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Abstract

Spotify’s recommendation algorithm tailors music offerings to create a per-
sonal listening experience. Though this recommender system performs ad-
mirably, there is always room for improvement. It remains unclear if Spotify
accurately classifies the affective decomposition triggered by songs. This re-
port tries to improve these emotion labels for Billboard songs. Emotion
labels can be determined based on valence and arousal. The Spotify dis-
positions will be compared to the valence and arousal values derived from
audio features, lyrics, audio features and lyrics combined, and a listener
panel. These comparisons will provide insights about how emotion labels
behave when audio features and lyrics are decomposed or combined. A sur-
vey was conducted to validate the results of Spotify. Participants had to rate
the most ”extreme” songs on valence and arousal inter alia. Results showed
that it is necessary to analyse and combine valence and arousal values from
the audio signal and lyrics. Based on the valence and arousal values of the
mentioned models, significant differences were found compared to valence
and arousal values provided by Spotify’s algorithm. From the created mod-
els, it can be concluded that Spotify applied normalisation to increase the
difference between emotion labels. This way, Spotify can provide a better
recommendation based on emotion labelling. Compared to a combination of
audio signal and lyrics values, Spotify did a fairly accurate job in labelling
emotions.
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Chapter 1

Introduction

Music is something that keeps humanity fascinated from all times and be-
longs to all cultures. It is an integral part of people’s daily lives. People
listen to music while on the job, on the train, and while exercising. It has
been demonstrated that music can affect a person’s well-being and mood
over time, and as a result, it has an effect on their health. Often, music
can be a potent emotional stimulation that alters one’s perception of time
(Droit-Volet et al., 2013). Listening to pleasant music makes time seem to
pass quickly. Therefore, music has been employed to minimise the subjective
duration of time spent sitting in waiting rooms (Lai & Amaladoss, 2021).
However, music genres are situational, such as playing rock music in a doc-
tor’s office waiting area. There are numerous instances in which music is
utilised in practise. Several instances are provided to support this claim.

Frequently, music is utilised in the following settings:

1. It is customary for supermarkets to play music to entice customers
to stay longer and buy more. The tempo of a song has an effect
on the quantity of records sold (Milliman, 1982). Slower-paced song
selections were consistently connected with greater sales volume. Cus-
tomers move around the store more slowly when slow-tempo music is
playing. This will increase sales because shoppers tend to purchase
additional items during their supermarket visits. Additionally, famil-
iarity with the song influences shopping durations. Customers were
less stimulated by new music when compared to familiar music (Yalch
& Spangenberg, 2000).

2. Music is used in call centres to minimise caller anger and employee
fatigue (Niven, 2015).
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3. Additionally, music has practical applications, especially in the field of
healthcare. Music intervention considerably decreased anxiety levels
(Nilsson, 2008).

Music consists of numerous facets. The preceding points examined the
practical applications of music. Nonetheless, music can be described in
various ways. The following factors illustrate why music has cultural and
economic significance:

1. Technically speaking, music is a stream of information consisting of
an audio signal and lyrics. The audience can be told a story or feel
an emotion through music. This story may be based on whatever
the performer has experienced in the past or present, for instance.
In reality, history may teach us a great deal about how the current
situation is realised.

2. The music industry is a commercial environment (North & Hargreaves,
2006). Streaming services such as Spotify and Apple Music are well-
known for their explosive development, generating revenue through
subscription fees and advertising (Vonderau, 2019; Coffey, 2016). This
expansion is usually regarded as evidence of its economic and cultural
significance. Artists are given the chance to discover new customers in
countries where their music may not be generally available. In 2017,
Spotify was valued at over $13 billion.

3. Publishing rights are an additional commercial aspect. They are a val-
ued commodity inside the music industry. When a song is performed,
covered, or aired, its owners receive compensation. Bob Dylan report-
edly sold his repertoire of songs to Universal Music for $300 million
(Steffes-Halmer, n.d.). Bruce Springsteen’s complete discography was
acquired by Sony Music for approximately $500 million.

The use of music and the manner in which it has been presented to the
audience have evolved dramatically over time. Technology was a crucial
contributor to this evolution. Historically, individuals could only listen to
music when it was performed live. Then, jukeboxes and record players ap-
peared and provided the crowd with extra listening opportunities. Today,
consumers may essentially listen to any song on demand. This was made
possible by mobile devices, the internet, and music streaming services. Pop-
ular streaming services, such as Spotify, have a song library of over one
million tracks. People’s musical tastes are extremely personal and may even
be influenced by their personality (Vuoskoski & Eerola, 2011). Moreover,
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the reasons people listen to music and when they do so are influenced by
their own preferences (North et al., 2004).

1.1 Problem Statement

Over the past decades, the way music has been developed and consumed
has substantially changed (Schedl, 2019). It has been observed that different
generations prefer distinct musical genres (Interiano et al., 2018). The music
industry has been confronted with a range of emerging music genres that
have evolved, flourished, and then faded. This huge transformation comes
with some extra ramifications and problems that need to be researched.

A vast quantity of music-related data and meta-data is readily accessi-
ble in the present day (T. Li et al., 2011). This information can be located
and collected from the websites of musicians and record labels. In addi-
tion, community-developed websites contribute to the collection of data by
providing the public with databases. This way, music data and metadata
can be collected for personal interests or research purposes, for example.
Evaluations of music from various discussion forums and blogs could poten-
tially serve as a source of information for study. As the quantity of available
music-related data expands, the music industry may find the problems of
organising and analysing this data intriguing. Due to this huge growth in
the sector, it has become hard for humans to keep track of the changes dur-
ing the previous decades. Nonetheless, with the assistance of data mining,
it is easier to research these vast amounts of data (Fayyad et al., 1996).
Data mining is the application of data analysis and discovery methods that,
within acceptable limits of computer efficiency, provide a certain enumera-
tion of patterns across the data. With the aid of data mining techniques,
this exploratory report focuses on identifying patterns in the data.

Many academics are interested in music emotion recognition (abbrevi-
ated as MER) due to the fact that people’s conduct in consuming music
is changing (Sangnark et al., 2018; Soleymani et al., 2014). Recommender
systems on a variety of music streaming sites alter the way people choose the
music they want to listen to. Therefore, the results of MER research might
allow listeners to choose music that matches their mood and to provide a
way to design or recommend a special playlist for the listener. However,
recommendations are based on similarities by comparing what others with
similar tastes have listened to before (collaborative filtering), or by matching
attributes (e.g., genre, artist) of the music pieces (content-based filtering).
This can result in recommendations being supplied may fit the user’s taste,
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but may not match the user’s actual needs at that moment (Ferwerda &
Schedl, 2014).

Thus, recommender systems have certain limitations and therefore could
be improved on the following aspects:

1. Spotify offers a collection of playlists under the ”Mood” section (Amini
et al., 2019). However, these playlists are based more on context than
mood, such as activity- or time-based. In addition, these playlists are
generalised, meaning they are personalised for a particular consumer.
They do not customise their recommendations based on the user’s
present or desired mood. On the basis of music, it is possible to
develop a mood-inducing recommender system. The study of Garrido
& Schubert (2011) demonstrates that non-personalised music is less
effective in changing a desired mood compared to personalised songs.

2. Technology has also made it possible for users to receive recommenda-
tions based on their listening habits. The purpose of a recommender
system is to aid users in content discovery and exploration by offering
items that match their own tastes (Bollen et al., 2010). It intends to
minimise the user’s option overload by suggesting songs that match
their musical preferences and listening objectives. However, the ma-
jority of these suggestions are similar tunes. It is unlikely that users
will receive recommendations that they are unfamiliar with, resulting
in frequent exposure to the same musical genres. In contrast to the
employment of jukeboxes in the past, the exploration of new musical
genres is restricted by this method.

3. Recommender systems rely on users’ consumption patterns to be able
to recommend a new song (Panda et al., 2021). This means that a
problem appears, if a new listener makes use of the system. This will
mean that the recommender system is unable to recommend new and
unpopular songs to the listener given the lack of listening data. This
is known as the cold-start problem. Providing a listener with songs
that fit the user’s taste, for example, based on the desired mood, would
overcome this problem. Labelling emotions correctly would be of great
use.

4. People’s behaviour is altered by the employment of persuasive tech-
nologies. Once record labels realise which new artists/songs were suc-
cessful, they may adapt to the market more swiftly. Keeping up with
current trends allows music recommendation algorithms to provide
more accurate recommendations.
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Understanding music is of core value to many industries. Music is used
in online advertisements, in supermarkets, in hospitals, by call centres, and
represents value itself. These cases share the essence of music: it influences
its listeners’ affective state (e.g., emotions). This graduation project aims
to analyse music features in relation to experienced emotions.

Computational models of music are well-studied, as is even evident in
the department of Utrecht University. However, the relationship between
music and emotions is understudied, and computational models based on
this relationship are scarce. Besides, music is often treated from a single
data perspective (e.g., only audio analysis or lyric text analysis), where
multiple perspectives are relevant and complementary. This project aims to
combine audio analysis with lyric text analysis.

1.2 Research Aim

This research is aimed at exploring a self-crafted dataset filled with data
that contains songs from the Billboard Year-End chart. The songs are from
the years ranging between 1956 and 2020.

This dataset was chosen due to its advantages over other music datasets
for a number of reasons:

1. Annually, the Billboard Year-End chart ranks the most popular songs
in the United States. This way, it represents data that can be used for
time series analysis as the number of songs remained consistent over
the years that appeared in the chart (van Balen et al., 2013). It can
be expected that this dataset will reflect important commonalities and
significant trends in popular music.

2. It represents the musical tastes of the populace because the songs on
the charts are deemed to be the most popular of the year. Popular
music can be viewed as a ”mirror of society” since it reflects changes
in people’s demands and tastes within the framework of social and
cultural change (Schellenberg & von Scheve, 2012).

3. Popular music is multidimensional, ranging from a recreational activ-
ity to an identity marker, a commercial commodity, a means of forming
social bonds, and a means of communicating political influence. Bill-
board has maintained track of chart records for decades, beginning in
1940. A further advantage of selecting the Billboard chart over alter-
native datasets is that each year contains the same number of songs.
Thus, results will not be distorted.
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This dataset will be the fundamentals to study the relation between
music and emotion. It contains valuable features that can be used to classify
what kind of emotion it evokes by the consumer. This graduation project
will examine three facets of this relation:

1. The emotional part of the songs and the audio features of a song.
Songs can be classified based on the type of emotion they evoke in the
consumer using audio features provided and extracted from Spotify
itself. These audio features provide critical information about the
characteristics of a song, e.g.: valence, instrumentalness, acousticness,
tempo, and more. It can be interesting to investigate whether songs
have changed over time with regard to these features.

2. In addition to their audio features, lyrics can also influence the emo-
tions of listeners given how they carry the semantic blueprints of a
song. Therefore, natural language processing will be employed over
song lyrics, to extract their emotional load. This will be accomplished
by utilising a lexicon, including the valence and arousal levels of spe-
cific words.

3. Music is understood to be culturally and historically contingent. In
order to examine the progression of music over time, the Billboard
Year-End chart will also be analysed. This will reveal tendencies and
enable the prediction of future music trends.

Subsequently, these three elements will be interconnected and compared
to Spotify’s classifications. Spotify employs an algorithm to ascertain the
emotional valence of its tracks. However, it is questionable whether Spotify
appropriately categorises these categories. Two metrics are used by Spotify
to describe the moods of their music: valence and arousal. It is believed that
these two attributes for the majority of streaming services are obtained via
rather complex modelling techniques applied to the audio signal (Sherga Jr
et al., 2021). Furthermore, it remains unclear influence lyrics has on valence
and arousal.

This report’s findings should contribute to an in-depth understanding of
the effect of music on listeners’ emotional states, which has implications for
a variety of corporate settings and industries. It would enable the enhance-
ment of music recommendation systems, as stakeholders seek specialised
song lists that provoke particular feelings (e.g., in a hospital, a reduction of
stress will be preferred). These findings may also provide input for music in
practise, given that music is increasingly utilised in practise.



1.3. Research Questions 11

1.3 Research Questions

Based on the current gap in the literature and the current problems with mu-
sic recommender systems, the following main research question is composed:

[MRQ]: ”Does Spotify accurately classify the affective disposition trig-
gered by songs from the Billboard chart?”

To provide an answer to this research question, the Spotify dispositions
will be compared with those derived via:

[RQ1]: Audio features

Audio features contain valuable information about each song and describe a
certain characteristic. These audio features are, e.g., acousticness (measure-
ment of acousticness), speechiness (presence of spoken words in a song) and
tempo (estimated beats per minute of a song). Valence and arousal, which
are derived from the audio signal, can be used to determine the emotion of
a song. These metrics will be explored. Furthermore, based on the other
audio signal features, new values of valence and arousal will be composed.
These newly developed metrics will be compared to the values of valence
and arousal of Spotify.

[RQ2]: Lyrics

First, a comparison will be made between state-of-the-art methodologies
according to the literature for extracting emotions from song lyrics. The
strongest methods will be combined to establish the approach that will be
used. Second, using an expanded lexicon will be the fundamental way to
determine the emotion of words in the lyrics. Consequently, the valence and
arousal values of a song will be determined using this vocabulary. Once
more, the lyrics values will be compared to the affective disposition values
from Spotify. Third, a number of machine learning techniques will be used
to predict the emotional content of a song. The performance of these algo-
rithms will be evaluated.

[RQ3]: Audio features and lyrics combined

The answers to [RQ1] and [RQ2] will aid in answering this inquiry. Con-
sequently, audio analysis and lyric text analysis will be merged.
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[RQ4]: A listener panel

This research question will measure affective disposition triggered by songs
by a listening panel. An online survey will be used to collect responses.
Participants have to annotate to what extent they experience valence and
arousal for a selected list of songs.

Moreover, I will look into trends in the affective dispositions of songs
from the Billboard chart over time.

1.4 Report Structure

The rest of this report is structured as follows:
Chapter 2 contains the literature review. It will discuss the audio fea-

tures in depth. Next, approaches for the annotation of valence and arousal
in lyrics will be outlined. Additionally, several mood models will be de-
scribed. Finally, the historical context of Billboard is presented, along with
a brief description of the evolution of music.

In Chapter 3, a theoretical framework for data mining (KDD) will be
explained. This framework is an iterative process where evaluation measures
can be enhanced, mining can be refined, new data can be integrated and
transformed in order to get different and more appropriate results. It will
be used to discover useful knowledge from the data. Also, the experiment
setup of the survey will be explained to conclude the chapter.

Chapter 4 contains the results and aims to answer all the research ques-
tions. An overview of the data will be presented. Thereafter, several models
will be used to compare the differences between the Spotify dispositions
and the audio features, lyrics, audio features and lyrics combined, and the
verdict of a listener panel.

This report will be concluded in Chapter 5. There, the findings of this
thesis will be summarised. Furthermore, the limitations of this report will be
discussed and some recommendations will be provided for future research.

An overview of the report outline can be found in Table 1.1.
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Table 1.1: Outline overview

Chapters RQ1 RQ2 RQ3 RQ4

Literature research X X
Data and method X X X
Results X X X X



Chapter 2

Literature Research

This section will provide a comprehensive analysis of the current state of the
art in audio features, lyrics, and emotional models. Following that, different
ways of annotating valence and arousal in lyrics will be discussed. Inves-
tigating the most reliable emotional models will provide insight into how
music might elicit various feelings in listeners. Different moods will also be
investigated in terms of their traits and progression. Following that, a brief
history of Billboard will be offered in order to emphasise Billboard’s im-
portance to music and why data from Billboard was chosen. The Billboard
dataset includes these audio attributes.

2.1 Spotify

In 2020, the Recording Industry Association of America (RIAA) determined
that music streaming platforms accounted for 83% of today’s digital music
industry revenue, up from just 5% in 2009 (Sherga Jr et al., 2021). The
transition to digital music consumption has also brought with it the tech-
nology to propose songs and enhance the listening experience for the listener,
including recommendations.

The advent of Spotify and other music-streaming services has facilitated
consumers’ access to a greater variety of music. This has the unintended con-
sequence of overwhelming users with options. Consequently, music stream-
ing platforms are competing to provide users with the finest music discovery
experience. Methods for defining and modelling emotional measures are tra-
ditionally drawn from mechanical study of the music itself, i.e. the audio
signal. The Spotify model evaluates audio features to offer the recommenda-
tion algorithm with characteristics that provide listeners with personalised

14
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listening options. On each tune in their repertoire, Spotify employs a suite
of audio analysis algorithms. These extract a dozen high-level acoustic char-
acteristics from the audio, which will be explained in the following sections.
According to Panda et al. (2021), Spotify also uses automatic data extrac-
tion from songs by web crawling (e.g., metadata, lyrics, reviews) to estimate
the audio feature values. Spotify provides two measurements, which can be
used combined to determine the emotion of a song: valence and arousal/en-
ergy. These values are computed from the audio signal (Panda et al., 2021).
These measurements will be discussed more elaborately in the upcoming sec-
tions. This reports intends to utilise these Spotify audio features to study
how they relate to the actual affective responses of listeners as this remains
unknown.

2.2 Music Emotion Recognition

Music Emotion Recognition aims to automatically extract emotional infor-
mation present in music (Panda et al., 2021). This field combines knowledge
from areas such as music theory, machine learning, digital signal processing
and psychology. In very broad terms, MER uses a variety of musical data
sources, e.g., audio signals, lyrics and scores. These sources will be used to
understand the relations between its properties (i.e. (audio) features) and
its emotional cues (e.g., annotations).

2.3 Affective music players

Another technique to improve the music selecting process is to use music’s
emotional power (Janssen et al., 2012). If a music recommender system has
emotional intelligence, it could automatically build playlists that energise,
relax, or make the listener happier. Such technology could focus on the
affective qualities specific activities require. Furthermore, this technology
may tune the listener’s mood, matching the music to their current or desired
affective state (Janssen et al., 2012; van der Zande, 2018).

Such technology can be used for an affective music player. This takes
and interprets the affective state (e.g., mood) of the user and basis its output
(e.g., a song or a playlist) on the interpretation of the affective state.

The ability to influence mood has implications for cognitive function,
health, and well-being. Positive moods boost creativity, improve decision-
making, and strengthen social relationships. Furthermore, positive moods
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decrease stress, which can have a negative impact on a listener’s health and
well-being.

(van der Zande, 2018) described the current shortcomings of music af-
fective players. The paper stated that the main shortcoming was that the
user’s chosen mood was not applied. Instead, the main focus was directed
on selecting moods that were extremes from each other.

2.4 Audio features

This section provides research on the evolution of audio features and their
characteristics. These audio characteristics will serve as research variables.
According to the literature, researching them will provide an understanding
of how and why these variables changed.

Loudness

Loudness, which is calculated in decibels by measuring the intensity of audio
waves, is a feature of a song that affects the level of energy. In general,
louder songs are typically more aggressive and energising, whereas softer
songs have a calming effect. Our perception of sound amplitude or volume
correlates with loudness (Serrà et al., 2012). This variable refers to the
inherent loudness of an audio recording, not the loudness a listener can
adjust using buttons and sliders. Serrà et al. (2012) researched ground-
breaking patterns of pitch, timbre, and loudness usage in popular western
music from 1955 to 2010, including over 400.000 distinct recordings.

