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ABSTRACT

Music emotion recognition (MER) is an emerging domain of the Music Information
Retrieval (MIR) scientific community, and besides, music searches through emotions are

one of the major selection preferred by web users.

As the world goes to digital, the musical contents in online databases, such as
Last.fm have expanded exponentially, which require substantial manual efforts for

managing them and also keeping them updated. Therefore, the demand for innovative and



adaptable search mechanisms, which can be personalized according to users’ emotional

state, has gained increasing consideration in recent years.

This thesis concentrates on addressing music emotion recognition problem by
presenting several classification models, which were fed by textual features, as well as
audio attributes extracted from the music. In this study, we build both supervised and semi-
supervised classification designs under four research experiments, that addresses the
emotional role of audio features, such as tempo, acousticness, and energy, and also the
impact of textual features extracted by two different approaches, which are TF-IDF and
Word2Vec. Furthermore, we proposed a multi-modal approach by using a combined
feature-set consisting of the features from the audio content, as well as from context-aware
data. For this purpose, we generated a ground truth dataset containing over 1500 labeled
song lyrics and also unlabeled big data, which stands for more than 2.5 million Turkish
documents, for achieving to generate an accurate automatic emotion classification system.
The analytical models were conducted by adopting several algorithms on the cross-
validated data by using Python. As a conclusion of the experiments, the best-attained
performance was 44.2% when employing only audio features, whereas, with the usage of
textual features, better performances were observed with 46.3% and 51.3% accuracy scores
considering supervised and semi-supervised learning paradigms, respectively. As of last,
even though we created a comprehensive feature set with the combination of audio and
textual features, this approach did not display any significant improvement for

classification performance.
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OZET

Miizik duygusu tanima, miizik bigisi ¢ikarim bilimsel toplulugunun yeni
gelismekte olan bir alanidir ve aslinda, duygular iizerinden yapilan miizik aramalari, web

kullanicilan tarafindan kullanilan en 6nemli tercihlerden biridir.

Diinya dijitale giderken, Last.fm gibi ¢evrimigi veritabanlarindaki miizik igerikleri
katlanarak genislemesi, igeriklerin yonetilmesi ve giincel tutulmasi i¢in dnemli bir manuel
caba  gerektiriyor. Bu nedenle, kullanicilarin  duygusal durumuna  gore
kisisellestirilebilecek ileri ve esnek arama mekanizmalarina olan talep son yillarda artan

ilgi gdrmektedir.



Bu tezde, metinsel bazli 6zelliklerin yanisira miizikten tiiretilen sessel niteliklerle
beslenen ¢esitli siniflandirilma modelleri sunarak, miizik duygu tanima problemini ele
almaya odaklanan bir ¢erceve tasarlamistir. Bu ¢alismada, tempo, akustiklik ve enerji gibi
ses Ozelliklerinin duygusal roliinii ve, iki farkli yaklasimla, TF-IDF ve Word2Vec, elde
edilen metinsel 6zelliklerin etkisini, hem denetimli hem de yar1 denetimli tasarimlarla, dort
arastirma deneyi altinda ele aldik. Ayrica, miizikten tiiretilen sessel 6zellikleri, igerige
duyarl verilerden gelen 6zelliklerle birlestirerek, ¢ok modlu bir yaklagim 6nerdik. Yiiksek
performansli, otomatik bir duygu siniflandirma sistemi olusturmayi basarmak adina,
1500'den fazla etiketli sarki sozii ve 2.5 milyondan fazla Tiirk¢e belgenin bulundugu
etiketlenmemis biiylik veriyi igeren temel bir gercek veri seti olusturduk. Analitik modeller
Python kullanilarak capraz dogrulanmis veriler iizerinde birka¢ farkli algoritma
benimseyerek gergeklestirildi. Deneylerin bir sonucu olarak, sadece ses oOzellikleri
kullanilirken elde edilen en iyi performans %44,2 iken, metinsel o6zelliklerin
kullanilmastyla, sirasiyla denetimli ve yar1 denetimli 6grenme paradigmalar1 dikkate
alindiginda, % 46,3 ve % 51,3 dogruluk puanlari ile gelismis bir performans gozlenmistir.
Son olarak, sessel ve metinsel 6zelliklerin birlesimiyle olusturulan biitiinsel bir 6zellik seti
yaratmis olsak da, bu yaklasimin siiflandirma performansi i¢cin dnemli bir gelisme

gostermedigi gozlemlendi.
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CHAPTER 1

