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ABSTRACT

The supervised and semi-supervised machine learning paradigms hinge on the idea
that the training data is labeled. The label quality is often brought into question, and
problems related to noisy, inaccurate, or missing labels are studied. One of these is
an interesting and prevalent problem in the semi-supervised classification area where
only some positive labels are known. At the same time, the remaining and often
the majority of the available data is unlabeled, i.e., there are no negative examples.
Known as Positive-Unlabeled (PU) learning, this problem has been identified with
increasing frequency across many disciplines, including but not limited to health
science, biology, bioinformatics, geoscience, physics, business, and politics. Also,
there are several closely related machine learning problems, such as cost-sensitive
learning and mixture proportion estimation.

This dissertation explores the PU learning problem from the perspective of den-
sity estimation and proposes a new modular method compatible with the relabeling
framework that is common in PU learning literature. This approach is compared
with two existing algorithms throughout the manuscript, one from a seminal work
by Elkan and Noto and a current state-of-the-art algorithm by Ivanov. Furthermore,
this thesis identifies two machine learning application domains that can benefit from
PU learning approaches, which were not previously seen that way: predicting length
of stay in hospitals and automatic music tagging. Experimental results with multi-
ple synthetic and real-world datasets from different application domains validate the
proposed approach.

Accurately predicting the in-hospital length of stay (LOS) at the time of admis-
sion can positively impact healthcare metrics, particularly in novel response scenarios
such as the Covid-19 pandemic. During the regular steady-state operation, traditional
classification algorithms can be used for this purpose to inform planning and resource
management. However, when there are sudden changes to the admission and patient
statistics, such as during the onset of a pandemic, these approaches break down be-
cause reliable training data becomes available only gradually over time. This thesis
demonstrates the effectiveness of PU learning approaches in such situations through
experiments by simulating the positive-unlabeled scenario using two fully-labeled pub-
licly available LOS datasets.

Music auto-tagging systems are typically trained using tag labels provided by

human listeners. In many cases, this labeling is weak, which means that the provided



v

tags are valid for the associated tracks, but there can be tracks for which a tag
would be valid but not present. This situation is analogous to PU learning with
the additional complication of being a multi-label scenario. Experimental results
on publicly available music datasets with tags representing three different labeling
paradigms demonstrate the effectiveness of PU learning techniques in recovering the

missing labels and improving auto-tagger performance.
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Chapter 1
Introduction

All machine learning algorithms fall into one of three general categories: supervised,
semi-supervised, and unsupervised learning. Historically, the supervised learning area
of research was most popular, and more recently, there is an increasingly growing inter-
est in the other two. The supervised and semi-supervised machine learning paradigms
hinge on the idea that the training data is labeled. The quality of labels is often
brought into question, and problems related to noisy, inaccurate, or missing labels
are studied. One of these is an interesting and prevalent problem of binary classifica-
tion that occurs in the scope of semi-supervised learning known as Positive-Unlabeled
(PU) learning [IH3]. Here, only some positive labels are known, while the remaining
and often the majority of available data is unlabeled, i.e., there are no negative ex-
amples. Thus, the data can be split into two sets: one that contains only the positive
examples denoted as P, and the other, is a mix of positive and negative instances that
are unlabeled, denoted as U. Then, the task is to learn a classifier that can distin-
guish between newly arrived positive and negative instances even though no negative
examples are available during training.

Over the years, the PU learning scenario has been identified with increasing fre-
quency in different contexts across many disciplines, including but not limited to
health science [4, 5], biology [6 [7], bioinformatics [8-10], geoscience [I1], physics [12],
and business [13] I4]. In these and many other domains, the PU situation occurs
naturally. For example, in health care, some people are diagnosed with a certain ill-
ness, and others are not. However, not being diagnosed (as opposed to misdiagnosed)
is not the same as not being afflicted by the said illness. Many illnesses often go
undiagnosed or misdiagnosed for various reasons. Thus, if we were to learn a model

for a particular illness from a general population, we ought not to consider a person



who was not diagnosed with having that illness as a necessarily negative example of
that illness. For instance, Chen et al. obtained a unanimous agreement from prac-
titioners working in the field of Alzheimer’s Disease that the problem of diagnosing
that disease is better formulated as positive-unlabeled rather than the traditional
positive-negative learning [4].

A related problem analogous to PU learning arises in multi-label learning, where
the data is weakly labeled [15], [16], which is also known as the problem of learning with
missing labels [17]. In multi-label learning [I8|, as opposed to binary classification,
a data instance may belong to multiple categories simultaneously. For instance, a
person could be diagnosed with multiple concurrent illnesses (known as comorbid-
ity). This situation is similar to PU because some instances of a particular class
concept are not labeled as such. Thereby, when a label is considered independently,
we have a scenario identical to PU learning. It can be viewed as a particular case
of learning from weakly labeled data where the number of possible labels is one.
However, the two problems are also slightly different from each other. For instance,
there could be correlations among labels in the multi-label case, which is impossible
when there is only one class label. Like PU, weakly labeled data occurs naturally in
many domains, such as image classification [19], text categorization [20], and music
annotation/tagging [21].

The system performance degrades considerably due to training on data with miss-
ing labels in both binary [3] and multi-label [22] 23] learning scenarios. These prob-
lems, learning from positive-unlabeled /weakly-labeled data, are especially pervasive
when the only reliable source of labels is a human being, which means that obtaining
good quality labels is an expensive and time-consuming endeavor. For example, when
creating a dataset for training machine learning models capable of identifying cancer
in medical images, a medical doctor must examine and label the images before using
them for training the models. Often, when labels are more subjective (e.g., emotion
recognition tasks), several critics (or annotators) must reach a consensus before a
label is accepted into the training dataset.

Although the nature of this problem is not limited to binary and multi-label cases
(e.g., multiclass [24], 25]), the scope of the work presented here is focused only on the

binary positive-unlabeled and multi-label weakly labeled scenarios.



1.1 Contributions

This dissertation explores the PU learning problem from the density estimation per-
spective and provides a Density Estimation-based Assymetric Relabeling (DEAR)
approach that is compatible with the relabeling framework common in PU learning
literature. The advantage of DEAR is its modularity, it is easy to implement using
existing and well-known building blocks and maintains the flexibility of using existing
algorithms suitable for the situation at hand. The proposed approach is compared
with two existing PU learning algorithms throughout the manuscript, one is from a
seminal work by Elkan and Noto [26] the other is a more recent approach by Ivanov
that was shown to be effective across a wide range of scenarios [27]. The main contri-
bution of this thesis consists of identifying two machine learning application domains
that can benefit from PU learning techniques: predicting length of stay in hospitals
and automatic music tagging. The latter is most interesting and leads to many pos-
sible research directions. Additionally, this thesis provides a framework for exploring
many domain specific questions about tags and an initial baseline and evaluation

strategies.

1.1.1 Density Estimation-based Asymmetric Relabeling

Within classification, the binary case of PU learning falls directly between fully-
supervised one-class and binary classification but with the addition of unlabeled data,
which makes it a semi-supervised problem. On the one hand, one-class classifiers can
learn from only positive examples, but they do not take advantage of the additional,
albeit unlabeled, examples. On the other hand, traditional binary classifiers, such
as logistic regression, are unable to learn without negative labels. To overcome this
challenge, we can preprocess the positive-unlabeled data and get it as close as possible
to the actual positive-negative case; then, any preferred binary classifier can be used
as usual. This is a common two-step framework in PU learning literature [3] 28], and
the proposed relabeling approach is focused on the first (relabeling) step with the
goal to improve the final classification performance after the second step.

The idea behind the proposed approach, initially published in conference pro-
ceedings [29], and its improved version presented in Chapter 4 is based on the key
observation that the unlabeled set is a mixture of positives and negatives. In contrast,
the positive set is pure, which means that the probability density function (PDF) es-

timated from positive examples will have a higher density in the positive regions of



the feature space than the one estimated from unlabeled examples if the two are
compared on even ground. Thus, the approach is to obtain density estimates from
the positive and unlabeled examples, independently of each other, and use them to
relabel the training data before learning a classifier from it, but only the unlabeled
portion of the data, and only those that are likely to be positive (hence asymmet-
ric). Identifying confidently positive examples and removing them from the unlabeled
set (by labeling them as positive) increases the concentration/proportion of negative
examples within it making it more negative overall. Thereby, after the asymmetric
relabeling step, the remaining unlabeled examples can be considered negative with
higher confidence than before. Then, a traditional binary classifier can be trained on
the relabeled data instead of the original positive-unlabeled.

The experiment results presented throughout this manuscript demonstrate that
this method recovers a significant proportion of missing labels in many cases, both
with synthetically generated and real-world data. In terms of final classification met-
rics, DEAR performs overall on par with other PU learning approaches, sometimes
better and sometimes worse, depending on the data (which can also be said about
the PU algorithms). The time complexity of DEAR depends on the underlying den-
sity estimators. However, when using simple histograms, the proposed approach is

significantly faster without giving up much efficacy.

1.1.2 Predicting Patient Length of Stay in Hospitals

Accurately predicting the in-hospital length of stay (LOS) at the time of admission
can positively impact healthcare metrics, particularly in novel response scenarios such
as the Covid-19 pandemic. Machine learning techniques have been used for predicting
LOS based on patients’ demographic and clinical characteristics. During the regular
steady-state operation, traditional supervised-learning classification algorithms can
be used for this purpose to inform planning and resource management. However,
when there are sudden changes to the admission and patient statistics, such as dur-
ing the onset of a pandemic or the establishment of a new hospital, these approaches
break down because reliable data for training machine learning models becomes avail-
able only gradually over time. Chapter [5| simulates this scenario revealing how LOS
predictions can be negatively affected during such cold-start transition periods and
how PU learning approaches can be leveraged to remedy the situation. The experi-

ments are carried out on two different publicly available LOS datasets, one of which



was collected in response to the Covid-19 pandemic. The other dataset consists of
inpatient data collected from the State of New York hospitals in 2017. Parts of the
work presented in Chapter [5| have been published in conference proceedings [30, 31].

1.1.3 Treating Weakly Labeled Music Auto-Tagging Data

Music auto-tagging systems are typically trained using tag labels provided by human
listeners. In many cases, this labeling is weak, which means that the provided tags
are valid for the associated tracks, but there can be tracks for which a tag would
be valid but not present. This situation, also known as the problem of missing
labels, is analogous to PU learning with the additional complication of being a multi-
label scenario. Because of how analogous these situations are, we could use methods
from the PU learning literature to treat weakly labeled data before training an auto-
tagger on it. Chapter [0] experimentally investigates the effect of weakly labeled data
when training music auto-tagging systems on their final performance. Using different
publicly available datasets and several popular classifiers, Chapter [6] demonstrates
how PU learning techniques can be leveraged to treat the weakly labeled data and

improve music auto-tagging systems trained on weakly labeled data.

1.2 Manuscript Layout

Chapter (1] introduced the problem of positive-unlabeled learning and its two appli-
cations studied in this dissertation, prediction of patients’ length of stay and music
auto-tagging, along with a brief overview of the contributions of this work. Chapter
positions this thesis in the context of related works both in machine learning literature
and its application domains, including healthcare and music. Then, the PU learning
problem is formulated in Chapter [3, both in binary and multi-label contexts. That
chapter also includes the relevant information about density estimation and classifi-
cation methodology, PU learning approaches, assumptions, evaluation metrics, and
an illustration of the simulation and experimental framework central to this thesis.
Chapter [4] presents a modular and relatively lightweight approach for treating weakly
labeled training data as a preprocessing step before learning a classifier; it includes
experimental results with synthetic and real-world datasets. Chapter [5| identifies the
PU learning scenario in healthcare, specifically when predicting in-hospital patient

length of stay during cold-start transition periods. Similarly, Chapter [0] identifies the



PU learning scenario in music auto-tagging and extends the binary PU learning meth-
ods to weakly labeled multi-label data; experimental results on several music tagging
datasets show that this approach is promising. Then, Chapter [7] provides concluding
remarks and a short discussion about future directions that the work presented here
could take.



Chapter 2

Related Works

This chapter positions the work presented in this dissertation in the context of related
works, first in machine learning literature and then in its application domains, includ-
ing healthcare and music. While this chapter serves as a brief overview of the related
research fields, the next chapter will provide more specific (and narrow) method-
ological connections and the background information necessary for the chapters to

follow.

2.1 Within Machine Learning

Depending on the type of data available for modeling, the entire machine learning
discipline could be divided into three broad categories: supervised, semi-supervised,
and unsupervised. The data to be modeled is fully labeled in supervised learning
and completely unlabeled in unsupervised learning, and semi-supervised learning falls
between the two [32]. Since the PU data is by definition not fully labeled, PU learning
falls in the semi-supervised learning category [33]. In the literature, solutions to PU
learning problems often incorporate techniques from any one of the three categories
or a combination thereof.

When learning a predictive model from data, the target variable, or the value
we want the model to predict, is usually either continuous or discreteE] In the first
case, we use regression techniques, and in the latter, classification. The classifica-
tion problem involves identifying which category from a given set of categories a new

observation belongs to based on previously observed examples. Here, PU learning

!There are also other types of variables, for example circular [34], but they are not relevant here.



spans the gap between binaryﬂ classification [35] and one-class (positive-only) clas-
sification [30], B7]. The latter has strong connections with data description [38] and
novelty detection [39] problems. A one-class classifier learns from a set of “positive”
examples representing a particular class concept; there are no examples outside the
target class. In binary classification, we also have negative examples representing ev-
erything that is not the target (positive) class concept. Like the first two, PU learning
works with positive examples; however, instead of negative examples or in their ab-
sence, we also have an unlabeled mixture of both positive and negative examples.
When comparing the three, a one-class classifier can learn in the absence of nega-
tive examples but does not perform as well as a PU learning algorithm would when
additional unlabeled data is available. If the additional data is fully labeled, then a
traditional binary classifier is preferred to the other two. Safe semi-supervised learn-
ing [40] takes it a step farther, using labeled positives, negatives, and the additional
unlabeled data to further improve the model.

It is worth noting that the performance of one-class approaches can benefit by in-
corporating active learning techniques [41], and perhaps that strategy could result in
a better classifier trained from positive-only data than a positive-unlabeled classifier
trained with an abundance of unlabeled data. However, active learning requires an
“oracle”, and if one is available, then a positive-unlabeled classifier can also benefit
from active learning techniques [42]. Furthermore, there are connections to transfer
learning, which studies different changes in data distribution from training to deploy-
ment. Since PU learning aims to learn on positive-unlabeled training data to predict
positive-negative data during model deployment, it fits certain aspects of transfer
learning. Transfer learning approaches often borrow semi-supervised techniques, like
using unlabeled examples to improve transfer quality [43] [44]. Note that transfer
learning and active learning are compatible and can be used in conjunction [45].

Many other machine learning problems are related to PU learning. From super-
vised learning, these are: learning with missing data [46], learning in the presence of
label noise [47, [48|, and cost-sensitive learning [49-51]. In semi-supervised learning,
problems closely related to PU learning include co-training [52], self-supervised learn-
ing [4], multiple-instance learning 53| 54], semi-supervised novelty detection [55], and
learning from weakly labeled data [56]. Additionally, safe semi-supervised learning

investigates labeling issues in binary classification, where PU learning falls in the

2PU learning has also been considered in the multi-class scenario [25], but it is generally formu-
lated as a binary classification problem.



"incomplete supervised learning" category [40, [57]. Also, approaches from cluster-
ing [58, 59, and matrix completion [60] have been applied in the PU setting.
Another closely related problem that is slightly different from PU learning is
mixture proportion estimation. Here, given a known distribution, the task is to
identify the proportion of that distribution in a mixture of distributions [61]. Related
to mixture proportion estimation, techniques from class prior estimation [62] can also

be leveraged for working with positive-unlabeled data [63].

2.2 Application Domains

The PU learning problem initially identified and formulated in the early 2000s is
apparent in many domains. The following are just a few concrete examples. In
website classification, one often starts with a set of websites related to the topic of
interest, aiming to find similar websites in the otherwise unlabeled set of all remaining
websites on the internet [I3]. In remote-sensing, a PU learning approach was adopted
for the one-class classification of land-cover type from areal photographs [11]. In
astronomy, researchers use PU learning to identify pulsar signals in the otherwise
unlabeled background noise [12].