To comprehend the dynamics of musical tone, pitch and timbre are as im-
portant as volume (Fabiani & Friberg, 2011). Pitch is the harmonic content
of the piece, including its chords, melody, and tonal arrangements, whereas
timbre is the hue, texture, or quality of the sound. Timbre can be linked to
instrument types, recording techniques, and expressive performance assets.

According to the study of Serrà et al. (2012), they observed three major
tendencies in the evolution of modern western popular music. The first ten-
dency was the limiting of pitch sequences, which was supported by research
indicating that pitch progressions were becoming less diverse. Second, the
timbral palette became more uniform, as represented by frequent timbres
becoming more frequent. The last trend indicated a growing average level
of loudness. These findings suggest simpler pitch sequences, trendy timbral
combinations, and louder loudness. Figure 2.1 depicts the growth of loud-
ness according to the study of Serrà et al. (2012). In 60 years, the median
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value of the loudness variable decreased from -22 dB to -13 dB, illustrating
the so-called ”loudness war” (Vickers, 2010).

Watanabe et al. (2020) asserts that the increase in loudness is attributable,
in part, to the rapid growth of digital technology. The introduction of the
CD substantially altered the music industry, as the digital audio format en-
abled an expansion in dynamic range that analogue forms did not provide
(Devine, 2013).

It was also claimed that the increase in loudness could be the result of a
conscious decision by the artists, as it provides a competitive edge in terms
of attracting attention (Hove et al., 2019). The growth in loudness can also
be perceived as a disadvantage since the loss of sound quality and musical
emotions, such as excitement or emotional components, may result from the
employment of techniques that maximise sound loudness.

Hove et al. (2019) conducted a similar analysis, focusing instead on the
Billboard Hot 100 Chart. The same trend appears to hold true for this
study’s increase in volume. A third study similarly investigated the loudness
variable but for Japanese popular music (Watanabe et al., 2020). Nonethe-
less, the same tendency, shown in Figure 2.2, was seen.

Figure 2.1: Distribution of the em-
piric median. The loudness val-
ues of x grows from −22dBFS

to −13dBFS over the years 1955-
2010. Decibels can be used
to measure the sound intensity
(Serrà et al., 2012).

Figure 2.2: Loudness transition in
LUFS annually. The start value
was -15 LUFS in 1989 and in-
creased to -8 LUFS in 2018. LUFS
is a standard loudness measure-
ment unit and considers the hu-
man listening experience (Watan-
abe et al., 2020).
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Danceability

The danceability of a song is determined by a mixture of musical elements,
such as tempo, rhythm stability, beat strength, and overall regularity. It
evaluates the rhythmic salience of a song, which might be viewed as a vari-
able with a high level of arousal (Liew et al., 2020). Christensen et al. (2014)
investigated the effects of valence and arousal in boosting emotional experi-
ences through dancing. The research indicated that the valence of dancing
moves was significant. Sad music increased the ratings for sad dancing move-
ments, whereas joyful music did not increase the scores for happy dancing
motions. This could explain a probable association between danceability
and valence, and, danceability and energy given that danceability is a high-
arousal activity.

In recent decades, the number of genres that induce movement has risen
(Interiano et al., 2018). This may be a reason for the increase in danceability.
Furthermore, popular music tends to place a higher value on danceability
because it could lead to a higher chart position (Askin & Mauskapf, 2017).
The ease of moving with music can be linked to bass frequencies on various
levels (Hove et al., 2019). Increasing the bass frequency is a frequent method
for increasing engagement and contributing to the chart success of a song.
Additionally, it encourages bodily movement, which might be characterised
as danceability.

According to the research of (Interiano et al., 2018), there is a difference
in danceability between the top 100 songs and non-top songs, presented
in Figure 2.3. They analysed over 500,000 songs released in the United
Kingdom between 1985 and 2015 in an effort to comprehend the success
dynamics. Regarding the acoustic characteristics of songs that made it to
the top of the charts, they wished to determine how this occurred.
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Figure 2.3: Danceability of the top 100 songs (blue dots) and non-top 100
songs (red dots) from 1985 to 2014, along with their t-distribution-based
95% confidence intervals. (Interiano et al., 2018).

Tempo

Tempo, or beats per minute, could serve as a defining characteristic of a
song. It reflects the overall tempo of a piece of music. This characteristic
is a reliable predictor of the velocity and intensity of the emotion linked
with a song (Jamdar et al., 2015). In general, a song with a higher BPM is
considered more energetic than one with a lower BPM.

Since the 1960s, Schellenberg & von Scheve (2012) has investigated the
structural changes in popular music, focusing particularly on tempo and
mode. It has been demonstrated that certain musical features, which are
inherent properties of music’s structure, influence the emotions of listeners
(Juslin & Sloboda, 2011). Russell’s approach can be viewed as a predictor
of whether songs are judged as happy or sad. However, pace may also be
a valid indicator for mode conformity. Music that evokes a happy feeling is
typically composed in a rapid tempo and major mode, whereas music that
evokes a sad feeling is typically composed in a slower tempo and minor mode
(Schellenberg & von Scheve, 2012).

Tempo may be closely associated to arousal according with the valence-
arousal model, as tempo is believed to influence a variety of emotional
expressions, including happiness, surprise, pleasantness, anger, and fear
(Van der Zwaag et al., 2011; Gabrielsson & Lindström, 2010). Regard-
ing the valence-arousal model, pace is related to the dimension of energetic
arousal (Gabrielsson & Lindström, 2010). A slow tempo is often connected
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with low-arousal (sad) music, whereas a fast tempo is often associated with
high-arousal (happy) music (Schellenberg et al., 2000; Webster & Weir, 2005;
Chen et al., 2016).

Regarding the research of Webster & Weir (2005), they investigated the
impact of tempo and mode on whether or not a song is viewed as happy or
sad. Figures 2.4 and 2.5 represent their findings. It turns out that music
in the minor mode is seen as sadder or less joyful than music in the major
mode. Additionally, songs tend to get happier as the tempo increases. This
result suggested that major and minor phrases have different critical speeds
at which the influence of tempo on mood is either weakened or strengthened.

Figure 2.4: 83 participants assessed five musical phrases as ”Pleasant-
Happy” as a function of tempo & mode. Tempo has a decelerating influence
on the major mode, but it has an accelerating effect on the minor mode
(Webster & Weir, 2005).
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Figure 2.5: Emotional responses to a variety of musical stimuli with vari-
able tempo (slow versus fast) and mode (major versus minor). The y-axis
depicts happy-sad ratings as a function of mode and tempo. Positive rat-
ings indicate increasing happiness, while negative ratings indicate increasing
sadness. Tempo has a slight decelerating effect on major music and a slight
accelerating effect on minor music. According to the ratings, however, faster
tempos were positively associated with happiness and negatively associated
with sadness (Webster & Weir, 2005).

According to Husain et al. (2002), altering mode affected mood but not
arousal, whereas manipulating tempo affected arousal but not mood. In a
tonal context, the valence dimension of Russell’s model can be related to
mode. As the Figures show, the minor mode is linked to sadness, while
the major mode is linked to happiness. There are, however, contradictory
indications that pace promotes arousal. This indicates that the valence and
arousal axes of the valence-arousal model cannot be completely adjusted
independently by tempo and mode (Van der Zwaag et al., 2011).

Additionally, Schellenberg & von Scheve (2012) examined the Billboard
Year-End chart and assessed tempo and mode, albeit using a lower sample
size. The study showed that pace decreases linearly over time. However,
the 1990s saw the slowest tempo recordings, and since then the tempo has
grown. This may indicate that the declining trend has levelled out and is
beginning to reverse.

Duration

The duration of a song is another aspect of popular music that will be stud-
ied. Pettijohn & Sacco Jr (2009) examined Billboard number one songs
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from 1955 to 2003 in relation to changes in US social and economic cir-
cumstances and song features. They utilised an indicator that represents
a standardised, global measure comprised of the US employment rate, the
change in disposable personal income, the change in the consumer price in-
dex, the death rate, the birth rate, the marriage rate, the divorce rate, the
suicide rate, and the homicide rate. There was apparently a link between
song duration, song ratios, and the GHTM. Specifically, when social and
economic situations in the United States were relatively bad, longer songs
were popular. Other criteria that contributed to a song’s popularity were a
higher level of significance in its content, a more comfortable tone, a more
romantic tone, and a slower tempo. In general, the duration of songs has
increased throughout time, however the pattern fluctuates regularly.

Schellenberg & von Scheve (2012) examined the Billboard Year-End
chart to determine the relationship between song length and pace. Their in-
vestigation demonstrated a strong negative correlation between tempo and
duration, leading to the following conclusion: longer recordings tend to have
a slower speed. To illustrate this assumption, a ten-second increase in du-
ration was accompanied by an average decrease of 1.7 beats per minute.
Additionally, there was a strong correlation between recording year and du-
ration. On average, the duration of songs increased by 1.3 seconds every
year over time. The average song length rose from less than three min-
utes between 1965 and 1969 to about four minutes between 2005 and 2009.
Duration peaked in the 1980s and thereafter declined.

Furthermore, technology may have affected the duration of songs. Shortly
after the introduction of the compact disc in 1982, sample duration peaked
in the late 1980s. Additionally, the increased storage capacity of compact
discs enabled musicians to keep lengthier songs on them, allowing them to
produce longer songs and still sell them in stores.

The lengthening of songs could be seen as another indication that music
is becoming more intricate. When the pace was held constant, the corre-
lation between duration and recording year remained unambiguous. This
indicates that the overall number of beats in a song has increased.

Acousticness

Acousticness corresponds to the acousticness value of a song. Acousticness
is caused primarily by instruments, such as an acoustic guitar or a piano. A
low acoustic value indicates that a song consists primarily of electric sounds
(Panda et al., 2021). Electric guitars, synthesisers, and auto-tuned vocals
generate these electric sounds. Panda et al. (2021) gathered audio clips and
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investigated their audio characteristics. According to their research, low
acousticness is typical of joyful music. Music that was very loud or angry
also had a low acoustic value.

Second, the study revealed a strong inverse relationship between acous-
ticness and energy. Therefore, when acousticness is high, energy is low, and
vice versa.

On the basis of these findings, it can be assumed that acousticness de-
creased over time as angry music and energy increased.

Energy/Arousal

The energy feature can be defined as a measurement indicating the intensity
and activity of the song. Intensity, also known as dynamics, gives an indica-
tion of the degree of loudness or peacefulness of a music piece (Bhat et al.,
2014). In reality, energy is not exactly arousal, but serves as its surrogate
(Panda et al., 2021).

Furthermore, it is a reference to measure stress in the composition of
music. Hove et al. (2019) investigated how energy levels in popular songs
changed between 1955 and 2016. In the study, energy/intensity is described
as root mean squared energy. To evaluate the intensity of a song, the root
mean squared energy can be utilised (Bhat et al., 2014). RMSE gives the
global energy of an audio signal’s waveform and can be used to identify
music (Girmal et al., 2018).

In general, peaceful music should have a low intensity level, and joyous
music should have a medium intensity level. The study of Hove et al. (2019)
demonstrates a growth in energy throughout recent decades. This rise can
be caused by an increase in bass frequencies. A recent analysis of songs
on German charts from 1965 to 2013 found that the ratio of low-to-high
frequency energy has grown over time (Oehler et al., 2015; Hove et al.,
2019). This shows that there is a rise in bass levels, which might be related
to greater amounts of RMS energy. Bass frequencies appear to be especially
important in inducing and stabilising movement to music (Burger et al.,
2013). When music is broadcast over a sub-woofer, it should stimulate the
body more compared to earbuds merely, because a sub-woofer has more
bass (Hove et al., 2020). The study of Hove et al. (2020) demonstrated that
respondents moved more and regarded songs as more pleasurable under these
circumstances, in essence: listening to songs presented via a sub-woofer.

However, these sub-woofer impacts were stronger for more contemporary
songs (2004-2015) compared to earlier songs (1972-1986). (1972-1986). It
suggests that newer songs had significantly more spectral flux in the bass
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range (0–100 Hz) than older songs. Spectral flux defines the fluctuations in
the frequency content of an audio signal. More spectral flux will result in
more bass.

The growth of bass frequencies could be linked to technological advance-
ment. The upright acoustic bass, used for rock and roll in the 1950s, pre-
pared the way for the more prominent electric bass in the 1960s Perone
(2009); Hove et al. (2019). Bass grew much louder and lower with the de-
velopment of drum machines in the 1980s. Low-end bass levels continued to
climb as portable boomboxes in the 1980s became popular. Eventually, sub-
woofers functioned as a substitute for the boombox a decade later. On top
of that, recording and editing equipment got better, which made it possible
to reach deeper bass levels.

Interestingly, genres that originated in the 1980s/1990s, such as hip-
hop/rap and electronic dance genres, are typified by their significant low-
end bass frequencies (Mauch et al., 2015). This shows that technological
improvement might have influenced the evolution of musical styles, genres,
and listening preferences.

Valence

The psychological valence scale can be explained using the phrase ”happy-
unhappy.” Valence is the melodic positivity expressed by a song. At one end
of this scale, respondents feel happy, pleased, and satisfied, whereas at the
other end, they feel unhappy, angry, and dissatisfied. The average psycholog-
ical valence scores for the word were derived by the ANEW study (Bradley
& Lang, 1999). This allows the valence of song lyrics to be measured.

Liveness

Performing live music provides numerous sector-specific benefits. According
to the findings of Holmes et al. (2006) , live, interactive music is an effective
short-term treatment for apathy in individuals with moderate to severe de-
mentia. In addition, live music is superior to recorded music for short-term
therapy. There was no substantial short-term efficacy of prerecorded music
in the treatment of apathy in participants with severe dementia.

Furthermore, the category of live performance has received a growing
amount of scholarly attention recently (Holt, 2010). This interest is mostly
driven by the expansion of the live music industry. However, there is a
gradual reduction in live performances in the United Kingdom (Frith, 2007).
The study suggested that as more time was spent listening to music at home,
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less time was spent attending live performances. The study by Brown &
Knox (2017)contradicts this statement. There has been an unparalleled
increase in the economic value of live music, such as festivals and concerts.
According to the study by Connolly & Krueger (2006), the primary source
of income for artists is live music, not the sales or streams of their recorded
music. Between 2001 and 2010, ticket prices increased by an average of
39%. The fact that ticket prices have skyrocketed in recent years indicates
a persistent willingness to pay above the retail price for live events. Ticket
scalping has created an entirely new industry. (Black et al., 2007).

Experiencing a live performance is distinct from listening to the radio
(Brown & Knox, 2017). Live, musicians frequently improvise or alter their
compositions, which can be difficult to capture on a recording. Additionally,
the atmosphere at a live concert is unique. Multiple factors contributed to
the audience’s decision to attend a live concert as opposed to listening to
recorded music.

Speechiness

The speechiness feature recognises spoken words in a track. According to
research, music can be used to foster an environment conducive to learning
(Lems, 2001). The spoken words in a recording could assist its subjects in
expanding their vocabulary.

2.5 Lyrics

This section will describe two lyric segments. First, the effect of lyrics on
eliciting emotion will be examined. On the basis of current research, various
methods for assigning the proper value of valence and arousal to each word
will then be described. Finally, this section will provide an answer to the
first part of RQ2 described in section 1.3.

Lyrics can play a crucial role in determining a song’s emotion (Y. Hu
et al., 2009). Listeners will hear and comprehend the lyrics, which means
that distinct emotions can be created by understanding what is being said.
Consequently, identifying the emotion of lyrics can successfully aid in deter-
mining the sentiment of a song. In addition to the audio signal, the lyrics of
a song are inherently meaningful and have a deep influence on the human
perception of songs (Chen et al., 2016). Lyrics comprise words and phrases
that describe the human situation. The situations expressed by lyrics typi-
cally consist of locations and events that trigger human memory to produce
feelings that make it seem as if an event was just experienced. However,



2.5. Lyrics 26

the current state of the art is devoid of actual ways for detecting emotions
based on music lyrics. This claim is based on the fact that different articles
use different methods and don’t always have good evidence.

Lyrics in music have been considered to serve multiple different purposes
(Barradas & Sakka, 2021). In certain situations, lyrics can facilitate:

1. Exploring feelings, problems, and difficulties.

2. Influencing people’s behaviour.

3. Helping overcome everyday problems.

Thus, when selecting music to listen to, listeners may look for lyrics that
are deep, insightful, convincing, and emotionally charged.

The majority of research on the connection between music and emotion
has concentrated on instrumental music (Zentner et al., 2008). However,
research on the relationship between lyrics and emotions is scant (Mori &
Iwanaga, 2014). The impact of lyrical content on the emotions evoked by
songs should not be overlooked, given that the vast majority of music has
words.

Stratton & Zalanowski (1994) revealed that when comparing emotional
responses to music alone versus a combination of music and lyrics, the ad-
dition of lyrics to music had a greater impact on mood. Moreover, the
authors hypothesised that when music and lyrics convey contradictory af-
fective information, the lyrics will influence the induced mood more than the
music. However, these results were not supported by Sousou (1997), who
regarded the opposing findings as the result of a difference in stimulus selec-
tion. The results may indicate the response to emotionally loaded words in
combination with uncertain-sounding music and unclear musical selection.
The auditory stimuli employed in Sousou’s study were, however, selected
based on joyful and sad music, as determined by two independent expert
musicians. Thus, Sousou believes that when the music is not emotionally
ambiguous, the effect of the music is greater than the effect of the lyrics on
emotion induction.

Ali & Peynircioğlu (2006) tested the effects of instrumental music versus
music with lyrics on the perception of four emotions (happiness, sadness,
calmness, and anger). When participants listened to sad music, the presence
of lyrics increased their sense of sadness, and when they listened to angry
music, the presence of lyrics increased their experience of anger. When
happy or calm music was performed, however, the lyrics had no effect. These
results imply that lyrics can affect how sad or angry a piece of music is
perceived to be.
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Even though a great deal of research has been conducted on emotion
analysis, nearly all of these studies employ a one-dimensional model of emo-
tions, such as positive-negative, which cannot be used to represent the feel-
ings elicited by lyrics. This indicates that the intensity, or arousal, is dis-
regarded. In this report’s methodology, Russell’s two-dimensional model of
valence and arousal will be utilised.

2.5.1 Annotation

The method of assigning each word or sentence an appropriate valence and
arousal value is flexible in contemporary research and could be the subject
of multiple articles. On the basis of their rationale, the employed procedures
may be questioned.

Y. Hu et al. (2009) examined the emotions in Chinese song lyrics. De-
spite the differing terminology, the approach could be effective for analysis.
They utilised a vocabulary that was constructed from the state-of-the-art,
Chinese-specific ANEW dictionary. This new lexicon is based on the transla-
tion of the emotional words from the ANEW dictionary. In order to prepare
the lyrics for analysis, they employed a tool for natural language processing
to perform word segmentation, part-of-speech annotation, and named entity
recognition. After removing stop words, the remaining words of a phrase
were analysed to determine if they appeared in the lexicon. Each word in
the lexicon represents a unit of emotion. Once an adverb that modifies or
negates an emotion term has been identified, it is included in the associated
emotion units. Using an NLP tool, these modifiers were identified. The
name of this NLP tool was not disclosed in the publication.

