
Subcultures of Music Listening: Motivations
and Underlying Messages in Music Genres

Item Type text; Electronic Dissertation

Authors De la Rosa, Karen

Citation De la Rosa, Karen. (2022). Subcultures of Music Listening:
Motivations and Underlying Messages in Music Genres (Doctoral
dissertation, University of Arizona, Tucson, USA).

Publisher The University of Arizona.

Rights Copyright © is held by the author. Digital access to this material
is made possible by the University Libraries, University of Arizona.
Further transmission, reproduction, presentation (such as public
display or performance) of protected items is prohibited except
with permission of the author.

Download date 24/05/2023 20:52:48

Item License http://rightsstatements.org/vocab/InC/1.0/

Link to Item http://hdl.handle.net/10150/665390

http://rightsstatements.org/vocab/InC/1.0/
http://hdl.handle.net/10150/665390


SUBCULTURES OF MUSIC LISTENING: 
MOTIVATIONS AND UNDERLYING MESSAGES IN MUSIC GENRES 

 
 

by 
 

Karen De la Rosa 
 
 
 

________________________ 
Copyright © Karen De la Rosa 2022 

 
 

A Dissertation Submitted to the Faculty of the 
 

Graduate Interdisciplinary Program in Applied Intercultural Arts Research 
 

In Partial Fulfillment of the Requirements 
 

For the Degree of 
 

DOCTOR OF PHILOSOPHY 
 

In the Graduate College 
 

THE UNIVERSITY OF ARIZONA 
 
 
 
 
 

2 0 2 2 
 
 
 



 
 
 

 
2 

THE UNIVERSITY OF ARIZONA 
GRADUATE COLLEGE 

 
As members of the Dissertation Committee, we certify that we have read the dissertation 
prepared by Karen De la Rosa, titled Subcultures of Music Listening: Motivations and 
Underlying Messages in Music Genres and recommend that it be accepted as fulfilling the 
dissertation requirement for the Degree of Doctor of Philosophy. 
 

               _________________________________________________________________                 Date:   6/28/22 
 Matthew L. Williams 
  
  
 _________________________________________________________________  Date:   6/30/22 
 Kathryn Alexander 
  
  
 _________________________________________________________________  Date:   6/30/22 
 Adriana Picoral 
  
  
   
 
Final approval and acceptance of this dissertation is contingent upon the candidate’s submission 
of the final copies of the dissertation to the Graduate College.   
 
I hereby certify that I have read this dissertation prepared under my direction and recommend 
that it be accepted as fulfilling the dissertation requirement. 
 

               _________________________________________________________________              Date:   6/28/22 
 Matthew L. Williams 
 Dissertation Committee Chair 
 Fred Fox School of Music 
  
 



 
 
 

 
3 

ACKNOWLEDGMENTS 

This dissertation would not have been possible without the support of my family, friends, 
mentors, and peers. Thank you all for believing that I could do this and for your encouragement 
throughout the journey! 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 

 
4 

DEDICATION 

I dedicate this dissertation to my family, especially my mother! 



 
 
 

 
5 

TABLE OF CONTENTS 

LIST OF FIGURES…………………………………………………………………………...…..8 
 
LIST OF TABLES…………………………………………………………………………….…..9 
 
ABSTRACT.…………………………………………………………………………..…………10 
 
CHAPTER 1: INTRODUCTION………………………………………………………………..12 
       1.1   Background…………………………………………………………………………….14 

        1.1.1   Subcultures and Conventional Modes of Affiliation……………………….....14 
        1.1.2   Online-based Subcultures……………………………………………………..18 

       1.2   Proposed Model………………………………………………………………………..21 
          1.2.1   Model of Affiliations in Music Subcultures………………………………….21 
       1.3   Three Empirical Studies to Evaluate the Model………………………………….……24 

         1.3.1   Study 1: Content Analysis……………………………………………………24 
         1.3.2   Study 2: Survey………………………………………………………..……..25 
         1.3.3   Study 3: Machine Learning Analysis………………………………..……….25 

        1.4   Discussion………………………………………………………………………..……26 
 
REFERENCES…………………………………………………………………………..………33 
 
APPENDIX A References to Complex Emotions in Lyrics From Rock Songs……….....……..37 

A.1   Abstract……………………………………………………………………….……..37 
A.2   Background………………………………………………………………………….38 
           A.2.1   References to Complex Emotions in Song Lyrics………………………....38 
           A.2.2   Content Analysis on Song Lyrics………………………………….…...…..39 
A.3   Theoretical Framework: Mood Management Theory, Hedonism, and Eudaimonia...42 
A.4   Purpose and Research Questions…………………………………………………….43 
A.5   Methods…………………………………………………………………………...…43 
           A.5.1   Sample………………………………………………………………..…….43 
           A.5.2   Coding Procedures…………………………………………………………45 
A.6   Results……………………………………………………………………………….48 
           A.6.1   Descriptive Statistics……………………………………………….………48 
           A.6.2   Chi-square Analysis and Comparisons ……………………………...….....49 
A.7   Discussion…………………………………………………………...………………51 
A.8   References……………………………………………………………………….…..55 
A.9   Sampling List 1…………………………………………………………….………..58 



 
 
 

 
6 

A.10  Sampling List 2……….…………………………………………………………….59 
A.11  Codebook…………………………………………………………………...………63 

 
APPENDIX B Hedonic and Eudaimonic Motivations for Music Listening……………..……...70 

B.1   Abstract………………………………………………………………………..……..70 
B.2   Background…………………………………………………………………………..71 
           B.2.1   Hedonic and Eudaimonic Motivations for Media Consumption………...…71 
           B.2.2   Hedonic and Eudaimonic Motivations Across Different Forms of Media…72 
           B.2.3   Motivations for Media Consumption and Music Genres…………………..74 
B.3   Research Question……………………………………………………….…………..77 
B.4   Methods………………………………………………………………………..…….77 
           B.4.1   Questionnaire…………………………………………………………….…77 
           B.4.2   Participants…………………………………………………………………77 
           B.4.3   Data Analysis………………………………………………………………80 
B.5   Results……………………………………………………………………………….80 
           B.5.1   Reliability Measures: CFA and Cronbach’s Alpha…………………….…..80 
           B.5.2   Descriptive Statistics for Music Genres and Motivations……………….…81 
           B.5.3   Correlations Between Music Genres and Motivations……………………..82 
           B.5.4   Demographic Assessment……………………………………………..……84 
B.6   Discussion……………………………………………………………………………84 
           B.6.1   Confirmatory Factor Analysis, Model Fit, and Reliability…………………85 
           B.6.2   Correlations: Music Genres and Motivations………………………………87 
           B.6.3   Conclusion………………………………………………………………….89 
B.7   References…………………………………………………………………………...90 
B.8   Survey Questionnaire………………………………………………………………..94 

 
APPENDIX C Audio Features As Predictors Of Music Genre…………….…………………....98 

C.1   Abstract…………………………………………………………..…………………..98 
C.2   Background……………………………………………………….…………......…100 
           C.2.1   Genre Labeling……………………………………………………………100 
           C.2.2   Machine Learning and Music Genre Classifiers………………………….101 
           C.2.3   Spotify Audio Features as Predictors……………………………………..103 
C.3   Research Question………………………………………………………………….105 
C.4   Methods…………………………………………………………………………….105 
           C.4.1   Sample: Number of Songs and Music Genres…………………………….105 
           C.4.2   Spotify Audio Features……………………………………………………106 
C.5   Data Analysis……………………………………………………………..………..108 
            C.5.1    Feature Selection………………………………………………………...109 



 
 
 

 
7 

            C.5.2    Data Splitting…………………………………………………………….109 
            C.5.3    Recipe, Model Specification, and Workflows…………………………...109 
            C.5.4    Folds……………………………………………………………………..110 
            C.5.5    Tuning Parameters and Model Evaluation……………………………....110 
C.6   Results……………………………………………………………………………...110 
            C.6.1   Descriptive Statistics for the Audio Features…………………………….110 
            C.6.2   Logistic Regression for Feature Selection………………………………..111 
            C.6.3   Performance Metrics for the Models……………………………………..112 
            C.6.4   Variables of Importance………………………………………………….114 
            C.6.5   Confusion Matrix………………………………………………………...115 
C.7   Discussion………………………………………………………………………….116 
            C.7.1   Audio Features of Importance and Music Genres……………………….117 

                      C.7.2   Model Performance and Potential Measures for Improvement……....….119 
                      C.7.3   Genre Classification Bias………………………………………………...120 
          C.8   References……………………………………………………………………….…123 
 



 
 
 

 
8 

LIST OF FIGURES 

1.1  Affiliations in Music Subcultures…………………………………………………….23 
1.2  Model of Subcultures of Music Listening and Music Genres………………………...24 

 
A.1  Number of Cases for the Absence and Presence Factors…………………………….50 
 
B.1  Race Distribution in the Sample……………………………………………………...78 
B.2  Gender Distribution in the Sample…………………………………………………...79 
 
C.1  Variables of Importance Across Genres…………………………………………….115 
C.2  Confusion Matrix for Music Genre Predictions…………………………………….116 
 
 



 
 
 

 
9 

LIST OF TABLES 

A.1  Positive and Negative Complex Emotions…………………………………………..46 
A.2  Means and Standard Deviations for the Six Complex Emotions……………………49 
A.3  Count and Percentages – Presence and Absence of Complex Emotions……………50 
 
B.1  Means and Standard Deviations for Music Genres and Motivations…………….….81 
B.2  Pearson R Correlations for Music Genres and Motivations………………………....82 
B.3  Music Genres and Distance between Hedonic and Eudaimonic Correlations………83 

 
C.1  Music Genres – Number of Observations and Distributions 1………………………98 
C.2  Performance Metrics for the Algorithm Models……………………………….…….99 
C.3  Music Genres – Number of Observations and Distributions 2……………………..106 
C.4  Spotify Audio Features……………………………………………………………..106 
C.5  Means and Standard Deviations for the Twelve Spotify Audio Features…………..111 
C.6  Logistic Regression Output with P-values………………………………………….112 
C.7  Performance Metrics for Algorithm Models………………………………………..113 
C.8  Spotify Audio Features of Importance for Music Genre Predictions……………….114 
 
 
 

 

 

 

 

 

 

 

 

 

 



 
 
 

 
10 

ABSTRACT 

Music subcultures have traditionally been linked to specific music genres (e.g., punk, hip-hop, 

metal) (Slobin, 1993) and have revolved around conventional modes of affiliation such as 

fashions, music collection, cultural influences, speech patterns, class, and mannerisms, among 

other factors (Hebdige, 1979; Thornton, 1996). However, modern technologies and media 

consumption trends seem to be re-shaping music listening and participation behaviors as 

culturally embedded experiences (Bennett, 2011; Nwalozie, 2015). Moreover, the increasing 

access to different kinds of music among different audiences and the growing number of 

listening features available on virtual platforms are facilitating the emergence of online-based 

music subcultures through unconventional modes of affiliation (Gildart et al., 2020; King, 2007; 

Reia, 2014; Slobin, 1993; Strubel et al., 2013; Williams, 2006). Despite these observations, 

research has yet to fully explore the nature of online-based music subcultures, especially when 

addressing subcultural levels of affiliation and descriptors linked to specific music genres.  

Drawing on the works of Bennett (2011), this dissertation project proposes a model that could 

better explain online-based music subcultures. In particular, the project focused on music listening 

as a discrete activity in this context. With this objective in mind, a series of studies and empirical 

assessments were conducted in order to examine four elements that help shape music listening as a 

culturally embedded experience, based on the works referenced in this project (Bennett, 2011). The 

four proposed elements are: 1) underlying messages in the lyrics of the music, 2) motivations for 

listening to specific types of music, 3) distinctive audio features in the music, and 4) emotional 

references in the music. Three studies were performed in order to explore these four elements 

within the context of online subcultures and culturally embedded experiences. This project will 
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make valuable contributions to the fields of music media studies, arts research, and data science by 

proposing a conceptual and methodological framework to better assess online-based music 

subcultures. 
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CHAPTER 1: 

INTRODUCTION 

The theory of subcultures was first introduced by Frederic M. Thrasher at the Chicago 

School of Sociology in the 1920s (Thrasher, 1927), and later developed by peers at the 

Birmingham School in the same time period (Hebdige, 1979). The theory states that 

deviant behaviors exist due to social problems within society; and individuals join groups 

that participate in collective forms of deviance referred to as subcultures (Hebdige, 1979; 

Thorton, 1996). On this account, Hebdige (1979) and Thornton (1996) have discussed the 

role of conventional modes of affiliation (fashions, music collection, cultural influences, 

speech patterns, class, and mannerisms) in music subcultures by drawing on the 

principles of the theory of subcultures. Despite these observations, it is important to note 

that the theory of subcultures has often been considered to be outdated and controversial 

by contemporary researchers, as it barely addresses the impact of modern media on 

subcultural participation (Bennett, 2011; Nwalozie, 2015). Subsequently, a post-

subcultural theory was proposed to assess subcultures in modern times and better 

understand the relationship between subcultures and media (Bennett, 2011).  