INTRODUCTION

While the world goes into digital, extensive music collections are being created and
become easily accessible. Thereby, the time and activities connecting music have found much
more place in human life, and even people have started to involve music in their daily routines,
such as eating, driving, and exercising (Tekwani, 2017). Also, in society, the emotional
tendency of listeners has been manipulated by music, and affective responses to music have
been evidenced in everyday life, such as background music in advertisements, in transportations

during travel, and in restaurants (Duggal et al., 2014). Briefly, music is everywhere.

In scientific respect, music was described as “a universal, human, dynamic, multi-
purpose sound signaling system” by Dr. Williamson, who is psychology lecturer at Goldsmith's
College, London Music has been evaluated as universal because traditionally, almost every
culture has its folkloric music. Drums and flutes have been found as primary instruments dating
back thousands of years. Moreover, music is multi-purpose so that it can be used for identifying
something, or it can encourage a crowd for bringing them together, or it can be employed for
emotional trigger (Temple, 2015). Besides, Artist Stephanie Przybylek, who is also a designer
and educator defined music as a combination of coordinated sound or sounds employed to

convey a range of emotions and experiences (Przybylek, 2016).

In previous researches with the conventional approach, musical information has been

extracted or organized accordingly the reference information, which depending on metadata-



based knowledge such as the name of the composer and the title of the work. In the area of
Music Information Retrieval! (MIR), a significant amount of research has been devoted to some
standard search structures and retrieval categories, such as genre, title, or artist, which can be

easily found common ground, and quantified to a correct answer.

Even though this primary information will remain crucial, information retrieval, which
depends on these attributes, is not satisfactory. Also, since musical emotion identification is
still at the beginning of its journey in information science, the user-centered classification,
which is based on predicting the emotional effect of music, still has a potential to discover in

order to reach agreed-upon answers.

On the other hand, the vast music collections have also emerged a significant challenge
on searching, retrieving, and organizing musical content; yet, the computational understanding
of emotion perceived through music has gained interests in order to deal with content-based
requests, such as recommendation, recognition, and identification. Consequently, a
considerable amount of studies regarding the emotional effects of music has been designed
recently, and many of them have discovered that emotion is an essential determinant in music
information organization and detection (Song et al., 2012; Li & Ogihara, 2004; Panda et al.,
2013). For example, in one of the earliest research, Pratt (1952) has summarized music as the
language of emotion defended that evaluated music according to its emotional impressions, is
a natural categorization process for human beings. After that, the connection and relationship
between music and emotion were synthesized by Juslin and Laukka (2004), who declare that

emotions are one of the primary impulses for music listening behavior.

Unfortunately, music listeners still face many hindrances while searching proper music
for a specific emotion, and the requirement of innovative and contemporary retrieval and
classification tools for music is maturing more evident (Meyers, 2007). Therefore, music

listeners demand new channels to access their music.

The work displayed here is a music emotion recognition approach that renders the

opportunity for listening to particular music in desired emotion, and consequently, it allows

1 https://musicinformationretrieval.com/index.html



https://musicinformationretrieval.com/index.html

generating playlists with context awareness and helps users to organize their music collections,

which lead to experience music in an inspiring way.

How can accurate predictive models of emotions perceived in music be created is the main
question that we attempt to investigate it. In this respect, this thesis focuses on the investigation

of

* Recognizing and predicting emotional affect driven from songs with the help of the
annotation process, which contributes to human-centric perception for having a precise

understanding of how can emotions and music be interpreted in the human mind,

= Retrieving different information from music through using multiple inputs, such as audio
and textual features, and exploring the relationship between emotions and musical

attributes,

= Proposing automatic music emotion classification approaches by employing supervised and
unsupervised machine learning techniques and considering the emotional responses of

humans to music, namely music psychology,

= Generating well-performed supervised models by using different algorithms and utilizing
the extracted and analyzed audio features, as well as the appropriate textual metadata

separately and also within a multimodal approach,

= Creating well-performed semi-supervised models by utilizing both the lyrical data from the
songs and the big Turkish data collected from diverse public sources, including Turkish
Wikipedia?.