Calculating the emotion of an emotion unit is as follows:

• vu = vWord(u) x mModifier(u),v

• au = aWord(u) x mModifier(u),a

In this formula, the valence and arousal values of the emotion units
are shown by vWord(u) and aWord(u), respectively. These values were
obtained by looking them up in a dictionary that had been compiled. The
modifiers denote factors that represent the effect of the modifier on the
valence and arousal of the emotion unit. Sentences without an emotion unit
were eliminated.

Individual modifiers were gathered and assigned a value based on the
polarity and intensity with which they influence the emotions of an emotion
unit. Modifiers acquired modifying factors on valence and arousal. A nega-
tive modifier adverb was assigned a value between -1.5 and 0 and a positive
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modifier adverb was assigned a value between 0 and 1.5. The paper did not
make it clear how they valued polarity and influence.

In addition to proposing that the tense of a sentence influences the emo-
tion, the authors accounted for this in their calculations. One of the exam-
ples they provided was that some sentences literally depict a happy life or
recount romantic stories in one’s memory, whereas the lyric actually convey
the sentiment of longing for the happiness or romances of the past. This ex-
ample appears to be more speculative and is unsupported by the literature.

Jamdar et al. (2015) used the following calculation:

•
∑ V alence(sentence)xWeight(sentence)

Weight(total)

•
∑ Arousal(sentence)xWeight(sentence)

Weight(total)

• where, weight(total) = Total weight of all sentences

Furthermore, the weight of a sentence is determined by whether it ap-
pears in a verse segment or a chorus segment. Chorus segments were al-
located a greater value, which offered better outcomes. According to the
study, it also led to the assumption that repeated words have stronger emo-
tional power over the user.

The formula and the computation of the weight of a sentence are contro-
versial. First of all, there is no explanation behind the weight of a sentence.
By assigning chorus segments a higher weight, the results will be skewed and
unreliable. There is also no explanation regarding the degree of increased
weight of the sentences in the chorus passages. Furthermore, there was no
literature used about the ”concept that repeated words have stronger emo-
tional power upon the user.” This assumption prepared partly the way for
the weight of each sentence.

Solitary words might have a different meaning than words in context. To
guarantee that the right context of each sentence was taken into account,
this paper applied a pair of association criteria while calculating the AV
characteristics. These guidelines were founded on core linguistic principles
of the English language and allow modifiers (verbs, adjectives, and negation
words) to modify the valence and arousal levels.

According to the study, verbs can operate as modifiers for entire sen-
tences, but an adjective acts as a modifier for a specific noun that it is
related to. Negation words can affect the meaning of the verbs and adjec-
tives themselves, which can further influence connected nouns or phrases.

The following principles of association were established for adjectives
serving as local modifiers in a sentence:
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• When two adjectives appear together, their effects are merged into a
single adjective.

• When an adjective is immediately before a noun, it is connected with
that noun.

• An adjective is paired with the preceding noun that occurs closest to
it, unless that noun is already paired with another adjective.

• An adjective is related to the noun that follows it most closely. In this
instance, if two adjectives compete for the same noun, the adjective
closest to the noun is used.

Negation words, such as ”not” and ”never”, are capable of inverting
the meaning of the related verb or adjective. For example: ”the boy was
unhappy.” The word ”not” eliminates the high valence value of the word
”happy.” Verbs can also entirely alter the meaning of a statement. For ex-
ample, ”kill the happy rabbit.” The word ”kill” has a negative connotation,
hence the statement should have a negative valence despite the positive con-
notation of the phrase ”happy rabbit.” The valence rating of ”happy rabbit”
should therefore be disregarded.

Çano & Morisio (2017) used a different method compared to Jamdar
et al. (2015)’s study. Without using any association rules or calculations,
they simply assigned each word a value depending on its dictionary value.
Importantly, in their research, lyrics that were not part of the lexicon were
disregarded, and lyrics containing fewer than 10 lexicon words were removed.
The latter is debatable because it is difficult to specify where to draw the line.
Ten-word-valued lyrics are taken into account, but one-word-valued lyrics
are not. The line could potentially be deduced based on the proportion of
words in the song.

Malheiro et al. (2016) conducted a similar study, preprocessing and an-
notating lyrics with valence and arousal values. However, participant an-
notation of the data was conducted. The subjects were required to read
the songs and then identify the major emotion represented. The individuals
were then required to assign valence and arousal ratings on a scale ranging
from -4 to 4. Even though it is a scientific method for putting subjects in a
position to assign a value to the lyrics, the scientists had to assign a value
to the lyrics based on the available literature before putting subjects in a
position to do so. This allowed them to compare the numbers and calculate
the differences statistically. The article also showed how the individuals’
familiarity with the songs could be a problem. If the lyrics appear familiar,
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the listener may assign them a different value. However, only 13% of those
polled claimed to be familiar with an average of 12% of the lyrics.

In an experiment, Chi et al. (2009) examined a dataset of lyrics and
assigned subjects three distinct tasks. On a scale from -2 to 2, they were
required to score the valence and arousal of lyrics, audio, and a combina-
tion of both. In estimating ratings for either valence or arousal, the model
presented using features from both the lyrics text and the audio track per-
formed better than models with characteristics from either the lyrics text
alone or the audio track alone.

As extra information to increase the correctness of ANEW,Pambudi et
al. (2018), attempted to determine the accurate definition of every word.
In doing so, they calculated the average valence and arousal of a paragraph
using the following formula:

• vtext = ∑n
i=1 vif i∑n
i=1 f i

• atext = ∑n
i=1 aif i∑n
i=1 f i

In this instance, vi and ai represent the valence and arousal value of
each word in ANEW. Fi indicates the frequency with which certain terms
appear in the text. Notably, this technique was not established specifically
for lyrics.

Based on the aforementioned literature, it may be stated that there is
currently insufficient study on the correct and scientific annotation of valence
and arousal. However, the most recent studies provide subtle recommenda-
tions on how to annotate the values. There is a distinct distinction between
the investigations. Some studies employ their own techniques for coding
valence and arousal (sometimes based on assumptions). Other studies de-
termine the values for valence and arousal using volunteers. The values of
valence and arousal will be tagged to the words using a combination of the
approaches employed in the publications.

In summary, the association rules of Jamdar et al. (2015)’s paper will be
applied because they could be fair and beneficial to assign a value to a piece
of text considering its meaning. This work provides the strongest basis in
linguistics in comparison to the other discussed publications. It makes sense
that adjectives have an effect on the noun as they modify the meaning of the
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words. These association rules are also partly stated in the paper of Y. Hu
et al. (2009).

Furthermore, each phrase will be treated the same whether it is found in
the ”chorus” or ”verse” segment compared with Jamdar et al. (2015)’s paper
because treating a verse or a chorus in a separate way does not seem to be
suitable based on the current literature. Last, sentences will be discarded if
they do not contain words with emotional value.

2.5.2 ANEW dictionary

Providing words in lyrics with appropriate valence and arousal values re-
mains a challenge at present. Numerous studies have examined the senti-
ment analysis of lyric content. The majority of the aforementioned publica-
tions employ an emotional vocabulary known as the ”ANEW dictionary”.
This vocabulary contains English words that have been assigned arousal,
valence, and dominance values. The ANEW dictionary, however, comprises
just 2476 terms. This could imply that not every word in the lyrics could
be assigned a value, resulting in inconsistent and untrustworthy outcomes.
Consequently, additional researchers have been using WordNet to enlarge
the NEW dictionary (Jamdar et al., 2015; Çano & Morisio, 2017). WordNet
is a significantly larger and more general English dictionary than the ANEW
dictionary (Miller, 1995).

It comprises almost 166.000 word pairings, indicating that the words
have a semantic relationship. The dictionary is brimming with synonyms,
antonyms, and other related terms. Creating a link between the ANEW
lexicon and WordNet would increase the number of terms with valence and
arousal levels. Once a word is present in both dictionaries, its synonyms may
be assigned the same value as the word in the ANEW dictionary. Antonyms
may be assigned opposing values.
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2.6 Mood models

This section will present a literature study of three mood models in music
research. A mood model is necessary for this research to classify songs into
distinct mood groups. This will result in an examination of how popular
music’s mood has altered over the years, and so, what the recipients wish to
listen to. The mood models will be debated and compared with each other,
resulting in choosing the model that would be most suitable. The best
suitable model needs to identify emotions based on available variables, so
that by using the data, the songs can be categorised. The existent theoretical
models can be clearly differentiated into two basic approaches: categorical
and dimensional (Panda & Paiva, 2011).

2.7 Musical mood

Music can be viewed as a structured sound composed of various acoustic
components. However, the primary reason that humans listen to music is
the ability that it has to convey and evoke strong feelings and emotions in
the listener (Salakka et al., 2021). Songs can be classified as ”happy,” ”sad,”
”angry,” or ”relaxed,” for example (Song et al., 2012).

In everyday life, music is most commonly utilised in emotional self-
regulation (Saarikallio, 2011). This can be described as one of the core
human abilities related to emotions. Emotional self-regulation refers to the
process of modifying various aspects such as valence and intensity of emo-
tions (Cole et al., 2004).

This research question will be the basis for the investigation into the
change of emotion in a song over time. In addition, the emotional influence
of music in various contexts will be examined, as this is a crucial factor in
determining if a song has a positive or negative valence. Previous research
has demonstrated that musical mood is linked to characteristics based on
rhythm, timbre, spectrum, and lyrics (Jamdar et al., 2015). The study of
these characteristics will reveal how the musical mood has evolved over time.

According to the research of Russell & Barrett (1999) emotions can be
depicted as either a core affect or a prototypical emotional episode. The
core affect can be characterised as conscious, accessible elemental processes
of pleasure and activation, which are always present. This concept is also
referred to as valence and arousal.

A prototypical emotional episode, on the other hand, refers to a com-
plex process that develops over time. This includes sub-events, such as
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antecedent, appraisal, and self-categorisation, that are interconnected. Al-
though the two notions are similar, they are distinct in many respects. For
instance, the intensity of core affective experiences can vary, although the
intensity of prototypical emotional episodes cannot, and as previously indi-
cated, humans are always experiencing core affect. There are no sub-events
in music songs, as there are in prototypical emotional episodes, so the main
emotional effect will be considered.

2.7.1 Thayer’s model

Thayer’s model can be viewed as a circumplex model of music, presented
in 2.6, incorporating two variables: energy and stress (Seo & Huh, 2019;
Thayer, 1990). Using two dimensions, this model can thus be considered
dimensional. Thayer’s model can be used to classify parts of music based on
how much energy and stress they have, which is basically a way to classify
mood.

Figure 2.6: Thayer’s model. The model represents emotional states with
energy and stress. Energy refers to the volume or intensity of sound in
music and Stress refers to the tonality and tempo of music. There are
four mood clusters: calm-energy (e.g., Exuberance), calm-tiredness (e.g.,
Contentment), tense-energy (e.g., Frantic), and tense-tiredness (e.g., de-
pression). Using Thayer’s approach, it is possible to characterise musical
passages based on the energy and stress dimensions (Seo & Huh, 2019).
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2.7.2 Hevner’s model

Hevner’s model is the earliest and currently best known systematic attempt
at constructing a music mood taxonomy in music psychology (X. Hu, 2010).
It is defined by its mood clusters and is presented in Figure 2.7 (Laurier et
al., 2009).

Figure 2.7: Hevner’s model, a a circle of eight clusters comprising mood-
related adjectives. It is a categorical model because emotions are structured
into distinct categories. These clusters contain moods that are close in mean-
ing. The meanings of adjacent clusters would only slightly alter. However,
opposite clusters are their counterparts. Cluster two and cluster six, for ex-
ample, comprise emotions such as happiness and sadness and can be called
opposing mood clusters (Laurier et al., 2009).
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2.7.3 Russell’s model

The paradigm of Russell circumplex allows for the classification of emotions
and mood (Russell, 1980). This model is frequently used for music emotion
recognition, human emotion recognition, and other psychological investiga-
tions (Kim et al., 2010; Panda et al., 2018). In addition, the studies of Juslin
& Sloboda (2001) and Laurier et al. (2009) support the usefulness of this
two-dimensional model for representing emotions across a broad range of
musical styles.

In addition to mood clusters, Downie et al. (2008) proposes mood clusters
in their investigation of audio mood classification. The automatic recogni-
tion of emotions or moods in music is still in its infancy, despite increased
interest in recent years. Based on valence and arousal/energy, Russell’s two-
dimensional model assigns emotions. This model is presented in Figure 2.8.
Arousal is a subjective state of feeling activated or deactivated, whereas
valence is a subjective feeling of pleasantness or unpleasantness.

Consequently, according to Russell’s model, a song can be categorised
along the following two axes:

• Songs that evoke positive emotions as opposed to those that evoke
negative emotions

• Songs that are highly energetic as opposed to those that are lowly
energetic

Even though Russell’s model has been widely accepted in numerous re-
searches, the model has its limitations (Van der Zwaag et al., 2011). Nowa-
days, it is still a topic of debate whether other dimensions should be included
to capture emotions (Eerola & Vuoskoski, 2011). Several researchers pro-
posed a third dimension which may be added to the model. Tension could
be one of these dimensions, ranging from restless/under tension to calm/re-
laxed.

Tension was experienced by listeners while listening to music (Krumhansl,
1997). Different groups of subjects needed to rate a short music fragment
on continuous scales of sadness, fear, happiness, and tension. An outcome of
this study was, that subjects frequently experienced tension during listening,
next to possible emotions such as sadness, fear and happiness. Tension can
be experienced in music, for example, when an unexpected pitch is included
in a chord (Steinbeis et al., 2006).

Also, music written for films often incorporates methods of producing
tension to underline feelings of tension in the film (Van der Zwaag et al.,
2011). These ideas make tension a third dimension of interest in music study.
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Figure 2.8: Russell’s circumplex model of affect. In the model, emotions
are distributed in a two-dimensional plane. The x-axis represents valence
and the y-axis represents arousal. Arousal refers to a subjective state of
feeling activated or deactivated, whereas valence refers to a subjective feeling
of pleasantness or unpleasantness. Using the circumplex model, emotional
states can be presented at any level of valence and arousal (Jamdar et al.,
2015).

Another limitation of the model in music research is that some human
emotions that occur in daily life are not represented in the model. Contempt
or jealousy are emotions that are difficult to elicit through music (Juslin &
Sloboda, 2011). Leaving emotions out of the model will put more emphasis
on the emotions that are chosen.

The extent to which music may be able to convey mixed emotions is
unclear in the model. It is unclear how to interpret the model when the
subject is experiencing both happy and sad emotions simultaneously. Al-
though a solution for the occurrence of mixed sentiments has been proposed,
the method has not yet been widely applied in research (van den Broek &
Westerink, 2009). The method implies separate scales/dimensions for posi-
tive and negative valence.
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As it comprises variables that are already present in the dataset, Rus-
sell’s model will be the most desirable model for this investigation. Due to
the lack of mood data, Hevner’s model, which utilises mood clusters, cannot
be used. Russell’s and Thayer’s models are relatively similar, but Thayer’s
model employs stress rather than valence, which are distinct concepts.

Based on the values of ”valence” and ”energy”, it will be possible to
create a new categorical variable in the dataset titled ”Emotion” by apply-
ing Russell’s model to the data. The ”Emotion” variable can take on the
following values based on the quadrant’s four categories:

1. Happy/Joyful

2. Turbulent/Angry

3. Chill/Peaceful

4. Sad/Depressing

In the subsections that follow, these four types of emotions will be de-
scribed. Each type has different effects on humans. Music has a unique
capacity to evoke a wide range of emotions compared to other art forms.

Happy/Joyful

In general, happy music is characterised by its medium intensity, medium
timbre, very high pitch, and very high rhythm (Bhat et al., 2014). A fast
tempo or rhythm is frequently associated with joy or anger. A piece of music
with a high pitch connotes light, joyful, carefree, and humorous moods.

Turbulent/Angry

Turbulent/angry music is marked by its extreme intensity, very high timbre,
low pitch, and very high beat (Bhat et al., 2014). As these traits are related
to energy, it may be stated that it seems that turbulent or angry music has
a high degree of energy.

Music and culture share a profound interaction with each other that
has been left unexplored: music acts as a cultural product that documents
changes in U.S. culture across time. People have an inherent need for social
interaction. However, feelings of loneliness and social isolation increased
by 250 percent in the United States between 1985 and 2004 (McPherson
et al., 2006). Songs in America have also become increasingly self-focused.
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Raskin & Shaw (1988) revealed that scores on the Narcissistic Personality
Inventory were linked positively with the number of first-person singular
pronouns and negatively with the number of first-person plural pronouns
used. Another study also found evidence that there was a considerable
increase in narcissistic tendencies across the generations (Twenge & Foster,
2010). Narcissism is related to the usage of self-focus terms. As indicated
above, social connectedness is also declining over time. Both these ideas
are associated to an increase in anger and antisocial behaviour (Bushman
& Baumeister, 1998; Twenge & Campbell, 2003).

In popular American music, the usage of swear-and anti-social phrases
did increase through time (DeWall et al., 2011). Thus, popular songs’ lyrics
have gotten increasingly aggressive and antagonistic throughout time. The
study measured the percentage of words that appeared in lyrics. There was
a definite increase in the use of first-person singular pronouns, while first-
person plural pronouns declined. Changes in popular music’s lyrics reflect
a growth in narcissism in society, with musical lyrics becoming ever more
self-focused throughout time.

Chill/Peaceful

Compared to other types of emotions, the acoustic characteristics of music
that evokes calm and serenity are very distinct. It has a very low volume,
timbre, pitch, and rhythm (Bhat et al., 2014).

Sad/Depressing

In daily life, people attempt to avoid experiencing negative emotions. How-
ever, many people derive immense pleasure from listening to sad music (Vu-
oskoski et al., 2011). Sadness is generally regarded as a negative emotion,
and it is frequently a reaction to distressing and unfavourable circumstances
(Sachs et al., 2015). ”Why do people enjoy listening to music that evokes
sadness?” is one of the most intriguing questions in the history of music.
Human survival depends on avoiding painful and sad experiences. However,
music is frequently used to alleviate mental suffering.

Many contemporary American pop songs contain sad-sounding motifs,
which can evoke sadness (Schellenberg & von Scheve, 2012). Sadness is a
complex bodily and neural state that results in low energy, social withdrawal,
low self-worth, and a sense of a limited future horizon. There are two ways
to describe sad music: objectively and subjectively.
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On an objective level, sad music can be identified based on its acous-
tic characteristics. The characteristics of music that are commonly asso-
ciated with melancholy are a lower overall pitch, a narrower pitch range,
a slower tempo, the use of the minor mode, dull and dark timbres, softer
and lower sound levels, legato articulation, and less energetic execution.
Darker timbres tend to have a calming effect on human emotions (Bhat et
al., 2014). In addition, the emotional content of sad music can be described
in a two-dimensional space of valence and arousal. In accordance with Rus-
sel’s model, it is defined as music with low valence and low arousal (Trost
et al., 2012).