The post-subcultural theory states that “mass consumption, diffusion of cultures 

through globalization, the overall interconnectedness of people, places, and products 

across the world transform the ways subcultures manifest in the identities of individuals” 

(Nwalozie, 2015, p. 10). Furthermore, consumerism influences subcultural communities 

by making subcultural products (for instance, music in the form of Mp3 files, playlists, 

albums, and videos) available for anyone to buy or consume. This means that in a highly 

interconnected and globalized world, people have the freedom to choose what subcultural 
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identity they want to embody based on the subcultural products they choose to consume 

without committing entirely to one single subcultural scene (Bennett, 2011; Nwalozie, 

2015). Bennett (2011) argues that this freedom makes subcultural identities and 

participation fluid rather than stable, and therefore, studies exploring subcultures should 

consider the emergence of new, individualized, and reflexive modes of cultural 

affiliations. 

The principles of the post-subcultural theory seem to be especially applicable to 

music subcultures as new technologies and media platforms have facilitated affiliations 

by providing a space in which individuals can participate in music subcultures online 

without the need for in-person engagement in subcultural activities (Williams, 2006). 

These virtual spaces have allowed individuals to listen to and experience a wider range of 

music that appeals to different motivations for media consumption. Hence, this project 

will discuss a conceptual definition of music subcultures and related assumptions to 

better understand the model at hand. 

Bull (2005) defines social music listening as people’s inherent desire for solitude 

when listening to the personalized sounds of their musical devices, combined with a need 

for social proximity and contact in daily life. Moreover, Bull (2005) suggests that people 

can have similar musical experiences or feel closer to others, even when the action of 

music listening is performed individually. Drawing on the works of Bennet (2011) and 

Bull (2005), music subcultures can be defined as a set of shared behaviors, customs, and 

spaces that revolve around the consumption of specific types of music and aspects of 

music listening as a culturally embedded experience. Furthermore, listeners’ musical 

experiences can be linked to shared motivations for music listening, references to 
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recurrent themes in the music, and audio features attributed to specific types of music. 

This concept of music subculture is consistent with principles of social music listening.  

1.1   Background 

In order to better understand the model proposed, this section will review literature on 

conventional modes of affiliation in subcultures and online-based music subcultures.  

1.1.1   Subcultures and Conventional Modes of Affiliation 

Modes of affiliation have been traditionally associated with behaviors that signal 

subcultural identification or memberships to some extent (Hebdige, 1979). These 

symbolic behaviors can acquire a wide range of meanings linked to a distinctive culture. 

Thus, conventional modes of affiliation have been attributed to the study of symbolism 

attached to tangible elements such as clothing, music, and in-person activities. For 

instance, Hebdige (1979) suggests that people often signal their participation in 

subcultures through a distinctive and symbolic use of style consisting of fashions, 

mannerisms, and cultural activities, among others. These elements can also signal 

affiliation with certain ideologies and social causes, such as jazz music often being linked 

to African-American causes throughout history (Hebdige, 1979). Hence, these 

perspectives support the notion that subcultures present symbolic challenges to a pre-

established symbolic order, as some of the most popular subcultures recorded throughout 

history (in particular, youth subcultures) have revolved around ideals of resistance that 

challenged societal norms at the time of their emergence. 

Thornton (1996) has discussed the notion of different levels of subcultural 

affiliation. She suggests that “taste cultures” usually involve individuals that congregate 

on the basis of their shared taste in music, their consumption of common media, and their 
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preference for people with similar tastes as themselves. Furthermore, she argues that 

subcultures are often defined by hierarchies linked to authenticity and different levels of 

subcultural capital (elements that denote subcultural distinctions and status within a 

certain subculture). On this account, individuals with a high volume of subcultural capital 

play an important role in creating and redefining certain subcultures. For instance, 

professionals such as DJs, club organizers, fashion designers, and music journalists are 

major influencers in the way certain trends redefine club cultures (individuals that gather 

together to dance to certain types of music in club-based settings). In particular, DJs have 

popularized technologies that have made some traditional kinds of musicianship obsolete, 

and have contributed to the formation of new musical aesthetics and judgments of value 

among individuals in club cultures (Thornton, 1996).  

According to Thornton (1996), media are a primary factor in the way subcultural 

capital is circulated and portrayed among individuals from a distinctive group. 

Music collections are often considered a form of subcultural capital that denotes a higher 

status among members from a distinctive subculture. For instance, several DJs have built 

a reputation upon having the most extensive collection of particular genres (Thornton, 

1996). Similarly, owners of private music collections outside of the club scene have also 

been praised for this practice. For instance, Ray Avery (Jazz Photographer, 1920-2002) 

collected over 63,000 jazz records, which were donated to UCLA in 1987 (UCLA Music 

Library Archived, 2006). This collection is often referred to as the Ray Avery Collection. 

Likewise, Armand Panigel (French musicologist and film critic, 1920-1995) collected 

over 200,000 classical music records housed at Studios La Fabrique (Thorpe, 2016), and 

Joel Whitburn (American author and music historian, 2003) has collected over 150,000 
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Billboard-charted singles and albums (Romell, 2014). This group of distinctive industry 

professionals and scholars gained media attention and some degree of status in their 

fields due to their well-known music collections. This supports Thornton’s notion that the 

size of an individual’s music collection has long been a measure of his or her subcultural 

capital (Thornton, 1996). 

Shared meanings are considered to be a distinctive characteristic of subcultures 

(Hebdige, 1979; Thornton, 1996). As subcultures develop, subcultural practices and 

products acquire distinctive meanings in order for participants to distinguish the 

subculture from the mainstream culture (Haenfler, 2013). Subcultural meanings can 

evolve or change as subcultural participants debate existing meanings and create new 

ones. On this account, subcultural activities are considered to be culturally embedded 

experiences due the meanings that they convey (Haenfler, 2013). In particular, music 

listening as a culturally embedded experience can be better understood by drawing on 

principles of ethnomusicology.   

The study of ethnomusicology revolves around the principle that all music is 

cultural and there is no music that we can understand without understanding the people 

that make the music (Nettl, 2005). This principle is linked to the assumption that we are 

culturally conditioned and music is always culturally embedded in time (Small, 1998). 

Therefore, music listening (similar to music performance) is a culturally embedded 

experience because it involves a complex process in which social and cultural meanings 

are conveyed (Small, 1998). We should understand the ways people engage with music to 

better comprehend the meanings conveyed by the music and the functions of music in 

human life (Small, 1998). Nettl (2005, p. 307) further supports these ideas by arguing that 
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“1) music is symbolic in its conveyance of direct meanings, 2) music reflects emotion 

and meaning, 3) music reflects cultural behaviors, organization, and values, and 4) music 

may symbolize human behavior in general”. These principles are consistent with the 

assumption that music helps fulfill specific human needs such as diversion, surveillance, 

enjoyment, mood management, social interaction (Lonsdale & North, 2011), as well as 

motivations for media consumption, both hedonic and eudaimonic (Oliver & Raney, 

2011). Accordingly, music may convey different meanings for people participating in 

different music subcultures ()). 

Music is a distinctive subcultural product that depicts and portrays subcultures in 

several ways (Bennett, 2011). This can be attributed to the notion that music is a culture-

specific trait that distinguishes groups of individuals from one another (Blacking, 1974). 

Furthermore, music is a cultural product that holds cultural significance and it can be 

shared through different means (Blacking, 1974). This notion is especially relevant in 

current times, as modern technologies and music streaming services have made it even 

easier for individuals to collect, share, and listen to music (Williams, 2006). Moreover, 

music listeners create the contexts in which the music has meaning (Small, 1998). 

Consequently, music cannot convey meanings without a cultural context. Nettl (2005) 

suggests that the relationship of music cultures with the rest of the culture (both in 

structure and meaning) can help us better understand the components of music as a basic 

unit of culture and civilization. Meanings have also been attributed to specific styles and 

music genres (Clayton et al., 2011), as suggested in other sources (Hebdige, 1979; 

Thornton, 1996). 



 
 
 

 
18 

The relationship between music and culture has been explored by assessing the 

following aspects: history (when did the music take place), locations of music (where), 

process, practices and institutions of music (how), social forces and musical belongings 

(whose), and musical subjectivities (who) (Clayton et al., 2011). Particularly, the 

relationship between music and history is evident when cultural dynamics of music are 

linked to human behaviors displayed at certain points in time or on important historical 

events. These cultural dynamics are also linked to musical traditions that have been 

passed down over time. Music conveys meanings that can sometimes reside in text and 

comprise a distinctive culture. Subsequently, music cultures bound to specific locations 

may lead to the emergence of cross-cultural music practices that might transcend 

geographical boundaries (e.g., music practices that only take place in geographic borders 

or a no man’s land). Moreover, interactions between technology and culture have led to 

the creation and circulation of distinctive musical products such as musical instruments 

and portable devices for music listening. Lastly, musical subjectivities are bound to 

biases of culture and experiences that shape music perception. In turn, music perception 

shapes individuals’ musical experiences to a great extent (Clayton et al., 2011).  

1.1.2   Online-based Subcultures 
 
Participation in music subcultures has been traditionally linked to the consumption of 

specific types of music and in-person activities related to fashions, mannerisms, and 

cultural practices (Hebdige, 1979; Thornton, 1996). However, communication 

technologies such as the Internet are enabling individuals to participate in online-based 

music subcultures without the need for in-person engagement in subcultural activities 

(Gildart et al., 2020; King, 2007; Reia, 2014; Slobin, 1993; Strubel et al., 2013; Williams, 
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2006). For instance, King (2007) conducted a cluster analysis of affective sentiments and 

use variations, which identified five subcultures of the Internet population (mainstream, 

casual, cliché, enthusiast, and neutral). Results showed considerable use variations 

between casual and enthusiast Internet users, although multiple subcultures still persisted 

among all the groups. In addition, Internet users seemed to show different affective 

responses to online settings than to offline settings. Researchers suggested that online 

subcultures could be better explored by looking at shared meanings instead of 

demographic groups assumed to be culturally bounded (Reia, 2014; Slobin, 1993; Strubel 

et al., 2013; Williams, 2006). Williams (2006) looked at the roles of music and the 

Internet on the straightedge youth subculture. Researchers observed how participants in a 

straightedge Internet forum negotiate their affiliations with the subculture and how some 

members attempted to halt others’ claims to a straightedge identity online (Williams, 

2006). The study suggests that the Internet was emerging as a new subcultural scene that 

was highly contested.  

Reia (2014) conducted an ethnographic study between 2011 and 2013 in order to 

explore how the Internet and the emergence of Napster opened a way for producing, 

sharing and consuming music that has benefited youth cultures in Brazil, making a 

special focus on the straight edge community in the city of São Paulo. Findings showed 

that the Internet had a crucial role in São Paulo straight edge as people could share online 

music with friends and other potentially interested individuals. Strubel et al. (2013) 

conducted a content analysis in order to assess people’s consumption behaviors of 

subcultural products online as related to the formation of subcultural identities. Findings 

showed that subcultural products are predominately purchased online, especially digital 
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music, and there is a need for more customized online products. The researchers suggest 

that the relevance of online communities to music is important because there is much 

information available about different types of music and performances online. In 

addition, they stated that online music communities allow people to elect and create new 

identities online through the purchase of music-related subcultural products. Gildart et al. 