Another interesting example of PU learning is presence-only labeling [6], also
known as use-availability [7], where researchers are interested in predicting which
locations an animal would frequent from a set of all possible and otherwise unlabeled
habitat locations. As positive examples, they use historical records of the animal’s
sightings or other signs. Researchers are often interested in identifying candidate
positive instances and would later verify them for authenticity using other methods.
Elkan and Noto distinguish this “case-control” scenario from the single training set
situation where the dataset is sampled once and then partly labeled, in contrast to
two independent draws, “case” and “control” [26].

Similar to other domains, PU situations occur naturally in healthcare, including
but not limited to Alzheimer’s Disease diagnosis [4], drug activity prediction [5], dis-
ease gene identification [8, 9], and prediction of circRNA disease associations [10].
Chapter [5| identifies yet another area where PU approaches can be beneficial: pre-
dicting patients’ length of stay (LOS) at the time of their arrival to a healthcare unit,
which can help with care planning and resource management, ultimately resulting in
a positive impact on patient outcomes. For instance, it is one of the central topics in

clinical pathways [64]. Predicting LOS is often formulated as a binary classification
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problem [65] and, more recently, a multi-class one. Here, the algorithms learn from
data, such as electronic health records, patient demographics, and clinical character-
istics, to predict the LOS as one of two or more discrete classes. For example, Pofahl
et al. use an Artificial Neural Network (ANN) algorithm as a binary classifier to pre-
dict LOS >7 days in acute patients [66]. Morton et al. compare different methods in
the binary classification setting for diabetic patients [67]. Hachesu et al. use Decision
Tree (DT), Support Vector Machine (SVM), and ANN algorithms to predict LOS
for patients with coronary artery disease as a 3-category classification problem [68].
Harerimana also solves the 3-class problem but for different ranges in LOS for de-
identified admission records using deep learning techniques [69]. Recently, there is
increasing interest in predicting LLOS in hospitals due to the Covid-19 pandemic. For
example, Wu et al. perform a multi-variable regression analysis to study the factors
influencing LOS among Covid-19 patients [70]. A survey and synthesis of the length
of stay datasets and studies for Covid-19 can be found in Rees et al. [71]. Chapter
simulates a cold-start scenario, such as during an on-set of a pandemic where drastic
changes in patient statistics could adversely affect LOS prediction, and investigates
how PU learning approaches can be used to mitigate it.

Chapter [0 identifies another domain that could benefit from PU learning tech-
niques and has not been considered in the literature yet - music auto-tagging. It is
usually formulated as a multi-label classification problem where auto-taggers learn, in
a supervised fashion, from data whose labels often originate from human annotators.
There is a considerable degradation in system performance when a music auto-tagger
is trained on weakly labeled data [51, [72]. Many approaches have been proposed in
the music information retrieval literature to deal with the missing/weak labels. For
example, Lin et al. use music playlists to inform auto-taggers in a multi-task set-
ting [73]. Similarly, Ibrahim et al. use information about music listening context to
deal with the problem [74]; meanwhile, Lin and Chen employ cost-sensitive learning
techniques [51]. Chapter @ examines how PU learning approaches can be leveraged
to mitigate this problem.

This chapter provided a brief overview of the related research fields. The next
chapter covers the methodological background necessary for the chapters to follow,
which include a new approach for dealing with PU learning situations and look at its

application in healthcare and music.
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Chapter 3

Methodology

While the previous chapter gave a more general overview of the relevant research
fields, this chapter provides connections to the specific background necessary for the
chapters to follow. This includes information about probability distribution estima-
tors, combination rules, well-known traditional classifiers, PU learning approaches,
and connections with multi-label learning. Furthermore, this chapter covers the rele-
vant assumptions, evaluation metrics, and the experimental framework including the
simulation of PU learning scenarios.

In binary classification, the goal is to learn from the available data a model that
can categorize each newly arrived data instance into one of two distinct categories
(or classes), usually denoted as positive and negative. Let x € X be a data instance,
which is a set of attribute values x = {1, 9, ..., 2%} that describe the instance in
k-dimensional feature space, and y € {0,1} is a binary label s.t. y = 1 indicates
that x is a positive example and y = 0 negative. In other words, x is a vector drawn
from either a positive or a negative k-variate distribution, D% or D* respectively, s.t.
y =1 when x ~ D* and y = 0 when x ~ D*. Then, the goal is to learn a binary
classifier from the dataset X and its corresponding labels Y that assigns the correct
class label to a newly arrived instance. Using probabilities, we can formulate it as a

discriminator function:

1, ifp(y=1|x)>p(y=0[x)

0, otherwise

d(x) = (3.1)

Note that, when p(y = 1|x) = p(y = 0|x) the decision is arbitrary; also, in binary
classification p(y = 1|x) + p(y = 0|x) = 1.
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When the data is fully labeled, we can use Bayes’ theorem to compute the condi-

tional probabilities,

1y = Pxly=1) -ply=1)

p(x|y=0)-ply=0)
p(x)

ply=0]x) =

3.1 Distribution Estimators and Discriminators

The probabilities p(x|y = 1) and p(x|y = 0) in Equation can be estimated
directly from the data using one of the readily available distribution estimators from
the literature. The ones included in this thesis and outlined below are: the histogram
probability mass function, Kernel Density Estimation (KDE) algorithm, and Gaussian
probability density function (PDF). Note that, while maintaining the flexibility to do
so, there is no need to manually set estimator parameters, such as the number of
histogram bins or the KDE kernel bandwidth, because they can also be estimated
from the data using well-known methods. Alternatively, an expert practitioner can

also set them manually to ensure a proper fit.

3.1.1 Gaussian PDF

One of the most common distributions that appear in natural and man-made processes

is the continuous univariate normal or Gaussian, parameterized as:

1

(e |, 0%) =
\/2mo?

where g is the mean and o is the standard deviation, which can be estimated

el (z—p)?/20°] (3.3)

directly from the data. It generalizes to multivariate situations according to the

following equation:

1
{f2myJder()

where p is a vector of means, one for each variable, ¥ is the covariance matrix

e(x|p,X) = elm3 =) = (x—p)) (3.4)

computed from the data, and det(X) is the determinant of the covariance matrix.
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Both f(z|u,0?) and f(xp,X) are continuous probability density functions (PDF)
that can be estimated directly from the data.

3.1.2 Histograms

Another way to obtain an empirical estimate of the distribution of data across a
variable is to discretize or segment the variable’s domain into a predetermined number
of bins and count how many data points fall into each bin. These counts can be
normalized by dividing each bin’s count by the total number of samples from which
the estimate is computed. Because histograms are discrete, when normalized, they
serve as the probability mass functions (as opposed to density). This strategy provides
an approximation of the underlying distribution from which the data was drawn, but
it is not flawless. Besides sampling issues, which affect all estimators, for histograms,
the bulk of the error arises from the choice of parameters, namely the number of bins
and their width.

Although some optimal fit could be achieved by searching for the correct param-
eter setting, this search also adds additional time requirements and becomes data-
dependent, i.e., different parameter settings are optimal for different sets of data. To
deal with these issues and avoid any accidental bias in parameter choice, we can use an
automatic method to determine the number of bins and their sizes. Several methods
are implemented in the NumPy [75] histogram() library, from which this thesis uses
the auto setting that takes the maximum from two estimators: Sturges’ [76] (which
is R’s default):

k= [loga n] +1 (3.5)

and the Freedman-Diaconis’ [T7] one:

IQR(X)

/3

h=2 (3.6)
were IQR is the interquartile range computed from the data sample X with n num-
ber of instances, k is number of bins, and h is the width of each bin, s.t. k =

"max(ai)—min(ai) -‘ '

h
One of the main advantages of using histograms is that they can model non-

parametric and unknown distributions. However, extending the histogram method
from a single variable to the multivariate case results in a combinatorial explosion of

computational complexity with respect to the number of variables, thereby making
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this method intractable in many real-world applications.

3.1.3 Kernel Density Estimation (KDE)

Another popular non-parametric method, which is more sophisticated than histograms,
is Kernel Density Estimation (KDE) [78]. Analytically, KDE is an integral of a contin-
uous function that adheres to the axioms of probability [79]. However, when estimated
from a sample, it becomes a normalized sum of likelihoods across all kernels, each of

which is centered at its corresponding (training) data point x; € X:

é(x|X) =

(3.7)

where n = |X| is the number of samples in the dataset, b is the smoothing parameter
called bandwidth, and K is the kernel st. K(z) = ;K (¥). KDE is a continuous
probability density function that usually results in less error than the Histogram’s
discrete probability mass function. However, it is much more computationally in-
tensive, especially when estimating data distributed across multiple variables. This
thesis makes use of the univariate KDE, and in multivariate cases, uses the feature
decomposition and recombination as described in Section [3.1.4] The Statsmodels
module [80] for Python has many different kernels and bandwidth estimators; all the
KDE results presented in this manuscript are produced using the Gaussian kernel

with the bandwidth parameter set to “normal reference”.

3.1.4 Density-based Discriminator

Following Equations[3.1]and [3.2] we can formulate a density-based discriminator from
two estimators fitted to the positive and negative distributions, é* = p(x |y = 1) and

¢~ = p(x |y = 0) respectively, and class prior a = p(y = 1):

) 1, ifa-ét>(1—a) &
i) = ifa-é (1—a)-é (3.8)

0, otherwise

In many situations, the class prior « is directly available to the practitioner, and in
cases where class prior is unknown, it can be estimated from the data [62, [81].
When we do not know the underlying distribution type or when the distribution

cannot be expressed using a finite number of parameters, non-parametric approaches
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become essential. Non-parametric multivariate density estimation methods are par-
ticularly useful in machine learning and data mining tasks, yet they have a significant
limitation of being computationally intractable. Although efforts have been made to
alleviate this issue, it still remains an open problem [82]. To reduce the computa-
tional complexity, we can relax the problem by assuming that there are no correlations
among features/variables, which is often reasonable. For instance, a person’s height
and weight are correlated with age in children but not in adult populations. In prob-
ability theory, this assumption is known as the conditional independence assumption
and, in combination with the Bayes theorem, Equation [3.2] it results in the popular
Naive Bayes classifier. Similarly, we can take the product of the likelihoods from

individual estimators independently fitted to each variable:
k
ex) =]]&x (3.9)
j=1

For computational convenience and to avoid numerical instability, it is common to
take the natural logarithm of the product of likelihoods, which translates to the sum
of log-likelihoods:

éx)=In]Jeix) = Z In é;(x) (3.10)

Jj=1

Consequently, the discriminator function becomes:

. 1, ifa¥¥ met(x)>(1- M oIneér(x
d(x) = ! Z]—l j(x)>(1—-a) Z]_1 ; (%) (3.11)
0, otherwise

Because the density estimators produce probabilistic outputs, we can adjust this
configuration and express it as a function f that outputs a probabilistic likelihood
value based on the estimated PDFs, where 0.5 is the decision boundary between two

classes:

f(x) :% 1+aZ1néj<x)—(1—a)21né;(x) (3.12)

3.1.5 Ensemble-based Discriminator

The conditional independence assumption also enables ensemble learning techniques

where multiple different learners model the data and the predictions from their in-
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dividual perspectives are combined into one decision, which is the final output of
the overall system. There are multiple ensemble learning schemata in the litera-
ture [83], 84] that could be explored even without making this assumption or by mak-
ing another. The density estimation-based asymmetric relabeling approach presented
in Chapter [4] uses this idea to decompose the multivariate case into k univariate ones.
Its initial version [85] builds & univariate density-based discriminators d;(z;) € {0,1},
one for each variable/attribute, and combines their zero-one outputs using a simple

majority voting combination rule:

A 1, if 2% di(z;) >0
d'(x) = 1 ij_l j(5) (3.13)
0, otherwise

where 6 is a user-defined threshold value between 0 and 1, usually set above 0.5 for the
majority consensus. Although this works well in practice, there are better methods,
such as the slightly more sophisticated yet still computationally simple sum rule (or
arithmetic mean rule). Based on the experimental comparison of various classifier
combination rules, Kittler et al. found that best performing are those developed
under the most restrictive assumptions, which in their study was the sum rule [86].
Using probability density estimators capable of probabilistic output, we can use a
combination rule that is more fine-grained than the one in Equation by comparing
the arithmetic mean of likelihoods among the estimators fitted to one class with that
of the other class. However, there is an inherent difference between a weak learner in
an ensemble and a density estimator. In Bayesian terms, a weak learner is expected
to learn both the probability density distribution p(x | y) and the class prior p(y), but
a density estimator is not. Hence, we can include class prior during the comparison

step and obtain the following discriminator:

. E o4 — L
. 1, if 370 6 (ay) > 52 200, &5 (@)

d(x) = (3.14)

0, otherwise

Similarly to the density-based discriminator in previous section, so long as the
underlying estimators produce probabilistic outputs, we can express Equation [3.14] as

a function f that produces a probabilistic output with 0.5 as the decision boundary



17

between two classes:

flx) = % | +%Zéj(xj) 1 - DA (3.15)

3.1.6 Weighted Probabilistic Output

The formulation in Equation has the additional benefit that, when auxiliary
information about features is available, each attribute can have a different level of
impact on the final decision based on how informative or important it is. We can

incorporate this information into Equation as weights w;:

k
A 1 Qo R 11—«
f(X)—§ +Ezwj'€;_(%)— i ij €; ()]
= o (3.16)
s.t. w; € [0,1] and ij =1.
j=1

Note that setting any weight to 0 excludes that variable/attribute from the model.

The same weighting strategy can be applied to the density-based discriminator in

Equation [3.12;

A~

f(x) =

k
Z ‘Iné; ,

s.t. wj € [0,1] and ij =1

j=1

k
%Z lne

l\DI»—

(3.17)

3.2 'Traditional Binary Classifiers

Binary classification is one of the most explored topics in machine learning and data
mining. A variety of classifiers have been proposed with different characteristics re-
lated to various aspects of performance, such as: what type of data they are best
suited for, time and space complexity both at training and prediction stages, guar-
antees on convergence, whether they are distributable, etc. In this thesis, binary
classifiers are used as building blocks for more complex machine learning architec-
tures. As they are relatively well known, this section provides a summary of each.

More details can be found in any textbook about machine learning [87] or data mining
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I88].

3.2.1 Naive Bayes

The Naive Bayes (NB) classifier is based on a probabilistic formulation of the clas-
sification problem as described in the previous section. The Naive assumption refers
to the assumed conditional independence of the features given the class. This as-
sumption decomposes the challenging problem of estimating a multi-variate density
function over the features to the simpler problems of estimating univariate distribu-

tions over each feature for each class [8§].

3.2.2 Logistic Regression

Logistic Regression (LR) is an algorithm that fits a linear function (i.e., a linear com-
bination of weights on the input variables) via regression by minimizing the loss on the
soft output of a logistic (or sigmoid) function. It is a general statistical model that can
be used for classification. The independent random variables (predictors/attributes)
can be either binary or continuous, each having an independent weight parameter.
Their linear combination encodes the log-odds that the input corresponds to the out-
put of 1, usually meaning the positive class; exponentiating the output of LR recovers
the odds. The target (output) variable y can be either binary y € {0,1} or contin-
uous y € [0,1]. In the continuous case, the closer the value is to either 0 or 1, the
stronger is the association between the input values and the corresponding class label
reflecting the certainty or confidence of the instance belonging to that class. Logistic
regression has been widely adopted across different application domains and has been

especially popular in biostatistics and healthcare.

3.2.3 The k-Nearest Neighbor

The k-Nearest Neighbor (kNN) is a non-parametric approach useful in both regression
and classification problems [89, [90]. This method works by memorizing the training
data, and then, given a new input instance, it returns the & training instances closest
to that instance. In classification, the majority class among the k instances determines
the class of the input instance. The way kNN measures closeness or distance is a
critical component of the algorithm. Some distance metrics, such as the Euclidean

distance, can be adversely affected by the difference in scale between attributes, and in
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practice, attribute normalization/standardization is often recommended. Moreover,
choosing the appropriate distance metric for the data can be beneficial, and methods
from a related area of research called distance metric learning [91] are shown to be
useful [92].