The subjective perspective is based on the listener’s interpretation of
the presumed feeling that the composer intended to communicate. The
subjective classification of emotions is largely decided by asking participants
which emotion they believe the song expresses or which emotion they are
experiencing at that moment while listening to music. A song’s lyrics can
have a significant influence in classifying the mood it generates. Themes like
sorrow and lost love can cause the listener’s imagination to link the music
with melancholy.

Recent advances in cognitive science and neuroscience have made it pos-
sible to investigate the relationship between perceived melancholy and pos-
itive affect in music. By examining how the brain reacts to music listening,
aesthetic judgement, and the processing of emotions, it is possible to ac-
quire a deeper understanding of how and why specific auditory stimuli elicit
a pleasurable reaction (Sachs et al., 2015). The paradoxical notion that hu-
mans desire to minimise misery in their lives, yet find it enjoyable to listen
to sad music, is known as the ”tragedy paradox” (Xu et al., 2021). However,
not everyone finds listening to melancholy music pleasurable. Several studies
have documented the psychological consequences of individual differences.

Personality, mood, and the surrounding social context are significant
determinants of a person’s enjoyment of sad music (Sachs et al., 2015).
Among the characteristics associated with the preference for sad music in-
clude absorption, as measured by the Tellegen Absorption Scale, and scores
on subscales of the Interpersonal Reactivity Index, such as fantasy and sym-
pathetic concern (Garrido & Schubert, 2011). According to the Big Five
Model of personality traits, additional indicators include higher openness to
experience and lower extraversion scores.

The current mood appears to play a factor in preferences for sad music as
well, according to the following study (Hunter et al., 2011). Regarding the
experiment of Hunter et al. (2011), they discovered individuals’ enjoyment
of sad-sounding music rose after creating sad moods in subjects. On the
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contrary, Taruffi & Koelsch (2014) discovered in a slightly similar study
that people prefer sad music when they are sad. However, others preferred
to listen to joyful music. This suggests that individuality in the liking of sad
music is still important, which needs to be taken into consideration in sad
music recommendation systems.

The last crucial factor in picking and liking sad music is the current
situation of the individual. According to the research of Taruffi & Koelsch
(2014), listening to sad music can be done for multiple reasons and is grouped
in Table 2.1.

Table 2.1: Situations in which individuals engage with sad music

Situation category Description Function

Emotional distress Death, failure, frus-
tration, love-sickness

Emotional: mood en-
hancement

Social Homesickness, feeling
lonely

Social and emotional:
consolation due to
mood-sharing and
context

Memory Retrieving memories
of valued past events

Memory trigger

Relaxation and arousal Relaxing, getting new
energy, quieting down

Emotional: mood and
arousal regulation

Nature Travelling As a reflection of the
environment

Musical features Engaging for its musi-
cal features

Aesthetic

Introspection Contemplating, reap-
praising personal ex-
periences

Cognitive: improve
personal introspection

Background Parallel activity: driv-
ing, reading, working

Pleasant background
music

Fantasy Creative thinking,
looking for inspiration

Cognitive: engage cre-
ative thinking

Intense emotion Seeking a touching
emotional experience

Emotional: experi-
ence intense emotions

Continued on next page
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Table 2.1 – continued from previous page

Positive mood When being in a pos-
itive mood or emo-
tional state

Emotional: mood
control

Cognitive Improving rational
thinking, obtaining a
better focus

Cognitive: engage ra-
tional thinking

People who took part in this study indicated that when they were feeling
down, they listened to sad music (470 nominations, compared to 184 or
fewer nominations for the other categories).

According to the findings of Napier & Shamir (2018), who analysed the
Billboard Hot 100, there was a slight increase in the popularity of sad music
in the late 1980s, which peaked in the early 21st century.

The conclusion of Schellenberg & von Scheve (2012) emotional’s study
is that music has become more melancholy over time. Primarily as a result
of a decrease in tempo and an increase in the use of the minor mode.

Multiple studies demonstrated that, song lyrics, like language can ex-
press and elicit emotions (Juslin & Sloboda, 2001; Ali & Peynircioğlu, 2006).
It appears that lyrics can influence the overall emotional valence of emotions,
making it easier for music to convey positive emotions when they are present
or absent.

DeWall et al. (2011) studied how lyrics alter the induction of emotions
by music over time. Validating their premise, song lyrics have gotten worse
throughout time. The year and the number of words related to pleasant
emotions were negatively associated, obviously indicating that lyrics contain
a lower percentage of positive emotion phrases throughout time.

2.8 Historical background - Billboard

The Billboard Hot 100 used to be a magazine in the past (Giles, 2007). To-
day, Billboard offers a variety of popular music charts for North America.
Currently, a new chart will be posted on their website every Saturday. The
”Hot 100” chart, which comprises the one hundred most popular songs of a
given week and is updated weekly, is their most famous. Billboard also pub-
lishes the weekly ”Billboard 200”, ”Artist 100”, ”Songs Of The Summer”,
”Billboard Global 200”, and ”Billboard Global Excl. US” charts. Billboard
also publishes their ”Year-End Hot 100 Songs” at the end of each year, which
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comprises the one hundred most popular songs played throughout the pre-
vious year. Billboard then publishes annual charts of the top 200 albums
and box scores.

The magazine Billboard was founded in 1894 by William H. Donaldson
and James H. Hennegan of Cincinnati (Ohio) with the intention of becoming
the leading trade publication for the advertising business (Kwame Harrison
& Arthur, 2011; Anand, 2005). Despite many alterations over the past
127 years, its original essence has remained unchanged. Billboard is still
an industry-focused journal that is consumed by stakeholders in all sectors
of the music business. Billboard is in the business of physical billboard
advertising, live performances, recording music, and, broadcasting radio and
television. Briefly, Billboard is the preeminent trade publication for the
music industry (Kwame Harrison & Arthur, 2011).

In its early years, Billboard swiftly expanded into a firm that documents,
promotes, and disseminates information about touring musical and theatri-
cal performances. Beginning in the early 20th century, the entertainment
business developed rapidly. This brought a change at the Billboard com-
pany. From publishing the routes of touring performers to chronicling the
booming recorded music industry, Billboard has become an indispensable
business resource for individuals with a financial stake in the music industry.
In 1955, Billboard created the ”Top 100” singles chart, which remains one
of Billboard’s greatest ideas under a new name today. Billboard’s editor-in-
chief, Tom Nonnan, renamed this chart ”Hot 100” in 1958, after competitors
had copied its format and moniker and trademarked the brand. Now, the
business is more focused on album charts than singles charts. This is due to
the fact that recording firms typically lose money on singles. Radio airplay
is primarily a promotional tool (Anand, 2005). As revenues are generated
mostly through album sales, the album chart can be viewed as an indicator
of a record label’s financial performance.

Billboard has been publishing weekly for nearly a century, informing the
music industry of all major events. This has proven vital to the development
of the commercial music industry. Its news, information, gossip, advertising,
opinion, and music charts keep the music industry abreast of all recent and
forthcoming happenings.

Billboard magazine has influenced the evolution of the commercial mu-
sic industry in two significant ways. First, Billboard played a crucial role
in connecting the commercial music industry. By providing vital market
activity information to its customers, Billboard helped the industry connect
and grow. Second, by releasing a well-known music chart every week, it
established the path for how field participants hear music and how they
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respond to the commercial music market. Participants in the market have
grown to rely on the charts in order to determine what is popular with
their audience. Anand (2005) defines the Billboard chart as a ”frequently
updated chart that informs about market activity provided by an indepen-
dent source, published in a predictable style with consistent frequency and
available to all interested parties for a modest fee.”

It is essential to note how Billboard ranks their music. According to
(McAuslan & Waung, 2018; Haampland, 2017), the ”Hot 100” is deter-
mined by radio airplay, audience impressions as measured by Nielsen BDS,
retail and digital sales, and streaming from online music sources like Spotify.
Nielsen BDS is a service that tracks monitored radio, television, and internet
play of songs by counting spins and detections. Paid digital downloads were
factored into the Billboard Hot 100 chart at the start of 2005. As technology
and formats have advanced, new measurement parameters, such as stream-
ing data and on-demand services, have been included beginning in 2007. In
addition, YouTube views have been factored into the ranking of songs since
2013, when they became an additional factor. This contentious choice had
an immediate effect (Kellogg, 2013). The number-one song on the chart
was ”Harlem Shake” by producer Baaur, a viral success. Considering that
only 262,000 copies of the record were sold that week, this song would not
ordinarily rank at the top. Including YouTube views, however, this single
rocketed to the top of the chart. In anticipation of subsequent graphs, it re-
mains to be seen what this decision’s long-term effects will be. Historically,
before online services played a significant role, Billboard’s chart rankings
were determined by two key elements that could be measured: radio play
and record sales. Thus, the Billboard ranking underwent a transformation:
from a system based solely on radio play and record sales to a system that
includes streaming data and other metrics. A brief summary of the histor-
ical changes in ranking indicators can be created using the Nishina (2017)
and the McAuslan & Waung (2018).

The year 1991, marked the introduction of the first modification to Bill-
board’s ranking methodology. Actual point-of-sale data from SoundScan
will be utilised in determining the Top Album and Hot 100 Singles chart
rankings(Kellogg, 2013). This relationship resulted in an instant boost in
the sales, quantity, and programming frequency of urban music on top 40
radio. Michael Shalett and Michael Fine founded SoundScan in 1991 as
a computerised music retail sales monitoring data resource that validates
each sale when the bar-code of an album or single is scanned at retail out-
lets. This modification to the approach improved the accuracy, fairness, and
data-driven nature of the ranking. Table 2.2 provides a historical summary
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of the ranking’s fluctuations.

Table 2.2: Historical ranking metrics Billboard

Year(s) Description

1958 - 1991 Ranking based on singles sales and radio airplay.

1991 Billboard began collecting sales data digitally (using
Nielsen SoundScan) in 1991, allowing for faster and more
precise charts.

1998 Billboard eliminated the requirement that a song be re-
leased as a single in order to be on its charts.

2005 Billboard incorporated iTunes digital downloads into their
ranking.

2007 Streaming data and on-demand services were added (Spo-
tify).

2013 The number of music video views on YouTube in 2013 is
contained.

2.9 Musical Evolution

Philosophers, sociologists, and journalists have long argued about the history
of music. However, robust assessments of unambiguous hypotheses grounded
in quantitative facts and statistics are lacking (Mauch et al., 2015). The
absence of data was also a significant obstacle to music study. Recently,
this has altered with the introduction of extensive digitalised archives of
audio recordings, musical scores, and lyrics. In this manner, music can be
quantified. Mauch et al. (2015) analysed the harmonic and timbral qualities
of 17000 records that appeared on the Billboard Hot 100 charts between
1960 and 2010 in an effort to demonstrate quantitative trends. In addition,
they investigated the emergence of musical variety. This corpus of digitised
music was utilised to study the history and development of American popular
music. Figure 2.9 depicts the evolution of their data’s themes.
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(a) Changes in harmony are shown by the yellow lines.

(b) Changes in timbre are shown by the blue lines.

Figure 2.9: Evolution of musical topics in the Billboard Hot 100 over the
years (Mauch et al., 2015).

Both the harmonic and timbral charts can reflect particular music genres
because these musical qualities can define a genre. H1, for instance, illus-
trates the use of dominant-seventh chords, which are frequently employed
in jazz music to build tensions that are later resolved by consonant chords.
Additionally, dominant seventh chords are utilised in blues music. Numer-
ous blues and jazz-tagged tracks have a high frequency of H1, indicating
a quick drop of these topics. Another musical style, H3, employs minor-
seventh chords, which may be traced back to funk, disco, and soul music
for their use of harmonic colour. In the first decade, the mean frequency
of this style virtually doubled. Among all the themes, H5 is the only one
devoid of chords, which seems extremely odd given that songs should have
easily identifiable chords. Nonetheless, this style conveys their absence and
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represents hip hop and rap. The frequency of these genres increased in the
late 1980s.

The timbral charts appear to be more dynamic than the harmonic charts,
as many of them display quick up-and-down motions. T3 is the timbral de-
scriptor for ”energetic, speech, and bright.” It exhibits the same character-
istics as H5 and may also be associated with the growth of genres associated
with hip-hop. Instruments such as the guitar and the piano are described
using timbral terms such as T1, T4, and T5. It appears that these timbral
subjects rise and fall periodically, indicating a periodic repetition of instru-
mentation. The rise of T1 can be explained by the introduction of the drum
machine, a new percussion technology. The drum machine’s popularity rose
steadily until 1990, when it reached its peak. After 1990, the incidence of
T1 decreased, indicating the end of the drum machine’s rule.



Chapter 3

Data and Method

Regarding the data and the approach, this part will describe what method
was used to analyse the data. In addition, it will be revealed precisely what
data has been selected and what adjustments have been made. Because they
need a separate methodology, a clear separation has been drawn between
Spotify’s audio features and its lyrics.

In the realm of music data mining, data is being gathered and amassed
at an accelerated rate. There are two plausible techniques for mining mu-
sical data. Either the more conventional method, Knowledge Discovery in
Databases, or the methodology presented in the book by T. Li et al. (2011)
could be implemented. In this part, the two frameworks will be described
and contrasted. Knowledge Discovery in Databases (abbreviated, KDD)
refers to the process of discovering knowledge in data and emphasises the
high-level application of certain data mining methodologies (Fayyad et al.,
1996). The interpretation of data after the execution of a set of actions is one
of the most crucial components of this. KDD in databases is the nontrivial
process of detecting legitimate, innovative, possibly helpful, and ultimately
intelligible patterns in data, as mentioned in the work cited in Fayyad et al.
(1996). This framework consists of multiple phases, employs data mining
techniques for pattern identification, and attempts to address one of the
most pressing issues of the digital information age: ”data overload.” His-
torically, data analysis was conducted in a more conventional manner. It
was common practise in the healthcare industry for medical specialists to
manually analyse trends and changes in healthcare data on a regular ba-
sis. However, this way of manually analysing a dataset is time-consuming,
subjective, and costly. Due to the increase in data, this form of manual

47
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analysis is becoming difficult in many fields, including healthcare and busi-
ness. The KDD technique attempts to resolve this issue. The name ”KDD”
was coined at the KDD workshop in 1989 to emphasise that knowledge is
the ultimate result of data-driven discovery, as stated in Piatetsky-Shapiro
(1990)’s paper. According to the work by Fayyad et al. (1996), KDD refers
to the general process of discovering knowledge from data, whereas data
mining refers to a specific phase inside this process. The ultimate objective
of the KDD framework is to provide tools to automate as much as possible
the entire data analysis process and the statistician’s art of hypothesis se-
lection. All KDD processes are displayed in the preceding diagram. In the
following section, all of these procedures will be described in relation to this
report (Mariscal et al., 2010; Fayyad et al., 1996).

3.1 Phases of the KDD model

Figure 3.1: KDD framework for data mining. It contains multiple phases.
Each phase of the KDD process includes input and output. This input and
output will be modified by a command, such as ”Selection” (Rodriguez &
Dolado, 2018).

Figure 3.1 presents an overview of the steps constituting the KDD process.
In this part, the input and output will be discussed in conjunction with their
respective actions.

3.2 Goal-setting and understanding

This framework begins with data, which is a collection of facts gathered from
databases, for instance. These facts could be any type of information. The
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most significant components of this phase are building an understanding of
the data and establishing objectives for what you wish to accomplish with
the data. This will ultimately aid in the discovery of answers to the research
questions. The following objectives are formulated:

• To provide a comprehensive understanding of the data, time series
analysis of the audio features will be performed. This will be performed
to investigate the evolution through time.

• To assign each song a new valence and arousal value (using lyrics) and
then compare these newly determined values with Spotify’s features.
Words with matching entries in the ANEW lexicon are annotated with
new valence and arousal levels. Comparing these Figures will aid in
determining the algorithm’s dependability. Additionally, this may be
a way to improve Spotify’s algorithm.

3.3 Data selection and integration

The subsequent step involves the creation of a target dataset, which will be
chosen beforehand. On this particular subset of the data set, discovery will
be conducted. It is also fairly typical to select a subset of variables from the
dataset, as opposed to focusing on the entirety of the variables. Selecting
your data should be done with care because it is difficult to modify as you
progress through the framework’s later stages. Changing your choice in the
last step of the framework will take a lot of time because you have to go
through all the steps again.

RStudio will be utilised to develop and analyse the dataset. The Inte-
grated Development Environment (IDE) for the computer language ”R” is
RStudio (Allaire, 2012).

Regarding the collection of data, RStudio will use and get Spotify audio
lists. These Spotify playlists comprise around one hundred songs from the
years 1956 through 2020. Due to the fact that these tracklists are compiled
by individuals, each list must be validated. This procedure will be carried
out by scraping the charts from the Billboard website. This makes it possible
to check that the Spotify lists are complete and contain the right music.

Using the rvest package in RStudio, all billboard.com pages containing
tracks from the previously mentioned years were extracted and compared
to the Spotify playlists. This package includes several functions aimed at
accomplishing web scraping (citeprvest). After a comparison, no errors were
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discovered, indicating that the Spotify lists are nearly ready for data prepa-
ration and data cleaning.

Next, the spotifyr package is necessary to import Spotify playlists into
RStudio (Thompson et al., n.d.). This package provides an R wrapper for
retrieving track audio features and other data from Spotify’s Web API in
bulk. In computer programming, a wrapper calls another function, in this
example, the Spotify Web API, which performs the actual job. Thus, RStu-
dio encapsulates the additional software component, the Spotify Web API.
The primary function of the wrapper is to provide an alternative method of
using the wrapped object. Using the spotifyr package, it is now possible to
access the Spotify Web API from within the R environment. The Spotify
Web API communicates only with the R wrapper, which transmits com-
mands to the wrapped programme and delivers results. In this scenario, the
only component that interacts directly with both programme components is
the R wrapper. Thus, it was possible to retrieve and extract playlists via an
API request that utilised automatic batching. In order to use the Spotify
Web API, a developer account was required to obtain a Client ID and Client
Secret. These credentials are required in order to access an access token.
Thus, the R environment can establish a connection with the Spotify Web
API.

The entirety of the collection includes publications from 1956 to 2020.
Each year has one hundred songs. This time period was chosen since year-
end charts prior to 1956 only contained thirty songs, as opposed to one hun-
dred. This could lead to distorted findings as the number of songs released
in these years varies. Thus, the result would be skewed and erroneous. The
data frame contains a total of 6481 songs. Some tracks were not available
on Spotify, as shown by their greyed-out status. This prevented the Spotify
API from using these tracks, resulting in the omission of some songs from
the dataset. These may result from one of the above causes (Lee, n.d.):

1. Country restrictions: It is possible that certain songs are unavail-
able in specific places of the world due to ”country restrictions.” This
may be determined by whoever holds the song’s copyright (often the
label that created the song or the album), but the song’s availability
may alter over time.