2 https://tr.wikipedia.org/wiki/Anasayfa
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1.1 Motivation, Contributions & Approach

Even though many variances can be seen regarding the approaches in the literature, this
research offers an understanding of emotions in music, and the principles relating to machine
learning through gathering different domains like music psychology and computational science

under the same roof.

1.1.1 Emotion Recognition

In order to classify music with respect to emotion, first of all, we tried to create a precise
understanding of how emotions and music are depicted in the human mind by considering the
relation of music and emotion in the previous studies from various domains, that have been

performed throughout the past century.

There have been many different representations and interpretations of human emotion
and its relation to music. In the literature, emotions derived from music have been examined
mainly under two approaches, such as categorical and dimensional. After all considerations, we
observed that the categorical approaches have been more commonly used for emotional

modeling, and generated better results in musical applications.

Therefore, in this research, the categorical model of emotion was implemented with four
primary emotion categories as happy, sad, angry, and relaxed. These categories were chosen
since they are related to basic emotions, which have been described in psychological theories,
and also they encompass all quadrants of the Valence-Arousal space, which has been designed
for capturing the perceived emotions and is therefore suited for the task of emotion prediction

in songs.

1.1.2 Feature Selection and Extraction

After the emotional model resolution, the next step was to ascertain how does this model
relate to musical attributes. In this research, we utilized the state-of-the-art textual and audio
traits extracted from the music. Furthermore, a combination of lyrical and musical features was
used for assessing the consolidated impact of these two mutually complementary components
of a song. We aimed to reach appropriate representations of the songs before addressing them
to the classification tasks.



1.1.3 Creation of the Ground-truth Data and Emotion Annotation

First of all, a database consisting of over 1500 song tracks and lyrics was compiled. The
lyric data was cleaned and organized before moving further to the feature extraction process by
employing text-mining algorithms. To be able to map the extracted attributes of songs onto the
relevant emotional space, the songs were labeled into four emotional categories by four human
annotators from diverse backgrounds. Furthermore, we utilized a big dataset with over 2.5
million Turkish texts, which was collected through three web sources to be able to generate a
semi-supervised approach for emotion prediction. As far as we observed, this amount of data

has not been used any relevant researches in Turkish literature.

1.1.4 Predictive Model Building using Machine Learning

In consideration of automatic emotion recognition from music, various MIR and MER
researches have been done. Several machine learning algorithms such as Gaussian mixture
models (Lu et al., 2006), support vector machines (Hu et al., 2009; Bischoff et al.,2009), neural
networks (Feng et al., 2003) have been performed by using music attributes and emotion labels

as model inputs.

One of the motivations behind this study is being able to provide an understanding of
the association between emotion and musical features from various domains with the help of
several machine learning algorithms. In this research, six different machine learning algorithms,
which are support vector machines (SVM) with linear kernel, called SVC method, Linear SVC
method, Multinomial Naive Bayes, Random Forest classifier, Decision Tree classifier, and also
Logistic Regression method were employed on the cross-validating data throughout the

different experiments.

1.2 Thesis Structure

The literature background of this thesis is granted in Chapter 2 under three sub-sections.
In the first section, we explore music psychology concerning human perception and the relation
between music and emotion. The concept of emotion is clarified by examining the contextual
views on emotion. Besides, the reality of human subjectivity in the literature is issued.
Additionally, we explain the representations of musical emotion, namely emotional models. In

the second section, previous works regarding emotion recognition from music are searched by
5



considering both emotion labeling approaches and information retrieval methods. In the last
section, model designing and building phases of previous relevant researches are examined to
observe how can music be classified according to emotion. As well as single-source,

multisource supervised, unsupervised, and semi-supervised approaches are observed.