3.2.4 Decision Tree

The Decision Tree (DT) algorithm is a popular binary classification approach orig-
inally introduced for discrete attributes but has since been extended to work with
continuous ones [93] 04]. It learns a tree-like structure from the data, splitting the
training dataset into disjoint subsets at each node based on the single attribute that
yields the highest class-wise information gain (or reduction in entropy). This binary
partitioning is a classic divide-and-conquer approach that leads to fast performance
times. The dataset need not be memorized as the attribute-based split is recorded
as a conditional statement that summarizes the decision at each node. For example,
when classifying humans into children and adults categories, at one of the nodes,
there may be a decision like "if height is more than 5 foot, then it is an adult child,
otherwise continue to next node (lower tree level)." During the classification step,
the attributes of a new instance in conjunction with the rules at each node dictate
which branches to follow, starting at the root and reaching the final classification
decision at a leaf node. Thus, a set of humanly interpretable rules can be derived,
indicating which attribute values lead to which class and leading an intuitive human
understanding of the resulting classification decision. In addition to speed, one of
the main advantages of using DTs is their interpretability. Since their inception, DT
classifiers have been extended to handle multi-class and multi-label problems, among
others, and their classification performance can improve through ensemble learning

techniques, e.g., decision forests [95].

3.2.5 Support Vector Machines

Support Vector Machines (SVM) are binary classifiers that map the input vector of
attributes onto a high dimensional space (using a kernel trick), where they derive a
hyperplane separating the two classes based on the training data. Moreover, SVM
algorithms choose the hyperplane in such a way as to maximize the margin separating
the two classes. Different kernels have been proposed in the literature; the experi-

mental results presented in this manuscript use the Gaussian kernel. SVMs require
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to memorize some (possibly all) of the training data points as support vectors that
describe the class-separating hyperplane. During the classification step, SVMs map
a new data instance onto the same space and assigns it a label based on which side
of this hyperplane it falls. SVMs can be quite time-consuming to train, but their
predictions are relatively fast. They have been shown effective in high-dimensional
feature spaces and can be extended to produce probabilistic outputs and to handle
classification problems beyond binary, including but not limited to: one-class [96],

multi-class [97], and multi-output and multi-task [98] classification.

3.2.6 Artificial Neural Network

Artificial Neural Network (ANN) is another popular approach often used in classifi-
cation tasks. It is inspired by biological neural networks like the human brain. ANN
consists of multiple interconnected artificial neurons usually arranged in layers with
information flowing into the input layer through the hidden layers (one at a time) and
finally out of the output layer. Each neuron is a computational unit approximating a
linear function; it can accept one or more inputs and propagate their weighted sum
to the next layer based on its activation function. Sets of these neurons are often
connected in multiple layers, and together they can represent a non-linear function.
ANNs with multiple hidden layers are referred to as deep learning networks. The
input consists of attributes describing the phenomenon in question, for example, a
digital image of hand-written digits [99]. The information propagates through the
network, thus simulating a synapse in a biological brain, and the output layer acti-
vations are used to classify, in the example above, the images into one of 10 discrete
digit classes. During training, the error is back-propagated through the hidden layers
to update the weights of the hidden neurons [99]. This training stage is usually com-
putationally heavy and time-consuming. Once the network is trained, its predictions

are relatively quick.

3.3 PU Learning

PU-learning problems are a form of semi-supervised learning in which there are re-
liable positive labels but no reliable negative labels. So the data consists of positive
samples and unlabeled samples (which potentially can be either positive or negative).

Various approaches have been proposed to deal with PU-learning problems; the ones
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relevant in the context of this thesis are outlined below.

3.3.1 Relabeling Approach

The central theme of this dissertation and a frequent PU learning approach in the

literature is the two-step approach, with an optional third step [10, L00HIO03]:

Step 1 - Identify the unlabeled instances that are likely to be negative (optionally,

positive ones also).
Step 2 - Learn a classifier (or several) from the instances identified in the first step.
Step 3 - If applicable, select the best classifier from the second step.

The approach detailed in Chapter [4] follows the same recipe with the focus on the first
step, which consists of categorizing all of the unlabeled instances into likely positive

and likely negative ones.

3.3.2 EN Algorithm

In the context of PU learning, neither p(y = 1) nor p(y = 0) are directly available.
To remedy this, in their earlier seminal paper, Elkan and Noto [26] added a binary
random variable to this formulation, s € {0, 1}, which corresponds to the fact that
either an instance is labeled, s = 1, or not, s = 0. Then, each data instance is as a
3-tuple (x,y, s) drawn from a fixed unknown distribution p(x,y, s). This formulation
gives a probabilistic account for the labeling mechanism, and under certain assump-
tions, it allows the class prior, p(y = 1), to be estimated from the non-traditional
positive and unlabeled data.

Operating under the SCAR assumption (Eq. , Elkan and Noto prove that
p(y = 1|z) = p(s = 1]z)/c [26]. Since s = 1 corresponds to the positive and s = 0
to the unlabeled data, the probability p(s = 1|x) can be estimated directly from the
PU data using a traditional binary classifier. If that classifier is well-calibrated, its
outputs can be corrected using the constant ¢ to obtain the requisite p(y = 1|z). Thus
the problem becomes estimating the constant ¢, and Elkan and Noto propose three
different estimators for it [26]. The EN algorithm results presented in this dissertation

use the one they believe is the best choice (estimator 1).
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3.3.3 DEDPUL Algorithm

A much more recent approach, DEDPUL, was shown to outperform current state-of-
the-art (SOTA) PU learning methods on several publicly available datasets [27]. It is
based on the idea of transforming the features corresponding to positive and unlabeled
instances into prediction probabilities using a well-calibrated binary classifier trained
on PU data to estimate p(s = 1|x). Then, the minimum ratio between the probability
distributions of the positive and unlabeled probabilistic predictions estimates the
posterior prediction probabilities, which, in turn, can be used to re-train the classifier.
The two steps are repeated iteratively until convergence. An artificial neural network
is used as the underlying classification algorithm. Because of the iterative nature of

the approach, this algorithm is significantly slower than the EN algorithm.

3.3.4 Class Prior

Class prior can be estimated and incorporated into PU learning methods in three
ways: preprocessing, postprocessing, and method modification [3]. Preprocessing
creates a new dataset from the positive-unlabeled either by re-balancing methods,
empirical risk minimization methods, or methods that incorporate the label probabil-
ities. Postprocessing makes use of the idea that the probability of an example being
labeled is directly proportional to the probability of it being positive, then predictions
from a binary classifier learned from positive-unlabeled data can be corrected after
they are made. As the name implies, method modification adjusts how the algorithm

learns to account for positive-unlabeled training data rather than positive-negative.

3.4 Multi-Label Learning with Weak Labels

Multi-label implies that each data point can be a positive example from different
class concepts simultaneously. Weakly labeled means that not all class concepts were
considered when labeling each data instance. Formally, in multi-label learning, each
data instance x € X is accompanied by a set of binary labels/tags y = {y1,v2, ..., yr}
that describe the instance in T-dimensional semantic space, where each vy, € {0,1}
is a binary value s.t. 3, = 1 indicates that the corresponding tag is valid for x and
yr = 0 otherwise.

When data is weakly labeled, the problem becomes very similar to the PU learning

one. When y; = 0, we don’t know whether it is a truly negative example of that class
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concept or an unlabeled positive one. This situation is identical to the positive-
unlabeled case when each class concept is considered individually by itself. The goal
in multi-label classification is to learn from the available data a model that can assign
the correct set of multiple tags to each newly arrived data instance. That is to return
a vector y with each y; set correctly to 0 or 1. There is an implicit assumption that
the number of tags is fixed at T'; therefore, the annotation vocabulary must be finite,
which is not always the case [21]. However, those situations fall outside the scope of
this dissertation.

Binary relevance transforms a multi-label problem with 7' labels into 7' binary
classification problems, one per label, by making an assumption that there are no
correlations among labels [104]. Then, the goal becomes to find a discriminator

function for each tag t that maps the corresponding binary tag to a new data instance:

te{1.T} 0, otherwise

(3.18)

However, correlations among the different labels often carry additional informa-
tion that is useful for classification, and several approaches have been proposed in the
multi-label domain to incorporate label correlations into the binary relevance trans-
formation. Nonetheless, there is much room for improvement by taking into account
nuances like imbalanced distribution of labels and different labeling importance.

In the context of this dissertation, the approach presented in Chapter [4] can be
easily extended via binary relevance to deal with multi-label data, and Chapter 6

explores this idea through experiments in music auto-tagging.

3.5 Assumptions

When talking about the labeling mechanism, Elkan and Noto make an important
distinction between their single training set scenario [26] and the case-control one
described by Ward et al. [6]. In the single training set scenario, the tuples (x,y,s)
are drawn identically and independently (i.i.d.) from p(x,y,s), and only (x,s) is
recorded. In the case-control scenario, two independent sets are drawn: case and
control. From the first set, all x such that s = 1 are recorded as presence cases, and the
rest are discarded; from the second set, all x are recorded as background sample. Most

PU methods can handle both scenarios, however, the derivation and interpretation
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differ [3]. The work presented here follows the single training set scenario.
In their survey of the PU learning field, Bekker and Davis identify ten different
assumptions that could be put into three general categories [3]. Only those relevant

in the context of this thesis are outlined in this section (below).

3.5.1 Assumptions About the Labeling Mechanism

We know that each labeled example is a positive one, thus p(y = 1|s = 1) = 1.
However, there are two possible explanations for an unlabeled one. Either it is a
negative example, or it is a positive one that was not selected for labeling. Because
we do not have access to that information, to make progress, we must make some

assumptions about the unlabeled examples.

Selected Completely at Random (SCAR) Assumption

Before anything else, it is important to consider the labeling mechanism; that is, how
did we obtain a subset of positively-labeled instances from the otherwise unlabeled
data? The work presented in this dissertation makes the most common assumption
from the literature known as the Selected Completely at Random (SCAR) assumption.
Under SCAR, the labeled positive examples are chosen completely at random (or
i.i.d.) from all positive examples, which means the probability of a positive example
being labeled is independent of x [3]. This assumption is equivalent to the "missing

completely at random" that Elkan and Noto [20] stated formally as:

ps=1x,y=1)=p(s=1ly=1). (3.19)

The relabeling approach detailed in Chapter [4] and the aforementioned EN and DED-

PUL algorithms, all operate under this assumption.

3.5.2 Assumptions About the Data

When designing PU learning algorithms, it is useful to make some assumptions about
the class distribution in the data. In practice, it is not possible to confirm if these
assumptions are true for a particular dataset. However, in many cases, it has been
shown that algorithms designed based on them result in improved classification results

in PU learning scenarios.
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Negativity Assumption

A simple approach to dealing with a PU scenario is to assume that all unlabeled ex-
amples are negative. Known as the negativity assumption, it is popular in PU learning
because it enables the use of traditional binary classifiers with PU data [3]. However,
it can result in poor classification performance when there are many unlabeled in-
stances. An analogous assumption is common when designing music auto-tagging
systems, and similar observations have been made in the literature about consider-
able degradation in auto-tagger performance if trained on weakly labeled data 511 [72].
Section illustrates what happens to the performance of traditional binary classi-
fiers trained on PU data under this assumption. All of the results obtained under

this assumption are denoted NEG throughout this dissertation.

Separability Assumption

Under the separability assumption, there exists a threshold 7 and a function g(x) that
separates the feature space into positive and negative sub-spaces, such that for all
positive examples, g(x) > 7, and for all negative ones, g(x) < 7. Thus, if the positive
class distribution can be estimated accurately from the given positive examples, the
problem of learning a binary classifier becomes a search for the correct 7.

The relabeling approach proposed in Chapter 4] operates in a similar regime, as-
suming that a function §’(x) can be empirically estimated from positive and unlabeled
examples for which the threshold 7 exists that separates the function’s domain into

positive and negative subdomains.

Smoothness Assumption

Formally, the smoothness assumption states that given two instances x; and x,, if
they are similar, then so are the probabilities p(y = 1|x1) and p(y = 1|x3). This
assumption enables the use of distance/similarity measures, such as Mahalanobis
distance [105], to identify those instances that are far away from the labeled positives
as reliable negative examples. There is an analogous assumption in the multi-label
classification called sample-level smoothness. It states that if two samples are similar,

then so are their predicted label vectors [5] 23].



26

Irreducibility

Known as the irreducibility assumption in PU learning, it was introduced by Scott
et al. as mutual irreducibility [106]. Formally stated, the assumption is: given two
distributions, D; (positive) and Dy (negative), Dy cannot be a mixture containing Dy
and vice versa. This assumption is required for identifying class prior [63] and for
mixture proportion estimation [61], which are problems with similar but not identical
characteristics to PU learning [63]. It is also related to proper novelty distribution [55]

and max-canonical form [107],

3.6 Evaluation Metrics

In binary classification, the usual approach for comparing the performance of differ-
ent classifiers is to report a summary measure computed from a confusion matrix
(Table which consists of four values: true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN).

Table 3.1: Confusion Matrix

actual + actual —
predicted + TP FP
predicted — FN TN

In the literature, the most frequently reported and easily understood figure of

merit is accuracy, A € [0, 1]:

TP+TN

= 3.20
TP+ FP+TN+ FN ( )

Unfortunately, accuracy is not very informative in class imbalance situations, which
can affect the evaluation of classification systems. For this reason, balanced accuracy
was proposed, BA € [0.5,1], which helps discern whether a classifier is overly biased

towards the majority class:

1 TP TN

BA—
> (TP+FN+TN+FP)

(3.21)

Figure illustrates the difference between traditional and balanced accuracy

scores using a synthetically generated dataset. As expected, when there’s an equal
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number of positive and negative instances, the two scores are identical (at the 0.5
mark on the x-axis). However, we can see how the Accuracy score is overly optimistic
at the extremes where the classifier becomes biased towards the majority class at
the cost of miss-classifying instances belonging to the minority class. Meanwhile,
balanced accuracy indicates a decrease in the classifier’s performance when such bias
occurs. A detailed discussion of how classification accuracy and balanced accuracy

should be used can be found in Brodersen et al. [10§].
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Figure 3.1: This figure compares traditional and balanced accuracy scores of the Naite
Bayes classifier in different positive-negative class balance settings using a dataset of
10,000 instances. The dataset is made up of samples drawn from two unit-variance
Gaussian distributions with positives drawn from the one centered at 1 and negatives
from the one centered at 2. There is an overlap between the two distributions’ sup-
ports, guaranteeing some Bayesian error.

In addition to accuracy, information retrieval and machine learning practitioners

often use Precision (P) and Recall (R), which are defined as:

TP

P=—"
TP+ FP

(3.22)
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TP
R_TP+FN

The two are frequently combined into what is called the Fj-score (commonly referred

(3.23)

to as simply F-score) and defined as the harmonic mean of precision and recall:

2P*R

Fo—
" P+R

(3.24)

Another way to evaluate a classifier’s performance is to examine the tradeoff be-
tween sensitivity and specificity of its outputs. This tradeoff can be visualized by
plotting a curve known as the Receiver Operating Characteristic (ROC) curve, which
compares the cumulative distribution of true positives (y-axis) versus the cumulative
distribution of false positives (x-axis). In other words, it characterizes what happens
to the False Positive Rate (FPR) as the True Positive Rate (TPR) increases and vice

versa.

TP
TPR = tivity = P = ——— 3.25
sensitivity TP EN (3.25)
FP
FPR=1- ificity = ————— 2
R specificity = s (3.26)

When a classifier can produce probabilistic output, we can define a threshold
discriminating between the positive and negative domains in the probability space.
When this threshold is set to one of the two extremes (either 0 or 1), it forces all
instances into one class (negative or positive, respectively). As we move this threshold
from one end to the other, we can observe a change in either TPR, FPR, or both.
When plotted on a graph with the y-axis being TPR and the x-axis being FRP,
it results in the ROC curve. This curve is often summarized by reporting the area
under it, denoted as AUCROC. It is possible to compute the ROC curve from discrete
{0,1} classifier outputs; however, it is less accurate than the one obtained from the
continuous-valued outputs.

When computing any of the evaluation metrics above, it is common to apply k-fold

cross-validation (usually k£ = 10) and report the average of the metric across folds.

