
we show that one of the most used evaluation measures in (imbalanced)
classification, Fg-score, is not cost-consistent for any given cost matrix in an
observation-independent and linear cost system. The strength of the work
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is that the cost inconsistency of Fg-score is both derived mathematically as
well as illustrated empirically. In addition, we address certain alternative
measures and explain the conditions for their cost-consistency.

Future prospects for Publication I include involving more news sources
for the index and experimenting with more advanced text classification
algorithms. The oversampling method introduced in Publication II is based
on a unigram model, but it could be extended to consider, e.g., bigrams
or trigrams as well. Finally, future prospects for Publication III involve
including other conventional evaluation measures in to consideration as
well and assessing cost-consistency under some more complex cost systems.
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7. Key Terms of the Doctoral Thesis

This chapter provides concise definitions and explanations of three selected
key terms of the thesis in English and Finnish. The terms are listed in the
dictionary by Suomen Tilastoseura [2].

In English

1. classification
Classification refers both to the process of learning or fitting a classifica-
tion rule as well as to the task of using a classification rule for assigning
a label from a set of classes for an observation as accurately as possible.
Classification is done based on measured features or variables. The abil-
ity to use a classifier for accurate predictions is based on an assumption
that, considering the measurements, observations in one class share
some characteristics while observations in different classes have distinct
characteristics.

2. confusion matrix

A confusion matrix is a k-by-k table that summarizes the performance
of a classifier on a given data set, where k is the number of classes. The
labels predicted by the classifier are conventionally listed as the rows
and the true labels as the columns of the table. Each entry in the table
represents the number of observations that belong to a given class and
are assigned a given label by the classifier. In a binary case, these values
are the number of true positives, false positives, false negatives, and true
negatives. Sometimes, instead of presenting the absolute counts, the
entries in a confusion matrix are normalized by the row sums, by the
column sums, or by the total number of observations.

3. text mining

Text mining is the process of developing and using algorithms for extract-
ing useful and structured information from natural language. Unlike
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data in many other domains, text data is inherently unstructured, and
thus analyzing text data requires methods specifically designed for the
task. Applications of text mining and analysis include, for instance,
lemmatization, part-of-speech tagging, text classification, information
retrieval, sentiment analysis, and text summarization.

Suomeksi

1. luokittelu
Luokittelulla tarkoitetaan seka luokittelusdénnon sovittamista dataan
ettd sovitetun luokittelusddnnon kayttamistd havaintojen luokitteluun.
Luokittelu tapahtuu havainnoista mitattujen muuttujien arvojen perus-
teella ja perustuu oletukseen, ettd samaan luokkaan kuuluvilla havain-
noilla on joitain yhteisid ominaisuuksia, kun taas eri luokkien valilla
havainnot ovat myos joillakin tavoin erilaisia.

2. sekaannusmatriisi

Sekaannusmatriisi on k-kertaa-k taulukko, joka on yhteenveto luokit-
telusddnnon soveltamisesta tiettyyn aineistoon, jossa on k luokkaa.
Sekaannusmatriisin rivit vastaavat tyypillisesti luokittelijan ennus-
tamia luokkia ja sarakkeet havaintojen todellisia luokkia. Taulukon
arvot puolestaan kertovat kuinka moni kunkin sarakkeen luokkaan kuu-
luva havainto on luokiteltu kunkin rivin luokkaan. Havaintojen méérien
sijaan taulukon arvot toisinaan normalisoidaan rivi- tai sarakesummilla
tai havaintojen kokonaismaaralla.

3. tekstinlouhinta

Tekstinlouhinnalla tarkoitetaan algoritmien kehittdmistéd ja hyodyn-
tamista jasennellyn ja hyodyllisen tiedon poimimiseen luonnollisesta
kielestid. Toisin kuin useat muut aineistot, teksti ei ole 1dhtokohtaisesti
muodossa, jota voidaan késitella tilastollisilla menetelmilld. Tekstin-
louhinnan ja luonnollisen kielen analyysin sovelluskohteisiin lukeutu-
vat mm. sanojen perusmuotoistaminen, sanaluokkien tunnistaminen,
tekstin luokittelu, tiedonhaku, sentimenttianalyysi ja dokumenttien
tiivistdminen.
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