In Chapter 3, the design and implementation of the emotion classification system are
outlined under four sub-sections. Ground-truth data collection and organization processes are
revealed in the first section. In the second session, we describe emotional labels and model
selection process. Besides, the annotation process regarding human perception of musical
emotion is pointed out. In the third section, we present feature selection and extraction methods
by utilizing both audio and lyrical sources. Also, data cleaning and pre-process are employed
before textual information retrieval and explained detailly. Finally, in the last section, the
predictive model building processes, which consist of training and testing phases, are designed
and demonstrated under four different research experiments. In Experiment-1 and Experiment-
2, audio and textual features are individually used, respectively. In Experiment-3, a semi-
supervised approach is followed by using a word embedding method. In Experiment-4, we
design a multimodal approach by combining audio and the selected textual features. After
presenting the models' performances under different metrics, the chapter is concluded by the
assessment of the model performances and the evaluation of the outcomes.

Finally, in Chapter 4, the overall framework is discussed and summarized. Besides, the
limitations we met during this thesis, and some research insights are provided.

While considering all structure, in this thesis, we aim to introduce a prediction
framework for providing a more human-like and comprehensive prediction of emotion, that
capture the emotions the same way we as humans do, through building several machine learning

models under four diverse and competitive research environments.



CHAPTER 2

LITERATURE REVIEW

In this chapter, several conceptual frameworks and methods representing the
background knowledge of previous research on music and emotion were introduced concerning

their pertinence to this project.

Part-1. Psychology of Music: A Triangle encompassing Music, Emotion,

and Human

According to a straightforward dictionary definition, music is described as instrumental
or vocal sounds consolidated to present harmony, beauty, and expression of emotion. Besides,
it is evaluated as a means of expression that humankind has evolved over the centuries to
connect people by evoking a common feeling in them (Kim et al., 2010). As social and
psychological aspects are the preeminent functions of music, it cannot be evaluated
independently of any affective interaction in human life.

In both academia and the industry, researchers and scientists from cross-disciplines have
been studying what music can express and how the human mind perceives and interprets music

in order to find a music model fed by different features and human cognition. Music information



retrieval (MIR) researchers and music psychologists have been investigating the emotional
effects of music and associations between emotions and music since at least the 19" century
(Gabrielsson & Lindstrom, 2001). However, a gap emerged among the music studies in the
past because studies from different disciplines focused on diverse aspects of emotion in music;
yet, the fundamental presence of music in people’s emotional state has been confirmed by
further studies on music mood (Capurso et al., 1952). Moreover, additional indications of the
emotional influence of music on human behavior have been presented by research from various
study areas such as music therapy and social-psychological investigations involving the effects
of music on social behavior (Fried & Berkowitz, 1979), and consumer research (North &

Hargreaves, 1997).

Despite the idea of music retrieval regarding emotion is an entirely new domain, the
researchers of the musical expressivity survey have demonstrated that "emotions™ are selected
as the most frequent option with 100% rate followed by "psychological tension/relaxation™ and
"physical aspects™ which have 89% and 88% rate respectively (Patrick et al., 2004). Besides,
music information behavior researchers have distinguished emotion as an essential aspect
adopted by people in music exploration and organization, and therefore, Music Emotion

Recognition (MER) has received growing attention (Panda et al., 2013a).

According to the research on Last.fm® which is one of the most prominent music
websites, emotion labels bonded to music records by online users has come up as the third most
preferred social tag after genre and locale (Lamere, 2008). Moreover, a recent neuroscience
investigation has revealed the permanence of a natural connection between emotion and music
by showing music influences brain structures, which are acknowledged to be crucially

responsible for emotions (Koelsch, 2014).

Consequently, music identification, retrieval, and organization by emotion has gained
increasing awareness over time (Juslin & Sloboda, 2010; Eerola & Vuoskoski, 2013), and the
affective character of the music, often referred to as music emotion or mood, has been recently
identified as an essential determinant and considered a reasonable way in accessing and

organizing music information (Hu, 2010).

3 http://www.last.fm/
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In light of this information, it can be said that an accurate judgment of how music is
experienced and how emotions are embodied in the human mind and also in computational

systems is essential to be able to design analyses and classification practices.