3.7 Simulating the Positive-Unlabeled Scenario

To evaluate the performance of PU learning approaches, one would require a positive-
unlabeled dataset to train a classifier and then a new set of fully labeled instances

to evaluate that classifier. Since most publicly available datasets for classification
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are fully labeled, we can simulate the positive-unlabeled scenario. Starting with fully
labeled data, we can un-label all negative instances and a predetermined portion of
the positive ones, which results in a desired positive-unlabeled dataset. In all of the
results presented in this dissertation, the positives chosen for unlabeling are selected
completely at random to satisfy the SCAR assumption (i.e., the individual choices
are independently and identically distributed). Since the original labels are available
during the evaluation step, we can compare them with the classifier predictions (or
the relabeling performance in the first step).

As an illustration, let us consider a simple class-balanced example with two Gaus-
sian distributions, one representing positive class and the other one negative. Because
much of the real-world data is not perfectly separable, let’s choose the distributions’
parameters such that there is some overlap between them, as depicted in Figure (a).
When we train a classifier using examples drawn randomly (i.i.d.) from these two
distributions, such that p(y = 1) = 0.5, it should attain close to the best-case per-
formance obtainable from the original ground-truth labels. This result is denoted as
ORG throughout this dissertation. Then, we can simulate the PU scenario under
the SCAR assumption and train a classifier on the PU data as prescribed by the
negativity assumption, which should yield a good baseline, denoted throughout as
NEG. Let’s see what happens to the classification boundary of a classifier (e.g., Naive
Bayes) trained on the positive-unlabeled data, depicted by the dashed green line in
Figure Figure [3.2] As the unlabeled proportion of positives increases, the discrimina-
tion boundary eventually passes a certain threshold, beyond which the classifier stops
distinguishing between the positive and negative instances, classifying everything as

the majority class.

Training on positive-unlabeled data, as opposed to positive-negative, has charac-
teristically different effects on the different classifiers, as shown in Figure For
example, DT stands out from the rest, having a relatively linear response in its per-

formance metrics as a function of the proportion of unlabeled positives.

3.7.1 Results of the Relabeling Approach

To illustrate how PU learning solutions can remedy the situation, we can adopt the
two-step relabeling approach described earlier. In the first step, we can use a PU

learning algorithm to learn from PU data and classify the unlabeled instances into
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Figure 3.2: An illustration of what happens to Bayes decision boundary (green dashed
line) under the naive negativity assumption (a-e) as the percentage of unlabeled
positives increases, and (f) is how the approach proposed in Chapter 4] sees it. (a)
The ground truth: two identical Gaussian distributions of unit variance, positive one
centered at 0 and negative at 4, with a small overlap around the value 2. (b) 10% of
positives and all negatives are unlabeled (grey) while 90% of positives remain labeled
(red). (c) 45% of positives are unlabeled. (d) 55% of positives are unlabeled. (e)
90% of positives are unlabeled. (f) The way DEAR approach (Chapter [4)) “sees” the
positive and unlabeled distributions when 90% of positives are unlabeled.
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Figure 3.3: The NEG classification performance of the different classifiers under the
negativity assumption at different percentages of positive instances being unlabeled
with class-balanced data consisting of 10,000 instances drawn from two univariate
Gaussian whose means are two standard deviations away from each other. The ORG
case, where all the data retains original (correct) labels, is at the far right point of
each plot, where the value on the x-axis is 0. Note that the y-axis limits are different
between these four plots.

positive and negative. Then, during the second step, we can train a traditional
classifier, e.g., logistic regression, on the relabeled data and see if it performs better
than it would under the negativity assumption (without relabeling).

To demonstrate, let’s consider another synthetic dataset that is relatively easy to
classify but not trivial or completely separable. Additionally, we can demonstrate
the difference between traditional accuracy and balanced accuracy by forcing some
class imbalance on the original ground-truth dataset (before the simulation). In the

example illustrated in Figure , we can observe how the classification accuracy (left
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side) and balanced accuracy (right side) of a traditional classifier are affected with
respect to the different proportions of unlabeled positives. The ORG performance
is obtained using the original positive and negative labels for training without any
unlabeling. The NEG accuracy is the classification accuracy obtained by considering
all the unlabeled samples as negative (the negativity assumption). As is evident from
the figure, the classifier performance is not particularly affected for small amounts of
unlabeling (between 0% and 10%). However, as the amount of unlabeling increases
beyond 30% the classifier performance is significantly affected and it is completely
degraded beyond 70%, where the classifier performs no better than random choice. As
evident from the figure, PU learning approaches are successful at mitigating the effect
of unlabeling and improving classification accuracy over the naive NEG approach.
It is also evident from Figure that classification accuracy can be misleading for
situations with class imbalance. Moreover, we can see that DEDPUL is more sensitive
to class imbalance than the EN algorithm. Additionally, it is evident from Figure (3.4
that class imbalance has it’s own effects on both the classification performance and
on PU learning methods as the only difference between the three rows of plots is

class-balance of the underlying data.

3.8 Conclusion

This chapter provided a formulation of the PU learning problem both in binary and
multi-label contexts. Additionally, it included the relevant information about den-
sity estimation and classification methodology, PU learning approaches, assumptions,
evaluation metrics, and an illustration of the simulation and experimental framework
central to this thesis. Building on this information, Chapter [4] presents a modular
and relatively lightweight approach for relabeling the unlabeled subset of positive-
unlabeled data as a data preprocessing step that is taken before learning a classifier.
This approach is compared with two existing algorithms from the PU literature using
synthetic and real-world datasets and then in two novel scenarios that have not been

previously identified as PU learning, as described in Chapters 5] and [6]
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Figure 3.4: Comparison between traditional accuracy and balanced accuracy eval-
uation of a logistic regression model trained on positive-unlabeled data at different
percentages of positive instances being unlabeled during the model training stage. The
dataset in this figure was synthetically generated from two identical two-dimensional
Gaussian distributions whose means are one standard deviation away from each other;
the class balance is 50% positive and 50% negative instances in (a) and (b), 60% neg-
ative in (c) and (d) and 70% negative in (e) and (f). Between the three rows of figures
the only parameter change is data class-balance, which clearly has it’s own effects on
classification performance and on PU methods.
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Chapter 4

Density Estimation-based
Asymmetric Relabeling (DEAR)

When working with positive-unlabeled data, using traditional supervised learning
approaches can be challenging. On the one hand, traditional binary classifiers, such as
logistic regression, cannot learn without negative labels. On the other hand, one-class
classifiers can learn only from positive examples, but they don’t take advantage of the
additional, albeit unlabeled, examples. To overcome this challenge, we can preprocess
the positive-unlabeled data and get it as close as possible to the correct positive-
negative case; then, any preferred binary classifier could be used as usual. This
two-step approach, outlined in Chapter [3| Section |3.3.1] is popular in the literature.
In their survey, Bekker and Davis identify fourteen papers between 2003 and 2018
that utilize this approach [3|; however, their list is not exhaustive. This chapter
proposes a Density Estimation-based Asymmetric Relabeling (DEAR) approach that
fits this relabeling framework and is intended for preprocessing PU data. It uses
probability distribution estimators, such as histograms, to recover additional likely-
positive examples from the unlabeled data. Then, the remaining unlabeled data could
be considered negative. If the goal is only to label the previously unlabeled portion of
the data, then we can stop early. Otherwise, the newly labeled training dataset can be
used to learn a traditional binary classifier as usual. There is also a third possibility;
given a new previously unseen instance, we can assign it a positive or negative label
based on the probabilistic confidence value obtained via density difference or [I09]
density ratio [I10] between the estimated positive and unlabeled densities. However,

this third case was not investigated in this thesis.
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4.1 Proposed Approach

Within the two-step relabeling framework, the procedure described in this chapter fo-
cuses on the first step with the goal of improving the overall classification performance
in the second step while keeping two ideas in mind: we want to use any classifier in
the second step (after relabeling), and we want to avoid the added complication of
adapting the training to deal with weighted instances or that of biased learning. The
proposed approach also has the advantage of choosing the most suitable probability
density or probability mass estimator based on the data at hand. Another advantage
is that it is easy to implement using existing and well-known building blocks that are
part of any statistics or machine learning practitioner’s inventory.

Knowing that the unlabeled subset of the training data is a mixture of positives
and negatives and the positive set is pure, we should expect that the probability
density function (PDF) estimated from positive examples will have a higher density
in the positive regions of the feature space than the one estimated from unlabeled
examples if the two are compared on even ground. Even if there are very few labeled
positive examples, as illustrated in Figure (e), the proposed approach would “see”
the positive and unlabeled PDFs as depicted in Figure [3.2[f), thereby identifying
many of the unlabeled examples that are likely positive. However, without knowing
the class prior, we are incurring an error, which is one of the shortcomings of the
proposed approach.

In the first step of the two-step framework, the proposed approach is to obtain den-
sity estimates from the positive and unlabeled examples, independently of each other,
and use them to relabel the training data before learning a classifier from it, but only
the unlabeled portion of the data, and only those that are likely to be positive (hence
asymmetric). Identifying confidently positive examples and removing them from the
unlabeled set (by labeling them as positive) increases the concentration/proportion
of negative examples within it making it more negative overall. Thereby, after the
asymmetric relabeling step, the remaining unlabeled examples can be considered neg-
ative with higher confidence than before. Then, in the second step of the two-step
framework, a traditional binary classifier can be trained on the newly derived dataset
of pseudo-positives and pseudo-negatives instead of the original positive and unla-
beled one. A classifier trained on the relabeled data is expected to perform better
than the same classifier trained on the PU data.

The proposed approach operates under two assumptions, which are detailed in
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Chapter
a) the SCAR assumption about the labeling mechanism (see Section [3.5.1)),
b) and the separability assumption about the data (see Section [3.5.2)).

Given that the dataset is large enough and that we chose the correct estimator,
assuming a) means that the PDF estimated from the given positive examples will
closely match the probability density of the underlying positive class. Assuming b)
(there is a function g(x) and a threshold 7 that separates the function’s domain into
positive and negative subdomains) allows us to approximate that function empirically
from the positive and unlabeled examples in the absence of negatives.

The experiment results presented throughout this dissertation demonstrate that
this method recovers a significant proportion of missing labels in many cases, both
with synthetically generated and real-world data. In terms of final classification met-
rics, DEAR performs overall on par with other PU learning approaches, sometimes
better and sometimes worse, depending on the data (which can also be said about
the PU algorithms). The time complexity of DEAR depends on the underlying den-
sity estimators. However, when using simple histograms, the proposed approach is

significantly faster without giving up much efficacy.

4.1.1 Relabeling Algorithm

The proposed relabeling algorithm consists of two components: a probability den-
sity estimator suitable for the data at hand and a way of making a positive-negative
decision about the unlabeled samples based on the probability density estimated inde-
pendently from the positive and unlabeled samples. The relabeling algorithm, listed
in Figure (.1 makes this decision using either one of the probabilistic formulations
stated in Equations and [3.16] As for the probability density estimator, we can
choose from many available in the literature so long as it provides a probabilistic like-
lihood for a given instance, reflecting whether it belongs to the estimated distribution
or not. Thus, the approach requires that the estimator outputs a value 0 < e(x) < 1;
and, given two instances drawn from two different distributions x; ~ D; and x5 ~ D>,
s.t. Dy # Do, if the estimator is fit to D; then it should output ép, (x1) > ép, (x2)
reflecting that p(D; |x1) > p(D;|x2). Note that, correctly estimating an unknown
distribution is an open problem and comes with it’s own complication. The proposed

approach assumes that the chosen estimator can fit the estimated distribution well.



37

Input: Training Data (X, YY)
Output: Vector Y™
1: Split X into X* and X*, s.t. Xt NnX" =0
2: Estimate positive probability density: é+ ~ X+
3. Estimate unlabeled probability density: é° ~ X"
. Create a copy of the given labels: Y™ « YV
5: for (x,y) from (X, Y"") do
6 if y =7 then
7. if f(x,é*,é") > 7, then
8
9

[N

y+—1
end if
10: end if
11: end for

Figure 4.1: An algorithm that (possibly) identifies some unlabeled instances as pos-
itive. The threshold 7 is a user-set value between 0 and 1 (usually 0.5), and y =7
indicates an unlabeled data instance.

As listed in Figure [4.1] the input for the preprocessing subroutine consists of pos-
itive and negative examples, which are all unlabeled except for some of the positives
labeled as such. Then, the two abovementioned components are implemented as fol-
lows. First (lines 2 and 3), two separate estimators of probability density, probability
mass, or another one-class representation are learned independently: é* = p(x|y = 1)
from positive examples and ¢’ = p(x |y =7) from the unlabeled ones. Second (lines 4
through 11), only the unlabeled examples are considered for relabeling based on the
likelihoods provided by the discriminator resulting from combining the two estima-

tors.

4.2 Experiments

As outlined in Section [3.7], to evaluate the efficacy of the proposed approach, the
experiments simulate the PU learning setting by starting with the case where ev-
ery instance is unlabeled. Then, some proportion of positive instances is selected
randomly from all positive instances without replacement and labeled as positives
satisfying the SCAR assumption about the data. The remainder of positive and neg-
ative instances are left unlabeled. Since we know the original (correct) labels, we can
see how well the proposed approach works both during the relabeling step and in the

final classification step of the two-step approach.
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A sweep across different proportions (between 0% and 99%) of positives being left
unlabeled reveals the effects of PU scenario on different classifiers (see Figure [3.3)).
The ORG classification performance is established when the number of unlabeled
instances is 0%. First, for each percentage of unlabeling, the NEG result is obtained by
training a classifier on the positive-unlabeled dataset under the negativity assumption
(assuming all unlabeled instances are negative). Then the proposed approach is used
to relabel the unlabeled set, and a new classifier is trained and evaluated. If the
proposed approach has merit, we expect a classifier trained on the relabeled data to
perform better than NEG.

Because the data in the experiments is class-balanced, the main measure of per-
formance at the second step of the two-step framework is classification accuracy.
Additionally, several other indicators can be helpful: the count of true positives and
the count of true negatives in the training data before and after running the rela-
beling algorithm, and the number of “unlabeled” instances relabeled by the proposed
approach.

All of the experiments are performed using 10-fold cross-validation. During each
fold, 90% of the data is used in the experiment, and 10% is reserved for testing the
classifier during the second step of the two-step framework. Then, the NEG and ORG
results are compared to the proposed approach. The experiments are implemented in
Python 3 using the scikit-learn version 0.24.1 [I1I] machine learning library. All of
the classifiers and estimators are used with default parameters, which usually yield

good results.

4.3 Results With Synthetic Data

The first set of experiments uses synthetically generated data to get a sense of how
the proposed approach works. The experiments are carried out in a very controlled
manner with all the necessary assumptions satisfied.

Let’s begin with two univariate normal (Gaussian) distributions as the underly-
ing distributions for positive and negative classes, as described in Section [3.7] One
at a time, we can vary the distribution parameters and the proportion of positives
being unlabeled. Figure shows, for one combination of these parameters, how the
distribution is affected by the unlabeling of positive samples and how the proposed
relabeling approach remedies the situation. The tail end of the unlabeled distribution

that was “dominated” by the positive PDF became part of the positive distribution
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Figure 4.2: (a) Histograms of two univariate normal distributions correctly labeled
as positive (red) and negative (blue) instances. (b) The same distributions after sim-
ulating the PU situation with 30% of (unlabeled) positives labeled as negative, the
way it looks under the naive negativity assumption. (¢) The PDFs as the proposed
approach “sees” them. (d) Histograms of the relabeled data, after applying the pro-
posed relabeling method.

The final accuracy of SVM classifier trained on this data is 0.842 on the left (original),
0.740 in the middle (positive-unlabeled), and 0.838 on the right (relabeled).

in its entirety, both positive and negative instances. This relabeling shifts the classi-
fication boundary closer to the correct location at the cost of some negative examples
being labeled as positive.

Even though the distribution of labels resulting from the proposed approach is not
identical to the original case, the final classification accuracy is improved considerably
after preprocessing the PU training data. In many cases, similar to the experiment
depicted by Figure [£.2] the final classification accuracy is restored almost completely
(noted in the caption).