(2020) argued that the Internet has the potential to increase subcultural participation by 

exposing individuals to a wider range of music-related activities and non-traditional ways 

of involvement in online-based subcultures. The researchers also suggested that the 

Internet encourages communication between music listeners and it helps to establish or 

redefine subcultural boundaries (Gildart et al., 2020). The findings from these studies 

indicate that online music subcultures provide a space for people to access and share 

music as distinctive product, and establish their own parameters for subcultural 

participation. Despite these observations, research has yet to fully explore the relationship 

between online-based music subcultures and collective music listening experiences.  

Slobin (1993) suggests that the Internet is an intercultural space in which different 

“societies” and types of music are loosely tied to one another. Therefore, electronic 

networks and media have facilitated the emergence of virtual cultures in which identities 

are often re-created and challenged. One of the most intriguing aspects of online-based 

music subcultures is the fact that users do not need to be fully immersed in the 

subcultures at hand in order to be able to participate in them (Slobin, 1993). This suggests 

that membership boundaries and modes of affiliation in online-based music subcultures 

are more flexible than those in traditional music subcultures. Moreover, this notion is 

consistent with Bennett’s assumptions (2011) that non-conventional modes of affiliation 
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should be assessed in terms of fluidity, flexibility, and innovation. Another aspect that 

distinguishes the Internet as a subcultural space is the exclusivity of online content (in 

particular, songs that are only available on the web), the increasing access to music 

through apps and music streaming services (e.g., YouTube and Spotify), the inclusion of 

open platforms for user interaction (music-related forums and social media), and 

available features that enable users to collect and share music more rapidly.  

Slobin (1993) states that research should further explore how people consume and 

integrate many kinds of music into their lives that are now available to them. Moreover, 

groups of participants in online-based music subcultures tend to be more heterogeneous 

than their in-person counterparts. This phenomenon has been attributed to the Internet as 

a highly accessible and flexible subcultural space. For instance, Slobin (1993) argues that 

users in online-based ethnic music groups do not necessarily have to be ethnic in order to 

be able to participate. On that account, people from different groups can gather together 

online to listen to ethnic music, just because the Internet exists and they have access to it. 

In sum, the Internet is emerging as a new subcultural space that encourages 

unconventional modes of affiliation and expressions of subcultural identity (McArthur, 

2008). Therefore, this space is redefining the ways in which participants portray the 

characteristics, ideologies, and styles attributed to certain music subcultures. 

1.2   Proposed Model 

This section addresses the theoretical framework and assumptions for the proposed 

model. 

1.2.1   Model of Affiliations in Music Subcultures 

Drawing on the literature at hand, the following statements are proposed: 
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• Modern technologies and platforms encourage non-conventional ways of 

affiliation and/or participation in music subcultures linked to specific genres. 

• There are differences between online and more traditional music subcultures but 

sometimes they overlap. Particularly, some subcultural activities can be 

performed both online and/or in person. 

• Music listening can be assessed as a discrete activity of music subcultures 

(meaning, people can participate in a music subculture solely as listeners). 

However, listeners might choose to immerse themselves further into a music 

subculture by engaging in aspects of the subculture beyond music listening. 

• The boundaries between the different modes of involvement or participation in a 

music subculture are flexible. These boundaries can also denote different levels of 

affiliation to a music subculture. 

The following model illustrates a proposed structure to assess levels of affiliation in 

music subcultures (See Figure 1.1). For assessment and discussion purposes, the model 

will be referred to as Model of Affiliations in Music Subcultures. This model features 

some of the conventional modes of affiliation discussed in the previous sections 

(Hebdige, 1979; Thornton, 1996) as well as activities for online engagement that might 

lead to unconventional modes of affiliation (Bennett, 2011; Nwalozie, 2015). Depending 

on the context, some of the subcultural activities represented in this model may be 

performed online exclusively (e.g., participating in online forums, engaging with people 

and content in social media, and using online music streaming applications), while others 

can be performed both online and/or in-person (e.g., attending music concerts and genre 

conventions, collecting music, and promoting genre-related fashions, among others). 
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Other activities not represented in this model may also be considered as long as they lead 

to subcultural participation in any way or form. The more subcultural activities people 

engage in, the more immersed they will be in the music subculture at hand. All the 

subcultural activities revolve around a specific music genre. 

Figure  1.1 
Affiliations in Music Subcultures 

                                           

 

      

This project will explore music listening as a discrete activity of music 

subcultures in connection to music genres. Thus, the project will examine four elements 
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or “descriptors” of music listening as a culturally embedded experience. The four 

elements are illustrated in the model below. This model will be labeled as Model of 

Subcultures of Music Listening and Music Genres (See Figure 1.2). 

Figure  1.2 
Model of Subcultures of Music Listening and Music Genres 

 

                 

1.3 Three Empirical Studies to Evaluate the Model 

Three studies were conducted to explore several components of the Model of Subcultures 

of Music Listening and Music Genres. These components were messages in the music 

(lyrics), motivations for music listening, and audio features in the music. A description 

and a summary of the findings for each study are provided below: 

1.3.1   Study 1: Content Analysis 

A content analysis was conducted to explore underlying messages and emotional 

references in the music by examining references to complex emotions in lyrics from rock 

songs. The purpose of the study was to explore how often rock songs made references to 

complex emotions, and determine whether there was a difference in frequency of 
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references to negative complex emotions versus positive complex emotions in lyrics from 

rock songs. The study found that rock songs made references to complex emotions more 

often than not, and they made more references to negative complex emotions than 

positive complex emotions (See APPENDIX A).  

1.3.2.   Study 2: Survey 

A study was conducted to explore motivations for music listening. A survey was 

administered to explore the relationship between hedonic and motivations for media 

consumption and music genres. Even though the model fit was marginally acceptable and 

the correlations were weak, the findings showed that five music genres (pop, electronic, 

soundtracks, religious and reggae) were significantly associated with hedonic 

motivations, while twelve music genres (jazz, classical, country, alternative, bluegrass, 

folk, funk, gospel, religious, punk, reggae, and soul) were significantly associated with 

eudaimonic motivations. Two music genres (reggae and religious) were significantly 

associated with both hedonic and eudaimonic motivations. The findings also showed that 

the distance between hedonic and eudaimonic correlations varied depending on the genre, 

indicating that people might use certain music genres for both hedonic and eudaimonic 

motivations, and other music genres might be predominantly used for only one of these 

two motivations (See APPENDIX B).  

1.3.3   Study 3: Machine Learning Analysis 

A study was conducted to assess audio features in the music. In particular, a machine 

learning analysis was performed to identify the most predictive audio features of music 

genre. The four genres selected for the study were rock, pop, latin, and rap, and twelve 

Spotify audio features were used as predictors on the predictive model. Even though the 
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model performance was not optimal on all the evaluation metrics, the study revealed five 

Spotify audio features of importance for genre predictions. These were speechiness, 

danceability, loudness, valence, and acousticness. Based on the results, the music genre 

with the most accurate predictions was rap, followed by pop and rock. The music genre 

with the lowest number of accurate predictions was rock. Particularly, several rock songs 

were misclassified as latin and pop. Latin had the highest scores in valence and 

acousticness, while rap had the highest scores in speechiness and danceability. Rock had 

the most spread scores in loudness. Additional differences between genres in connection 

with these Spotify audio features and potential biases linked to classification decisions 

were discussed (See APPENDIX C). 

1.4   Discussion  

Overall, the statistical results and evaluation metrics observed throughout this dissertation 

project were mixed. However, the three studies revealed findings and insights that can be 

discussed in connection to the Model of Subcultures of Music Listening and Music 

Genres. This discussion section will provide assessments to better understand the 

components of the model, and evaluate genre-related observations that were either 

consistent or different across the three studies. 

Study 1 proposed methodological and conceptual frameworks that were used to 

better assess underlying messages in song lyrics; particularly, references to complex 

emotions as socially constructed concepts. Even though the study only focused on textual 

references in songs from a single music genre (rock), prevalent references were still 

observed and the methods used could be implemented to analyze song lyrics in other 

music genres. It is important to note that complex emotions in lyrics from rock songs 
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were examined in terms of valence, and valence was also a construct for one of the 

Spotify audio feature predictors in the machine learning analysis. Even though valence 

was categorized as positive and negative in Study 1, and ranged on a numerical scale of 

positiveness on Study 3, the same construct was measured across two different 

components of the model (underlying messages in the music and audio features in the 

music). With this in mind, insights can be drawn from the two studies and assumptions 

can be made in connection to these two components. For instance, references to negative 

complex emotions in rock songs were more prevalent than references to positive complex 

emotions, however, rock was slightly higher than other music genres in the positiveness 

valence scale on the machine learning analysis. Drawing on these findings, it could be 

assumed that lyrics in rock songs are predominantly negative, but rock still ranks 

considerably high in the Spotify positiveness valence scale due to distinctive music 

attributes of the genre such as loudness, energy, and rhythm, among other features. Study 

2 did not show significant associations between rock and motivations for media 

consumption, but this might be due to limitations of the motivations scale used 

(statements not being appropriate for music listening, etc.).  

Study 2 focused on relationships between hedonic and eudaimonic motivations 

for media consumption and music genres. Potential connections between Study 2 and 

Study 3 could be also be assessed by looking at similarities, differences, and consistent 

observations across the model components. For instance, pop was significantly associated 

with hedonic motivations for music listening in Study 2. In addition, pop also ranked high 

in the valence and acousticness Spotify audio feature scales on Study 3. These results 

suggest that people might listen to pop mostly for enjoyment purposes, and pop music 
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might be rated as highly positive in streaming platforms due to distinctive music 

attributes linked to the genre such as major keys, energy, rhythm, and danceability, 

among others. Study 2 did not show significant associations between rap and motivations 

for media consumption (again, probably due to limitations with the motivations scale 

used), however, it is important to point out that rap had the highest scores in the 

speechiness and danceability audio features among all the music genres. It might be 

interesting to explore whether motivations for listening to rap might overlap with those 

audio features. 

Generally speaking, genre-related observations across the three studies can also 

help researchers better understand people’s reasons for consuming music as a distinctive 

subcultural product online. Study 2 did not show significant associations between rock 

and motivations for media consumption. However, the distance between hedonic and 

eudaimonic correlations for this music genre was very similar, suggesting that people 

might be consuming rock music to satisfy both hedonic and eudaimonic motivations. 

Observations of this nature led the researcher to ponder whether eudaimonic motivations 

for consuming rock music might be linked to the predominantly negative rock lyrics. 

Similarly, it might be interesting to explore whether hedonic motivations for consuming 

rock music might be linked to audio features of importance within this music genre such 

as valence and loudness. Additional aspects of online music subcultures could also be 

assessed in connection to components of the proposed model. For instance, it might be 

insightful to explore whether people consume certain music genres online mostly for the 

lyrics, the music, or the two components in similar fashion. It would also be interesting to 

determine which of these components might have a major influence on people’s 
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subcultural identities and meanings assigned to the music. An important consideration 

would be to assess all the components of the model as factors that could potentially 

promote ways of subcultural participation among music listeners in online settings. Social 

media, in particular, might interpolate all the other online activities because it is 

on/through social media that a lot of the online participations take place, and offline 

participations are documented/shared. 

As indicated in the review of literature, people can have similar musical 

experiences or feel closer to others, even when the action of music listening is performed 

individually (Bull, 2005). One of the interesting aspects of online music subcultures in 

this context is the existence of forums and platforms in which people can discuss 

meanings assigned to specific songs or artists. Even though the action of music listening 

is deemed to be individual for the purpose of evaluating the proposed model, online 

comments about the music could further help researchers determine which components of 

the model might have a major influence on subcultural identities and subcultural 

participation. For instance, comments under YouTube music videos might show recurrent 

themes and shared meanings among people that consume certain music genres 

individually. Platforms such as forums could also help researchers better understand how 

people assign meanings to the certain songs within specific music genres. It is important 

to note that not every person that listens to music online will share comments or disclose 

information on public social platforms. However, the main purpose of an assessment of 

this nature wouldn’t be to make generalizations in terms of numbers, but rather to help 

researchers further explore what components of the proposed model tend to be more 

frequently addressed and deemed meaningful among certain music listeners. It might also 
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be interesting to explore whether online comments might influence people’s perceptions 

about certain music genres, as well as their online music listening behaviors when 

consuming specific types of music. 