2.1 Music and Emotion: Contextual Overview

In this part, the main contextual characters consisting of the emotion definition, types,
and models are discussed. First of all, the definition of the term "emotion" is examined. Then,
different types of emotions, such as expressed or perceived emotions as well as the sources of
emotion, are presented. Besides, which emotion types can be induced or felt by music are
addressed. Next, the subjectivity cognition in music is evaluated, especially regarding social or
cultural issues in the previous backgrounds. Finally, we end up this section by presenting the
different emotion representations in music research across literature, which has been mainly

diverged on the categorical and the dimensional models.

2.1.1 Definition of Emotion

Describing the concept of emotion is not straightforward. Fehr and Russell explained
the toughness as "Everybody knows what an emotion is until you ask them a definition" (Fehr
& Russel, 1984). Although there are several ways to define emotions, it can be defined as a
psychological and mental state of mind correlated with several thoughts, behaviors, and feelings
(Martinazo, 2010) resulting in comparatively powerful and brief reactions to goal-relevant
variations in the environment (Patrick et al., 2004).

Previous studies have used both of the terms emotion and mood to refer the affective
perception (Eerola & Vuoskoski, 2013). According to Ekman (2003), the relation between
emotions and moods is bidirectional since a mood can activate particular emotions; yet, highly
dense emotional experience may lead to the emergence of a determined mood. Even though
emotion and mood have been used interchangeably, there are main distinctions that should be
clarified. As Meyer depicted in his study, which is one of the essential studies analyzing the
meaning of emotion in music, emotion is temporary and short-lived, whereas mood is relatively
stable and lasts longer (Meyer, 1956). This opinion was supported by the following studies for
nearly half a century (Juslin & Sloboda, 2001). An emotion habitually arises from known

causes, while a mood often arises from unknown reasons. For instance, listening to a particular

9



song leads to joy or anger that may come up after an unpleasant discussion, whereas people

may feel depressed or wake up sad without having a specific described reason (Malherio, 2016).

Research on music information retrieval has not always laid out the distinction between
these terms (Watson & Mandry, 2012), while psychologists have often emphasized the
difference (Yang & Chen, 2012a). Although both mood and emotion have been used to imply
to the affective nature of music, the mood is generally preferred in MIR research (Lu et al.,
2006; Mandel et al., 2006; Hu & Downie, 2007), while emotion is more widespread in music
psychology (Juslin & Sloboda, 2001; Meyer, 1956; Juslin et al., 2006), while

Nevertheless, in this study, “emotion” was employed instead of mood since human

perceptions of music are appraised in limited time and under known conditions.

2.1.2 Different Types of Emotion: Source of Emotion across the literature

Even though all music may not convey a particular and robust emotion, as Juslin and
Sloboda stated, “Some emotional experience is probably the main reason behind most people’s
engagement with music.” (Juslin & Sloboda, 2001). There can be several ways where music

may evoke emotions, and the sources of it have been a topic of discussion in the literature.

Since Meyer, there have been two divergent opinions for the music meaning, which are
absolutist and referentialist views. The absolutist view defends the idea that “musical meaning
lies exclusively within the context of the work itself,” whereas the referentialist claim “musical
meanings refer to the extra-musical world of concepts, actions, emotional states, and character.”
(Juslin & Sloboda, 2001). Afterward, Juslin and Sloboda used and developed Meyer’s statement
by claiming that the existence of two contradictory emotion sources. While intrinsic emotion is
fed by the structural character of the music, extrinsic emotion is triggered out of music (Meyer,
1956).

In another study, Russel investigated how listeners respond to music by dividing the
emotional sources as emotion(s) induced and expressed by music (Russel, 1980). Likewise,
Gabrielsson (2002) examined the source of emotion into three distinct categories, such as

expressed, perceived, and induced (felt) emotions.
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While the performer triggers expressed emotion through communication to the listeners
(Gabrielsson & Juslin, 1996), both perceived and induced emotions are connected to the
listeners’ emotional responses, and both are dependent on social interaction among the personal,
situational, and musical factors (Gabrielsson, 2002). Juslin and Luakka (2004) also analyzed
the differentiation between inductions and perceptions of emotion and explained that perceived
emotion is evaluated as the human perception through the expressed emotion in music, while
induced emotion stands for the feelings in response to the music. Furthermore, in another
comprehensive literature review, it has been shown that the perceived emotion is mostly
preferred in MIR research since the situational factors of listening relatively less influence it
(Yang & Chen, 2012a).