Figure illustrates how different classifiers perform on the data that was rela-
beled using a histogram on the left and a Gaussian PDF estimator on the right. Each
boxplot represents 100 simulations with the same parameter settings except one; the
only change was the random seed value for the experiment components involving ran-
dom selection. Among the top three best performing classifiers, we could see that LR
is slightly better than NB in terms of classification accuracy. However, it is difficult
to tell from the figure whether SVC performs better or worse than LR. We can per-
form the student t-test to get an idea of how similar or different these distributions
are. Table [f.T] presents the results of the standard t-test of the pair-wise comparisons
between all six classifiers; however, the variances among the distributions are slightly
different. Table shows the results of Welch’s adaptation of the standard t-test to

handle different variances between the two distributions under consideration. Even
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Figure 4.3: The dataset for this figure was synthetically generated from two identical
two-dimensional Gaussian distributions whose means are one standard deviation away
from each other; the class balance is 50% positive and 50% negative instances. Then,
50% of positives were unlabeled (along with negatives) to simulate the PU scenario.
This PU data was then relabeled using the proposed approach with Histogram esti-
mators on the left and a Gaussian PDF estimate on the right. The experiment was
performed 100 times with different random seeds for all the randomized components
(data generator, 10-fold cross-validation with shuffle, selecting positives for labeling
(SCAR assumption).

though the p-values are slightly different between the two tables, it is clear that the
difference between all classifiers is statistically significant, but to a much lesser degree

between SVC and LR (highlighted in bold).

Table 4.1: Equal variance t-test, DEAR+HISTOGRAM, Accuracy.

~.f| NB LR \ KNN \ DT SVC MLP
NB | 0.00e+00 | -6.27¢+00 | 1.23¢+02 | 1.78¢+02 | -1.05¢+01 | 1.03e+02
LR 0.00¢+00 | 1.23¢+02 | 1.76¢+02 | -3.57e+00 | 1.03¢+02
t-test | KNN 0.00e-+00 | 4.24e+01 | -1.26e+02 | -1.52e+01
statistic DT 0.00e+00 | -1.79e+02 | -5.75e+01
SVC 0.00e+00 | 1.06e+02
MLP 0.00e+00
NB | 1.00e+00 | 2.25¢-09 | 4.02¢-189 | 2.81e-220 | 6.45e-21 | 1.12e-173
LR 1.00e+00 | 1.03e-188 | 2.97¢-219 | 4.41e-04 | 1.05¢-173
KNN 1.00e+00 | 2.50e-101 | 6.83e-191 | 3.46e-35
p-value
DT 1.00e+00 | 5.25e-221 | 1.75e-125
SVC 1.00e+00 | 4.04e-176
MLP 1.00e-+00




41

Table 4.2: Welch’s (unqual variance) t-test, DEAR+HISTOGRAM, Accuracy.

~.| NB \ LR \ KNN DT SVC MLP
NB | 0.00e+00 | -6.27¢+00 | 1.23¢+02 | 1.78¢+02 | -1.05¢+01 | 1.03e+02
LR 0.00¢+00 | 1.23¢4+02 | 1.76¢+02 | -3.57e+00 | 1.03¢+02
t-test | KNN 0.00e-+00 | 4.24e+01 | -1.26e+02 | -1.52e+01
statistic DT 0.00e+00 | -1.79e+02 | -5.75e+01
SVC 0.00e+00 | 1.06e+02
MLP 0.00e+00
NB | 1.00e+00 | 2.47e-09 | 4.67e-120 | 2.21e-147 | 8.32e-21 | 1.61e-119
LR 1.00e+00 | 1.47e-139 | 3.93e-159 | 4.41e-04 | 2.76e-129
5-value KNN 1.00e+00 | 2.63e-101 | 1.72e-137 | 3.46e-35
DT 1.00e+00 | 3.13e-156 | 1.86e-125
SVC 1.00e+00 | 1.05e-127
MLP 1.00e+00

Another question arising from Figure is whether the histogram (left) or the
Gaussian PDF estimator (right) performs better and with which classifier. Student
t-test results presented in Tables [d.3] and [.4] reveal that the latter performs best with

all but the Naive Bayes classifier.

Table 4.3: Equal variance t-test, DEAR, Accuracy, Histogram vs. Gaussian

S | NB LR KNN DT SVC MLP
statistic | 2.40e+00 | -1.15e +00 | -1.53¢ +01 | -1.45e + 01 | -2.52¢+00 | -6.56e + 00
p-value 1.73e-:02 | 252e-01 | 2.12e-35 | 5.44e-33 | 1.25¢-02 | 4.70e-10

Table 4.4: Welch’s (unqual variance) t-test, DEAR, Accuracy, Histogram vs. Gaus-

sian

e NB | LR | KNN DT SVC MLP
statistic 2.40e+00 | -1.15e400 | -1.53e+01 | -1.45e+01 | -2.52e+00 | -6.56e+-00
p-value 1.74e-02 | 2.52e-01 1.01e-32 4.79e-32 1.25e-02 8.46e-10

Figure |4.4]illustrates a more extreme case with bi-variate distributions where very

few positive examples are labeled. Moreover, the positive and negative distributions
have a considerable overlap and different variance from each other. The proposed
approach recovers a large portion of positive examples. However, the bottom right
plot of Figure 4.4 clearly illustrates the drawback of using a univariate estimator as

opposed to one that could handle multiple dimensions in the feature space.
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Figure 4.4: This is an example of a more severe PU situation with a considerable
overlap between the positive and unlabeled distributions and very few labeled posi-
tive examples to learn from; additionally, the true positive and negative PDFs have
different variances. The dotted lines in the two upper images depict the positive (red)
and negative (blue) components of the unlabeled PDF. The two middle images are
stacked bar plots with colored areas representing the relative proportions of TP, TN,
FP, and FN. The two lower plots show each instance’s position in the two-dimensional
space of the underlying variables. The three plots on the left side illustrate the data
before relabeling (few TP, no FN) and the right side - after (many more TP at the
cost of some FN). This figure illustates how the initial version of the proposed ap-
proach with the basic histograms and majority voting [85] can identify a significant
proportion of positive instances from the unlabeled ones.
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Experimental results indicate that the performance of different classifiers was de-
graded in response to both class prior imbalance and the proportion of unlabeled
positives; the higher the imbalance/proportion, the worse the performance. Class im-
balance reflected negatively in both steps of the two-step framework and negatively
affected all three configurations, ORG, NEG, and the classifier performance after
relabeling. However, in most situations, the relabeling treatment resulted in better
performance than one would obtain under the negativity assumption (NEG), often
almost completely recovering the final classification performance. It’s also worth not-
ing that when Bayes error rate is high, and the amount of unlabeled positive is very
small or zero, the final classification performance is actually worse than with the orig-
inal (untreated) data. Also, as expected, the overall system performance increases
when the number of explanatory variables is increased. Using a Laplace distribution

in place of a Gaussian distribution yielded very similar results.

4.4 Results With Real-Word Data

To test the applicability of the proposed approach in real-world situations, we can
use some of the many publicly available datasets that represent real problems that
practitioners in the field aim to solve. The ones selected for the experiments presented
here are summarized in Table[4.5]and described below. Four of these reflect the single-
label paradigm and were obtained from the UCI Machine Learning Repository[] The
other two datasets are from the multi-label paradigm and were obtained from the
MULAN multi-label dataset collectionE] [112]. In the multi-label case, each label
representing a class concept is treated as an independent binary classification problem,
and only those labels were selected for experiments that are represented by at least
10, 000 positive and 10,000 negative instances. To control for adverse effects of class
imbalance, all of the datasets were randomly sub-sampled with equal (balanced) class

representation.

4.4.1 Data Description

HEPMASS [113] is a dataset from the area of high energy physics, it is a subset

of data introduced by Baldi et al. in their search for exotic particles. The original

'https://archive.ics.uci.edu/ml/index.php
Zhttp://mulan.sourceforge.net/datasets-mlc.html
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Table 4.5: The real-world datasets in our experiments. Final column indicates the
randomly sampled and class balanced sub-set of the original data from which the
results are obtained.

Dataset Number | Positive | Negative Instances in
Label of Instances | Instances | Experiments,
Features | in Data in Data | Class-balanced
HEPMASS 28 1,750,000 | 1,750,000 20,000
HTRU-2 8 1,639 16,259 3,278
SKIN SEG 3 50,859 194,198 20,000
SUSY 18 2,500,000 | 2,500,000 20,000
MEDIAMILL 33 120 27,938 15,969 20,000
MEDIAMILL 65 120 15,080 28,827 20,000
MEDIAMILL 66 120 15,690 28,217 20,000
NUS WIDE 1 128 20,404 141,385 20,000
NUS_ WIDE 8 128 10,579 151,210 20,000
NUS WIDE 13 128 32,418 129,371 20,000

dataset is composed of several subsets, the results reported here are from the one that
closely resembles binary classification, where the signal particle has a mass = 1000.
Note that particle mass is not included in the attributes. The other subsets have
multiple values for a signal particle, which is analogous to the multi-class problem
and not directly suitable for PU approaches.

HTRU-2 [114] resulted from the High Time Resolution Survey conducted to collect
pulsar candidates, which are rare types of Neutron star whose radio emissions are
detectable on Earth [12]. The dataset contains 1,639 real pulsar examples among the
spurious examples caused by RFI/noise. Each instance is described by 8 statistical
characteristics drawn from each candidate observation.

SKIN SEG [115] was originally used in the image segmentation task specifically to
train an algorithm for identifying the precise regions of an image containing human
skin [I16] and for adaptive digital makeup [117]. Each instance in this dataset is
described by three attributes corresponding to the amount of red, green, and blue
components of an RGB value describing a color.

SUSY [118] was introduced by Baldi et al. as part of their search for exotic
particles in the area of high energy physics. Their work is in the area where researchers
study the basic constituents of matter. Because of the statistical nature of this work,

machine learning is proven to be useful in the field. This dataset consists of two types
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of instances, ones where a signal particle is present and the others a background noise.
It is the benchmark dataset for the supersymmetry particle.

NUS_WIDE [119] is a collection of images annotated with labels from 81 con-
cepts. The experiments use the second version, which is distributed with ¢VLAD
features [120]. This is a multi-label dataset; hence we transform it into multiple bi-
nary classification datasets via binary relevance decomposition. Labels 1, 8, and 13
are selected for experiments and denoted by the number following the dataset name
(e.g. NUS_WIDE 1).

MEDIAMILL [121] dataset was originally introduced to evaluate performance of
generic video indexing using 101 semantic concepts and to gain insight into interme-
diate steps that affect the performance of multimedia analysis methods. Similar to
NUS_WIDE, this multi-label dataset is decomposed via binary relevance, and only
labels 33, 65, and 66 were selected, which is reflected in their corresponding names
(e.g. MEDIAMILL 33).

To maintain class balance and have a reasonable sample size, 10,000 instances of
each class were randomly chosen for experiments from each dataset except HTRU-2.
There are only 1,639 positive instances in HTRU-2, which set the limit for the sample

size.

4.4.2 Experiment Results

It should be noted that the results reported here are very optimistic because the

selected data is class-balanced. When the class priors are p(y = 1) = p(y = 0) = 0.5,
Equations [3.1] and [3.2] simplify to:

Fa) = 1, if p(zly = 1) > p(xly = 0) (4.1)

0, otherwise

This means that likelihood alone is enough to make good predictions. It also means
that after relabeling, if there is roughly the same number of pseudo-positive as com-
pared to pseudo-negative instances, then the class prior is automatically known to
the traditional binary classifier. This class-balanced situation is a special case, and in
situations with class imbalance, the system performance becomes increasingly worse
as the class prior deviation from 0.5 increases.

The classification accuracy reported in Table constitutes the upper bound
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(ORG) performance for the experiments. The expectation is that if we run our
algorithm on a perfectly labeled dataset, we would inevitably degrade the situation if
any of the true negative instances become relabeled as positive. Thus, we should not
hope to achieve a better performance than ORG, although sometimes it happens in
practice. The results in Table suggest that SUSY is the hardest dataset to model
as four out of five classifiers achieve their worst performance with it as compared to

all other datasets.

Table 4.6: The upper boundaries of classification accuracy (ORG) for the different
classifiers with the real-world datasets.

Dataset SVM | kNN DT NB ANN
HTRU-2 0.7727 | 0.9245 | 0.9040 | 0.9071 | 0.9267
SKIN_SEG | 0.9904 | 0.9985 | 0.9976 | 0.8892 | 0.9981
SUSY 0.7920 | 0.7399 | 0.7044 | 0.7189 | 0.7915
HEPMASS | 0.9099 | 0.8852 | 0.8611 | 0.8909 | 0.9015

NB: Before and After Relabeling SVM: Before and After Relabeling

Accuracy

100% 90% 80% 70% 60% 50% 40% 30% 20% 10% 100% 90% 80% 70% 60% 50% 40% 30% 20% 10%

Percentage of Unlabeled Positive Instances Percentage of Unlabeled Positive Instances

====-NB ceiling = NB floor ———NB our ====SVC ceiling =—SVC floor = SVC our

(a) Naie Bayes classifier (b) SVM classifier

Figure 4.5: Classifier accuracy with SKIN SEG dataset before (blue) and after
(green) treating the PU training data using the proposed relabeling approach (with
Histograms).

From the real-world datasets described in the previous section, SKIN SEG re-
sulted in the highest overall accuracy in all experiment configurations. Furthermore,
from the non-parametric probability density /mass estimators, KDE showed the best
overall performance but was also much slower than the histogram estimator, which
was faster without giving up much accuracy.

The HTRU-2 dataset was challenging in the experiments with the initial version

of the proposed approach [85]. Changing the estimator combination strategy from a
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simple majority vote to the one based on probabilities resulted in a con-
siderable improvement in classification accuracy. This can be seen in Figure[d.6] which
also shows that non-parametric probability density/mass estimators outperform the
univariate Gaussian one. These observations suggest that some of the informative
features in the HTRU-2 dataset do not follow a Gaussian-like distribution.
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(a) Initial results [29]
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Figure 4.6: Comparing different density estimation and feature combination rules
using SVM with class-balanced HTRU-2 dataset at different proportions of unlabeled
positives.

Figure[4.7]shows the KDE performance for relabeling different real-world datasets.
It compares the proposed approach (DEAR) to EN and shows what happens when
both are used together, DEAR followed by EN.

In all of the experiments, when most of the positive labels are present (very few
unlabeled positives), both DEAR and EN result in accuracy that is lower than the
NEG performance. However, as the number of unlabeled positives increases, at some
point, both approaches surpass NEG. In the experiments in this chapter, EN estimator
uses SVM to estimate ¢ (see Equation , which makes the results comparable to
the SVM classifier on its own (Figures and [4.7).
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Figure 4.7: Accuracy using KDE for relabeling.
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Experimental results suggest that using EN with the data that was relabeled by
DEAR usually works best. In some occasions, the relabeling step causes more harm
than gain, especially when a small proportion of positives is unlabeled. This can be

seen, for example, in Figure where fewer than 35% of positives are unlabeled.

4.5 Conclusion

This chapter presented a density-based asymmetric relabeling approach for treating
the positive-unlabeled data as a data preprocessing step ahead of training a classifier,
where we start with a relatively few labeled examples and use them to identify which
of the unlabeled instances are likely positive. The experiment results demonstrate
that, in many cases, this method recovers a significant proportion of missing labels,
both with synthetically generated and real-world data. The results show that this
approach is especially helpful when the proportion of unlabeled positives is large,
which often is the case where researchers are interested in the few (rare) examples
of some phenomena hidden within an abundant amount of mundane (uninteresting)
samples, such as in the presence-only scenario.

The proposed approach has the following advantages. First, it allows the use of
any traditional binary classifier and the use of domain-specific evaluation metrics.
Thus, if practitioners in a given area find a specific methodology most effective, they
can go ahead and use their favorite tools within this framework. Second, it allows a
choice of density estimator suitable for the features. All of the estimators tested in this
chapter are of generative type. Generative models are especially useful because they
don’t memorize the data and constitute a compact representation of the underlying
probabilities space. Third, it allows the added flexibility of giving different weights
to different attributes when the final labeling decision is made. This also allows the
use of other attribute-based assumptions about the labeling mechanism. Finally, this
setup is modular and allows for choosing the best combination of components for the
task at hand.