The Model of Subcultures of Music Listening and Music Genres proved to be 

useful for examining descriptors of subcultures that revolve around specific music genres. 

However, some aspects of this model should be explored further and better tested by 

implementing appropriate methodological tools and computing reliable statistical and 

predictive metrics. Some of these measures could not be tested throughout this 

dissertation project due to time constraints. For instance, it might be useful to test the 

same group of music genres across all the studies conducted to assess the model 

components in order to keep observations consistent and make more informed 

evaluations of the model. Data science procedures such as data mining and sentiment 

analysis could be performed to better examine and compare references in song lyrics 

from different music genres. Certain statistical software and data analysis applications 

(e.g., R and Python) contain packages and functions that can be used to better assess 

words in terms of valence classes (positive and negative). This sort of analysis would also 

allow researchers to make more consistent observations and comparisons between music 

genres in terms of recurrent themes in song lyrics. However, it is important to remember 

that some ideas or concepts are more complex and socially constructed than others, and 

researchers have yet to create reliable classifier systems to appropriately categorize some 

of those. For instance, nostalgia has been categorized as both a positive and a negative 

emotion (Chi & Chi, 2020; Newman et al., 2020; Sedikides et al., 2008). Hence, trained 

human coders might make more accurate ratings when looking at references to this 
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complex emotion depending on the focus of the study. Another important factor to 

consider is the scale used to assess motivations for media consumption in the context of 

music listening and music genres. Even though the model fit for Study 2 was marginally 

acceptable, the statements should be adapted and appropriately validated in order better 

explore motivations for music listening. The correlations between genres and motivations 

for media consumption were low, despite the statistically significant associations 

observed in the results from Study 2. The machine learning analysis in Study 3 revealed 

Spotify audio features of importance when predicting music genes, however, the model 

performance should also be improved through alternative means such as feature 

engineering and model stacking. Future studies focused on this model could also include 

a qualitative portion consisting of interviews and open-ended questions meant for 

participants in order to better understand people’s motivations for listening to music and 

how these might fit into the major dimensions of media consumption behaviors examined 

in this project (hedonic and eudaimonic). In terms of affiliations to online-based music 

subcultures, researchers could also further explore peoples’ motivations for consuming 

music on specific online platforms and music streamlining sites (Spotify, YouTube, 

TikTok, etc.), as well as further explore how subcultural identities are created on those 

platforms. 

Drawing on the principles of the subcultural theory (Bennet, 2011) this 

dissertation project proposed a model to better assess online-based music subcultures. 

Three studies were conducted in order to test four components of the model. These 

components were underlying messages in the lyrics of the music, motivations for 

listening to specific types of music, and distinctive audio features in the music. The 
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statistical results and performance metrics were not always optimal among all the studies, 

however, the findings showed observations and insights that were discussed in 

connection to the components of the model.  Observations across the three studies and 

components of the model were also assessed in connection to specific music genres. This 

model can be useful to better understand online-based subcultures revolving around 

specific genres in media such as movies, video games, books, and other types of content 

that are highly accessible online. The Model of Subcultures of Music Listening and 

Music Genres will help researchers further explore components of online and genre-

based music subcultures that might influence subcultural identities and promote 

subcultural participation. The model could also be useful to better understand online-

based subcultures revolving around specific genres in other media such as movies, video 

games, and books, as long as the components in the model are related to the medium of 

interest. In addition, the model could provide a comprehensive framework to better assess 

different forms of online content that are highly accessible online and several ways in 

which people can engage with the content at hand. 
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APPENDIX A 

References to Complex Emotions in Lyrics from Rocks Songs 

 

A.1   Abstract 

Word use in popular song lyrics is considered to be a cultural product that changes over 

time based on shifting social trends and psychological processes (DeWall et al., 2011). 

Even though studies have shown an increase in song lyrics portraying negative emotions 

and antisocial behaviors (Batcho, 2007; Dukes et al., 2003), researchers have yet to 

explore references to complex emotions in song lyrics.  

Drawing on findings that lyrics in rock songs mainly portray negative themes 

(Conway & McGrain, 2016), the purpose of this content analysis was to examine 

references to complex emotions in lyrics from rock songs. Results showed that lyrics 

from rock songs make reference to complex emotions more often than not, and that 

references to negative complex emotions outnumber references to positive complex 

emotions in those lyrics.  

Given previous research on this area (Batcho, 2007; Routledge et al., 2011; Van 

den Tol & Edwards, 2011), these observations suggest that individuals might have 

eudaimonic motivations to consume lyrics from rock songs that mainly make reference to 

negative complex emotions. Future researchers should explore whether group 

memberships, personality traits, and music genre might moderate the relationship 

between type of motivation (hedonic or eudaimonic) and media selection. This study 

could make empirical contributions to the fields of media studies, music psychology, and 

text analysis.  
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A.2   Background 

This section presents a review of literature on complex emotions, song lyrics, and related 

media studies. 

A.2.1   References to Complex Emotions in Song Lyrics 

Word use in popular song lyrics has been described as a cultural product that changes 

over time based on shifts in social trends and psychological processes (DeWall et al., 

2011). Studies showed that in the decade 2000-2010, there was an increase in word use 

related to self-focus, antisocial behaviors, and negative emotions, and a decrease in word 

use related to focus on others, social interactions, and positive emotions (DeWall et al., 

2011). Even though many popular songs have traditionally celebrated love, current song 

lyrics are exploring a wider range of themes and complex emotions (Batcho, 2007).  

Plutchik (1962), proponent of the Wheel of Emotions Model, defines complex emotions 

as feelings that people experience due to cultural conditioning, individual traits, and 

association with other more basic emotions (i.e., we associate loneliness with sadness). 

This current trend in song lyrics might be related to the assumption that audiences do not 

consume media solely for pleasure-seeking (hedonic motivations), but also for meanings 

and truth-seeking (eudaimonic motivations) (Oliver & Raney, 2011). Individuals might 

be consuming song lyrics not only to improve or change their mood states, but to prolong 

certain emotions linked to their own personal experiences. In these instances, song lyrics 

could be meaningful for them. 

 The literature at hand suggests that researchers are yet to fully explore how 

complex emotions are being portrayed in song messages and what potential effects these 

portrayals or references might have on audiences. Hence, this study will present a content 
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analysis of lyrics from rock songs making references to complex emotions in order to 

address some of these conceptual and theoretical inquiries. 

A.2.2   Content Analysis on Song Lyrics 

Content analysis studies have been conducted to examine references to social issues, 

themes, and emotions in lyrics from popular songs. Thus, references to some of these 

issues and emotions have been linked to time periods and demographic characteristics of 

artists such as gender, race, and socio-economic status. For instance, a content analysis 

was conducted to evaluate references to love, sex, and hurt in the most popular 100 songs 

from 1958-1998 (Dukes et al., 2003). The study examined effects of gender, race, and 

time period on music genre. Results showed that lyrics performed by women contained 

more references to love than lyrics performed by men. Overall, references to love in song 

lyrics decreased over time. Results also showed that lyrics performed by White artists had 

more appeals to selfishness than lyrics performed by African-American artists. These 

appeals could have been triggered by differences in social power. African-American men 

showed the highest mean of references to sex from 1991 to 1998. However, female artists 

delivered the highest concentration of references to sex in the middle period. High 

concentration of references to sex delivered by female artists may have been linked to the 

sexual liberation of the 60s and 70s. This trend might have decreased over time due to 

social concerns related to women such as teenage pregnancy, sexually transmitted 

diseases, and single parenthood. The results of this study support the assumption that 

word use in song lyrics is a cultural product that reflects psychosocial changes over time 

(DeWall et al, 2011). Hence, references to themes and complex emotions in modern song 
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lyrics might provide insight on current sociological issues and changes in collective 

psychological processes. 

Some researchers have looked at references to complex emotions in song lyrics 

and potential effects of such references on people’s behavior (Batcho, 2007; Routledge et 

al., 2011). Some studies in particular focused on the effects of references to nostalgia in 

song lyrics. An experiment was conducted to measure individuals’ emotional responses 

to song lyrics that were manipulated in terms of emotional tone and content (Batcho, 

2007). Participants were required to fill Batcho’s (1995) and Holbrook’s (1993) nostalgia 

surveys and rate six sets of lyrics for meaning, relevance, anger, nostalgia, happiness, and 

sadness. The survey responses were used to classify participants in low or high personal 

nostalgia. Emotional tone (happy, sad, nostalgia), relatedness (related, alone), and level 

of personal nostalgia (high, low) were identified as the within-participant variables. Thus, 

the lyrics used in the experiment accurately portrayed the intended emotions. Results 

showed that there were significant main effects for emotional tone and relatedness in 

happiness, sadness, and anger ratings (Batcho, 2007).  

Routledge et al. (2011) explored the effects of reading nostalgic lyrics on 

perceived meaning of life. In order to conduct the experiment, participants were divided 

in two groups: the main group (participants who selected and read their own nostalgic 

lyrics) and the control group (participants who read nostalgic lyrics that were assigned to 

them). All participants reported how they felt after reading the lyrics. As predicted, 

participants who selected and read their own nostalgic lyrics felt more nostalgic and 

perceived life as more meaningful than the other group (Routledge et al., 2011). Hence, 

both of these studies support the assumption that references to complex emotions in song 
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lyrics have been found to be meaningful and have the potential to induce mood states on 

individuals consuming song messages.  

More recent content analysis studies have focused on individuals’ motivations for 

consuming song lyrics with references to complex emotions. Van den Tol and Edwards 

(2011) explored people’s motivations to listen to sad music when feeling sad.  Results 

showed that listening to sad music served as a self-regulating measure that motivated 

music-selection strategies such as connection (memory triggers), high aesthetic value, 

and message conveyed. These findings have led researchers to further explore people’s 

motivations to listen to music and read song lyrics, particularly when the song lyrics in 

question portray negative feelings (i.e., reading sad lyrics when feeling sad, instead of 

reading happy lyrics in order to improve affective state). This study supports the 

assumption that individuals might consume song lyrics to seek truths and meanings even 

when the lyrics at hand portray negative complex emotions. Ultimately, such individuals 

would be consuming media for eudaimonic purposes (Oliver & Raney, 2011). 

Content analysis studies have also focused on song lyrics with references to issues 

that were linked to specific music genres (Conway & McGrain, 2016). For instance, a 

study explored recurrent negative themes in song lyrics from the rock band Black 

Sabbath. A content analysis was conducted to examine references to substance abuse and 

addiction in 156 songs across 19 albums from Black Sabbath recorded from 1970 to 2013 

(Conway & McGrain, 2016). Results showed that 13% of the songs made reference to 

substance use, and 60% of those songs were overwhelmingly negative. According to the 

study, this pattern increased over time. Despite the general notion that lyrics in heavy 

metal songs encourage or glorify substance abuse, the researchers concluded that the 
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song lyrics from Black Sabbath actually advise against substance abuse by focusing on 

consequences of addiction. These consequences include loss of free will, human misery, 

and addicted individuals’ fixated focus on substances. These findings suggest that rock 

songs make reference to a wide range of themes and emotions. Moreover, current song 

lyrics tend to make more explicit references to dark themes and negative complex 

emotions than song lyrics in previous time periods (i.e., the 60s and 70s) (DeWall et al., 

2011). 

A.3   Theoretical Framework: Mood Management Theory, Hedonism, and 

Eudaimonia 

Although previous content analysis studies have focused on potential implications of 

references to complex emotions in song lyrics, empirical connections to theory seem to 

be either absent or lacking in most of these studies (very few of them seem to have been 

theory-driven). Hence, one of the main goals for this content analysis is to consider 

theoretical assumptions that would better explain effects of references to complex 

emotions in lyrics from rock songs. The mood management theory (Zillmann, 1988) and 

the concepts of hedonism and eudaimonia (Oliver & Raney, 2011) might provide a 

comprehensive theoretical foundation for this purpose. 

Mood management theory states that people consume messages (particularly, 

entertainment messages) to regulate or alter their mood states (Zillmann, 1988). This 

assessment proposes that people seek to consume song lyrics not only for hedonic 

purposes (improvement of moods and emotional states), but also for eudaimonic purposes 

(meaning-seeking), even if the lyrics in question make references to negative complex 

emotions. These strategies and behaviors might help people better manage their mood 
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states in the long term.  The suggestions and theoretical perspectives at hand are further 

discussed in the implications section. 