2. License expirations: Spotify must negotiate a licence agreement
with music labels and other copyright holders so that artists’ songs
can be streamed on its platform. These licensing agreements have
defined expiration dates; if they are not renewed, the songs cannot be
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streamed. Unfortunately, Spotify has no control over this as it is the
responsibility of individual music companies.

3. Network issues: Although unlikely, it is possible that a network
connection issue could cause music to be unavailable.

To utilise the Spotify Web API, however, an application must be cre-
ated on Spotify’s developer platform (Sciandra & Spera, 2020). Then, the
application was given a name, the reason for its creation was described,
and agreement on the terms of condition was requested. Following this ap-
proach, the ’Client ID’ (username) and the ’Client Secret’ (password) were
generated, which are required to receive the access token in order to link
Spotify with the R environment. The Spotify Web API enables users to
extract certain audio characteristics from songs. In addition, the user can
generate data, such as recently played songs and all-time favourite musi-
cians. Additionally, you can add songs to your playlists and produce new
releases.

Regardless, the spotifyr package supports a function named ”get playlists
audio features” that imports automatically the audio features of the tracks.

Thus, the data was collected and prepared for the following phase. These
auditory characteristics are the variables outlined in Table A.1.

Now that the data set’s foundational elements (artist, title and audio
attributes) have been collected, the dataset can be completed. Next, lyrics
were retrieved via the lyrics.ovh API. Using a looping request issued to the
API, a data frame containing song lyrics was generated and saved. This
situation requires the use of the httr package, which provides the functions
to request lyrics from the API.

3.4 Data cleaning

The framework’s third phase covers data cleansing and preprocessing. This
phase focuses on detecting inconsistencies in the data set (Rahm & Do,
2000). RGetting rid of these so-called ”errors” in the data will improve the
data. In this step, however, it is crucial to formulate a plan for addressing
these inconsistencies. To preserve data quality, you must determine how to
manage missing data fields (Fayyad et al., 1996). Using multiple R packages,
inconsistencies in the data will be identified. Regarding missing values,
only two songs in the data contained audio features with the value ”Not
Available” (NA), which indicates that these rows lack data. All rows have
been inspected for outliers and values that are inapplicable to the dataset,
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such as valence values that are larger than one or less than zero. Fortunately,
only a few inconsistencies were found in the dataset.

3.5 Data preparation/Data transformation

After data has been preprocessed and cleansed, it can be altered and readied
for data mining techniques. This phenomenon is also known as data wran-
gling among data scientists, which is technically described as an iterative
process of data exploration and transformation that permits analysis (Kan-
del et al., 2011). This phase’s objective is to use various data reduction and
transformation techniques to the dataset (Shafique & Qaiser, 2014; Lara et
al., 2014). Data preparation is an important phase in this architecture for
the following reasons:

• Real-world data may be corrupted, for example, it may be insufficient,
loud, or inconsistent. This could result in unworkable models.

• Data preparation can decrease the dimensionality of the original data
and increase the efficiency of data mining techniques.

• Preparing data yields high-quality information that can be utilised to
construct useful and representative models.

This phase employs a variety of data analysis techniques capable of enhanc-
ing data quality, allowing knowledge extraction procedures to ultimately
produce more and better information (Lara et al., 2014).

As the original dataset comprised numerous meaningless variables, such
as the playlist id, playlist img, track album type etc., these variables have
been eliminated. In order to remove a nested variable (a list-column of a data
frame) from the dataset, it has to be denested. The ”playlist name” field
included the song’s release year. These years had to be separated from the
”playlist name” column in order to analyse solely the year of the song. Some
columns were renamed or modified to enhance the overall data consistency.
Previously, the track duration column was presented in milliseconds; now,
it is displayed in seconds, which is more legible for the reader.

In addition to studying the retrieved audio elements, the focus of this re-
search will be on the use of lyrics. There are various advantages to studying
lyrics over studying common audio. First of all, music is typically copy-
righted and prohibited, as opposed to lyrics, which may be retrieved with-
out restriction from the Internet (Çano & Morisio, 2017). Moreover, lyrics
are rich in high-level semantic characteristics. Audio, on the other hand,
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possesses only low-level semantic characteristics, resulting in the so-called
”semantic gap” (Celma, 2006). This semantic gap is the difference between
low-level descriptors and the concepts used by music listeners to relate to
music collections. Regardless, the fundamentals of music are low-level de-
scriptors, which are signal characteristics such as energy and frequency. Con-
tent objects are concepts that music listeners link most frequently to music.
These items’ lyrics are more profound than their signal aspects.

However, song lyrics differ from other text documents in that they pro-
vide unique challenges and must be formatted in a certain manner. They
are frequently brief and have a limited vocabulary. Moreover, metaphori-
cal language in lyrics might result in ambiguity, making mood assessment
difficult.

The lyrics.ovh API was utilised to retrieve lyrics. The core request
includes a link consisting of the base URL of the API, the artist’s name, and
the song’s name. The acquired artist and song names were preprocessed in
order to improve their quality in the following areas:

• Elimination of text unrelated to the song name (e.g. words such as
”Remastered” and ”Version”)

• Elimination of punctuation to recover a cleaned link

• Elimination of years at the end of a song’s name

Once the lyrics have been extracted, the second phase of data prepara-
tion may commence. Many lyrics contain ambiguous words. Additionally,
repetitive textual patterns must be avoided in the lyrics. Notably, the link
to retrieve the lyrics from the API did not function for all songs. This
indicates that the size of the lyric sample is smaller than that of the Spo-
tify sample. Thus, the lyrics were prepared for analysis by performing the
following tasks:

• Elimination of text unrelated to lyrics (e.g., names of the artists, com-
posers, instruments)

• Elimination of frequent textual patterns in lyrics such as [Chorus x2],
[Vers 1x2]

• Elimination of punctuation in order to retain only words

• Elimination of English stop words.
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The ANEW (Affective Norms for English Words) vocabulary was utilised
to supply all the words in the lyrics with a relevant valence and arousal score
(Bradley & Lang, 1999). Çano & Morisio (2017) and Jamdar et al. (2015) are
examples of studies that utilised this dictionary for the sentiment analysis of
lyrics. This lexicon gives a standard set of emotional ratings for 2,471 unique
English words. During a psycho-linguistic experiment, respondents judged
them based on their Valence, Arousal and Dominance qualities. Because
Dominance was not used in this study, it was omitted from the data.

This lexicon was augmented by the addition of the WordNet dictionary.
WordNet offers synonyms for ANEW-lexicon entries. All of the words in
the ANEW dictionary have been rendered through the WordNet lexicon in
order to annotate WordNet synonyms with the same valence and arousal
levels as the ANEW words.

In addition, for the words in the songs to possess valence and arousal,
they must be an exact match with the words in the lexicon. This means
that if a word in the lyrics is in its plural form and the dictionary only has
its singular version, the word will not be assigned a value.

Part-of-speech tagging has been employed to circumvent this issue. POS
tagging identifies the form of each word in a phrase (Goh et al., 2022).
This report uses nouns, verbs, adjectives, and adverbs, among other types.
This was established in RStudio using the udpipe package, which is designed
specifically for NLP-related applications such as POS. The ability to change
singular nouns to plural nouns and vice versa was made feasible by the
linguistic norms of the English language. The modified words retained the
same valence and arousal levels as their initial form. In addition to being
changed and added to the lexicon in the forms of its present participle (root
+ -ing) and past tense, the words that were labelled as verbs were also
given the forms of their present participle (root + -ing) and past tense.
Also, adverbs were converted to adjectives and vice versa. Once a word
appeared several times in the dictionary, the average valence and arousal
values were calculated and assigned to the word, with duplicates removed.

After all changes were made, the lexicon had 28,692 different terms,
whereas it originally contained only 2,472 words.

Where possible, each word in the lyrics was assigned a value based on the
valence and arousal values found in the dictionary. This was accomplished
by employing the association rules described at the end of the lyrics in the
literature section. On the basis of the number of words and their values,
a song’s average valence and arousal level were calculated. So, words that
weren’t in the lexicon weren’t taken into account, and they weren’t given a
value.
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3.6 Data mining

Next, various data mining techniques were used, such as classification, re-
gression, and clustering, to search for patterns in the data (Olson & Delen,
2008). Data mining plays a crucial role in the KDD procedure, employ-
ing specific algorithms to extract valuable knowledge or intriguing patterns
from the (subset of) dataset. This phase consists of exploratory data analy-
sis utilising the selected data mining algorithms and maybe additional ways
to identify data patterns. According to the findings of Hand (2007), data
mining can be separated into two primary tool classes: model construc-
tion and pattern finding. Model construction can be regarded as a high-
level global descriptive description of datasets, which in modern statistics
includes regression models, cluster decomposition, and Bayesian networks.
These models will describe the data’s overall structure. According to Wong
& Wang (2003), pattern discovery can be stated as an optimisation prob-
lem that recursively splits the sample space for the optimal set of relevant
events.

Mood and emotion classification is one of the data mining techniques that
have been employed. This technique will detect the emotional significance
of a song using the valence and energy levels of Spotify’s algorithm. Next,
text mining was applied to the lyrics in order to assign each word a suitable
value.

Several machine learning algorithms have also been used to predict the
emotional category of songs based on their lyrics and newly created at-
tributes.

3.7 Knowledge discovery

The final step is determining how to use the newly acquired knowledge. This
can be interpreted in a variety of ways, including utilising the knowledge di-
rectly, merging it into another system for additional analysis, or merely
documenting it and communicating it to relevant parties/stakeholders. Af-
ter the information has been correctly interpreted, the discovered data must
be evaluated. This involves identifying and resolving any potential contra-
dictions with previously held beliefs or extracted information. The outcomes
will be analysed and debated. In addition, a section with suggestions for
further study on this topic will be created.
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3.8 Music data mining

In addition to the more general KDD framework, the book T. Li et al.
(2011)proposes a second framework for particular music data mining tasks.
This book focuses on a four-concept data mining approach. According to
the work of T. Li et al. (2011), music data mining is a broad study field that
includes approaches for a variety of applications, such as genre classifica-
tion, artist/singer identification, mood/emotion detection, instrumentation
recognition, and music summarization, among others. As it is not yet widely
adopted, it was decided to use the KDD approach instead. Appendix B con-
tains a comprehensive discussion of the procedure.

3.9 Experiment setup

A third (external) party was enlisted to generate a more accurate comparison
to the Spotify features. The survey was completed by 48 participants. None
of them had hearing issues or other known disabilities that prevented them
from participating in the survey. To prevent bias, participants were not
informed of the objectives of the study. The goal of this survey is to measure
the affective disposition triggered by songs judged by a listening panel, i.e.
[RQ4].

An online survey was created with the Qualtrics platform, a survey tool
offered by Utrecht University (Mathur & Reichling, 2019).

The participants were first given a concise introduction to the research.
They were then required to fill out a consent form. Even though no sensitive
information was collected or retained, they were required to provide their
country of origin and gender. The concepts valence and arousal were then
described. Participants were instructed to evaluate 46 audio snippets. It
took approximately thirty minutes to complete the survey.

As the dataset spans the years 1956 to 2020, it has been separated into
six decades. The years 1956 - 1959 have been added to the decade 1960,
while the year 2020 has been added to the decade 2010. This was done
to restrict the number of decades and, consequently, the quantity of audio
pieces. Two songs from each decade’s emotional categories were selected.
It was determined that the ”most extreme” songs in each category would
best illustrate the disparities between the categories. Songs that have the
shortest distance to the corners of Russell’s circumplex model of affect are
characterised as ”extreme.”

The years 1956-1959 and 1960 did not feature any songs that fell into
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the ”turbulent/angry” emotional category, resulting in 46 audio fragments
instead of 48.

Each audio piece contained the refrain, as this is a recurring element of
the song. It took between 20 and 30 seconds to listen to. Audacity, a free,
open-source audio capture and editing programme, was used to record and
modify the audio snippets (Audacity, 2014). In addition, a song’s introduc-
tion could only feature an instrumental sound. Excluding vocals from audio
fragments could affect participants’ responses, as it has been demonstrated
that lyrics play a significant role in eliciting emotions in people.

The subjects were instructed to assign valence and arousal ratings to each
song using a digital rating system. Using radio buttons, this was displayed
on a Likert scale ranging from 0 to 10 points. This scale offers the versatility
of a central point. Comparing the Spotify features to the findings from the
lyrics is also beneficial. Both were graded on a scale of zero to one. This
will allow the scores to be normalised/scaled without any obstacles.

The scales 0, 5, and 10 were augmented with three Self-Assessment Man-
nequin (SAM) images (Van den Broek, 2013; Bradley & Lang, 1994). With
these visuals, the level of valence and arousal experienced by the partici-
pants may be measured. A screenshot of these augmentations is shown in
Figure 3.2. Additional screenshots of the survey can be found in Appendix
C.
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Figure 3.2: A screenshot of the digital rating system used in this survey.
It contains an 11-point (0-10) Likert scale with radio buttons augmented
with three Self Assessment Mannequin images. With these images, the
experienced valence and arousal were assessed. The visuals indicated the
minimum, median, and maximum values connected with each point. They
assisted respondents in forming an intuitive and validated subjective evalu-
ation of their emotions.

The individual was then asked to annotate the words that evoked strong
emotions. They could enter multiple words as a response. This inquiry was
posed to determine which words elicited an emotional response from the
individual. To aid the subject in annotating the words, the matching audio
fragments’ lyrics have been provided.

Validation questions comprised the final two questions. Asking a person
if they are familiar with a song and if they like it can help discover possible
trends and biases.

Except for the third question, all the questions were obligatory (annotat-
ing specific words that evoked strong feelings). It is possible that none of the
lyrics created any emotion in the subject. However, if the user neglected to
react, they were requested to do so before proceeding to the next question.
They were not required to leave a message.
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Participants were instructed to conduct the survey in a calm setting so
that they could listen to the audio samples with the greatest clarity. Because
the first impression is so important in emotion research, there were no back
buttons on the questionnaire.



Chapter 4

Results

The first section of this chapter will provide an overview of the data. Delving
deeper into the audio features and metrics of the dataset will provide a
thorough understanding of the available data.

Next, the emotion labels from the Spotify dataset will be discussed.
These emotion descriptors may be time dependent, thus they will be inves-
tigated throughout time.

The third section will present a decomposition approach for creating new
values for valence and arousal based on the audio features from the audio
signal input. This will generate emotion labels exclusively based on audio
signal features. These labels will be compared to Spotify’s labels, obtaining
an answer to [RQ1].

Following that, the fourth section will provide a detailed examination
of the lyrics from the Billboard chart. To begin, the valence and arousal
values will be compared throughout time. Violin plots will be utilised to
provide further insights. Again, the emotion labels generated for the lyrics
will be compared to Spotify’s labels using Russell’s circumplex model of
affect. This will provide an answer to [RQ2]. A subset of this section will
employ machine learning classification algorithms. These will be applied to
develop emotional prediction models. These models will be based on lexical
features.

The fifth section will combine the valence and arousal values calculated
from the audio signal features and the lyrics. These values will be used to
classify emotion labels. These labels will be matched to Spotify’s labels once
more, acquiring in an answer to [RQ3].

Concluding, the last section will discuss the survey results. Participants
rated certain songs on valence and arousal. Based on these findings, Spotify’s
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emotion labels will be analysed and compared to the survey results, resulting
in an answer to [RQ4].

4.1 Data analysis

4.1.1 Overview Data

There are nine audio features extracted from Spotify. In this report, valence
and arousal will count as metrics. The other seven audio features will be
categorised as audio signal features. This differentiation was made as valence
and arousal are computed based on other features. Machine learning models
were also used to calculate these two features. Supplementary information
of all the features can be found in Tables A.1 and A.2. The audio features
are determined for 6481 songs. Based on these features, the graphs in 4.1,
4.2, and, 4.3 are generated.

1. Valence: according to the data, the valence of songs did slightly de-
crease over time. This means that the musical positiveness conveyed
by tracks reduced. Over the years, more emotionally negative songs
got in the Year End Chart. This will be explained in Section 4.2

2. Energy/Arousal: over the years, songs got more energetic, meaning
that the perceptual measure of intensity and activity increased. Ac-
cording to the literature research (Section 2.4), energy also increased.
An increase of this feature, will have a direct impact of which emo-
tional categories have evolved. It is plausible that happy/joyful and
turbulent/angry songs increased because these songs have a high en-
ergy level.

3. Danceability: the danceability of the tracks increased also overall.
Danceability is mainly based on a combination of musical elements,
such as tempo, rhythm stability, beat strength, and overall regularity.

4. Acousticness: this variable did undergo the biggest transformation
amongst all the other variables as it decreased from 0.8 to 0.2. As been
mentioned in the literature research, songs with a low acousticness will
mainly evoke happiness or anger. These emotional categories might
have increased.
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Figure 4.1: Time series analysis: audio features 1. Valence, 2. Energy, 3.
Danceability, 4. Acousticness. The blue line represents a linear trend line.

5. Speechiness: the presence of spoken words in a track doubled over
the years. This may be the result of upcoming genres. However, this
report will not discuss that.

6. Loudness: the loudness of commercially succeeded songs are measured
in LUFS (Watanabe et al., 2020). Loud songs tend to be around -11
dB LUFS, as quiet songs are approximately valued at -23 dB LUFS.
The standard according to Spotify is -14 db LUFS. In this case, songs
got louder over the past years.

7. Liveness: Liveness decreased a bit over the years, but as can be seen
in the graph, it fluctuates.

8. Tempo: the amount of beats per minute fluctuates heavily.
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Figure 4.2: Time series analysis: audio features 5. Speechiness, 6. Loudness,
7. Liveness, 8. Tempo. The blue line represents a linear trend line. Please
note that the y-axis of 6. Loudness and 8. Tempo are on a different range.

9. Track duration: the duration of songs increased in a linear fashion for
over thirty years, but since 1990 there is a downtrend.

The goal of these graphs is to visualise trends in the data. Furthermore,
it provides information of the values of the data. Interesting to note, speech-
iness and liveness contain relatively small values compared to the other
audio features on a scale from zero to one.
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Figure 4.3: Time series analysis: audio feature 9. Track duration. The
blue line represents a linear trend line. Please note that the y-axis is on a
different range.

4.2 Emotional categories

According to the literature study, Russell’s circumplex model classifies emo-
tion labels in four quadrants based on valence and arousal (figure 2.8. The
dataset contains data of the metrics valence and arousal with values rang-
ing from zero to one. Russell’s Model can be recreated and applied to this
dataset. Songs will be classified in the following manner:

Table 4.1: Russell’s classification

Class Valence range Arousal range

Sad/Depressing 0.00 - 0.50 0.00 - 0.50

Chill/Peaceful 0.50 - 1.00 0.00 - 0.50

Turbulent/Angry 0.00- 0.50 0.50 - 1.00

Happy/Joyful 0.50 - 1.00 0.50 - 1.00

Figure 4.4 represents Russell’s Model recreated for the Billboard Year-
End Chart data. The x-axis depicts the variable valence and the y-axis
depicts the variable arousal. The data points represent the songs from the
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Billboard Year-End Chart and are coloured by year. As can be noticed
from the Figure, the quadrant of Turbulent/Angry is overwhelmed with data
points from the year 2020. On the other hand, the quadrant of Chill/Peaceful
is filled with data points from the 1960s. The results of Figure 4.4 will
become more clear in Figure 4.5.