It’s worth noting that the proposed method requires only one pass across the data,
and subsequent passes do not identify any additional unlabeled positive instances.
However, it could be possible to adapt it for use with an expectation-maximization

algorithm.
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4.5.1 Future Directions

There are several directions for future work involving the proposed approach. Domain
experts almost always have a good idea about the proportion of positive and negative
examples in their data. Different scenarios with either user-specified or estimated
class priors and their influence on the proposed approach could be investigated. If
the class prior can be provided with some reliability, the proposed approach can be
used directly as a classifier without requiring a re-training step and an additional
classifier.

The main underlying assumption behind the design of the proposed approach is
SCAR. We believe that the proposed approach can be adjusted to take advantage
of the SAR or the probabilistic gap assumption instead. These assumptions are
less restrictive and would provide more theoretical support about why and how the
method works.

During the decomposition of the features, DEAR makes the assumption that they
are independent and therefore uses density estimators for each feature independently.
This is similar to the “naive” assumption in Naive Bayes classification and allows for
a simple and modular implementation. In many real-world scenarios, this assumption
does not hold, and some information can be lost. Another similar situation occurs
during data transformation, in which label correlations can also occur. It is possible
to design a scheme that would take into account these correlations and incorporate
it somehow in the relabeling process.

We believe that we have compared the proposed approach with sufficient alterna-
tives and over several datasets to demonstrate its potential. In the other chapters of
this thesis, we show how it can be used and how it compares with alternatives in more
real-world scenarios from healthcare and music information retrieval. A more thor-
ough comparison with other approaches and with more datasets could be conducted
in order to provide more information about which methods are better and under what
conditions; besides DEAR, this is a desired contribution in the PU learning field [3].
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Chapter 5

Predicting Patient Length of Stay in
Hospitals

Like in many other domains, PU situations occur naturally in healthcare; and the
presence of unlabeled examples in the training data can significantly decrease the
performance of a predictive model if they are treated as negative samples without
applying specific PU learning strategies. This observation is also supported by expert
opinion; for instance, Chen et al. obtained a unanimous agreement from practitioners
working in the field of Alzheimer’s Disease that diagnosing it is better formulated as
PU rather than the traditional binary classification ML problem [4]. PU situations
are prevalent across many healthcare areas, including but not limited to disease gene
identification [§, @], drug activity prediction [5], Alzheimer’s Disease diagnosis [4],
and prediction of circRNA disease associations [10]. This chapter looks at one such
area where PU situations occur but have not yet been identified as such.

Accurately predicting patients’ length of stay (LOS) at the time of their arrival to a
healthcare unit can help with care planning and resource management, ultimately re-
sulting in a positive impact on patient outcomes. For instance, it is one of the central
topics in clinical pathways [64]. With the advent of Electronic Health Records and the
gradual shift towards sharing and centralizing the storage of patient records in elec-
tronic format among independent healthcare units, like hospitals, pharmacies, etc.,
each patient’s healthcare record becomes more and more complete and informative.
This trend also improves the applicability of machine learning approaches in health-
care settings. LOS is relatively easy to predict for some routine procedures, such as

dental prophylaxis, but not for others, such as trauma or emergency general surgery,
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where ML approaches can be beneficial [122]. This problem is often formulated as
binary classification [65] and, more recently, as a multi-class one [69], where the algo-
rithms learn from data, such as electronic health records, patient demographics, and
clinical characteristics, to predict the LOS as one of two or more discrete number of
classes. Recently, there is an increasing interest in predicting LOS in hospitals due to
the Covid-19 pandemic. For example, Wu et al. perform a multi-variable regression
analysis to study the factors influencing LOS among Covid-19 patients [70]. A survey
and synthesis of the length of stay datasets and studies for Covid-19 can be found in
Rees et al. [T1].

During regular hospital operations, and when changes in the patient character-
istics and statistics are gradual, it is possible to collect reliable data over a certain
period for training ML models. However, in some situations, the changes in the data
statistics are so significant that they negatively affect the models’ predictive perfor-
mance. Examples of such scenarios include the onset of a pandemic when historical
data is not informative, when a hospital first begins operating and has no historical
data available, or when a new treatment drastically affects the LOS. During such
cold-start transition periods, reliable training examples become available gradually
over time. First, we start with all of the data being unlabeled, then move across
positive-unlabeled scenarios with varying class distributions, and eventually end up
a stable state with mainly positive and negative, but also some unlabeled samples.
This chapter investigates how the predictive performance of a machine learning sys-
tem could be negatively affected during such cold-start transition periods and how to
leverage PU learning techniques to remedy this degradation.

To motivate the approach and the experiments described in this chapter, let us
consider an imaginary but realistic example where we want to train a classifier to
predict whether a patient will remain in the hospital for less than 30 days (short
stay) or more than 30 days (long stay), but we don’t have any patient data yet (e.g.,
a new hospital just opened). Thus, at the beginning of the first day, we do not
have any reliable examples of neither short nor long stays, and until at least one
patient is discharged, all of our data is unlabeled. During the first 30 days of the
hospital operation, as time passes and patients complete their hospital stay, we can
start collecting reliable examples for the short stay category. However, for the newly
arrived patients and those who have not yet been discharged during that period, we
do not know in which category they will end up; thus, we consider their data as

unlabeled. Until a patient crosses the 30-day mark while still in the hospital, we have
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no reliable examples of long stays. Suppose our hospital can accommodate patients
only for the short term. In that case, it can be useful to know early on who fits
this category and who needs to be transferred to another unit. This information
can be particularly important during novel response scenarios such as the Covid-19
pandemic, where healthcare resources become suddenly overwhelmed with a surge
of patients whose statistical characteristics are not yet captured by the currently

deployed classification system.

5.1 Proposed Approach

When time is of the essence, in such cold-start transition periods, one obvious so-
lution is to start training the new system right of way, even with the lack of any
long stay examples. A naive approach would assume that all of the unlabeled sam-
ples are negative and train the new classifier as soon as there are enough short stay
examples. This idea is known as the negativity assumption, detailed in Chapter
Subsection It is the weakest assumption in PU literature that usually results in
the worst-case classification performance, although often better than random. All of
the results obtained under this assumption are denoted NEG throughout this thesis.
As demonstrated in the literature, a better solution is to estimate the likely positive
and negative instances from all of the unlabeled samples, label them accordingly, and
train the new classifier on the relabeled data. This approach, detailed in Chapter
Subsection [3.3.1] is common in PU learning literature because it enables the use of
a traditional binary classifier or any other that might be specifically designed for the

data at hand or otherwise preferred by the practitioner.

5.2 Data

To verify the efficacy of the proposed approach, ideally, we could monitor hospital
records on a daily basis, starting at an onset of a cold-start situation, and use the
proposed approach to classify all of the patients and compare the classification results
with the actual discharge records at a later day. However, this is not always practically
feasible, with the biggest barrier being the restriction on access to such data for many
good reasons, for instance, to protect patient privacy. As machine learning becomes
increasingly useful in healthcare settings, so increases the amount of effort directed

to alleviate these barriers by collecting, anonymizing, and making publicly available
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the different kinds of real-world data that effectively describe healthcare issues. We
use two such datasets (described below) that are characteristic of the LOS scenario.
Because the datasets are fully labeled, we can use them to simulate PU situations

that arise during cold-start transition periods.

5.2.1 Janatahack Dataset

The dataset denoted as Janatahack was collected in response to the alarms raised
by healthcare management across the world due to the recent Covid-19 pandemic
causing undue pressures on our healthcare systems. This dataset is publicly available
and was released as part of the "Janatahack: Healthcare Analytics II" challenge [123].
It consists of 318,438 patient records described by 18 attributes. However, two of the
attributes, Case ID and Patient 1D, are not relevant for classification tasks, which
leaves one target and 15 descriptor variables for modeling.

Some of the attributes are categorical /nominal; therefore, we use one-hot encoding
to convert each of them into multiple boolean attributes, which are more suitable for
most classification algorithms. One of the categorical attributes is the target variable
(LOS), where each category corresponds to a 10-day range, with the last one being
greater than 100 days. See Table for counts of instances per LOS category.

Since we are interested in short-term versus long-term, we group the 11 categories
into two: less than 30 days and greater than 30 days. This threshold is arbitrarily in
the context of this chapter, but it could be chosen with specific considerations in mind
since the meaning of short-term and long-term changes depending on the situation.
For instance, nursing homes have a much longer acceptable LOS than an intensive

care unit.

5.2.2 NYDSOH Dataset

The dataset denoted as NYDSOH-2017 is publicly available through the Statewide
Planning and Research Cooperative System (SPARCS). It contains de-identified discharge-
level details on patient characteristics, diagnoses, treatments, services, and charges
for 2,343,569 patients admitted in 2017 to the State of New York Hospitals [124].
There are a total of 33 attributes describing each patient in the dataset. After re-
moving financial and geographic information about each visit and field descriptions,
which are not useful for this task, there are 15 attributes left. All of the remaining

attributes are categorical except one, birth weight, which is expressed as an integer
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with zero representing those patients who are not newly born during the correspond-
ing visit. As part of data preprocessing, the categorical attributes are converted into
multiple boolean ones via the one-hot encoding technique, which results in a total
of 876 boolean attributes for each patient. Because individually identifiable infor-
mation such as the admission and discharge date and time of day is not present in
the dataset, the LOS is provided as the total number of patient days calculated as
(DischargeDate — AdmissionDate) + 1. Also, all stays greater than 120 days are
binned together with the label "120 +" and comprise 0.1% of the data. The LOS
distribution, depicted in Figure follows a power-law-like distribution with more
than 73% of the patient discharges within the first 5 days of stay. Figure depicts
the same distribution but with the y-axis following the logarithmic scale, which re-
veals the power-law-like character of the distribution. For further information about
the power-law distribution and its characteristics, see Clauset et al. [125]. Table
shows how the LOS attribute maps to the binary class labels for the experiments

described in this chapter.

5.3 Cold-start Simulation

To simulate the PU learning scenario that arises during cold-start transition periods,
we start with a fully labeled training set with labels corresponding to the binary
LOS splits shown in Tables and [0.2l Then, we randomly choose some of the
positive instances to form the positive set P while the remaining positive and negative
training instances form the unlabeled set U, thereby creating a PU dataset that
resembles the real LOS scenario as described above. We can then use PU learning
algorithms to estimate the latent class boundary and provide labels for the unlabeled
portion of the data and then train a traditional binary classifier on the relabeled
data. We use this classifier to label the testing set that represents the newly arriving
patients and compare the results with the ground truth, which is available to use
because the original data is fully labeled. Because patients could be arriving at
different rates, the percentage of unlabeled cases fluctuates in reality. Thus, we sweep
across different percentages of unlabeled positives and evaluate the effectiveness of
the proposed approach to predicting LOS in the corresponding cold-start scenarios.
When the percentage of unlabeled positives is zero, we obtain the optimal classi-
fier performance without using the relabeling approach since the data is fully labeled.
We denote this as the ORG performance in the results below. Opposite of ORG is the
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worst-case scenario, where the data is left untreated by the relabeling approach, and
the classifier learns directly from positive-unlabeled data as if it was positive-negative.
This result is expected under the negativity assumption detailed in Chapter [3] Sec-
tion B.5.20 We denote this case as NEG in the results.

5.4 Experiments

The overall machine learning pipeline is set up as follows. First, the dataset is ran-
domly subsampled (without replacement) down to 100,000 instances while maintain-
ing a specified class balance. This is done to reduce the required computation time
without sacrificing the experiment integrity. Then the data is split into training and
testing subsets via the 10-fold cross-validation procedure. At each fold, one-tenth of
the data is used for testing and the remainder for training. The final performance
metrics (e.g., accuracy and balanced accuracy) are averaged across all ten folds.

During the first step of the relabeling framework, we compare the relabeling strat-
egy presented in Chapter [4] denoted as DEAR, with two PU learning algorithms from
the literature. The one denoted EN is from the earlier seminal work by Elkan and
Noto [26], and the other, denoted as DEDPUL, is the more recent approach by Ivanov
that was shown to be effective across a wide range of scenarios [27]. It is worth noting
that, due to the nature of the data (detailed in the following section), the Gaussian
PDF estimator was not a suitable choice, and the results were obtained using the
histogram probability mass estimators.

During the second step of the relabeling framework, we utilize one of four common
classifiers: decision tree (DT), logistic regression (LR), K-Nearest Neighbor (KNN),
and Naive Bayes (NB) [87]. These are well-understood classifiers with different prop-
erties and characteristics. The main goal of the experiments is to investigate the
detrimental effect of unlabeling on a classifier’s performance and the ability of PU
learning approaches to mitigate this effect in the context of predicting LOS during
cold-start transition periods. Therefore, no hyperparameter tuning is performed, and
each classifier is trained using the default recommended settings as implemented in

the Python machine learning library scikit-learn version 0.24.1 [IT1].
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5.5 Results

5.5.1 Janatahack Dataset Experiments

Figure [5.2| shows how the classification accuracy is affected for the five configurations
(NEG, DEAR, EN, DEDPUL, and ORG) for different amounts of unlabeling and
using four different classifiers (Logistic Regression, Decision Tree, Naive Bayes, and
K-nearest neighbor). Similar to the synthetic example in Chapter , it can be ob-
served that the gap between NEG and ORG increases as the amount of unlabeling
increases. This gap is what the two PU learning techniques try to reduce. For the
ORG configuration, the best classifier is Logistic Regression, and in most cases, this
is true for most other configurations and amounts of unlabeling. Overall, DEDPUL
performs significantly better for PU learning than EN for all classifiers except for
the Nalve Bayes case, in which they both perform similarly. We speculate that this
is the case because the EN method is based on a probabilistic formulation which is
similar to the underlying probabilistic principles behind Naive Bayes. DEDPUL is
able to practically recover the original ORG performance even at extreme amounts
of unlabeling. The proposed DEAR approach outperforms EN in most cases, coming
close to and sometimes beating DEDPUL performance. DEAR obtains the best per-

formance on the class-balanced data and in cases with large proportions of unlabeled

positives.
Table 5.3: Janatahack Accuracy with (60/40 class proportion)
% unlabeled | classifier NEG EN DEDPUL DEAR ORG
LR 62.80 63.09 76.86 75.72 T7.27
0.5 DT 64.94 62.34 72.31 72.07 69.78
NB 62.60 61.65 64.06 62.11 63.41
KNN 63.65 58.11 70.76 70.54 69.09
LR 60.15 56.91 75.82 75.38 77.27
0.8 DT 62.10 58.33 72.87 73.36 69.78
NB 62.42 62.07 64.10 61.27 63.41
KNN 60.35 52.25 70.76 70.53 69.09

Table [5.3] focuses on two specific amounts of unlabeling (0.5 and 0.8) and shows
how the different configurations affect the classification accuracy for the four different

classifiers. As can be seen, for these amounts of unlabeling, the EN algorithm is not
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Figure 5.2: Accuracy with class-balanced Janatahack dataset.
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Figure 5.3: Accuracy with Janatahack dataset, 60-40 class balance.

60



Table 5.4: Janatahack accuracy with balanced classes.
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% unlabeled | classifier NEG EN DEDPUL DEAR ORG
LR 53.74 61.99 73.42 73.06 73.24

0.5 DT 59.00 62.98 68.61 70.13 67.82

NB 59.58 62.28 62.60 63.50 62.88

KNN 56.13 58.69 67.08 67.84 65.97

LR 50.14 58.29 72.41 73.36 73.24

0.8 DT 53.94 59.30 68.80 70.68 67.82

NB 56.38 61.93 61.58 62.54 62.88

KNN 50.62 55.12 66.48 67.45 65.97

as effective as DEDPUL, which achieved classification accuracy similar to the ORG.

The proposed DEAR approach also performed better than EN, achieving similar

results to DEDPUL but slightly worse. The interpretation of classification accuracy
could be affected by the prior class balance. Table shows similar results for the
case in which the two classes have an equal number of instances. Here, the proposed
DEAR approach attained slightly higher accuracy than DEDPUL. Because the data is

class-balanced, the classification accuracy score is the same as the balanced accuracy.

Finally, Table [5.5] shows the detailed results for all different amounts of unlabeling

and balanced class prior for the Logistic Regression, which is the best performing

classifier for this particular configuration. It can be seen that the EN algorithm is

able to improve the accuracy partially, but again, it is not as effective as DEDPUL

or DEAR.