In consideration of the literature review, in this study, perceived emotion was selected

as the focused source of emotion in music.

2.1.3 Which Emotion Does Music Typically Evoke?

Researchers carried out studies investigating whether all emotions perceived or
expressed by music in the same way or is there a differentiation on emotion levels triggered by

music.

In one of the earliest examinations, the basic emotions were found as better
communicators than complex emotions since basic emotions have more distinctive and
expressive characteristics (Juslin, 1997). In their research, Juslin and Sloboda (2001), claimed
that basic emotional expressions could be related to the fundamental basis of life, such as loss
(sadness), cooperation (happiness), and competition (anger), and thus, communicative aspects
of the emotions could be better.

Scherer and Oshinsky (1977) researched universal recognition ability of basic emotions
through facial expression and showed that each basic emotions might have also been connected
with the vocal character. In another investigation, Hunter et al. (2010) claimed that people
correlate sadness with a slow tempo and happiness with a fast tempo because of the human

tendency that the emotion results from vocal expressions via acoustic signals like tempo.

Juslin and Lindstrom (2003) included complex emotions into various music pieces

performed by nine professional musicians to examine the recognition level of complex
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emotions. The result of the study showed the musicians could not communicate emotions to
listeners as well as they did with basic emotions. Further studies also showed that perceived
emotion from music could vary within basic emotions. Sadness and happiness can be conveyed
well and recognized comfortably in music (Mohn et al., 2010), whereas anger and fear seem

relatively harder to detect (Kallinen & Ravaja, 2006).

2.1.4 Subjectivity of Emotions

Regardless of the emotion types portrayed in the previous section, one of the main
challenges in MER studies can be pointed out as the subjective and ambiguous construct of
emotion (Yang & Chen, 2012).

Because emotion perception evoked by a song is inherently subjective and is influenced
by many factors, people can perceive varied emotions when listening to even the same song
(Panda et al., 2013b). Numerous constituents might impact how emotion is perceived or
expressed, such as social and cultural background (Koska et al.,2013), personality (VuoskoskKi
& Eerola, 2011), age (Morrison et al., 2008), and musical expertise (Castro & Lima, 2014).
Besides, the listener’s musical preferences and familiarity with the music (Jargreaves & North,
1997) may make it hard to obtain consensus. Furthermore, different emotions can be perceived

along with the same song (Malherio, 2016).

On the other hand, Sloboda and Juslin (2001) defended the existence of uniform effects
of emotion amongst different people, and toward their research, they showed that not all
emotion types have the same level of the agreement, yet listeners' judgments on the music's
emotional expression are usually constant, i.e., uniform. In the same year, Becker claimed that
emotional receptions to music are a universal phenomenon and supported the idea by indicating
anthropological research. Furthermore, psychological studies demonstrated that emotional
subjectivity is not enough biased to restrict constituting reliable classification models (Laurier
& Herrera, 2009).

In 2015, Chen and colleagues (2015) investigated the effect of personality traits in music
retrieval problem by building a similarity-based music search system in aspects of genre,
acoustic, and emotion. They used Pearson’s correlation test to examine the relationship between

preferred music and personality traits. The result displayed that when it comes to song selection,
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although people with different personalities do behave differently, there is no reliable

correlation between personality traits and the preferred music aspects in similarity search.

Consequently, when considering the previous research, it can be said that the perceived
emotion from music can vary from person to person; yet, music can express a particular emotion

reliably when there is a certain level of agreement among listeners.

2.1.5 Musical Emotion Representation

Throughout the literature, studies on both Music Emotion Recognition (MER) and
psychology have laid out various models providing insight into how emotions are represented
and interpreted within the human mind. Although there still is no universally accepted emotion
representation because of the subjective and ambiguous nature of emotion, two main
approaches to emotional modeling, namely categorical and dimensional models, have
dominated the field even today. Even though each model type helps to convey a unique aspect
of human emotion, the main distinction between the two models is that categorical models
embody perceived emotion as a set of discrete categories or several descriptors identified by
adjectives (Feng et al., 2003), whereas dimensional models classify emotions along several

axes, such as discrete adjectives or as continuous values (Russel, 1980).