A.4   Purpose and Research Questions 

The purpose of this study is to examine references to complex emotions in lyrics 

from rock songs by assessing the prevalence and valence of six specific emotions: love, 

joy, and hope (positive complex emotions), and nostalgia, loneliness, and hurt (negative 

complex emotions). This content analysis is descriptive because it focuses on message 

characteristics (song lyrics) and evaluates potential receiver outcomes of the messages in 

question (i.e., effects of song lyrics on people’s behavior). For this purpose, the following 

research questions are posed: 

RQ1:  How often do lyrics from rock songs make reference to complex 

emotions? 

RQ2:  Is there a difference in frequency of references to negative complex 

emotions versus positive complex emotions in lyrics from rock songs? 

A.5   Methods  

This section provides information on the sample and coding procedures performed for the 

analysis. 

A.5.1   Sample 

Rock songs were specifically selected for this assessment for a few reasons. Rock is a 

distinctive music genre that has encouraged several social movements throughout history. 

In fact, some subgenres of rock played a significant role in the creation of popular youth 

sub-cultures (i.e., punk, goth, and emo, among others) (Brake, 2003). Additionally, lyrics 

in rock songs have been known to portray dark themes, social issues, and negative 
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emotions that are not as prevalent in songs from other music genres (i.e., suicide, 

Satanism, nihilism, psychological chaos, and alternative religiosity, among others) (Was 

et al., 1991). 

Albums were chosen as sampling units because they are large enough to represent 

the phenomenon under investigation (Neuendorf, 2017). Thus, rock albums as sampling 

units provided the following advantages for this study: 1) They are accessible and easily 

collectible through online searches, 2) They made the sampling method more efficient 

because it is expected that rock albums will mostly contain rock songs, and 3) Each rock 

album features an average of 10 to 15 songs; therefore, every album provided a 

considerable amount of data for this study. Songs from the selected rock albums were the 

units of analysis, as each song represents a line of data. Single words are sometimes not 

informative enough to describe or make reference to certain complex emotions. In order 

to enhance clarity and provide some context for these references in the coding process, 

verse lines were selected as the coding units. Using verse lines as coding units also 

provided distinctive advantages for this study. They are easily quantifiable and can 

provide empirical significance. Examples of verse lines associated with these complex 

emotions were provided in the codebook (Appendix 1.3). Sentences and paragraphs in 

song lyrics can be very repetitive and ambiguous. Due to this reason, references to 

complex emotions in these particular cases might be slightly vague. In order to address 

this potential coding issue, the whole song served as the context unit. By reading the 

entire lyrical message from the song, it is assumed that coders will have enough 

information to make a well-informed coding decision regarding references to complex 

emotions. 
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The sampling method used for this content analysis was a systematic two-step 

random sampling. Rock albums (sampling units) were sampled first, then rock songs 

from the chosen albums (units of analysis) were sampled next. Billboard Year-End charts 

are calculated by computing the total of all-year sales and airplay points. For this 

purpose, rock albums were randomly selected from the 2017 Billboard Year-End chart of 

Hard Rock albums (Retrieved from https://www.billboard.com/charts/year-

end/2017/hard-rock-albums). A rock album was selected per every three rankings on this 

list (i.e., rock albums in ranks 3, 6, 9, 12, and so on). The rock albums that were sampled 

using this method are listed in Appendix 1. A rock song was systematically selected from 

the albums in question. A rock song was selected per every two tracks on each album 

(i.e., songs in tracks 2, 4, 6, 8, and so on). All the sampled songs are listed in Appendix 2 

and they represent lines of data. This method of multistage sampling is common in media 

content analysis as media outlets are sampled first, then elements from the media outlets 

are sampled last (Neuendorf, 2017).  

An analysis of power was run to determine the number of songs that should be 

examined to achieve statistical power. The analysis showed that in order to get an effect 

size of 0.3, statistical significance of (p <.05), and power of 0.8, the content analysis 

should examine a minimum of 71 rock songs. Thus, 80 songs were sampled for the 

analysis with the purpose of making the study more conservative.  

A.5.2   Coding Procedures 

Complex emotions are constructed emotions that we experience as a result of cultural 

conditioning, individual traits, and association with basic emotions (Plutchik, 1962). 

Hence, the conceptual variables for this content analysis are prevalence (number of 
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references to complex emotions in lyrics from rock songs) and valence (references to 

different types of complex emotions in lyrics from rock songs; in this case, the complex 

emotions are positive or negative). The content analysis specifically examined references 

to love, joy, and hope (positive complex emotions) as well references to nostalgia, 

loneliness, and hurt (negative complex emotions). These emotions were selected based on 

the Wheel of Emotions Model (Plutchik, 1962) and were used as the operational variables 

for the study. For the purpose of coding, these variables were defined as indicated in 

Table A.1. The table also includes examples of verse lines making references to the 

complex emotions in question. Moreover, a single verse line can contain more than one 

complex emotion. These definitions and clarifications are also explained in the codebook 

(Appendix 3). 

Table  A.1 
Positive and Negative Complex Emotions 

 

  
 Positive Emotion 
 

 
Operational definition  

 
Love 

 

 
Intense feelings of deep affection or romantic feelings.  
Note: References to lust and sexual attraction will not be coded as love. For instance, 
the expression “make love” would not be coded as love because it implies more sexual 
attraction than romance. 
 
Examples of verse lines with references to love:  
“Am I good enough for you to love me too?” 
“I love you” 
“A lack of love can make a tyrant, oh yeah” 
 

 
Joy 

 
A great feeling of happiness and satisfaction. 
 
Examples of verse lines with references to joy:  
“You must be happy with yourself” 
“Joy is the song we sing”      “And I'm so gratified you'd let your light shine on me” 
 

 
Hope 

 

Feelings of expectation for something to happen. References to hope reflect a wish for 
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The categories for each of these variables were presence (coded as 1) and absence 

(coded as 0). Subsequently, the total number of references per emotion on each song was 

added to the final data in order to perform the analysis. The coding training for this 

assessment took place in a time period of three weeks and it was performed in two stages: 

group coding and independent coding. The goal for the first coding practice was getting 

an event or a change to take place. 
 
Examples of verse lines with references to hope:  
“I wish you were here” 
“I hope you never go away” 
“I am hoping I can find where to leave my pain behind” 
 

 
Negative Emotion 

 
Operational definition 
 

 
Nostalgia 

 
A sentimental longing or wistful affection for a period in the past.  
 
 
Note: When people feel nostalgic, they might experience some sadness as a result of 
missing positive things from their past. 
 
Examples of verse lines with references to nostalgia:  
“I still remember the world from the eyes of a child” 
“When I was young” 
“I miss you” 
 

 
Loneliness 

 
Sadness linked to absence of friends, family, or loved ones. 
 
Examples of verse lines with references to loneliness:  
“All alone I seem to break” 
“Can't be on my own” 
“Such a lonely day” 
 

 
Hurt 

 
Feelings that cause emotional pain and distress. 
 
Examples of verse lines with references to hurt:  
“Cause I'm broken when I'm open” 
“I am feeling the pain” 
“This sorrow is too much to take” 
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the coders familiar with the codebook and performing the first coding exercises together. 

For the subsequent coding sessions and training exercises, raters coded independently 

then compared results to assess intercoder reliability (ICR). The rock songs used for the 

coding training were not part of the final sample. Throughout the first training sessions, 

the reliability values for nostalgia and loneliness fell below the accepted levels for ICR 

using Krippendorff’s alpha. However, the ICR for these variables was later improved 

following subsequent coding training sessions and modifications to the codebook. 

Ultimately, when coders reached acceptable levels of ICR for all the variables, they 

proceeded to code the final sample for the study. In order to compute the final ICR, 8 

songs (out of the 80 randomly selected rock songs) were doubled-coded as they made the 

required 10% of the sample to calculate Krippendorff’s alpha. The ICR for all the 

variables in this content analysis was above α = .80. Hence, all the variables were 

acceptable for further testing and analysis. 

A.6   Results 

This section shows an assessment of descriptive statistics and the results from the Chi-

square analysis. 

A.6.1   Descriptive Statistics 

The means for all the complex emotions examined in the content analysis ranged 

from 0.21 to 1.88. These values indicate that on average, there were emotions with almost 

no references and some emotions with almost two references per song. The positive 

complex emotion with the highest mean was love (M = 0.88, SD = 2.30), and the negative 

complex emotion with the highest mean was hurt (M = 1.88, SD = 3.44), being the only 
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emotion with a mean value above 1. This indicates that hurt was the most prevalent 

complex emotion in the lyrics from the selected rock songs (See Table A.2). 

Table  A.2   
Means and Standard Deviations for the Six Complex Emotions 

 

 

 

 

 

 

 

 

A.6.2   Chi-square Analysis and Comparisons 

Research Question 1 inquired about the frequency of references to complex 

emotions in lyrics from rock songs. In order to address this question, a new variable 

named “References” was created to look at the songs that contained at least one reference 

to complex emotions, and songs that did not contain any references to complex emotions. 

In order to compare these two instances, two categories were created from the References 

variable. The first was named “presence” (Category = 1), and the second was named 

“absence” (Category = 0). Thus, results showed that 63 rock songs contained references 

to complex emotions, and 17 rock songs did not (See Table A.3).  

A Chi-square analysis determined this to be a significant difference, X2 = 24.45, p 

< .001. Overall, the results indicate that rock songs make references to complex emotions 

more often than not. 

 
Variable 

 

 
M      

 
SD      

Positive complex emotions 
                Love 
                Joy 
                Hope 
 
Negative complex emotions 
                Nostalgia 
                Loneliness 
                Hurt 
 

 
0.88 
0.21 
0.21 

 
 

0.24 
0.21 
1.88 

 
2.30 
1.05 
0.52 

 
 

1.12 
0.67 
3.44 
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Table  A.3 
Count and Percentages – Presence and Absence of Complex Emotions 

 

 

 

 

 

 

Research Question 2 inquired whether there was a difference in frequency of 

references to negative complex emotions versus positive complex emotions in lyrics from 

rock songs. In order to address this question, two additional nominal variables were 

created for positive and negative complex emotions, each containing two categories (1 = 

Presence, 0 Absence). Results showed that out of the 80 rock songs, 32 songs contained 

reference to positive complex emotions, and 48 songs did not. On the other hand, 52 

songs contained reference to complex negative emotions, and 28 songs did not (See 

Figure A.1). A Chi-square analysis determined the difference between positive and 

negative complex emotions to be significant, X2 = 10.03, p < .05. 

Figure  A.1 
Number of Cases for the Absence and Presence Factors 

 
 
 
 

 

 

 

 

 
Complex emotions 

 

 
Count      

 
Percentage      

 
Presence 
Absence 

 

 
62 
18 

 
77.5% 
22.5% 

 
 

Total 
 

80 
 

 
100% 
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A.7   Discussion   

Overall, results showed that the two research questions for this content analysis were 

significant. Lyrics from rock songs contained references to complex emotions more often 

than not, and references to negative complex emotions were more prevalent than 

references to positive complex emotions in such lyrics. These findings might lead 

researchers to consider broader conceptual questions and theoretical implications related 

to media consumption behaviors and several aspects from song messages as a distinctive 

medium. These observations are consistent with assumptions about eudaimonic 

motivations that might influence music media consumption. 