Table 5.5: Accuracy of logistic regression with class-balanced Janatahack dataset.

% unlabeled NEG EN DEDPUL DEAR ORG
0.1 73.72 67.12 72.28 70.65 73.24
0.2 71.29 65.89 73.66 71.43 73.24
0.3 65.92 65.45 73.95 72.54 73.24
0.4 58.93 63.67 73.76 72.96 73.24
0.5 53.74 61.99 73.42 73.06 73.24
0.6 51.45 60.70 73.04 73.54 73.24
0.7 50.51 59.16 72.94 73.63 73.24
0.8 50.14 58.29 72.41 73.36 73.24
0.9 50.04 57.08 71.86 72.44 73.24
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Figure 5.4: Logistic Regression with NYSDOH <2 vs. >2 dataset.
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Figures [5.4] and show how the classification performance of logistic regression

is affected for different amounts of unlabeling for the four configurations (NEG, EN,
DEDPUL, ORG) and two different LOS splits. Similar to the Janatahack dataset,

the gap between NEG and ORG increases as the amount of unlabeling increases.

As can be seen from the figures, using a PU learning approach recovers the classi-

fication performance to a large extent and brings it close to the ORG performance.
Overall, the DEDPUL algorithm performs better than the EN algorithm, but it is

more computationally expensive. Tables and show the confusion matrices for

the same two splits and, similarly, we can see that the degradation in classification

accuracy is recovered. Looking at the results at the confusion matrix level of detail
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Table 5.6: DEDPUL with NYSDOH <2 vs. >2 where 50% positives are unlabeled.

setual ORG NEG RELABELED
e P N P N P N

P 48,816 | 12,967 | 8,409 402 | 47,083 | 11,982

N 12,699 | 25,518 | 53,106 | 38,083 | 14,432 | 26,503
accuracy 0.743 0.465 0.736
bal. acc. 0.728 0.563 0.727

Table 5.7: DEDPUL with NYSDOH <3 vs. >3 where 20% positives are unlabeled.

setual ORG NEG RELABELED
e P N P N P N

P 29,979 | 10,543 | 22,702 | 5,745 | 28,354 | 9,230

N 13,663 | 45,815 | 20,940 | 50,613 | 15,288 | 47,128
accuracy 0.758 0.733 0.755
bal. acc. 0.750 0.709 0.742

also reveals that the amount of unlabeled positives has a specific effect on classifiers
trained in both situations: on the relabeled data (treated) and with the negativity
assumption (untreated). In both cases, the classifier exhibits a bias towards the neg-
ative class, recovering more true negatives than in the ORG case, albeit at the cost

of true positives.

5.6 Conclusions and Future Work

The experiments detailed in this chapter and their results demonstrate how the per-
formance of a classification system trained to predict patients’ LOS at a hospital can
be negatively affected during cold-start transition periods. The drop in performance
can be significant, especially when a large percentage of the samples is unlabeled.
This degradation can be mitigated via PU learning methods bringing classification
performance close to what can be obtained during stable state periods when fully
labeled data is available.

In many cases, experiment results show that the original (ORG) classification
performance can be fully recovered through the use of PU methods. The results
indicate that in most cases, the DEDPUL algorithm performs the best. Between the
other two, EN works better for the NYSDOH dataset and DEAR for the Janatakack
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dataset. As for time requirements, the EN algorithm is significantly faster to train, but
DEDPUL usually performs better. While keeping in mind that the speed of DEAR
depends on the underlying density estimator, the experiment results presented in
this chapter were obtained using the simple uni-variate histogram probability mass
estimator (under the feature-independence assumption). As a result, DEAR was
significantly faster than the other two approaches.

There are many future work directions. An obvious one is to investigate more PU
learning algorithms and datasets that represent the LOS problem. A more dynamic
simulation of incoming and discharging patients could be conducted to explore a
combination of PU learning and online learning techniques. This chapter mainly
focused on investigating the effects of different amounts of unlabeling during the
cold-start transition period. However, there is an interesting interplay between prior
class balance and unlabeling proportions. We have informally observed that the
effectiveness of PU learning techniques reduces significantly when the original data
exhibits significant prior class imbalance. Adapting existing PU learning approaches

to this scenario would be another direction for future work.
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Chapter 6

Treating Weakly Labeled Music
Auto-Tagging Data

Music tagging, also known as semantic annotation, is a process of assigning labels
or tags to music pieces that provide meaningful descriptions and help categorize and
search music collections. The ever-increasing amount and growth rate of digital music
content is supported by the developments in automated music recommendation and
retrieval systems. Most such systems nowadays are data-driven, which means they
rely on the quality of the underlying data, such as semantic tags.

Arguably, human listeners are the best and, in some cases, the only source of
semantic tags, e.g., genre or mood. There are many ways of acquiring tags from
human listeners. Turnbull et al. discuss their strengths and weaknesses and identify
five distinct categories [21I]. The different methods vary in their scalability and the
quality of tags they produce. The most common include mining web pages and social
networking sites. For instance, Last.fm, a social networking website, has a mechanism
by which users can add free-text annotations to music pieces and, in turn, use these
annotations for search and retrieval. However, these approaches are also the source
of many issues, one of which is the focus of this chapter, specifically the problem of
weakly labeled data. One of the more reliable methods of procuring good quality
annotations is by surveying music experts using a set of well-defined questions, a
controlled vocabulary of annotations, and some level of inter-annotator agreement.
For example, Pandora Radio, a music streaming service, employs full-time music
experts whose primary role is to listen to music and provide annotations used by

Pandora’s recommendation and playlist generation algorithms. However, due to the
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high cost and poor scalability of such methods, automated approaches are in demand,
and many auto-taggers have been proposed in the research literature.

The goal of music auto-tagging is to create a system that can accurately assign a
tag label to each newly arrived music piece only if the tag is a valid semantic descrip-
tor for it. When dealing with only one tag, it is equivalent to binary classification
because either the tag describes the music piece or it does not; both cannot be si-
multaneously true. However, when working with multiple tags, more than one tag
can be simultaneously valid for the given piece of music. For example, a happy and

nn

upbeat pop song could be tagged simultaneously as "happy," "upbeat," and "pop,"
but not "downbeat" or "sad." This situation corresponds directly to the multi-label
classification problem [23] in machine learning.

The auto-tagging problem is typically cast as a multi-label classification problem.
Earlier auto-tagging systems assume no correlations among tags and often decom-
pose the multi-label problem with n tags into n binary classification problems via
the binary relevance approach. This chapter follows the same schema, and a sep-
arate classifier is trained for each tag. As is evident from auto-tagging, and more
generally, from multi-label classification literature, capturing label correlations and
incorporating them into the system can yield better results. However, the central
topic of this chapter is the problem of missing labels, which could compound the
difficulty of adding label correlations into the system. Thus, it is left to future work,
and the focus here is on improving the individual binary classifiers as the first step.

Auto-tagging systems are usually trained using tag labels provided by human
listeners. In many cases, this labeling is weak, which means that the provided tags
are valid for the associated tracks, but there can be tracks for which a tag would be
valid but not present. When considering weakly labeled data from the perspective of
a binary classifier within the binary relevance decomposition, it can be thought of as a
particular case of semi-supervised learning where only some of the positive instances
are labeled while the unlabeled data consists of both positive and negative instances.
Then, the task is to learn a classification model that can distinguish between newly
arrived positive and negative instances even though no labeled negative examples are
available during training, which is known as the PU learning problem.

There is a considerable degradation in system performance if trained on data with
missing labels in all three cases: music auto-tagging [51], [72], multi-label classifica-
tion [23]|, and PU learning [3]. Because of how analogous these situations are, it

seems reasonable to try and improve the overall system’s performance by treating
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the weakly labeled music tags with PU learning approaches before using them for

training an auto-tagger.

6.1 Proposed Approach

When training an auto-tagger on weakly labeled data, we can preprocess the data
using PU methods to obtain a better performing system than we would otherwise.
Following the schema of early music auto-taggers, we can decompose a multi-label
problem with 7" labels into T binary classification problems, one per label, by making
the binary relevance assumption that there is no correlation between labels. In the
case of weakly labeled multi-label data, when y, = 0 for a particular t € T, it
could mean that the corresponding tag is not valid for the given data instance, or it
could mean that the tag is valid but was not labeled as such. Thus, applying binary
relevance yields T independent positive-unlabeled problems that can be solved using
approaches from the PU learning literature. There is an implicit assumption that
the number of tags is fixed at T'; therefore, the annotation vocabulary must be finite,
which is not always the case, but it is usual in music annotation [21].

The proposed approach follows the two-step relabeling framework described in
Chapter [3| Section independently for each binary classifier within the binary
relevance framework. In the first step, we categorize the unlabeled instances into
likely positive and likely negative ones via a PU learning algorithm. In the second
step, we train a traditional binary classifier on the newly labeled data. We omit the
optional third step but provide experimental results for different binary classification
algorithms. After applying this treatment for all tags, we obtain our auto-tagger

consisting of T" independent binary classifiers, one per tag.

6.2 Data

This chapter includes the results from three publicly available music datasets summa-
rized in Table[6.1]and detailed below: GTZAN [126], MTT [127, 128], and C10K [129)].
Two of the datasets are distributed with 30-second audio clips from which MFCC fea-
tures are computed via the librosa 0.8.0 library (default settings) [130]. For C10K
dataset, we use the pre-computed MFCC features that are distributed with it. Music
tags used for the experiments come from three different sources: survey, game, and

auto-tagging. The different sources of music tags vary in their scalability and the
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quality of tags they produce; for a detailed comparison and discussion, see Turnbull
et al. [21]. Their "comparison includes a discussion of both scalability (financial cost,
human involvement, and computational resources) and quality (the cold start prob-
lem & popularity bias, strong vs. weak labeling, vocabulary structure & size, and
annotation accuracy)." [21]

The GTZAN dataset [126] is one of the usual baselines for a music retrieval system
being relatively small in size and having a balanced sample from ten different western
music genres. Since there are no tags provided with the dataset, they are computed
from the audio features using a pre-trained auto-tagger called musicnn [131] [132].
There are several musicnn configurations provided, the experiments presented here
use the system trained on the M'TT dataset. This auto-tagger is capable of outputting
top-n tags with n ranging from 1 to 50. The experiments were carried out with
different values for n and the results presented here are from the top-10 configuration,
denoted as GTZAN-10.

The MTT dataset [127] was created as part of research on the evaluation of audio
tagging algorithms. Law et al. collected its annotations using an online game called
"TagATune." The dataset contains only those tags that are associated with a clip only
if it was generated independently by more than two players, and each tag is associated
with at least 50 clips. Because this dataset is distributed with audio, we can obtain
an additional set of tags from the musicnn auto-tagger. As with the abovementioned
GTZAN dataset, the results include the top-10 configuration allowing us to compare
the two datasets on equal footing. Additionally, we can compare the effects of weak
labeling between different tags sources for the same audio.

The C10K dataset [129] contains three weakly labeled sets of tags that were har-
vested from Pandora’s website. The experiments presented here use the acoustic
subset consisting of 354 tags with the expectation that they are better represented in
the audio features as opposed to genres, which are culturally derived.

The choice of features can affect the classifier performance, and thus for the
datasets with audio, the features are extracted in an identical way. Tags can also
add experimental complications; for example, some tags are easier to predict than
others. One of the solutions proposed in the literature is to remove the tags from
the training data that cannot be predicted beyond some threshold [133] 134]. Thus,
two more datasets are created: MTT-O-50 and C10K-0O-50, by selecting only the top
50 most popular tags in terms of support (i.e., number of tracks for which the tag is
valid).
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Table 6.1: Music datasets and their statistics. Grey background indicates that train-
ing tags were generated by an auto-tagger, white - by humans.

Dataset Type of | Num. of | Num. of | Num. of | Tags Per | Tracks | Audio
Notation Tags Tracks | Features Tags Track | Per Tag | Lengths
GTZAN-10 | musicnn | 1,000 40 49 10 0.200 30s
MTT-10 ml%si‘cnn 25,851 m 50 10 0.200 205
MTT-O original 188 3.46 0.018

C10K-O original | 10,061 26 354 8.74 0.025 none

6.2.1 Simulating Missing Labels in Data

To simulate the weakly labeled scenario, we start with fully labeled training data.
Then, for each tag, we randomly choose a pre-determined proportion of samples
where y; = 1 and set their y; to 0, thereby unlabeling them. This selection method
satisfies the SCAR assumption discussed in Section [3.5.1] and synthetically creates a
weakly labeled version of a multi-label dataset where each individual tag corresponds
to a PU learning problem suitable for PU learning algorithms. When the percentage
of unlabeled positives is zero and the dataset is left in its original state, we denote the
auto-tagger performance as original ORG. When the unlabeling procedure modifies
the dataset, and the classifier learns under the negativity assumption discussed in
Section [3.5.2] its results are denoted as NEG, and we would expect the auto-tagger
to perform worse than in the ORG case. To evaluate the effect of missing labels
in the data and their treatment with PU learning, we can try different amounts of
unlabeling and compare the auto-tagger performance with the data treated by our
proposed approach versus the NEG auto-tagger and expect an improvement on the

latter.

6.3 Experiments

The effectiveness of the proposed approach is evaluated using logistic regression
(LR) [87]. The main goal of the experiments is to understand the detrimental effect of
missing labels on auto-tagging performance and the ability of PU learning approaches
to mitigate this effect. Therefore, no hyperparameter tuning is performed, and each
classifier is trained using the default recommended settings. The scikit-learn-0.24.1

Python machine learning library is used [I11]. In the case of the DEAR approach,
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the Gaussian distribution estimator is a suitable choice for the statistical summaries
of the MFCCs.

Each dataset is split into training and testing subsets via the 5-fold cross-validation
procedure. At each fold, 20% of the dataset instances are selected randomly (i.i.d)
without replacement for testing the classifiers, and the remaining 80% of the data is
used for training. The final figure of merit (e.g., AUCROC) is summarized across all
folds using the arithmetic mean.

In music auto-tagging, a common approach for evaluating the model’s performance
is to report for each experiment configuration the mean area under the receiver op-
erating characteristic curve (AUCROC). First, the AUC is computed for each tag
category, in our case for each classifier in the binary relevance decomposition, then
their arithmetic mean is computed across all tags respectively. The AUCROC can
be computed for each tag using either the discrete (1 or 0) classifier outputs or the
continuous probabilistic ones (if supported by the classifier).

F1-score and recall add further detail to the analysis in this chapter. They are
computed for both the auto-tagger output during the testing stage and the relabeled

training data.

6.4 Results

First, let’s examine the effects of weakly labeled training data in music auto-tagging
using the methodology described in the previous sections. The first question we
wanted to investigate was how weak labeling affects the effectiveness of auto-taggers.
The weak labeling process can be artificially simulated as described in Section [6.2.1]
Ideally, this simulation should be applied to strongly labeled data in which the pres-
ence or absence of a tag is verified. However, existing datasets with tags are known
to have weak labels. For example, Law et al. [128] run a post-hoc experiment where
the "results show that when humans evaluate the retrieved list, the mean average
precision of all methods are significantly higher than if we use the ground truth tags
as the judge." using the MTT dataset.

The tags that are automatically predicted using a state-of-the-art auto-tagger
based on deep neural networks (musicnn) can serve as a good proxy for strong la-
bels [131} 132]. Because these tags are predicted consistently across all tracks, we
know that there is no inherent weak labeling. In addition, because the selected tags

are predicted with higher confidence, we also know that these tags can be predicted
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Table 6.2: AUCROC of LR (above) and DT (below)

Logistic Regression
Dataset % unlabeled | MOD | EN | DEDPUL | DEAR | ORG

0.3 0.651 | 0.659 0.654 0.749 | 0.716

GTZAN-10 0.5 0.594 | 0.632 0.627 0.741 | 0.716
0.7 0.541 | 0.588 0.588 0.715 | 0.716

0.3 0.635 | 0.812 0.757 0.761 | 0.727

MTT-10 0.5 0.560 | 0.811 0.764 0.757 | 0.727
0.7 0.510 | 0.809 0.768 0.751 | 0.727

Decision Tree
Dataset % unlabeled | MOD | EN | DEDPUL | DEAR | ORG

0.3 0.635 | 0.632 0.629 0.719 | 0.684

GTZAN-10 0.5 0.595 | 0.597 0.591 0.703 | 0.684
0.7 0.551 | 0.557 0.566 0.685 | 0.684

0.3 0.688 | 0.810 0.752 0.758 | 0.771

MTT-10 0.5 0.635 | 0.804 0.758 0.752 | 0.771
0.7 0.581 | 0.796 0.757 0.746 | 0.771

reliably from audio features. These reasons give us more confidence that what we ob-
serve when simulating weak labeling and how PU learning can address the problem
is similar to what would happen if we had “true” strong labels. The simulated weak
label experiments also serve as a way to establish terms and vocabulary around this
problem. The next subsection investigates how PU learning can address auto-tagging
of original human-provided tags, where there’s probably some proportion of missing
labels to begin with.