2.1.5.1 Categorical Models

The categorical model, which consists of several distinct classes, produces a simple way
to select and categorize emotion (Juslin & Laukka, 2004), and it has been mostly used for goal-
oriented situations like the study of perceived emotion (Eerola & VVuoskoski, 2013). This model
defends that people experience emotions as diverse and main categories (Yang & Chen, 2012a).
The most known and foremost approach in this representation is Paul Ekman’s basic emotion
model encompassing the limited set of innate and universal basic emotions such as happiness,

sadness, anger, fear, and disgust (Ekman, 1992).

One of the earliest, yet still the best-known model has been Hevner's adjective circle of
eight designed as a grouped list of adjectives (emotions), instead of using single words (Henver,
2003). Hevner’s list is composed of 67 different adjectives, organized into 8 different groups
in a circular way, that is shown in the following figure, Figure 2.1. The adjectives inside each

cluster have a very close meaning, which is used to describe the same emotional state, and
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meaning closeness between adjectives is more prominent than from adjectives from distant
clusters (Malherio, 2016). This model has been adopted and redefined by further studies; for
instance, Schubert (2003) created a similar circle with 46 words into nine main emotion clusters.
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gloomy
heavy
dark

Figure 2.1: Hevner's model (Hevner, 1936)

During the studies, several emotion taxonomies have been emerged with various sets of
emotions (Juslin & Sloboda, 2001; Hu & Lee, 2012; Yang et al., 2012). Besides, five clusters
generated by Hu and Downie (2007) have gained prevalence in different domains of Music
Information Retrieval (MIR) researches, such as music emotion recognition (MER), similarity,
and music recommendation (Yang et al., 2012; Singhi & Brown, 2014). Furthermore, the five
clusters and respective subcategories, depicted in Figure 2.2, were employed for audio mood
classification in Music Information Retrieval Evaluation eXchange* (MIREX), which is the
framework employed by the MIR community for the formal evaluation of algorithms and

systems (Downie, 2008).

“MIREX is a formal evaluation framework regulated and maintained by the International Music Information Retrieval
Systems Evaluation Laboratory, IMIRSEL.
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Clusters Mood Adjectives

Cluster 1 Passionate, Rousing, Confident, Boisterous, Rowdy

Cluster 2 Rollicking, Cheerful, Fun. Sweet, Amiable/Good Natured
Cluster 3 Literate, Poignant. Wistful. Bittersweet, Autunmal Brooding
Cluster 4 Humorous, Silly. Campy, Quarky, Whimsical, Witty, Wry
Cluster 5 Agpressive. Fiery, Tense/anxious, Intense, Volatile, Visceral

Figure 2. 2: MIREX - The five clusters and respective subcategories

Even though studies based on music and emotion have dominantly employed the
categorical representations, some issues also exist since nonexistence of consensus on category
numbers and subjective preference of humans for describing even the same emotion (Yang &
Chen, 2012a; Yang & Chen, 2012b; Schuller et al., 2010)

2.1.5.2 Dimensional Models

A dimensional approach classifies emotions along several and independent axes in an
affective space. In the literature, dimensional models showed differentiation mostly according

to axes number as two or three, and also as being continuous or discrete (Mehrabian, 1996).

The typical dimensional model represents emotions within two main dimensions.
Russell's valence-arousal model (1980) and Thayer's energy-stress model (1989), which
represent emotions using a Cartesian space composed of the two emotional dimensions, are the

most well-known models in this field.

In Russell's two-dimensional Valence-Arousal (V-A) space, which also known as the
core affect space in psychology (Russell, 2003), valence stands for the polarity of emotion
(negative and positive affective states, i.e., pleasantness), whereas arousal represents activation
that is also known as energy or intensity (Russel, 1980). This fundamental model broadly used
in several MER studies (Juslin & Sloboda, 2001; Laurier & Herrera, 2009), has shown that V-
A Model provides a reliable way for people to measure emotion into two distinct dimensions
(Yang & Chen, 2012b; Schuller et al., 2010; Schubert, 2014; Egermann et al., 2015).