The results seem to suggest two conclusions: 1) Individuals might consume lyrics 

from rock songs with references to negative complex emotions to prolong mood states or 

feelings that have meaning for them, and 2) The prevalence of references to negative 

complex emotions over references to positive complex emotions in lyrics from rock 

songs might reflect a collective need from certain groups to consume messages that 

portray negative themes. Messages in rock songs might help these individuals coping 

with negative personal experiences in their lives and make them feel understood as lyrics 

in rock songs might reflect their own personal feelings. Recent media studies exploring 

hedonic and eudaimonic motivations for entertaining media selection seem to support 

these propositions (Bailey & Ivory, 2018; Igartua & Barrios, 2013; Möller & Kühne, 

2019, Piçarra et al., 2021). Moreover, individuals might seek lyrics from rock songs with 

references to negative complex emotions in order to nurture or project reflective emotions 

(i.e., eudaimonic states) such as nostalgia or even sadness. Individuals could be seeking 

life meanings through song lyrics that portray negative complex emotions. 
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These observations support the assumption that people might have a greater need 

to seek more reflective and sober states in lyrics from rock songs than they do in lyrics 

from songs in other music genres. This might also explain why references to negative 

complex emotions are more prevalent than references to positive complex emotions in 

lyrics from rock songs. Oliver and Raney (2011) suggest that as individuals grow older, 

they might have the need for more eudaimonic experiences than hedonic experiences 

Having this in mind, age could be considered as a moderator that influences the 

relationship between type of motivation or need experienced (eudaimonic or hedonic) 

and media selection. These observations also lead to the assumption that group 

memberships, individual personality traits, and even music genre could also influence 

this relationship, especially when people seek song lyrics to manage their moods. For 

instance, one might hypothesize that people who mostly consume pop songs are more 

inclined to seek hedonic experiences through song lyrics, and people who mostly 

consume rock songs might seek more eudaimonic meanings in song lyrics.  

Overall, the results from this content analysis suggest that individuals could be 

seeking lyrics from rock songs mostly for eudaimonic purposes, as lyrics from rock songs 

seem to contain more references to negative complex emotions than references to positive 

complex emotions. The findings partially support the mood-management theory as they 

provide some insight on references to positive complex emotions in song lyrics that 

might appeal to people’s hedonic motivations. However, it is important to note that 

people can seek media not only to maximize their positive states, but also to maximize 

their negative states in order to reinforce meanings. Drawing on this observation, the 

findings seem to further support principles of eudaimonia, which can be used to better 
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understand people’s motivations for consuming negative media content.  

In order to address this gap in research, future researchers should reconsider what 

the process of mood management stands for and assess the possibility that portrayals of 

negative complex emotions in media could also provide a way of enjoyment, even if such 

experiences seem to be negative or paradoxical.  In particular, future researchers might 

explore references to complex emotions across different types of music (e.g., rock, hip-

hop, and pop, and others), in order to identify tendencies, differences, and similarities in 

lyrical content across several music genres. They could also test relationships between 

personality traits and selection of positive or negative song lyrics. For instance, 

individuals with higher scores on personality traits such as melancholy, or emotional 

states such as depression, might be more inclined to consume song lyrics that mostly 

make reference to negative complex emotions. People might also be motivated to 

consume song lyrics with a certain “emotional tone” depending on their group 

memberships and other social factors. This proposition could be of interest for studies of 

lyrics consumption behaviors among people from different musical subcultures (e.g, 

Punk, and Goth, among others). 

Overall, the purpose of this study was to examine references to complex emotions 

in lyrics form rock songs. Results showed that lyrics in rock songs made references to 

complex emotions more often than not, and references to negative complex emotions 

outnumbered references to positive complex emotions in those lyrics. These findings can 

contribute to the fields of music psychology and media studies as they showed how 

certain complex emotions were portrayed in textual content and how often these 

portrayals took place in lyrics from rock songs as a distinctive music genre. The 



 
 
 

 
54 

methodological procedures implemented to conduct the analysis at hand can also be 

utilized to examine references to other complex emotions (in any form of textual content) 

that are not always easy to classify or count per other more standardized data science-

based procedures, allowing for a more informed and clearer assessment on concepts that 

are more abstract in nature. Research in this area could provide insights and useful 

information to help data scientists develop procedures and classifier algorithms that can 

identify and categorize complex emotions more efficiently. Music psychologists could 

also conduct this sort of assessments to better understand how complex emotions and 

themes are portrayed in song lyrics, and how meanings are conveyed through such 

portrayals. This study showed the importance of contextual information and conceptual 

definitions when examining emotions and themes are more socially constructed in nature.  
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A.9   Sampling List 1 

 
Billboard Year-end 2017 – Hard rock albums 

Sample of albums for Content Analysis 
 
Ranking  Rock albums 

3 “Hybrid Theory” from Linkin Park 
6 “Concrete and Gold” from Foo Fighters 
9 “Mothership” from Led Zeppelin 
12 “The Wrong Side Of Heaven And The Righteous Side Of Hell: 

Volume 1” from Five Finger Death Punch 
15 “Villains” from Queen of the Stone Age 
18 “Greatest hits: The ultimate collection” from Bon Jovi 
21 “All the right reasons” from Nickelback 
24 “The Ghost of Christmas Eve” from Trans-Siberian Orchestra 
27 “Emperor of Sand” from Mastodon 
30 “Superunkown” from Soundgarden 
33 “Minutes to Midnight” from Linkin Park 
36 “Heaven Upside Down” from Marylin Manson 
39 “The Boy Who Died Wolf” from Highly Suspect 
42 “The Serenity of Suffering” from Korn 
45 “Appetite for Destruction” from Gun and Roses 
48 “The Stories We Tell Ourselves” from Nothing More 
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A.10   Sampling List 2 

Content analysis– Sample of rock songs (for each album) 
 

Ranking  Rock albums 
 

3 “Hybrid Theory” from Linkin Park 
 
2. "One Step Closer"  
4. "Points of Authority"  
6. "Runaway"                    
8. "In the End"              
10. "Forgotten"              
12. "Pushing Me Away"  
 
 

6 “Concrete and Gold” from Foo Fighters 
 
2. "Run"      
4. "The Sky Is a Neighborhood"   
6. "Dirty Water"     
8. "Happy Ever After (Zero Hour)"  
10. "The Line"     
 
 

9 “Mothership” from Led Zeppelin (Disc one) 
 
2. "Communication Breakdown"  
4. "Babe I'm Gonna Leave You"  
6. "Ramble On"  
8. "Immigrant Song"  
10. "Rock and Roll"  
12. "When the Levee Breaks"  
 
 

12 “The Wrong Side Of Heaven And The Righteous Side Of Hell: 
Volume 1” from Five Finger Death Punch 

 
2. "Watch You Bleed" 
4. "Wrong Side of Heaven" 
6. "I.M.Sin" 
8. "Dot Your Eyes" 
10. "Mama Said Knock You Out" 
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15 “Villains” from Queen of the Stone Age 
 
2. "The Way You Used to Do" 
4. "Fortress" 
6. "Un-Reborn Again" 
8. "The Evil Has Landed" 
 
 

18 “Greatest hits: The ultimate collection” from Bon Jovi 
 
2. "You Give Love a Bad Name"  
4. "Have a Nice Day"    
6. "Bad Medicine"    
8. "I'll Be There for You"   
10. "Blaze of Glory"    
12. "Lay Your Hands on Me"    
14. "Runaway"     
16. "No Apologies"    
 
 

21 “All the right reasons” from Nickelback 
 
2. "Fight for All the Wrong Reasons" 
4. "Animals" 
6. "Far Away" 
8. "Side of a Bullet" 
10. "Someone That You're With" 
 
 

24 “The Ghost of Christmas Eve” from Trans-Siberian Orchestra 
 
2. "Good King Joy" 
4. "Christmas Eve/Sarajevo 12/24" 
6. "O Holy Night" 
8. "Promises to Keep" 
10. "First Snow" 
 
 

27 “Emperor of Sand” from Mastodon 
 
2. "Show Yourself" 
4. "Steambreather" 
6. "Word to the Wise" 
8. "Clandestiny" 
10. "Scorpion Breath"  
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30 “Superunkown” from Soundgarden 

 
2. "My Wave" 
4. "Mailman" 
6. "Head Down" 
8. "Spoonman" 
10. "The Day I Tried to Live" 
12. "Fresh Tendrils" 
14. "Half" 
 
 

33 “Minutes to Midnight” from Linkin Park 
 
2. "Given Up" 
4. "Bleed It Out" 
6. "What I've Done" 
8. "No More Sorrow" 
10. "In Between" 
12. "The Little Things Give You Away" 
 
 

36 “Heaven Upside Down” from Marylin Manson 
 
2. "Tattooed in Reverse" 
4. "Say10" 
6. "Saturnalia" 
8. "Blood Honey" 
10. "Threats of Romance" 
 
 

39 “The Boy Who Died Wolf” from Highly Suspect 
 
2. "Look Alive, Stay Alive" 
4. "For Billy" 
6. "Postres" 
8. "Viper Strike" 
10. "Chicago" 
 
 

42 “The Serenity of Suffering” from Korn 
 
2. "Rotting in Vain" 
4. "The Hating" 
6. "Take Me" 
8. "Die Yet Another Night" 
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10. "Next in Line" 
 

45 “Appetite for Destruction” from Gun and Roses 
 
2. "It's So Easy" 
4. "Out ta Get Me" 
6. "Paradise City" 
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A.11   Codebook 
 
1. Basic guidelines for coders 
 
 

Main elements / items Specifications 

 
Conceptual variables 

 
What are complex emotions? 
Constructed emotions that we experience as a result of cultural 
conditioning, individual traits, and association with basic emotions 
(Plutchik, 1962). 
 
This study will focus on the prevalence and valence of complex 
emotions in rock songs. See definitions below: 
 

- Prevalence: number of references to complex emotions in lyrics 
from rock songs. 
 

- Valence: References to different types of complex emotions in 
lyrics from rock songs (positive vs. negative). 

 
 
Operational variables 

 
This study will examine the following complex emotions: 
 

• Positive complex emotions 
- Love 
- Joy  
- Hope 

 
• Negative complex emotions 
- Nostalgia 
- Loneliness 
- Hurt 
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2. Units delimited for the content analysis 
 
 

 
Sampling units 

 
Rock albums randomly selected from the 2017 Year-End Hard Rock Billboard list. 

 
Units of analysis 

 
Rock songs randomly selected from the chosen rock albums. 

 
Coding units 

 
Verse lines in the lyrics from the rock songs selected. 

 
Context units 

 
The whole song (complete lyrical message) 

 
 
3. Operational definitions 
Definitions taken from Oxford dictionaries. 
 
Note: A verse can make reference to more than one complex emotion 
 
Positive complex emotions 

  
 Emotion 
 

 
Operational definition  

 
Love 

 

 
Intense feelings of deep affection or romantic feelings.  
Note: References to lust and sexual attraction will not be coded as love. 
For instance, the expression “make love” would not be coded as love 
because it implies more sexual attraction than romance. 
 
Examples of verse lines with references to love:  
“Am I good enough for you to love me too?” 
“I love you” 
“A lack of love can make a tyrant, oh yeah” 
 

 
Joy 

 
A great feeling of happiness and satisfaction. 
 
Examples of verse lines with references to joy:  
“You must be happy with yourself” 
“Joy is the song we sing” 
“And I'm so gratified you'd let your light shine on me” 
 
 

 
Hope 

 
Feelings of expectation for something to happen.  
Note: References to hope reflect a wish for an event or a change to take 
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Negative complex emotions 

 
 
4.  Instructions for coders (important notes) 
- Coders should summarize the message of the song in one sentence. 
- Repeated verse lines making reference to complex emotions should be counted. 

place. 
 
Examples of verse lines with references to hope:  
“I wish you were here” 
“I hope you never go away” 
“I am hoping I can find where to leave my pain behind” 
 

 
Emotion 

 
Operational definition 
 

 
Nostalgia 

 
A sentimental longing or wistful affection for a period in the past.  
Note: When people feel nostalgic they might experience sadness due to 
missing positive things from the past. 
 
Examples of verse lines with references to nostalgia:  
“I still remember the world from the eyes of a child” 
“When I was young” 
“I miss you” 
 

 
Loneliness 

 
Sadness experienced due to absence of friends, family, or loved ones. 
 
Examples of verse lines with references to loneliness:  
“All alone I seem to break” 
“Can't be on my own” 
“Such a lonely day” 
 

 
Hurt 

 
Feelings that cause emotional pain and distress. 
 
Examples of verse lines with references to hurt:  
“Cause I'm broken when I'm open” 
“I am feeling the pain” 
“This sorrow is too much to take” 
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- Reminder: Have in mind that verse lines can contain more than one complex emotion. If 
that is the case, all the complex emotions referenced in one single verse line should be 
coded. 
 
 
5. Example – Coded lyrics 
 
Note: Underlined verse lines in song lyrics (and highlighted verse lines in yellow on code 
sheets) contain references to some complex emotion(s). 
 