Table shows how the AUCROC of a logistic regression and decision tree classi-
fiers is affected for different configurations and amounts of unlabeling. The AUCROC
in this table is computed using the discrete (0 or 1) classifier outputs. The ORG score
is obtained using the original positive and negative labels for training without any
unlabeling. The NEG score is obtained by considering all the unlabeled samples as
negative (the negativity assumption). It can be observed that the difference/gap be-
tween NEG and ORG increases with the amount of unlabeling. This gap is caused
by the simulated weak labeling, and it is what the two PU learning techniques try
to reduce. For the ORG configuration, the best auto-tagger uses Logistic Regression

(LR), and in most cases, this is true for other configurations and amounts of unla-
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beling. The three PU learning approaches (EN, DEDPUL, DEAR) are successful at
mitigating the effect of weak labeling and improving auto-tagger performance, bring-
ing it closer to the ORG configuration. The DEAR approach obtains best AUCROC
scores with the GTZAN-10 dataset and EN with MTT-10.

Figure shows a more detailed view of these experiments for MTT, showing
the changes in the Fl-score for each tag. The decrease caused by the simulated
weak labeling can be observed as the gap between the NEG (orange) and ORG (red)
curves. All PU learning algorithms are able to improve the F1 reducing the gap. Two
different views of identical results are provided: one sorted by tag support and one
sorted by the ORG F1l-score. One can observe that there is a correlation between
higher support and better predictability, but it is not strict.

Figurel|6.2| provides a more detailed view of the unlabeling followed by the proposed
PU learning treatment and then auto-tagging. The two top plots show how relabeling
the samples of the training set to positive and negative affects recall and F1-score for
individual tags (relabeled training data). After this relabeling process, a new auto-
tagger is trained and used to predict the test set. Figure 6.2 shows the corresponding

recall and F1-score in the bottom row.

Table 6.3: AUCROC of LR and DT auto-taggers with different datasets at 70% of

positives unlabeled.

Dataset Clfassifier | NEG | EN | DEDPUL | DEAR | ORG
GTZAN-10 LR 0.541 | 0.588 0.588 0.715 | 0.716
DT 0.551 | 0.557 0.566 0.685 | 0.684

MTT-10 LR 0.510 | 0.809 0.768 0.751 | 0.727
DT 0.581 | 0.796 0.757 0.746 | 0.771

MTT-O LR 0.501 | 0.576 0.575 0.692 | 0.514
DT 0.511 | 0.570 0.566 0.691 | 0.542

CL0K-O LR 0.501 | 0.528 0.533 0.666 | 0.510
DT 0.509 | 0.525 0.523 0.665 | 0.531

MTT-0-50 LR 0.501 | 0.750 0.720 0.767 | 0.546
DT 0.527 | 0.722 0.697 0.701 | 0.595

C10K-0-50 LR 0.501 | 0.650 0.646 0.711 | 0.534
DT 0.519 | 0.612 0.610 0.643 | 0.563




73

1.0

1.0 7

EN —— DEDPUL —— DEAR —— ORG support

EN —— DEDPUL —— DEAR —— ORG © support —— NEG

—— NEG

0.8 1

0.6

0.4

3

PU=0

)

a

—— DEDPUL

1.0

1.0 7

EN —— DEDPUL —— DEAR —— ORG support

+ support —— NEG

—— ORG

—— DEAR

— EN

—— NEG

0.8 1

0.6

0.4 1

F 23101 ajewsa
B30A 3|ews;
n

0.8 1

0.6

0.4

5

PU=0

)

C

—— DEDPUL

1.0

1.0 7

EN —— DEDPUL —— DEAR —— ORG support

- support —— NEG

—— ORG

—— DEAR

— EN

—— NEG

0.7

PU

I S1ea
.

)

(f

w
510N 9]eway

I |edoyd

- 9210A ou

L 33lon

F Siucispe
L me_.m
[ ouyray

[ eJa!

7

) PU=0

(e

LR with MTT-

0.8 1

0.6

0.4 1

0.2

10 dataset at different levels of unlabeling sorted by fl-

left) and support (right).

igure 6.1:

F

(

score



74

—— NEG —— EN —— DEDPUL —— DEAR = sup ~—— NEG —— EN —— DEDPUL —— DEAR - sup

0.8 0.8

0.6 1 0.6
0.4

0.4

024 (i 0.2

0.0 0.0

(c) Auto-tagger recall. (d) Auto-tagger Fl-score.

Figure 6.2: Recall and fl-score with GTZAN-10 from the relabeled training data
(above, sorted by support) and the final LR auto-tagger (below, sorted by ORG F1)

6.4.1 Original Tags

Figure |6.3| shows the experiment results with the original tags for the MTT and
C10K datasets (as opposed to musicnn tags). The one on the left is a complete set
of labels, and on the right consists of the top-50 most populous ones. As can be seen
in Table the auto-tagger learned from the original labels after they are treated
by PU learning methods performs much better than the one trained on the original
data, one of which (C10K) we know to be weakly labeled [129]. This result can also
be seen in Figures [6.3b] and [6.3d] especially at the left side of the plot. Note that
in Table the AUCROC is computed on the binary classification outputs. This is

more indicative of how well the PU-learning approach is able to recover the predicted

labels without taking into account the probabilistic output.
Based on the observations with simulated weak labeling, we can expect that apply-

ing PU learning to a tagging problem with weak labels can lead to improved results.



5

1.0 7 1 1.0 1
~—— NEG —— EN —— DEDPUL —— DEAR —— ORG - support —— NEG —— DEAR — EN —— DEDPUL —— ORG -+ sup

0.8 1
0.8

(a) MTT-O. (b) MTT-0O-50.
1.0 ; 1.007 |
—— NEG —— EN —— DEDPUL —— DEAR —— ORG - support —— NEG —— DEAR —— EN  —— DEDPUL —— ORG sup
0.75
0.50
0.8
0.25
000! e
QcooNYCYNNNNL N coLnw DL NNOEUN S
FOEELESSHULLT G <] OClao Sl855o387LS
e R e o S ety 38365 gagsE
RS v =Er=R =t i At i i o SogE
$OREo0gTEEEos 0900 EREEIVESEOS S¥ S50 PERSY oHen
8505 SQBSAEgo5cE YiBus GuBdo SY0 555 Ta0Ss o8 £
208E "EozPg mRoos 28292 T2T, mEE 4% 5USRD 83 g
9530 gonios SouBF B89 £% §sg x5 o g
‘EoE £9E3v° TG, g £ LsE ELC & g g & >
Sey 88 Y8 &L9ES L o 02 %% T g Ee o
£ £ = 9 035 ® .2 9 ° 2 >
a8 T o B 3£ o= @9 ©c 85 0
5 = 7 G 3% ? E °F °
£ g S S8 & £
c
5 -‘i:; s
oz
mo
o8
o
3
x
E
(¢) C10K-O. (d) C10K-O-50.

Figure 6.3: LR auto-tagger F1 with MTT-O and C10K-O and 70% unlabeling, sorted
by the ORG F1, complete (left), top-50 tags (right)

Table shows the results of applying the two PU learning approaches to datasets
directly (w/o unlabeling). As can be seen, for the GTZAN-10 dataset, which contains
“proxy” strong labels, the PU learning actually reduces AUCROC as there is no weak
labeling. In contrast, for the other four datasets in which original labels are used,
the use of PU learning results in improved AUCROC. Note that the AUCROC in
these experiments is computed on the binary classifier outputs. These experiments
are performed using the LR base classifier. As expected, the scores and associated
improvement are higher when the top 50 tags are used. These experiments suggest
that there is inherent weak labeling in the original tags for these datasets and that the

proposed PU learning approach is effective at improving auto-tagger performance.
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Table 6.4: AUCROC of LR without any unlabeling

Dataset ORG | EN | DEDPUL
GTZAN-10 | 0.715 | 0.686 0.673

MTT-O 0.514 | 0.655 0.639

C10K-O | 0.510 | 0.589 0.590
MTT-0O-50 | 0.546 | 0.762 0.724
C10K-0O-50 | 0.534 | 0.690 0.672

6.5 Discussion and Future Work

This chapter investigated how using weakly labeled data leads to reduced auto-tagging
performance on three datasets with different characteristics. Using a simulation of
unlabeling and experimentally investigating different PU learning approaches, we can
observe that the deterioration of auto-tagging performance can be significant, espe-
cially when there are large amounts of unlabeling. This deterioration can be mitigated
using PU learning methods. In many cases, experiment results show that the original
(ORG) auto-tagger performance can be fully recovered. The results indicate that, in
most cases, the EN algorithm is significantly faster to train and often performs better
than the DEDPUL algorithm. The DEAR performance is somewhere between the
other two, sometimes even better than both (e.g., GTZAN). This conclusion is, to a
large extent, independent of classifier and amount of unlabeling.

It is important to note that the SCAR assumption is probably not the best for
music tags. For example, a listener might assume that a track that already has been
tagged as heavy metal does not need to be tagged as electric guitar even though such
a tag would be valid. There are also situations in which weak labeling might arise
indirectly, such as synonyms like female voice and female vocals, or antonyms like fast
and slow. In this case, the unlabeled samples for each synonym will frequently be
labeled with the other synonym, and the antonym’s negated version could be missing.
Therefore, it is worth investigating the different situations whereby a tag would be
missing from a track and incorporate the appropriate strategies into approaches that
aim to work with weakly labeled data.

We used a basic binary relevance auto-tagger [I135] while focusing on the effects
and treatment of weakly labeled training data. We expect that more sophisticated
systems such as the ones that use self-attention convolutional neural networks and

scattering transform [136] would benefit as well. It would be interesting to see the
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proposed approach in the context of methods that prioritize few relevant tags rather
than many irrelevant ones, promote hard to predict infrequent but rewarding tags,
work with long tails, or deal with synonyms [511, 137].

In the broader context of multi-label learning, there are multiple ways of incorpo-
rating a binary classifier into a multi-label system, including those that take advantage
of label correlations, such as label ranking, classifier chains, and label power set [18].
However, their performance is negatively affected by missing labels, and there is ongo-
ing research on the topic [23]. For instance, Bi and Kwok propose incorporating label
correlations in the presence of weak labels and show that binary relevance outper-
forms classifier chains [138]. More recently, Teisseyre investigated how the classifier
chains algorithm, designed specifically for multi-label learning, is negatively affected
when there are missing labels in the training data [139].

The use of traditional figures of merit such as AUCROC and F1-score has been
shown to not always be reflective of how the system would perform in the real
world [T40]. A more reliable way to evaluate the effect of PU learning when training
using weak labels in auto-tagging could be a post-hoc analysis of the results by human
listeners [128]. However, this could require significant human labor, especially when
multiple datasets, algorithms, and configurations need to be considered.

In addition to the above, there are several directions this work can take. For
instance, it would be beneficial to investigate more sophisticated simulations of weak
labeling, such as unlabeling all tags of a particular track or taking into account tag
correlations. The use of PU learning for training from weak labels can also be inte-
grated with more complex auto-taggers that are based on deep learning. Evaluating
this approach with additional datasets as well as other modalities such as video and

images would also be interesting.
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Chapter 7
Conclusion and Future Directions

The focus of this dissertation has been the problem of Positive-Unlabeled (PU)
learning. A modular and flexible approach for treating the non-traditional positive-
unlabeled data prior to learning a traditional binary (positive-negative) classifier is
proposed. The approach is based on a two-step relabeling technique common in PU
learning literature. Different method of density estimation can be used in the first
step followed by different classifiers for the second step. This approach is compared
throughout the thesis with two existing algorithms from the literature, one of which
(DEDPUL) was recently shown to attain the current state-of-the-art performance [27].
Additionally, two application scenarios in which ideas from PU-learning can be
leveraged to solve important problems are investigated. In the healthcare setting,
when predicting the length of stay (LOS) in a hospital using machine learning ap-
proaches, PU-learning can be used during cold-start and transition periods where
the probability distributions and densities of the problem change over time. During
these periods, some of the data is reliably labeled but some needs to be considered as
unlabeled. Through a variety of experiments with different datasets, classifiers, and
PU-learning strategies we show that taking advantage of PU-learning approaches,
including the one proposed in this thesis, can lead to significant improvements in the
effectiveness of predicting length of stay as compared to a more traditional approach
of treating the unlabeled samples as negative samples during transition periods.
The problem of missing labels (weakly labeled data) arises naturally in auto-
tagging scenarios where multimedia items such as music tracks are annotated by
humans with multiple labels/tags. For various reasons there are many cases in which
a tag that would be considered relevant for a particular track is not identified as

such. If each tag is considered individually this weak labeling can be modeled as a
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PU-learning process. A common machine learning method for training auto-tagging
systems is binary relevance decomposition where each tag is considered separately as a
binary classification problem. Using experiments with datasets for music auto-tagging
we show that unlabeling can deteriorate the effectiveness of ML-based auto-tagging
systems and that taking into account the potential unlabeling and using PU-learning
approach to reduce its effect can lead to significantly better results. Our experiments
also show that even when no synthetic unlabeling is performed, PU-learning can lead
to improved effectiveness suggesting that existing music auto-tagging datasets are

weakly labeled.

7.1 Future Directions

In the previous chapters, the contributions of this dissertation and directions for future
work for each one of them have been described. We summarize these directions for

future work in this section.

7.1.1 Density Estimation Asymmetric Relabeling

The proposed approach is modular and allows different density estimation and classi-
fication algorithms to be used. More extensive experiments with different approaches
to density estimation, PU learning methods, and classification algorithms can be
performed to provide guidelines for what works best. It is likely that this decision
depends on the specifics of the problem. Another important direction for future work
would be to incorporate additional information, such as class priors, feature corre-
lations, and label correlations, so that they can be taken into account during the

relabeling process of the algorithm.

7.1.2 Predicting length of stay

Experimental results presented in Chapter [ confirm that PU approaches can be useful
in mitigating, to some degree, the negative effects of sudden statistically significant
changes in data used for predicting patients’ length of stay (LOS) at a healthcare
unit. However, the simulation can be improved in many ways to resemble more closely
real life scenarios in the following ways. The arrival and discharge of patients in the

hospital can be modeled more accurately using stochastic modeling informed by actual
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hospital records. This would correspond to a more dynamic online learning situation
in which the amount of unlabeling (and associated PU-learning) would fluctuate over
time. It would be an interesting challenge to investigate how the proposed DEAR
approach (as well as other PU-learning approaches) could be adapted to this online

scenario.

7.1.3 Music auto-tagging

In music auto-tagging, it is possible that the weak labeling process is not performed
independently for each tag. For example, correlated tags might affect whether unla-
beling takes place or not. As an extreme example in the case of synonyms (female
voice, female singer) if they are treated as separate tags the unlabeled samples for
one of the synonyms will correspond to the labeled samples of the other. It is also
possible that the unlabeleing is correlated at the track level rather than the tag level.
For example a new track might not have enough human tag annotations. It would
be interesting to investigate these more complicated unlabeling scenarios through
simulation and devise approaches better suited to address them.

Most modern music auto-tagging systems are based on deep-learning apporaches
and provide predictions for all tags simultaneously. These systems have been shown
to outperform more traditional ML approaches such as the ones investigated in this
paper. Incorporating PU-learning approaches to such architectures is not trivial as
the feature extraction and classification stages are to some extent combined into the
network. It might be possible to use truncated layers and transfer learning to address

this issue.
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