Saari and Eerola (2014) have also suggested a third axis defining the potency or
dominance of emotion to demonstrate the disparity among submissive and dominant emotions
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(Mehrabian, 1996; Tellegen et al., 1999). Although the third dimension has been introduced as
underlying elements of inclination in music (Bigand et al., 2005; Zentner et al., 2008), for the

sake of integrity, this dimension was not generally employed in most of the MER investigations.
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Calm
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Figure 2. 3: lllustration of Core Affect Space

Moreover, dimensional models can be examined as being either discrete or continuous
(Malherio, 2016). In discrete models, emotion tags have been used to depict different emotions
in the distinct region of the emotional plane. The most famous examples for the discrete model
are Russel's circumplex model, which is the two-dimensional model with four main emotional
areas and 28 emotion-denoting adjectives (Russel, 1980), and also the adjective circle proposed

by Kate Hevner, in which 67 tags are mapped to the respective quadrant (Henver, 2003).
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Figure 2. 4: Russel’s Circumplex Model

Several researchers have utilized a subset of Russel's taxonomy in their studies. Hu et
al. (2010) attested that Russell's space exhibits comparative similarities or distances within
moods by distance. For occurrence, angry and calm as well as happy and sad are at opposite

places, yet, for instance, happy and glad are close to each other (Hu & Downie, 2010a).

On the other hand, in continuous models, there are no specific emotional tags; instead,

each point of the plane represents a different emotion (Yang et al., 2008a).

Even though the dimensional model has been widely used in literature, it has also been
criticized for lack of clearness and differentiation among emotions having close neighbors.
Also, some studies have shown that using the third dimension can increase ambiguity, yet some
crucial aspects of emotion can be obscured in a two-dimensional representation. For example,
fear and anger are resolutely located in the valence-arousal plane, but they have opposing

supremacy (Yang et al., 2008b).

Apart from categorical and dimensional representation of emotion, the "Geneva
Emotional Music Scale” (GEMS), which is a specially designed model to capture emotions

induced by music, has been proposed (Zentner et al., 2008). In a later study, Rahul et al. (2014)
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refined the GEMS model as (GEMS-9), which consists of nine primary emotions originating
from 45 emotion labels. However, since GEMS only examine the emotion provoked by music
and there exists no approved version in different languages, further investigation is necessary

for the ever-increasing use of the model.

Emotional Explanation Emotional Explanation
category category
Calmness Relaxation, serenity, Solemmnity Feeling of transcendence, inspiration
meditativeness Thrills
Tenderness | Sensuality, affect. feeling of love | Power Feeling strong, heroic. trmmphant, energetic
Sadness Depressed. sorrowful Joytul activation | Feels like dancing, bouncy feeling
ammated, amused
Tension Nervous, impatient, writated Nostalgia Dreamy, melancholic, sentimental feelings
Amazement | Feeling of wonder and happiness

Figure 2. 5: GEMS-9 Emotion Classification

In this study, discrete dimensional representation of emotions with four emotional
categories was employed because adopting from a mutually exclusive set of emotions has
revealed an advantage for music emotion recognition through differentiating one emotion to
another (Lu et al., 2010). Four primary emotions, such as happy, sad, calm, and relaxed, which
have universal usage and cover all quadrants of the two-dimensional emotional model, were

decided before starting the annotation process.

Part-11: Predictive Modelling of Emotion in Music

With the evolution of technology, the Internet has become a significant source of accessing
information, which has resulted in an explosion of easily-accessible and vast digital music
collections over the past decade (Song, 2016). Digitalization has also triggered the studies on
MIR over automated systems regarding organizing and searching for music and related data
(Kim et al., 2010). However, as the number of musical content proceeds to explode, the essence
of musical experience has transformed at a primary level, and conventional ways of
investigating and retrieving musical information on bibliographic knowledge, such as composer

name, song title, and track play counts, have become no longer sufficient (Yang & Chen,
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2012a). Thereby, music listeners and the researchers have started to seek for new and more
innovative ways to access and organize music, and the efficiency necessity on music
information retrieval and classification has become more and more prominent (Juslin &
Sloboda, 2010).

Besides that, previous researches confirmed the fact that since music’s preeminent functions
are psychological and social, the most useful retrieval 