Figure 4.4: Russel’s Model applied to the Billboard Year-End Chart data.
Four emotion labels are used. Valence is represented on the x-axis, whereas
energy/arousal is represented on the y-axis. The colour of the points indicate
the year.

Figure 4.5 represents four trend lines of Russell’s model. The goal of this
model is to show the evolution of the four different emotion labels throughout
the years of the Billboard data. According to this Figure, songs in the
Billboard Year-End Chart got more Turbulent/Angry as time progresses.
On the contrary, Chill/Peaceful songs are decreasing over time. This can
primarily explained by the decrease of valence and the increase of arousal
over time, demonstrated in Figure 4.1. The data for this Figure is presented
in Table A.4.
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Figure 4.5: This supplementary Figure presents four trend lines of the data
presented in Figure 4.4. The amount of songs per emotion label are presented
on the y-axis. The x-axis contains the years, ranging from 1956-2020. The
black line represents a linear trend line.
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4.3 Audio feature selection

Valence and arousal can be computed from the audio signal. The dataset
contains seven audio attributes (acousticness, danceability, instrumental-
ness, liveness, loudness, speechiness and tempo) which are metrics calcu-
lated from the audio signal. These features could be utilised to determine
new values of valence and arousal from the audio signal.

In this report, the seven mentioned audio features will be combined in
an item set. This way the values of valence and arousal can be determined.
However, not each feature will have the same impact on the variables valence
and arousal.

To determine the new values of valence and arousal, the contribution of
the audio features have to be calculated, called feature importance. This
refers to a technique that assigns a score to input features (the seven audio
features) based on how useful they are at predicting target variables (valence
and arousal from Spotify). Initial tests using a reduced set of features lower
the model’s performance significantly. Therefore I have chosen to use the
complete set of features.

Extreme Gradient Boosting (XGBoost), a machine learning algorithm,
will be utilised to determine the feature importance. XGBoost is a gradient
boosting decision tree (Wang & Ni, 2019). In XGBoost, the feature relative
importance can be measured by average gain (Shi et al., 2019). Gain rep-
resents the relative contribution of the corresponding feature to the model
calculated by taking each feature’s contribution for each tree in the model.

Results from Section 4.1 indicate that not all the variables act on the
same scale. Audio features such as speechiness and liveness have a lower
value overall compared to other audio features such as valence. Besides,
tempo and loudness are computed on a different scale. To tackle the differ-
ences in the audio signal features, normalisation was employed. This scaling
technique will rescale values so that they end up ranging between zero and
one. Normalisation has been employed before the features were used in the
model. The following formula was used:

• Feature normalised = (Feature - min(Feature)) / (max(Feature) -
min(Feature))

After normalisation, the dataset has been divided in two different sets,
i.e., the training set and the test set. The training set (80% of the data)
is used to build the model and the test set (20% of the data) is used to
evaluate its predictive accuracy. The results of sub tables A and B of Table
4.2 will represent the audio features used for each variable and their feature
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importance. These results are based on the test set. The audio attributes
are used from 6481 songs.

Table 4.2: Feature importance for valence and arousal

Table A: Valence

Audio feature Importance

Danceability 0.334

Speechiness 0.151

Liveness 0.145

Acousticness 0.108

Tempo 0.099

Loudness 0.097

Instrumentalness 0.067

Table B: Arousal

Audio feature Importance

Loudness 0.561

Acousticness 0.181

Speechiness 0.081

Danceability 0.057

Instrumentalness 0.046

Tempo 0.041

Liveness 0.031

Figure 4.6: Emotion label comparison of audio features vs. Spotify, based
on Russell’s model. The red dots represent emotions labels calculated by the
audio signal, whereas the blue dots represent emotions labels determined by
Spotify. The number of data points are equal for both groups.
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The results of Table 4.2 show the feature importance for each feature.
As mentioned, this importance is based on gain of the XGBoost algorithm.
The gain implies the relative contribution of the corresponding feature to
the model calculated by taking each feature’s contribution for each tree in
the model. A higher value of this metric when compared to another feature
implies it is more important for generating a prediction.

The prediction for a new valence score is primarily based on danceability
according to the Table. An importance of 0.334 means a large contribution
in generating a new valence value. This suggest that danceability is an
important feature to determine valence. Loudness contributes for over 50%
for generating a prediction of arousal. This suggests that arousal is mostly
predicted by loudness.

New values for valence and arousal were calculated, using the importance
factors supplied in Table 4.2. Thus, the normalised values of the seven audio
signal features were multiplied with the importance factor. This was done
for each row, resulting in new values for valence and arousal. These values
were used as input for Figure 4.6.

As can be viewed from Figure 4.6, the values generated by the audio
signal are primarily on the left side of the model. This indicates that the
audio signal does not contain high values of valence overall and has a right-
skewed distribution. This also means that the audio signal does not evoke
a lot of musical positiveness because of the low-valence scores on average.

4.3.1 Statistical test - Audio signal vs. Spotify

Once having multiple dependent variables, a regular ANOVA test cannot
identify patterns in multiple dependent variables whereas a MANOVA test
can. This restriction can be very problematic in certain cases where a typ-
ical ANOVA would not be able to produce statistically significant results.
This reduces the type I error which can be inflated by performing separate
univariate ANOVA tests for each dependent variable. To determine if two
groups’ mean scores differ on multiple dependent variables, MANOVA was
most appropriate. The effect size was reported using η2 (Warner, 2012). A
regular ANOVA test can only assess one dependent variable at a time.

Therefore, a MANOVA was conducted to test the hypothesis that there
would be one or more mean differences between the audio signal and Spotify
and their scores for valence and arousal.Valence and arousal were examined
as dependent variables, and audio signal and Spotify were examined as in-
dependent variables. Both independent variables had an N value of 6481.
The mean values and their standard deviation are summarised in Table 4.3.
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The significance level (α) of 0.05 has been used. This indicates a 5% risk
of concluding that an association exists when there is no actual associa-
tion. A statistically significant MANOVA effect was obtained, F (2,12959)
= 2331.452, p << 0.001. The multivariate effect size (η2) was estimated at
.173, which implies that 17.3% of the variance in the dependent variables
was accounted for by the group. The p-value is also lower than the α of
0.05, indicating that there is a statistically significant different in scores of
valence and arousal between audio signal and Spotify.

Next, the univariate effects on the dependent variables were analysed.
It was found that all dependent variables were affected by the group they
were in. A statistically significant univariate test effect was obtained for
arousal, F (1,12960) = 900.681, p < .001. The mean of arousal was signifi-
cantly affected by the group based on these results. The effect size (η2p) was
estimated at .065, which implies that 6.5% of the variance derived arousal
scores was accounted for by group level. For valence, F (1,12960) = 2573.706,
p << 0.001. The multivariate effect size (η2p) was estimated at .166, which
implies that 16.6% of the variance in the valence scores was accounted for
by group. This means that there is a large practical significance between
the independent variables.

Concluding, based on the audio signal, songs evoke less arousal on aver-
age compared to Spotify (see Table 4.3). This difference is significant, but
not large. Besides, based on the audio signal, songs evoke less valence on
average compared to Spotify. This difference is significant and quite large.
This means that the analysis of the audio signal and Spotify provided similar
arousal values, but Spotify provided substantially higher values of valence
than the audio signal analysis.

Table 4.3: Descriptive statistics - Audio signal vs. Spotify (N = 6481 for
both)

Group Mean Std. Devia-
tion

Arousal Audio signal .523 .132

Spotify .611 .196

Total .567 .173

Valence Audio signal .439 .116

Spotify .608 .241

Total .523 .207
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4.4 Lyrics

Analysing lyrics can be very labour-intensive as it consists of many ambigu-
ous words. On the contrary, lyrics are a very rich resource and many types
of textual features can be extracted from them. As already been mentioned,
the lyrics are only collected for 3605 songs as not all API requests func-
tioned. Based on the expansion of ANEW, mentioned in sections 2.5 and
3.5, values of valence and arousal can be annotated to words. However, not
all the words were matched as the expansion did not contain all the words
that were present in the lyrics. Ambiguous words such as ”Yeah” or ”doo”
are examples of words that were not annotated any value.

Figure 4.7: Russell’s Model applied to the dataset of the normalised lyrics.
It is divided into four emotional categories. Valence is represented on the
x-axis, whereas energy/arousal is represented on the y-axis. The colour of
the points indicate the year.

Figure 4.7 illustrates the values of valence and arousal of the lyrics after
normalisation. Initial results showed a high kurtosis in the data of arousal.
The kurtosis of valence was also slightly above the threshold. This means
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that the arousal values are not distributed evenly. To tackle this impedi-
ment, normalisation has been employed. At first, the range of the values on
the y-axis (arousal) were limited. Practically all the arousal values were in
a range between [0.45, 0.55]. Employing a normalisation, called ”min-max
feature scaling” (linear scaling), will bring all the values into the range of
[0,1] (Singh et al., 2015). All the values have been normalised using the
following formula to stretch the data:

• A normalised = (Arousal - min(Arousal)) / (max(Arousal) - min(Arousal))

• V normalised - (Valence - min(Valence)) / (max(Valence) - min(Valence))

As can be seen, the majority of data points stay in the right quadrant.
This shows that the distribution of the valence variable is left-skewed.

4.4.1 Comparison

Figures 4.8a and 4.8b are composed to exploit the differences between the
values of valence and arousal of the lyrics and Spotify. Both figures represent
the mean values over the year. As can be seen in Figure 4.8a, the mean
valence value of the lyrics tends to be higher than the mean valence value
of Spotify. This could indicate that lyrics convey more musical positiveness,
i.e. sound more happier. Figure 4.8b visualises the differences in arousal
over the years. Whereas arousal of the lyrics remains consistent, arousal of
Spotify songs prospers and fluctuates. This could indicate that lyrics evoke
a less aroused state.

(a)
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(b)

Figure 4.8: Valence (a) and arousal (b) values from the lyrics compared to
Spotify. The blue line represents valence (a) and arousal (b) of the lyrics,
whilst the red line represents valence (a) oandr arousal (b) of Spotify. To
emphasise the distinctions, the area’s colour indicates whether the valence
of lyrics or Spotify has a greater value. (a): The later decades of the plot are
dominated by the valence of the songs. Overall, the valence of lyrics remains
stable, whereas Spotify’s valence changes substantially and falls steadily.
(b): Important to note is that Spotify’s arousal values are significantly higher
with time than lyrics’ values. Again, the values of the lyrics remain constant.

To provide a more in-depth analysis of the data in Figures 4.8a and 4.8b,
violin plots, presented in figures 4.9 and 4.10, were created. A violin plot
is a hybrid of a box plot and a kernel density plot. A box plot displays a
five-number summary of a set of data. This contains the minimum value,
the first quartile (25% of the data), the median (the vertical line which goes
through the box), the third quartile (75% of the data), and the maximum.
The median represents the exact middle point in the data. The other aspect
of the violin plot, the kernel density plot, shows the distribution of the
values.
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Figure 4.9: A violin plot (i.e., boxplot + kernel density estimation), which
shows that the valence of the lyrics does not follow a normal distribution
because the kurtosis is too high. Valence determined by Spotify has an
extraordinary distribution. All the values are evenly spread, which is re-
markable. The amount of positive as negative extreme values are evenly
spread. which suggests that this distribution is not credible. This means
that the valence of Spotify does not follow a normal distribution. The blue
dotted line (y = 0.5) separates the positive valence values from the negatives.
Both valence determined via lyrics (on the left) and Spotify (on the right)
show roughly more positive values than negative values as is well-illustrated
by the symmetry shown in the violin plots.
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Figure 4.10: A violin plot (i.e., boxplot + kernel density estimation), which
shows that the arousal of the lyrics roughly follows a normal distribution,
where the arousal determined by Spotify has a lower kurtosis and thus not
follow a normal distribution. The blue dotted line (y = 0.5) separates the
positive arousal values from the negatives. Both arousal determined via
lyrics (on the left) and Spotify (on the right) show roughly as many negative
as positive values as is well-illustrated by the symmetry shown in the violin
plots.

The violin plots provide critical knowledge to explain Figures 4.8a and
4.8b. The violin plots of the lyrics show a relatively high kurtosis, which
means that many values are centred the mean. This could explain the stable
transition over time. On the contrary, the violin plots of Spotify do not show
a normal distribution as the data is spread evenly. This means that there
are many outliers (extreme values, low and high). This could explain the
fluctuations in the data as a year could contain more low or high outliers.

Figure 4.11 shows the emotion labels of the lyrics and Spotify’s emotional
markings. The number of data points are equal for both groups. Notably,
the values of Spotify are more spread in the figure than the values of the
lyrics. This could suggest that Spotify overestimates their values as the
lyrics provide less extreme values and are more centred around the range of
[0.3-0.7]. Furthermore, the values generated by the lyrics are primarily on
the right side of the model. This indicates that the lyrics do not contain low
values of valence overall. The distribution is left-skewed.
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Figure 4.11: Emotion label comparison of lyrics vs. Spotify, based on Rus-
sell’s model. The red dots represent emotions classified by lyrics, whereas
the blue dots represent emotions classified by Spotify. The number of data
points are equal for both groups.

4.4.2 Statistical test - Lyrics vs. Spotify

To formally test that there would be one or more mean differences between
the lyrics and Spotify and their scores for valence and arousal, a MANOVA
was conducted. Valence and arousal were examined as dependent variables,
and lyrics and Spotify were examined as independent variables. Both in-
dependent variables had an N value of 3605. The mean values and their
standard deviation are summarised in Table 4.4. The significance level (α)
of 0.05 has been used. This indicates a 5% risk of concluding that an asso-
ciation exists when there is no actual association. A statistically significant
MANOVA effect was obtained, F (2,7207) = 530.202, p < .001. The mul-
tivariate effect size (η2) was estimated at .128, which implies that 12.8%
of the variance in the dependent variables was accounted for by the group.
The p-value is also lower than the α of 0.05, indicating that there is a sta-
tistically significant different in scores of valence and arousal between lyrics
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and Spotify.
Next, the univariate effects on the dependent variables were analysed.

It was found that all dependent variables were affected by the group they
were put. A statistically significant univariate test effect was obtained for
arousal, F (1,7208) = 714.682, p < .001. The mean of arousal was signifi-
cantly affected by the group based on these results. The effect size (η2p) was
estimated at .090, which implies that 9.0% of the variance derived arousal
scores was accounted for by group level. For valence, F (1,7208) = 56.254,
p < .001 was determined. The multivariate effect size (η2p) was estimated
at .008, which implies that 0.8% of the variance in the valence scores was
accounted for by group. It can be concluded that based on the lyrics, songs
evoke less arousal compared to Spotify (see Table 4.4). This difference is
significant and relatively medium-sized. Also, based on the lyrics, songs
evoke more valence compared to Spotify. This difference is significant, but
very small.

The analysis of the lyrics provide relatively similar valence and arousal
values compared to Spotify. However, in the arousal dimension does Spotify
provide a substantial larger value than the lyrics analysis.

Table 4.4: Descriptive statistics - Lyrics vs. Spotify (N = 3605 for both)

Group Mean Std. Devia-
tion

Arousal Lyrics .515 .092

Spotify .611 .196

Total .563 .160

Valence Lyrics .626 .103

Spotify .593 .244

Total .610 .188

4.4.3 Feature engineering

A necessary yet labour-intensive component of machine learning is feature
engineering. In order for the model to utilise feature engineering, the input
data must be preprocessed by adding new features based on existing features.
These are the new features:

• Emotion: The emotion of a song as determined by the valence and
arousal values of the lyrics. According to Russell’s model, the emotion
will be divided into four categories. In this instance, the emotion is
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the predictor, as the machine learning model will attempt to predict
the emotion of a song based on the characteristics described below.

• Word frequency: the number of words per song (Choi, 2018).

• Lexical diversity: the number of unique words per song.

• Lexical density: measurement of the complexity of a song. Has been
calculated by dividing the lexical diversity by word frequency.

• Average word count: measurement of the average number of words in
a song.

• Large word count: counter for the amount of words with more than
seven characters.

• Small word count: counter for the amount of words with less than
three characters.

To distinguish the different types of emotions, a feature has been de-
veloped that counts the amount of emotion-specific words (Kamalnathan et
al., 2019). These words characterise each emotion and are words that have
the most appearance according to its percentage in the songs. Each emo-
tion has its feature, meaning that the amount of happy/joyful words etc.
will be counted for each song. This way, they will function as a contextual
predictor.

4.4.4 Lexical diversity

The more varied a vocabulary a text possesses, the higher its lexical diversity.
Song vocabulary reflects the number of unique words present in the lyrics of
a song. In short, it represents the lyrics’ vocabulary variation (Kamalnathan
et al., 2019).

Figure 4.12 shows that overall, there was an upward trend, nearly multi-
plying the number of unique words with two. In the end, there was a slight
downward trend. However, this trend is mainly influenced by the word fre-
quency of a song. This suggests that songs got more complex over time, as
the contextual amount increases. The small amount of unique words in a
song can be explained because English stop words and other unnecessary
words are removed from the lyrics.
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Figure 4.12: Lexical diversity over the years. The x-axis represent the num-
ber of unique words in a song, whilst the y-axis represents years. The blue
line represents a linear trend line. The upward trend could suggest that
songs got more complex as the amount of unique words doubled in the end.

4.4.5 Lexical density

Lexical density can be described as an indicator of word repetition. It can be
calculated by dividing the number of unique words with the total number of
words occurring in that specific song (Kahraman, 2020). As lexical density
decreases, repetition increases. Note that this does not imply sequential
repetition, even though it could occur that words get repeated after each
other, lexical density is not intended to calculate this.

Figure 4.13 represents a downtrend, insinuating that the amount of
unique words in a song decreases. However, 4.12 contradicts this because the
amount of unique words increases. Thus, this means that the total number
of words in a song over time increases. This results in an increase of lexical
complexity because songs tend to have more words.
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Figure 4.13: Lexical density can be calculated by dividing the amount of
unique words per song (lexical diversity) by the number of words per song
(word frequency). It shows the proportion of word repetition. As lexical
density decreases, repetition increases as the amount of unique words overall
is lower.

Lexical density and diversity are both indicators for lexical complexity.
Concluding, lyrics got more complex over time according to these indicators.
More unique words were used, which suggest an increase in variety of song
vocabulary. The downtrend of lexical density shows an increase of more
used words in lyrics. However this could also suggest that word repetition
increases, i.e. more words are used with less context.

4.4.6 Emotion prediction

Previously, the emotion label of music is purely defined by its valence and
arousal ratings. Now, since the lyrics have been pre-processed, machine
learning models can be created to predict the emotion of a song based on
words. A number of machine learning classification techniques will help
develop these models.

Lyrics-based analysis could provide benefits to the music industry by
automatically tagging the emotion labels of a song published by an artist.
This will improve the user’s experience when searching for songs (S. Li et al.,
2017). Furthermore, recommender systems can make advantage of emotion
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prediction. Based on the users’ listening behaviour/history, the preferred
emotion label can get recommended.