 

Song: “It’s Easier to Run” from Linkin Park 
Lyrics: 
 
1   It's easier to run 
2   Replacing this pain with something numb 
3   It's so much easier to go 
4   Than face all this pain here all alone 
 
5   Something has been taken from deep inside of me 
6   A secret I've kept locked away no one can ever see 
7   Wounds so deep they never show, they never go away 
8    Like moving pictures in my head, for years and years they've played 
 
9    If I could change, I would take back the pain. 
10  I would retrace every wrong move that I made. 
11  I would... 
12  If I could stand up and take the blame, I would. 
13  If I could take all the shame to the grave, I would. 
 
14  If I could change, I would take back the pain. 
15  I would retrace every wrong move that I made. 
16  I would... 
17  If I could stand up and take the blame, I would. 
18  I would take all my shame to the grave. 
 
19  It's easier to run 
20  Replacing this pain with something numb 
21  It's so much easier to go 
22  Than face all this pain here all alone 
 
23  Sometimes I remember the darkness of my past 
24  Bringing back these memories I wish I didn't have 
25  Sometimes I think of letting go and never looking back 
26  And never moving forward so there'd never be a past 
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27  If I could change, I would take back the pain. 
28  I would retrace every wrong move that I made. 
29  I would... 
30  If I could stand up and take the blame, I would. 
31  If I could take all the shame to the grave, I would. 
 
 
32  If I could change, I would take back the pain. 
33  I would retrace every wrong move that I made. 
34  I would... 
35  If I could stand up and take the blame, I would. 
36  I would take all my shame to the grave. 
 
37  Just washing it aside 
38  All of the helplessness inside 
39  Pretending I don't feel misplaced 
40  Is so much simpler than change 
 
41  It's easier to run 
42  Replacing this pain with something numb 
43  It's so much easier to go 
44  Than face all this pain here all alone 

 
45   It's easier to run 
46  (If I could change, I would take back the pain. 
47   I would retrace every wrong move that I made.) 
48   It's easier to go 
49  (If I could change, I would take back the pain 
50   I would retrace every wrong move that I made. 
51   I would... 
52   If I could stand up and take the blame, I would. 
53   I would take all my shame to the grave) 
 

 
Please answer the following question: What is this song about? Summarize your 
answer in one sentence 
This song is about a man regretting an action from the past and trying to avoid painful 
feelings brought up by his memories. 
 
Song Verse line count Love Joy Hope Nostalgia Loneliness Hurt 

“It’s Easier to Run” 
from Linkin Park 

 

1 0 0 0 0 0 0 
2 0 0 0 0 0 1 
3 0 0 0 0 0 0 
4 0 0 0 0 1 1 
5 0 0 0 0 0 0 
6 0 0 0 0 0 0 
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7 0 0 0 0 0 1 
8 0 0 0 0 0 0 
9 0 0 0 0 0 1 
10 0 0 0 0 0 0 
11 0 0 0 0 0 0 
12 0 0 0 0 0 0 
13 0 0 0 0 0 0 
14 0 0 0 0 0 1 
15 0 0 0 0 0 0 
16 0 0 0 0 0 0 
17 0 0 0 0 0 0 
18 0 0 0 0 0 0 
19 0 0 0 0 0 0 
20 0 0 0 0 0 1 
21 0 0 0 0 0 0 
22 0 0 0 0 1 1 
23 0 0 0 0 0 0 
24 0 0 0 0 0 0 
25 0 0 0 0 0 0 
26 0 0 0 0 0 0 
27 0 0 0 0 0 1 
28 0 0 0 0 0 0 
29 0 0 0 0 0 0 
30 0 0 0 0 0 0 
31 0 0 0 0 0 0 
32 0 0 0 0 0 1 
33 0 0 0 0 0 0 
34 0 0 0 0 0 0 
35 0 0 0 0 0 0 
36 0 0 0 0 0 0 
37 0 0 0 0 0 0 
38 0 0 0 0 0 0 
39 0 0 0 0 0 0 
40 0 0 0 0 0 0 
41 0 0 0 0 0 0 
42 0 0 0 0 0 1 
43 0 0 0 0 0 0 
44 0 0 0 0 1 1 

 45 0 0 0 0 0 0 
46 0 0 0 0 0 1 
47 0 0 0 0 0 0 
48 0 0 0 0 0 0 
49 0 0 0 0 0 1 
50 0 0 0 0 0 0 
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51 0 0 0 0 0 0 
52 0 0 0 0 0 0 
53 0 0 0 0 0 0 
       

 
 
View in final data file 

- Summarize total references of complex emotions per song. 
 

Song Love Joy Hope Nostalgia Loneliness Hurt 
“It’s Easier To Run” 

by Linkin Park 
 0 0 0 0 3 13 
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APPENDIX B 

Hedonic and Eudaimonic Motivations for Music Listening 

 

B.1   Abstract 

Researchers have traditionally claimed that people mainly consume media content for 

enjoyment purposes (Lewis et al., 2014, Vorderer et al., 2004). However, some media 

scholars argue that enjoyment might not be the only motivation for people to consume 

media (Oliver & Rainey, 2011). Particularly, they propose that people can consume 

media for enjoyment and pleasure (hedonic motivations), as well as for meaningfulness 

and reflection (eudaimonic motivations), or both. Even though these motivations have 

been assessed in connection to different forms of media, researchers have yet to explore 

hedonic and eudaimonic motivations for consuming specific music genres.  

In order to address this research gap, the purpose of this study was to explore the 

relationships between preference for 23 music genres and motivations for media 

consumption (hedonic and eudaimonic). Even though the model fit was marginally 

acceptable and the correlations were weak, the findings showed that 5 music genres (pop, 

electronic, soundtracks, religious and reggae) were significantly associated with hedonic 

motivations, while 12 music genres (jazz, classical, country, alternative, bluegrass, folk, 

funk, gospel, religious, punk, reggae, and soul) were significantly associated with 

eudaimonic motivations. Two music genres (reggae and religious) were significantly 

associated with both hedonic and eudaimonic motivations. The findings also showed that 

the distance between hedonic and eudaimonic correlations varied depending on the genre. 
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 Results suggest that the model shows promise for assessing motivations for music 

listening, but the scale statements need refinement and should be explored further. It is 

hypothesized that people might use certain music genres for hedonic and eudaimonic 

motivations alike due to the nature of the music genres themselves in terms of sound and 

lyrics. Previous exposure to the music, mood, music training, and social factors, among 

other context-based variables, might also influence people’s motivations for listening to 

specific types of music. The findings in this study could contribute to the fields of media 

studies, music psychology, user research, and behavioral sciences, among other areas. 

B.2   Background 

This section contains a review of literature on hedonic and eduaimonic motivations, 

related media studies, and motivations for music listening. 

B.2.1   Hedonic and Eudaimonic Motivations for Media Consumption 

Media scholars have traditionally stated that people mainly consume media content for 

enjoyment purposes (Lewis et al., 2014, Vorderer et al., 2004). This is a common notion 

due to the popularization of comedies, thriller action movies, and romantic films, as they 

strongly appeal to people’s enjoyment experiences (Lewis et al., 2014, Vorderer et al., 

2004). However, proponents such as Oliver (2011) state that enjoyment may not be 

people’s main motivation for consuming certain forms of media such as tragic drama, 

sentimental films, and poems. Moreover, these forms of media may be gratifying, but not 

necessarily “enjoyable” for certain audiences. Assumptions of this nature have led 

researchers to consider a broader range of motivations and uses for media consumption 

because people seek to consume media for a variety of reasons (Ryan et al., 2006). For 

instance, the uses and gratifications perspective considers a variety of motivations for 
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media consumption including knowledge, social interaction and integration, personal 

identity, and diversion, among other uses (Katz et al., 1973; Filipovic, 2012; Ruggiero, 

2000). Other theoretical perspectives have also been proposed to better assess uses and 

motivations for consuming specific media. Oliver and Rainey (2011) argue that a 

dimension of “meaningfulness” should also be considered in addition to a continuum of 

enjoyment to better understand media consumption behaviors that are paradoxical in 

nature (e.g., people seeking to consume media content that is perceived as sad, profound, 

reflective, or negative in some way). They argue that people can consume media for 

enjoyment and pleasure (hedonic motivations) and/or for meaningfulness and reflection 

(eudaimonic motivations). In order to further explore this notion, Oliver and Rainey 

(2011) developed a scale to examine hedonic and eudaimonic motivations, and their 

relationship with entertainment preferences, individual differences, and emotional or 

cognitive responses linked to preferred forms of entertainment. This scale was validated 

using a variety of measures and tested across several populations (Oliver & Rainey, 

2011). Overall, these perspectives on consumption behaviors and the validation of the 

scale have led researchers to explore hedonic and eudaimonic motivations for 

consumption behaviors across different media. Some of the media studies in question are 

discussed in the following section. 

B.2.2   Hedonic and Eudaimonic Motivations Across Different Forms of Media  

Hedonic and eudaimonic motivations have been examined across different forms of 

audiovisual media and genres, especially on film, TV shows, and videos (Bailey & Ivory, 

2018; Igartua & Barrios, 2013; Möller & Kühne, 2019, Piçarra et al., 2021). For instance, 

a study was conducted to validate a Spanish version of the Oliver and Rainey motivations 
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scale by examining 1,132 university students’ motivations for watching different types of 

films (Igartua & Barrios, 2013). Results showed that eudaimonic motivations were 

associated with deeper cognitive processes and a stronger identification with the film 

protagonist. The study also found correlations between hedonic and eudaimonic 

motivations and preference for different film genres. In particular, hedonic motivations 

were positively associated with preference for action films, comedies, adventures, and 

romantic movies. On the other hand, eudaimonic motivations were positively associated 

with preference for drama, political films, historical films, and thrillers (Igartua & 

Barrios, 2013). Bailey and Ivory (2018) explored the possibility of induced hedonic and 

eudaimonic states by media exposure, and the influence of hedonic and eudaimonic clips 

on subsequent TV show selection. Researchers were able to manipulate participants’ 

mood states by using clips with hedonic or eudaimonic tone from three TV shows. In 

particular, results showed that clip tones influenced TV show selection, but only with one 

of three shows used for the study (Bailey & Ivory, 2018).  

Möller and Kühne, (2019) looked at the effects of user comments on viewers’ 

hedonic and eudaimonic entertainment experiences in response to online videos. Results 

showed that user comments indicating that they enjoyed or appreciated the video 

increased the hedonic entertainment experiences of new viewers. However, users’ 

eudaimonic entertainment experiences were unaffected by user comments. The 

researchers suggested that in some instances, hedonic and eudaimonic experiences might 

be influenced by external factors other than the media content alone. Piçarra et al. (2021) 

examined reviewers’ ratings (medium rating vs. high rating), comments (hedonic vs. 

eudaimonic) and participants’ gratification styles (hedonic vs. eudaimonic) on their 
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interest in watching a movie. Results showed a match between comments tone and 

participants’ gratification styles, with participants with hedonic motives reporting more 

interest in movies with hedonic comments, and participants with eudaimonic motives 

reporting more interest in movies with eudaimonic comments.  

 Hedonic and eudaimonic motivations have also been explored across different 

types of entertainment content, other than audiovisual media (Koopman, 2015; Rieger & 

Klimmt, 2018). For instance, Rieger and Klimmt (2018) looked at the occurrence, 

content, and effects of eudaimonic memes (images with text) on social media. The study 

found that users often get inspiration and motivation from meaningful eudaimonic memes 

and hashtags on social media, resulting in positive effects for them. Koopman (2015) also 

looked at people’s motivations for reading sad books and preference for specific book 

genres. Results showed that insight and personal growth (both eudaimonic motives in the 

context of the study) as well as meta-emotions (feelings people have about certain 

emotions) predicted preference for sad books. In addition, preference for thrillers was 

associated with meta-emotions and preference for poetry was associated with a need for 

insight (a eudaimonic motive). The researcher suggested that sad books appeal to needs 

for feeling and meaning-making among readers. These studies further support the notion 

that people can consume different types of media for enjoyment and pleasure (hedonic 

motivations) and/or reflection and meaningfulness (eudaimonic motivations).  