4.4.7 Machine learning algorithms

As the predictor consists of many classes (four categories of emotions), the
classification job encloses more than two classes, which likely to be multi-
class classification. This form of classification makes the premise that each
sample is given to one and only one label, e.g. an animal can be either an
elephant or a horse, but not both at the same time.

A wide range of machine learning classification approaches have been
chosen that fulfils the above-mentioned requirements. As there is no sin-
gle completely appropriate solution for a multi-class classification problem,
many techniques were applied and assessed on its model correctness. This
statistic is used to evaluate classification models. Informally, accuracy is the
fraction of predictions that the model predicted accurately.

The following machine learning techniques were picked based on popu-
larity and usage in another multi-class classification study (Liu et al., 2017):

1. Random forest

2. Recursive partitioning (Rpart)

3. XGBoost (extreme gradient boosting)

4. K-nearest neighbours

5. Linear discriminant analysis

6. Support vector machines

7. PART (decision trees)

8. Naive Bayes

9. Neural network

4.4.8 Validity

The validity of the machine learning classification algorithms has been as-
sessed by dividing the dataset in a training-and test set (split: 80% training
- 20% test) (split: 80% training - 20% test). Furthermore, the model has
been tested using multiple machine learning methods.
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To evaluate the model locally and to avoid the model from overfitting,
K-fold cross validation has been used. K -cv is a re-sampling process and
assesses the prediction error. In k -cv, the train data set is randomly divided
into k-folds. Then, a model is trained K times on all the data except for
a single fold. K-fold cross-validation offers the possibility to train on many
train-test splits instead of using a single holdout set. This provides a better
indicator of how well the model will perform on unknown data. Common
values of k folds are three, five or ten. There is a trade-off, utilising more
folds is computationally more expensive because the number of fitting and
prediction rises. In theory, a higher number of k-folds should lead to a
reduced prediction error, so k=10 has been chosen.

4.4.9 Normalisation

The train set and test set data have been normalised to account for the
difference in value range of the features. This technique transformed data
values between zero and one. If some variables/features are significantly
greater in value and on a different scale than the others, the model will be
thrown off by giving those variables more weight. Normalisation eliminates
this impediment.

4.4.10 Machine learning models

To quantify the quality of the models, accuracy will be the major metric
employed for this. The features that were explained in the paragraph ”Fea-
ture engineering” will be used. Furthermore, to illustrate the importance
of emotion-specific language characteristics (explained at the end of the end
of the paragraph ”Feature engineering”), two machine learning models were
developed.

1. A machine learning model including the contextual features based on
the training data.

2. A machine learning model excluding the contextual features based on
the training data.

These models highlight the importance of the emotion-specific language
characteristics. The training and test data sets contain all the features,
although there is also an alternative model removing the emotion-specific
terms characteristics. As can be observed in figure 4.14 on the x-axis, the
machine learning model performs better with these additional features, hav-
ing a greater accuracy.
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Figure 4.14: Visualisation of the differences in machine learning model ac-
curacy of a machine learning model including contextual features and a ma-
chine learning model excluding contextual features. The upper dots on the
y-axis represent the accuracy (x-axis) of machine learning algorithms (spec-
ified in the legend). These algorithms were applied to a machine learning
model including contextual features. The lower dots represent the accuracy
of the algorithms applied to a model excluding contextual features.

As can be observed from Table 4.5, the neural net had the best perfor-
mance, implying that this machine learning algorithm had the best outcomes
training the model and predicting the proper emotions. Having an accuracy
of 0.883, it sets a very high accuracy level, outperforming the other models.
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Table 4.5: Train data - Accuracy statistics

Model type Accuracy

Neural Net 0.893

Random Forest 0.746

PART 0.736

LDA 0.735

SVM 0.670

xgBoost 0.622

RPART 0.576

KNN 0.554

Naive Bayes 0.488

The columns of Table 4.6 show the predicted values and the rows show
the true values. The table indicates that predicting a ”Chill” song get often
predicted wrong as a ”Happy” song.

Table 4.6: Confusion matrix

Chill Happy Sad Turbulent -err.-

Chill 1085 152 8 10 170

Happy 66 1492 7 9 82

Sad 4 20 102 7 31

Turbulent 17 27 8 130 52

-err.- 87 199 23 26 335

To determine whether the performance of the models meets expectations,
the accuracy of the top three machine learning algorithms were determined
of the test set. The accuracy scores can be found in Table 4.7.

Table 4.7: Test data - Accuracy statistics

Model type Accuracy

Neural Net 0.813

Random Forest 0.786

PART 0.695

The predicted results from the best performing machine learning algo-
rithm are shown in Table 4.8. Results from the table indicate that predicting
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a ”Chill” song get often predicted wrong as a ”Happy” song. However, a
”Happy” song does not get wrongly predicted as a ”Chill” song.

Table 4.8: Confusion matrix

Chill Happy Sad Turbulent -err.-

Chill 179 122 1 2 125

Happy 0 389 1 4 5

Sad 0 7 27 0 7

Turbulent 0 8 0 37 8

-err.- 0 137 2 6 145

An important finding in machine learning is that no single algorithm
works best across all possible scenarios or cases (Roßbach, 2018). Thus, no
algorithm strictly dominates in all applications; the performance of machine
learning algorithms varies widely depending, for example, on the application
and the dimensionality of the dataset. Accordingly, a smart practise is to
compare the performance of several learning algorithms to discover the best
one for the particular situation. In some circumstances, it is also desirable
to form ensembles of numerous models built with different methodologies
to combine strength and eliminate weaknesses. However, often there is not
enough time and/or money to test and improve any algorithm in order to
its quality in a certain environment.

Comparing both outcomes, the test accuracy for neural net is slightly
lower than on the training set. Neural nets are generally flexible models, re-
sulting in overfitting the training set occasionally (Roßbach, 2018). Random
forests can be trained with a relative small amount of data, but neural nets
normally need more data to reach the same degree of accuracy. However,
random forests have little performance increase when a specific quantity of
data is reached, while neural nets normally benefit from enormous amounts
of data and continuously improve the accuracy. This is primarily owing to
its construction.

The random forest model outperforms its mutual part on the test data
set, while PART (decision tree) performed marginally worse. Random forest
takes advantage of the power of multiple decision trees (Prajwala, 2015).
In addition, it does not rely on the feature importance assigned by a single
decision tree, which tends to be highly dependent on a collection of features.
Random forests select features arbitrarily during training.



4.4. Lyrics 86

4.4.11 Statistical test - Audio signal vs. Lyrics

Before combining the audio signal values with the lyrics values, a statistical
test had to be executed to test on significant differences. A model of the
comparison was not composed because this report intends to compare its
models to Spotify.

A MANOVA was conducted to test the hypothesis that there would be
one or more mean differences between the audio signal and the lyrics and
their scores for valence and arousal.Valence and arousal were examined as
dependent variables, and audio signal and lyrics were examined as indepen-
dent variables. Both variables had an N value of 3605. The mean values
and their standard deviation are summarised in Table 4.9. The significance
level (α) of 0.05 has been used. This indicates a 5% risk of concluding that
an association exists when there is no actual association. A statistically sig-
nificant MANOVA effect was obtained, F (2,7207) = 3635.509, p << .001.
The multivariate effect size (η2) was estimated at .502, which implies that
50.2% of the variance in the dependent variables was accounted for by the
group. The p-value is also lower than the α of 0.05, indicating that there is
a statistically significant different in scores of valence and arousal between
audio signal + lyrics and Spotify.

Next, the univariate effects on the dependent variables were analysed.
It was found that all dependent variables were affected by the group they
were in. A statistically non-significant univariate test effect was obtained
for arousal, F (1,7208) = 0.659, p = .417. The mean of arousal was signif-
icantly affected by the group based on these results. The effect size (η2p)
was logically estimated at 0. For valence on the contrary, a statistically
significant test effect was obtained, F (1,7208) = 6276.448, p << .001. The
multivariate effect size (η2p) was estimated at .465, which implies that 46.5%
of the variance in the valence scores was accounted for by group.

Concluding, based on the audio signal, songs evoke less valence on aver-
age compared to the lyrics (see Table 4.9). This difference is significant and
large, showing a strong complementary difference in valence. This means
that the analysis of the audio signal provided substantially lower values of
values than the lyrics analysis. Finally, based on the audio signal, songs
evoke more arousal on average compared to the lyrics. However, this differ-
ence is insignificant, meaning that the data cannot tell whether there is a
difference or not.



4.4. Lyrics 87

Table 4.9: Descriptive statistics - Audio signal vs Lyrics (N = 3605 for both)

Group Mean Std. Devia-
tion

Arousal Audio signal .517 .131

Lyrics .515 .092

Total .516 .113

Valence Audio signal .424 .113

Lyrics .626 .103

Total .525 .148
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4.5 Audio feature selection + lyrics

Figure 4.15 demonstrates the combination of audio analysis 4.6 and lyric
text analysis 4.11. As can be noted, the affective decomposition of Spotify
is widely spread. On the contrary, the affective decomposition of audio
analysis and lyric text analysis combined is more centred around the middle
area. Analysing these results, it could suggest that Spotify normalised all
their scores. This could be done for the reason of increasing the ∆ (difference
in principle between parameters). Enlarging the ∆ will give Spotify an easier
job of differentiating emotion categories.

The new values of valence and lyrics have calculated by adding the va-
lence values of the audio analysis to the valence values of the lyrics and
divide them by two. This resulted in the combined value of valence. The
same principle was used for the arousal values.

Figure 4.15: Emotion label comparison of audio features + lyrics vs. Spotify,
based on Russell’s model. The red dots represent emotions classified by the
audio signal and lyrics combined, whereas the blue dots represent emotions
classified by Spotify. The number of data points are equal for both groups.
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4.5.1 Final result

The final model, presented in Figure 4.16 contains normalised values of audio
features + lyrics. The combined values are more spread, however still do
not exactly match Spotify’s.

Figure 4.16: Emotion label comparison of audio features + lyrics normalised
vs. Spotify, based on Russell’s model. The red dots represent emotions
classified by the audio signal and lyrics combined, whereas the blue dots
represent emotions classified by Spotify. The number of data points are
equal for both groups.

4.5.2 Statistical test - Audio signal + Lyrics vs. Spotify

A MANOVA was conducted to test the hypothesis that there would be one
or more mean differences between the audio signal + lyrics and Spotify and
their scores for valence and arousal.Valence and arousal were examined as
dependent variables, and audio signal + lyrics (combined) and Spotify were
examined as independent variables. Both independent variables had an N
value of 3605. The mean values and their standard deviation are summarised
in Table 4.10. The significance level (α) of 0.05 has been used. This indi-
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cates a 5% risk of concluding that an association exists when there is no
actual association. A statistically significant MANOVA effect was obtained,
F (2,7207) = 625.055, p < .001. The multivariate effect size (η2) was esti-
mated at .148, which implies that 14.8% of the variance in the dependent
variables was accounted for by the group. The p-value is also lower than
the α of 0.05, indicating that there is a statistically significant different in
scores of valence and arousal between audio signal + lyrics and Spotify.

Next, the univariate effects on the dependent variables were analysed.
It was found that all dependent variables were affected by the group they
were in. A statistically significant univariate test effect was obtained for
arousal, F (1,7208) = 1186.986, p < .001. The mean of arousal was signifi-
cantly affected by the group based on these results. The effect size (η2p) was
estimated at .141, which implies that 14.1% of the variance derived arousal
scores was accounted for by group level. For valence, F (1,7208) = 31.241,
p < .001. The multivariate effect size (η2p) was estimated at .004, which
implies that 0.4% of the variance in the valence scores was accounted for by
group.

Concluding, based on the audio signal + lyrics, songs evoke less arousal
on average compared to Spotify (see Table 4.10). The difference is significant
and also large. Furthermore, based on the the audio signal + lyrics, songs
evoke less valence compared to Spotify. However, this difference is very
small.

This means that the analysis of the audio signal + lyrics provided similar
valence values, but Spotify provided substantially higher values of arousal
than the audio signal and lyrics combined.

Table 4.10: Descriptive statistics - Audio signal + Lyrics vs. Spotify (N =
3605 for both)

Group Mean Std. Devia-
tion

Arousal Audio signal +
lyrics

.478 .124

Spotify .611 .196

Total .545 .177

Valence Audio signal +
lyrics

.568 .120

Spotify .593 .243

Total .581 .193
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4.6 Survey results

This section discusses the processing of all survey data. In addition, the rel-
evance of the results will be evaluated to establish the results’ dependability.
This section’s objective is to compare the results of the listener panel with
Spotify’s classification and will provide an answer to [RQ4].

An overview of the experiment setup can be found in section 3.9. Addi-
tional screenshots of the survey are provided in Appendix C.

In total, the listeners were required to hear 46 audio fragments. The
following charts compare valence and arousal results to Spotify’s classifica-
tion. As the most ”extreme” songs have been selected, the Spotify values
primarily consist of high and low values. Consequently, these values have
been divided into two groups: ”Spotify High” and ”Spotify Low” (the red
and green ellipses respectively). The survey results are displayed within the
blue ellipses and represent mean values. The space between the dashed lines
represents the difference in valence and arousal between each song. Figures
4.17a and 4.17b represent these results.

(a) Comparative analysis of the Survey
and Spotify’s valence values

(b) Comparative analysis of the Survey
and Spotify’s arousal values

Figure 4.17: The songs used in the survey are on the x-axis and the value
of valence or arousal is presented on the y-axis respectively. The red area
represents Spotify values with high valence or arousal, whilst the green area
represents values with low valence or arousal. The blue area comprises
survey points with valence or arousal values. The lines between the points
show the distances between the value for each song.

Observe that the survey values for both Figures fall within the range
[0.25-0.75]. In addition, the majority of the survey responses cluster around
the median of 0.5. Moreover, the gaps between the values are remarkable.
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This could mean that Spotify does not accurately classify the affective dis-
position triggered by songs as the differences are tremendous.

Figure 4.18: Emotion label comparison of the survey vs. Spotify, based
on Russell’s model. The red dots represent emotions classified by Spotify,
whereas the blue dots represent emotions classified by the listeners panel.
The dashed lines represent the distance between the red and blue dots. This
annotates the current gap between the values.

Figure 4.18 represents Russell’s model, in this case, containing the results
presented in Figures 4.17a and 4.17b. This model clarifies the distinction
even further. Even though, the results of the survey are not as extreme
as Spotify’s, songs classified as ”Happy/Joyful” and ”Sad/Depressing” are
primarily corresponding. The other emotion categories of the quadrant are
rarely similar. However, this model suggest that Spotify overestimates their
values as the most ”extreme” songs of each category are not rated similarly
by the listeners panel.
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4.6.1 Statistical test - Survey vs. Spotify

A MANOVA was conducted to test the hypothesis that there would be one or
more mean differences between whether a subject was familiar with the song
or not and their scores for valence, arousal and verdict (score of likeliness,
question five of the survey). Valence, arousal and verdict were examined as
dependent variables, and familiarity was examined as independent variable.
Familiar answered with yes had an N of 909, and familiar answered with
no had an N of 1299. The mean values and their standard deviations are
summarised in Table 4.11. The significance level (α) of 0.05 had been used.
This indicates a 5% risk of concluding that an association exists when there
is no actual association. A statistically significant MANOVA effect was ob-
tained, F (3,2204) = 223.275, p < .001. The multivariate effect size (η2) was
estimated at .233, which implies that 23.3% of the variance in the dependent
variables was accounted for by the group. The p-value is also lower than the
α of 0.05, indicating that there is a statistically significant different in scores
of valence, arousal and verdict between whether a participant was familiar
with the song.

Next, the univariate effects on the dependent variables were analysed.
It was found that all dependent variables were affected by the group they
were in. A statistically significant univariate test effect was obtained for
arousal, F (1,2006) = 379.087, p < .001. The mean of arousal was signifi-
cantly affected by the group based on these results. The effect size (η2p) was
estimated at .147, which implies that 14.7% of the variance derived arousal
scores was accounted for by group level. For valence, F (1,2206) = 310.316,
p << .001. The multivariate effect size (η2p) was estimated at .123, which
implies that 12.3% of the variance in the valence scores was accounted for by
group. For verdict, F (1,2206) = 667.156, p << .001. The multivariate effect
size (η2p) was estimated at .232, which implies that 23.2% of the variance in
the valence scores was accounted for by group.

Concluding, based on the results of the survey, if a subject was not famil-
iar with a song, songs evoked less valence and arousal compared to if a sub-
ject was familiar with the song. These differences were significant and large.
Furthermore, the extent of likeliness, i.e. verdict was much greater when a
subject was familiar with a song compared to not familiar. This difference
was also significant and was substantially large. This provided evidence that
if a subject is familiar with the song, it will experience more valence, become
more aroused, and will annotate a substantially higher score.
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Table 4.11: Descriptive statistics - Survey vs. Spotify (N (no) = 1299,
N (yes)=909)

Dependent
variable

Familiarity
(independent
variable)

Mean Std. Devia-
tion

Valence No 4.68 2.092

Valence Yes 6.32 2.238

Valence Total 5.35 2.299

Arousal No 4.52 2.242

Arousal Yes 6.42 2.265

Arousal Total 5.30 2.265

Verdict No 4.35 1.966

Verdict Yes 6.56 2.009

Verdict Total 5.26 2.263



Chapter 5

Discussion

The objective of this research project was to analyse if Spotify correctly
assessed its affective dispositions triggered by songs. This report offered nu-
merous parallels to the emotion labels generated by Spotify. This also offered
insights into the relationship between music and emotion labels. Analysing
the impact of audio signal features and lyrics separately provided evidence
in how they influence emotion labels. Moreover, creating appropriate emo-
tion labels can aid in the improvement of recommender systems. Current
recommender systems have significant flaws, as outlined in Chapter 1. Pro-
viding a suitable emotion label will assist the listener in receiving better
recommendations. Besides, correct emotion labels could supply the listener
with a song that matches the listener’s actual needs at a certain moment.

The findings of this report could reveal how Spotify produces its emotion
labels. Spotify presumably combined values of valence and arousal from
audio signal analysis and lyrics analysis. Then, Spotify normalised the data
to stretch it. This provided a significant gap between the emotion labels.

In section 1.3, four research questions were formulated. Based on the lit-
erature review and the results, an answer will be provided for these research
questions:

[RQ1]: Audio features

Concluding from the audio features, results show that values generated
by the audio signal are primarily on the left side of Russell’s model. This
indicates that the audio signal does not convey much musical positiveness
because of the (on average) low value of valence. However, the emotion
labels generated by the audio signal are widely spread over the y-axis, indi-
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cating that the audio signal can vary in arousal. The statistical test proved
that Spotify provided substantially higher values of valence than the audio
signal analysis.

[RQ2]: Lyrics

It can be concluded ANEW does not provide a distinctive value for
arousal. The literature research provided several methods in determining
the valence and arousal values from lyrics. Initial results showed that the
average arousal scores where within a range of 0.45 to 0.55. Therefore,
normalisation had to be applied. On average, lyrics have a high value of
valence, indicating that lyrics convey more musical positiveness. Further-
more, lexical complexity of the lyrics increased over time according to the
measurements of lexical density and lexical diversity. This indicated that
songs contained more words and unique words over time. From the measure
learning model, it can be concluded that lexical features play an important
role in accurately predicting the correct emotion label.

[RQ3]: Audio features and lyrics combined

Analysing both can be seen as a useful process because audio features
and lyrics both contributed to the final model. Most important to note is
that both models acted in a controversial way when separated. Combining
both models contribute to a model where the emotion labels are spread evely
across Russell’s model, presented in Figure 4.15. Emotion labels generated
by the audio signal were for the most part on the left side of Russell’s model,
whereas the emotion labels generated by the lyrics were on the right side
of the model. This resulted in a stabilised result. Furthermore, it can be
concluded that Spotify applies normalisation to its scores. Enlarging the
difference between emotion labels will provide Spotify with an easier job of
differentiating emotion labels.

[RQ4]: A listener panel

The results of the survey showed a different distribution of emotion la-
bels compared to Spotify’s. It can be concluded that Spotify overestimates
the values of their labels because there is a substantial distance between the
emotional markers. Results of the survey are not as extreme as Spotify’s,
songs classified as ”Happy/Joyful” and ”Sad/Depressing” are primarily cor-
responding. The other emotion categories of the quadrants are rarely similar.
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This suggests that subjects do not experience the same level of valence and
arousal as Spotify would suggest.

[MRQ]: ”Does Spotify accurately classify the affective disposition trig-
gered by songs from the Billboard chart?”

Assuming that Spotify normalised all their emotion labels, Spotify did
a fairly accurate job of classifying. Increasing the difference between the
emotion labels (i.e. increasing the delta) can be seen as an intelligent choice
made by Spotify. This provides an easier way to differentiate the emotion
labels.

An analysis of the results reveals the following findings:
A significant point must be made regarding the Spotify audio features.

They are generally simple to extract in quantity and can provide valuable
information, but they have limits that may affect the research outcomes.
For instance, the features are the average song metrics. This indicates that
variation in musical segments will not be considered. The metrics may
fluctuate throughout a song.

One of the most difficult aspects of lyrical analysis is coping with ambi-
guity. Words can have numerous meanings depending on their context and
sentence construction. This is also one of the limitations of the ANEW-
dictionary, as it does not account for polysemy. According to ANEW,
the emotion of each word represents how the typical person interprets that
phrase in isolation. Therefore, it lacks sufficient information to distinguish
between several meanings of a word or to determine its possible meaning in
a phrase. To address this specific issue, a new vocabulary may be created,
for instance, by conducting a new survey with more distinctive words. In
addition, lyrics may contain ”shouting” terms, such as ”yeah” and ”ya,”
which ANEW disregards.

All the songs have an average arousal score between 0.45 and 0.55, in-
dicating that ANEW has no distinctive arousal value. Therefore, normali-
sation had been applied to stretch the data.

Finally, combining the values of valence of the audio signal analysis with
the values of valence of the lyrics analysis resulted in a combined valence
value for Figure 4.15. Values calculated by the audio signal analysis and the
lyrics analysis both received a weight of 0.5. The same procedure was used
for arousal. However, this weight of 0.5 could raise questions. Determining
the importance of the audio signal and the lyrics was beyond the scope of
this research project.
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Possible suggestions for future research include: Genres could be used to
expand upon this research. It could be of interest to recommender systems
to examine genres based on their emotional categories.

Another dataset from a different region could be utilised. It could be
fascinating to examine and compare the development of music in various
nations. Recommendation systems could accommodate regional preferences.

The order of the songs that participants listened to during the survey
was completely random. Consequently, various or identical emotion cate-
gories could be played sequentially. It would be intriguing if they could
self-regulate their emotions by selecting their own emotional categories.

Taken together, the findings presented in this report are not only rele-
vant for affective computing but also for other fields. Listeners’ subjective
judgements of music fragments demonstrated that in the real-world, music
can be experienced differently. A good overview has been provided of how
Spotify determines its emotion labels. Finally, the decomposition of audio
and lyrics analysis provided a complementary difference in valence values. In
turn, such research can help science to find its way to technology, hopefully
resulting in many meaningful innovations in recommender systems.



Appendix A

Data variables

The following audio features have been captured from the Spotify API Doc-
umentation. These metrics are key and will be researched. Results of this
research will be shown in the next chapter (Spotify, n.d.). These audio
features are part of the dataset. Spotify runs a suite of audio analysis algo-
rithms on every track to estimate the audio features (Skidén, n.d.). These
algorithms extract about a dozen high-level acoustic attributes from the au-
dio. In 2014, Spotify acquired company ”The Echo Nest”, which can be
called a music intelligence service (Panda et al., 2021). They provided au-
tomatic data extraction from songs by web crawling (e.g., metadata, lyrics,
reviews). Furthermore, they provided the service of digital signal processing
techniques on the audio signal itself. Combined with the knowledge of The
Echo Nest, Spotify developed these audio analysis algorithms to provide
knowledge of a song’s characteristics.

Table A.1: Audio features

Variable Description

Accousticness A confidence measure from 0.0 to 1.0 of whether the
track is acoustic. 1.0 represents high confidence the
track is acoustic.

Danceability Danceability describes how suitable a track is for
dancing based on a combination of musical elements
including tempo, rhythm stability, beat strength, and
overall regularity. A value of 0.0 is least danceable
and 1.0 is the most danceable.

Continued on next page
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Table A.1 – continued from previous page

Variable Description

Duration The duration of the track in seconds.

Energy/Arousal Energy is a measure from 0.0 to 1.0 and represents
a perceptual measure of intensity and activity. Typ-
ically, energetic tracks feel fast, loud, and noisy. For
example, death metal has high energy, while a Bach
prelude scores low on the scale. Perceptual features
contributing to this attribute include dynamic range,
perceived loudness, timbre, onset rate, and general
entropy.

Instrumentalness Predicts whether a track contains no vocals. “Ooh”
and “aah” sounds are treated as instrumental in this
context. Rap or spoken word tracks are clearly “vo-
cal”. The closer the instrumentalness value is to 1.0,
the greater likelihood the track contains no vocal con-
tent. Values above 0.5 are intended to represent in-
strumental tracks, but confidence is higher as the
value approaches 1.0.

Liveness Detects the presence of an audience in the recording.
Higher liveness values represent an increased prob-
ability that the track was performed live. A value
above 0.8 provides a strong likelihood that the track
is live.

Loudness The overall loudness of a track in decibels (dB).
Loudness values are averaged across the entire track
and are useful for comparing the relative loudness of
tracks. Loudness is the quality of a sound that is the
primary psychological correlate of physical strength
(amplitude). Values typical range between -60 and 0
db.

Mode Mode indicates the modality (major or minor) of a
track, the type of scale from which its melodic content
is derived. Major is represented by 1 and minor is 0.

Continued on next page
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Table A.1 – continued from previous page

Variable Description

Speechiness Speechiness detects the presence of spoken words in a
track. The more exclusively speech-like the recording
(e.g. talk show, audiobook, poetry), the closer to 1.0
the attribute value. Values above 0.66 describe tracks
that are probably made entirely of spoken words. Val-
ues between 0.33 and 0.66 describe tracks that may
contain both music and speech, either in sections or
layered, including such cases as rap music. Values be-
low 0.33 most likely represent music and other non-
speech-like tracks.

Tempo The overall estimated tempo of a track in beats per
minute (BPM). In musical terminology, tempo is the
speed or pace of a given piece and derives directly
from the average beat duration.

Valence A measure from 0.0 to 1.0 describing the musical pos-
itiveness conveyed by a track. Tracks with high va-
lence sound more positive (e.g. happy, cheerful, eu-
phoric), while tracks with low valence sound more
negative (e.g. sad, depressed, angry).

The following table contains descriptive statistics of the audio features:

Table A.2: Descriptive statistics

Variable Mean Standard deviation

Acousticness 0.287 0.279

Danceability 0.621 0.152

Duration 223.45 57.453

Energy 0.611 0.196

Instrumentalness 0.027 0.127

Liveness 0.178 0.146

Loudness -8.535 3.561

Mode 0.706 0.456

Continued on next page
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Table A.2 – continued from previous page

Speechiness 0.072 0.078

Tempo 119.19 28.0

Valence 0.608 0.241

Key 5.3 3.574

The following variables are also part of the dataset. These tables are
split in parts to emphasise on the difference between the variables. Table
A.1 represents the (measurable) audio features and Table A.3 represents the
(non-measurable) variables.

Table A.3: Variables

Variable Description

Year The year of which the track appears in the Billboard Year-
End Chart ”Hot 100 Songs”. Songs could occur in multiple
years. In most cases, this is the year after the first year the
song has entered the Year-End chart as the song remained
popular the year after.

Artist The artist that has performed the song. Multiple artists
are listed when they also worked on the song.

Track name The name of the song/track

Emotion The emotion of a song consists can consist of one of the
following emotions: ”Sad/Depressing”, ”Chill/Peaceful”
,”Turbulent/Angry” or ”Happy/Joyful”. This variable has
been created based on the values of valence and energy.
Besides, it is developed in line with Russel’s model.

Thus, the variables in these tables describe all the variables of the entire
dataset.
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Table A.4: Russel’s model data

Year Happy Angry Chill Sad Year Happy Angry Chill Sad

1956 21 2 36 38 1989 56 19 5 18

1957 39 1 32 27 1990 58 18 6 16

1958 41 0 37 24 1991 59 19 6 15

1959 46 4 23 27 1992 58 20 3 20

1960 40 3 30 27 1993 53 21 7 18

1961 44 0 30 26 1994 43 26 12 21

1962 45 2 36 15 1995 52 27 12 14

1963 53 1 24 19 1996 60 22 13 13

1964 54 6 22 17 1997 53 16 7 27

1965 54 4 17 19 1998 53 15 12 21

1966 51 3 34 11 1999 54 27 3 16

1967 41 7 34 16 2000 66 20 5 9

1968 44 8 31 16 2001 64 24 3 8

1969 47 6 26 21 2002 65 25 2 6

1970 61 8 13 17 2003 65 22 6 6

1971 53 4 20 24 2004 61 24 7 8

1972 48 10 25 16 2005 63 22 6 9

1973 55 6 23 14 2006 58 28 4 10

1974 55 7 21 15 2007 56 35 2 7

1975 62 6 18 18 2008 50 40 2 8

1976 59 8 17 15 2009 48 45 4 3

1977 54 9 12 23 2010 60 36 1 3

1978 51 8 16 25 2011 57 38 0 5

1979 60 6 13 20 2012 59 30 1 10

1980 56 6 20 17 2013 52 34 2 12

1981 45 12 17 24 2014 53 34 1 12

1982 55 7 16 21 2015 45 36 2 17

1983 62 10 13 15 2016 38 44 2 16

1984 72 11 8 9 2017 39 41 8 12

1985 63 12 11 15 2018 36 51 3 10

1986 62 9 7 19 2019 39 40 7 14

1987 68 8 8 16 2020 38 37 10 15

1988 53 15 12 21 Unk. Unk. Unk. Unk. Unk.



Appendix B

Music Data Mining

The book discusses an alternative general data mining process in the follow-
ing four steps (T. Li et al., 2002, 2011):

1. Data management: concerns the specific mechanisms and structures
for how data are accessed, stored and managed. Data management is
closely related to the implementation of data mining systems.

2. Data preprocessing: ensures that the data format and quality. This
step tries to improve the efficiency and ease of the mining process.
Raw data can contain incomplete, noisy and/or inconsistent data. To
ensure the data quality, the data will be cleaned to remove the out-
liers and noisy data. Furthermore, this step includes data integration
to integrate data from multiple sources if necessary and data reduc-
tion to reduce the dimensionality and complexity of the data. Last,
data transformation will be applied to convert the data into a suitable
format for the next step: mining.

3. Mining: contains several tasks, e.g.: visualisation, classification, clus-
tering, regression and content retrieval. There are many algorithms
to carry out one of these tasks such as Neural Network analysis and
Principal Component analysis. This step of the framework is essential
for knowledge discovery, applying the mentioned algorithms/machine
learning techniques.

4. Post-preprocessing: refines and evaluates the knowledge derived from
the mining procedure. This can be expressed in simplifying the ex-
tracted knowledge. Evaluating the knowledge is also important, be-
cause the knowledge needs to be understandable for the end-user. Cre-
ating some additional visualisations could be a task for the evaluation
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part. Besides, documentation could also be a step in this phase in
order to make the data understandable for the end-user.

Next to the previously described data mining framework, the book ex-
plains music data mining resulting in the following steps (T. Li et al., 2011):

1. Music Data Management: contains the gathering and storing of music
data and music metadata. Transferring musical data from their orig-
inally recorded format to computer-accessible formats, such as MP3
files. A digital library of music data supports effective interaction be-
tween knowledge producers, librarians, and information and knowledge
discoverers. Storing and arranging music data records effectively is a
problem of a digital library. Users need to quickly find music resources
of their interest for analysis. One of the big challenges of Music Data
Management is Music Indexing. For a music index, a document can be
a song, an album, an artist, a record label etc. Music indexing can be
used to calculate music similarity between pairs of songs or to cluster
music into automatically created genres. Getting music indexing done
in an appropriate way is a hard task to do as a song can be processed
in multiple ways.

2. Music visualisation: can be divided into two categories: visualisation
of metadata content or acoustic content of single music documents,
and, second, visualisation of a complete music collection for showing
the correlations among different music pieces, or grouping music pieces
into different clusters based on their pair-wise similarities. The first
category of visualisation is mainly aimed at capturing the main idea
or the music style of music documents, while the second category is
aimed at helping the stakeholder find particular songs that they are
interested in. Besides, the presence of similarity between songs will
help with this process of searching for a specific kind of song within a
collection.

3. Music Information Retrieval: emerging research area, that focuses on
the fulfilment of users’ music information needs. Strategies that enable
access to music collections, both new and historical, need to be devel-
oped in order to keep up with users’ expectations of search and browse
functionality (Casey et al., 2008). The stakeholders in this step are
the music industry, which records, aggregates and disseminates music,
end-users, who want to search for music in a personalised way, and
professionals, such as music performers, teachers, and music produc-
ers. At present, the most common method of accessing music data is
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through textual metadata. This metadata can be rich in content. MIR
tasks are mainly exploratory and can be, e.g.: detect plagiarism (iden-
tify misattribution of musical performances, misappropriation of music
intellectual property), copyright monitoring (monitor music broadcast
for copyright infringement or royalty collection), mood (find music
based on emotional values). In the field of music data mining, MIR
can be described as the main scope within the data mining task. Music
Similarity Search could also be one of these tasks, searching for simi-
lar music sound files, given another music file. Based on the provided
music feature, e.g. sound, the user should find similar music works
using a music search system.

4. Data Mining: association mining is a concept within music data min-
ing. This concept refers to the detection of correlations among differ-
ent items in a data set. Association mining can be divided into three
categories:

(a) Detecting associations among different acoustic features. For in-
stance, the association between timbre and tempo can be mea-
sured to improve the performance of tempo estimation (Xiao et
al., 2008).

(b) Detecting associations among music and other document formats.
For instance, the paper of Liao et al. (2009) describes a model
that learns and represents association patterns between music
and video clips in professional MTV.

(c) Detecting associations among music features and other music as-
pects, for example, emotions. An emotion graph could provide
insight for music recommendations (Kuo et al., 2005).

Another branch of this step is Sequence mining which aims to detect
patterns in sequences, such as chord sequences. Sequence mining is
a relatively new research field, which means that it lacks some ex-
tensive research. The main research topic in the music area, where
sequence mining is being used, is music transcription. Different types
of errors might be found when transcribing audio pieces. These er-
rors are checked on segmentation errors, substitution errors and time
alignment errors for example.

One of the most popular data mining techniques in the music research
field is classification. The most general classification issue focuses on
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music genre/style classification. Other researchers turn their atten-
tion more towards the classification of music from audio pieces. The
following classification areas can be distinguished:

(a) Audio classification: identify and label audio in three different
classes: speech, music, and environmental sound. This type of
classification can be used to segment videos in multiple parts,
and so, decide where to apply automatic speech recognition.

(b) Genre classification: labelling an unknown recording of a song
with the correct genre is one of the toughest tasks within music
classification as the relevance of different categories is extremely
subjective. Besides, genre classification is biased by Western mu-
sic genres. Generally, genres can be automatically classified based
on three different features sets, related to rhythmic, pitch, and
timbre features.

(c) Mood and emotion classification: classifies or detects the emo-
tional meaning of a song. Mood/emotion-based research is help-
ful in music understanding, music search, and some music-related
applications. The emotion of a song is based on several factors
of a song. Also, culture is involved in people’s mood response to
music.

(d) Instrument recognition and classification: providing indexes for
locating instruments that are included in a musical mixture (the
use of multiple instruments during a song).

(e) Artists classification: traditionally, this is based on acoustic fea-
tures or the singer’s voice.

(f) Singer identification: this tool can be used to organise, browse,
and retrieve data in large music collections. Music databases
can use clustering based on singer similarity to organise their
database.

5. Clustering: can be described as the task that separates a collection
of data into multiple groups based on criteria. In music data mining,
clustering can be applied to genres and artists for example.

6. Music summarization: the increase in the size of digital multimedia
data collections, an informative extraction that summarises an origi-
nal digital content is a challenge in the music industry and is impor-
tant knowing that this large-scale of information is easily accessible
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by users (Shao et al., 2004). Music summarization aims to determine
a representative sample of a given music piece that must be recog-
nised instantly. Since a large volume of digital content has been made
publicly available in various media, efficient approaches to automatic
music summarization are increasingly in demand. From a customer’s
perspective, before they make a decision whether to purchase an al-
bum or not, they would prefer to listen to the highlights of the music.
The first music summarization system that was developed was on the
MIDI format (Kraft et al., 2001). Unfortunately, this system is differ-
ent from the sampled audio format, and, therefore, cannot be utilised
for real music summarization.



Appendix C

Survey

The following questions were requested from the participant regarding their
demographics.

1. What is your age?

2. What is your country of origin?
Answer possibilities: The Netherlands, Other

3. What is your native language?
Answer possibilities: Dutch, English, Other

4. How many hours per day do you listen to music?
Answer possibilities: 0-1, 1-2, 2-3, 3-4, 4-5, 5-6, 6+

5. What kind(s) of music do you listen? (multiple answers possible)
Answer possibilities: Pop, Rock, R&B and soul, Latin, Jazz, Classical,
Dance/Electronic, Hip-hop/Rap, K-Pop, Country, Metal, blues

6. Do you play a musical instrument?
Answer possibilities: Yes, No

7. What is your gender?
Answer possibilities: Male, Female, Non-binary/third gender, Prefer
not to say

The following screenshots of the survey provide an overview of what
questions were asked for each audio fragment.
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Figure C.1: Survey-audio fragment + lyrics

Figure C.2: Survey-question 1, 2
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Figure C.3: Survey-question 3, 4, 5
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