B.2.3   Motivations for Media Consumption and Music Genres 

Motivations of music listening have been explored in connection to adaptive functions of 

music listening. These functions have commonly been categorized as affective (mood and 

emotion regulation), social (interpersonal interactions), eudaimonic (meaningful 
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experiences) and cognitive (brain-related functions) (Gabrielsson, 2010; Schäfer et al., 

2014; Tarrant et al., 2000). Groarke and Hogan (2020) developed a scale to further 

explore three eudaimonic functions of music listening based on previous research. The 

functions were music-induced peak experiences (Gabrielsson, 2010; Maslow, 1999), 

transcendence (Hays & Minichiello, 2008; Schäfer et al., 2014), and engagement or flow 

(Lamont, 2011). Even though this scale was also validated using a variety of measures 

and tested across different samples, the measures were only intended to explore three 

specific functions of music listening (peak, flow and transcendence) within a major 

dimension (eudaimonia). In addition, the reported reliability measures for transcendence 

were considerably lower than peak and flow, and the researchers did not address the 

possibility of considering hedonism as one of the major function categories for music 

listening. Overall, this scale was not developed to compare major dimensions of 

consumption motivations, as the hedonic and eudaimonic motivations scale was. 

Motivations for music listening have also been explored through the lens of the 

uses and gratifications perspective (Lonsdale & North, 2011). In particular, the music 

uses and gratifications scale has been used to explore correlations between specific music 

genres and certain media uses (Cook et al., 2017; De la Rosa & Pugliese, 2017). For 

instance, De la Rosa and Pugliese (2017) looked at correlations between preference for 

music genres and seven media uses. Results showed that rock was significantly 

associated with a sense of identity and negative moods management, while pop was 

significantly correlated with social interaction and how music relates to one’s behavior. 

Similarly, blues and world were significantly associated with knowledge and information, 

while classical and electronic were significantly associated with diversion. Researchers 
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suggest that people are now able to consume a growing variety of music genres and 

satisfy a wider range of gratifications and needs due to emerging technologies for music 

listening. Another study explored the relationship between music preferences and 

emotional regulation (Cook et al., 2017). The study showed that pop, rap/hip-hop, 

soul/funk, and electronica/dance music preferences were positively associated with 

emotional arousal, leading Cook and colleagues to suggest that energetic music is more 

often consumed for emotional regulation purposes. In addition, a study showed that 

college students are listening to different types of music and using portable mp3 players 

for diversion, arousal, entertainment, relaxation, and mood management (Ferguson et al., 

2007). Even though motivations for music listening have often been explored using a 

uses and gratifications approach, very few studies have linked music preferences and 

genres to hedonic and eudaimonic motivations up until this point.  

Despite this gap in research, the literature in question shows that certain media 

genres (specifically film, TV shows, and book genres) were found to be significantly 

associated with hedonic and eudaimonic motivations. These observations emphasize the 

need to consider music genre preferences in connection to major motivations for media 

consumption, and assess the validity of hedonic and eudaimonic measures for this 

purpose, instead of focusing on individual music uses, gratifications and functions. This 

is especially relevant as certain music uses and gratifications might be closely related to 

hedonic and eudaimonic motivations for media consumption. For instance, one could 

argue that the positive moods management and diversion music uses are more hedonic in 

nature as they appeal more to enjoyment, while the identity and reminiscing music uses 

are more eudaimonic in nature as they appeal more to meaningful experiences. Thus, 
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correlations between preference for specific music genres and motivations for media 

consumption (hedonic and eudaimonic) are yet to be explored. 

B.3   Research Question 

Drawing on the theoretical perspectives and literature at hand, the following research 

question is posed:  

RQ: What are the relationships between hedonic/eudamonic motivations and 

preference for music genres? 

B.4   Methods  

This section provides information on the questionnaire, sample, and methodological 

procedures that were performed to address the research question on this study. 

B.4.1   Questionnaire 

A questionnaire was administered on Qualtrics to better assess motivations for media 

consumption (hedonic and eudaimonic) and preference for music genres. The 

questionnaire included the Short Test of Music Preferences (STOMP) (Rentfrow et al., 

2011) to measure preference for 23 music genres on a scale from 1 (Strongly dislike) to 5 

(Strongly like). The hedonic and eudaimonic measures (Oliver & Raney, 2011) were also 

included to assess motivations for listening to music on a scale from 1 (Strongly disagree) 

to 5 (Strongly agree). The scale contained six item statements for each of the motivations. 

The questionnaire also contained five demographic questions. The questionnaire may be 

seen in Appendix 1. 

B.4.2   Participants 

The participants for this study (n = 554) consisted of students from the Department of 

Psychology at the University of Arizona. The average participant age was 20 years old 
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(M = 20, SD = 3.91). Students were recruited via a researcher-constructed email 

invitation forwarded by the class instructors. Students participated in the study in 

exchange of research credit awarded by the Department. The survey was approved by the 

Institutional Review Board prior to data collection. The questionnaire remained open for 

a time period of four weeks and the average response time was 8 minutes. A total of 718 

participants submitted the questionnaire throughout the data collection phase. However, 

162 responses (or 23%) were removed due to non-consent, duplicates, and missing data.  

The race distribution for the participants in the study was 64.3% White (n = 356), 

18.2% Hispanic (n = 101), 8.7% Asian (n = 48), 4.2% Black (n =23), 2.2% Middle 

Eastern (n = 12), 1.3% Native American (n = 7), 0.5% Pacific Islander (n = 3), and 0.7% 

accounting for other ethnicities (n = 4) (See Figure B.1). 

Figure  B.1 
Race Distribution in the Sample 
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 In addition, the gender distribution was 78.5% Female (n = 435), 19.5% Male (n 

= 108), 1.1% Gender-non-conforming (n = 6), 0.4% Trans-female (n = 2), and 0.5% 

accounting for a different gender identity (n = 3) (See Figure B.2). A Trans-male 

category was also included in the gender demographic question, however, none the 

participants identified with that specific response. This could be attributed to the fact that 

males (overall) were underrepresented, as close to 80% of the participants were female. 

Trans-male participants in the sample (if any) might have chosen not to self-disclose their 

gender identity as well.  

Figure  B.2 
Gender Distribution in the Sample 
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B.4.3   Data Analysis 

A Cook’s Distance measure was computed to identify potential outliers in the data. 

Cook’s Distance is an estimate of the influence of a data point on the outcome variable 

(Aguinis et al., 2013). It takes into account both the leverage and residual of each 

observation. A general condition for identifying potential outliers is to inspect any point 

that is more than three times the mean of all the distances (Aguinis et al., 2013).  

The results for the Cook’s Distance procedure showed close to 14 potential outlier 

cases. Outliers were removed by dropping observations that were 1.5 times greater than 

the third quartile (75th percentile), or 1.5 times less than the first quartile (25th percentile. 

The number of observations in the data was reduced to 540 cases after removing the 

outliers. Several methodological procedures were performed to explore the research 

question at hand. These procedures included reliability measures for the motivation 

composite variables (Cronbach’s alpha for hedonism and eudaimonia), a confirmatory 

factor analysis (CFA) to assess the model fit, descriptive statistics, Pearson correlations 

for music genres and motivations, and Friedman tests to look at potential differences 

between race and gender groups in motivations for music listening.  

B.5   Results   

This section shows the results for all the analyses conducted in order to further assess the 

relationship between music genres and motivations for media consumption (hedonic and 

eudaimonic).  

B.5.1  Reliability Measures: CFA and Cronbach’s Alpha 

A CFA was computed to assess the overall fit of the model to the data. The criteria for 

acceptable CFA measures in the context of this study were the following: CFI < .96 
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(Comparative Fit Index), SRMR > .06 (Standardized Root Mean Square Residual), and 

RMSEA >.05 (Root Mean Square Error of Approximation) (Hu & Bentler, 1999). The 

results for the CFA were the following: X2 = 186.483, CFI = 0.944, SRMR = 0.053, 

RMSEA = 0.067, p = 0.004. These results indicate that the fit for the model was 

marginally acceptable. 

The motivations scale contained six items for the two types of motivations 

(hedonic and eudaimonic). Subsequently, two motivation composite variables were 

created to perform the analysis. Cronbach’s alpha was computed to assess the reliability 

of the two motivation composite items. Based on the results, reliability for the 

eudaimonic variable was good (α = 0.88), and acceptable for the hedonic variable (α = 

0.76).  

B.5.2   Descriptive Statistics for Music Genres and Motivations 

Both the music genres and motivations were measured on a scale from 1 (lowest score) to 

5 (highest score). Based on the results, the music genres with the highest mean preference 

were pop, hiphop, and soul, while the music genres with the lowest mean preference were 

opera, metal, and religious. In addition, the mean score for eudaimonic motivations was 

slightly higher than the mean score for hedonic motivations, even though the difference 

between the two mean scores was considerably small (See Table B.1). 

Table  B.1 
Means and Standard Deviations for Music Genres and Motivations 
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B.5.3   Correlations Between Music Genres and Motivations 

Pearson correlations were performed to further explore the relationship between music 

genres and motivations (See Table B.2). As shown in the table, all the correlation 

coefficients were considerably low with values ranging from 0 to .19. Some of the 

correlations showed statistical significance despite the coefficients being so low. The 

music genres with significant hedonic correlations were pop, electronic, soundtracks, 

religious and reggae, while the music genres with significant eudaimonic correlations 

were jazz, classical, country, alternative, bluegrass, folk, funk, gospel, religious, punk, 

reggae, and soul. Reggae and religious were significantly associated with both 

motivations (See Table B.2). 

 

Table  B.2 
Pearson R Correlations for Music Genres and Motivations 
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Significance levels: * = < .05, **= < .01, *** = < .001 

 

The results indicate that the probability of these correlations taking place by 

chance is significantly low, despite the correlations being weak. It is also important to 

note that some genres were equally correlated with hedonic and eudaimonic motivations, 

while others were very different. The following table shows the distance between 

correlations (See Table B.3). Results showed that hedonic and eudaimonic correlations 

were the same for reggae; fairly close for rock, hiphop/rap, soundtracks, country, and 

oldies; and very different for folk, classical, jazz, pop, and alternative. 

Table  B.3 
Music Genres and Distance between Hedonic and Eudaimonic Correlations 

Music Genre 
 

Hedonic      Eudaimonic    Music 
Genre 

Hedonic Eudaimonic 
    

 
Alternative  
Bluegrass 
Blues 
Classical 
Country 
Electronic 
Folk 
Funk 
Gospel 
HipHop/Rap 
International 
Jazz 

 
0.04   
0.03 
-0.01 
0.02 
0.08 
0.17*** 
0.02 
0.06 
0.03 
0.05 
0.01 
0.03 

 
0.14** 
0.09* 
0.08 
0.13* 
0.13* 
0.08 
0.19*** 
0.12** 
0.09* 
0.04 
0.07 
0.13* 
 

 
   Metal 
   New Age 
   Oldies 
   Opera 
   Pop 
   Punk 
   Reggae 
   Religious 
   Rock 
   Soul 
   
Soundtracks 
 

 
0.03 
0.01 
0.07 
0.06 
0.14*** 
0.04 
0.10* 
0.09* 
0.04 
0.06 
0.13* 

 
0.08 
0.06 
0.03 
-0.01 
0.04 
0.09* 
-0.10* 
0.14** 
0.03 
0.13** 
0.10 

 
Music Genre 
 

 
Distance 
between 

correlations 

 
   Music Genre 

 
Distance 

between correlations 

 
Reggae  

 
0.10 - 0.10 = 0  

 
   Funk 

 
0.06 - 0.12 = 0.06  
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          Colors: Hedonic – Eudaimonic = Distance 
 

B.5.4   Demographic Assessment  

A Friedman test was computed to make comparisons between race groups in motivations 

for music listening. Results showed no significant differences between race groups in 

neither hedonic motivations (p = 0.54) or eudaimonic motivations (p = 0.78). An 

additional Friedman test was also computed to make comparisons between gender groups 

in motivations for music listening, but results showed no significant differences between 

these groups for neither hedonic motivations (p = 0.42) or eudaimonic motivations (p = 

0.41). Subsequently, a Pearson correlation was computed to assess the relationship 

between age and motivations. However, results showed no significant correlations for age 

and hedonic motivations (p = 0.30) nor for age and eudaimonic motivations (p = 0.48). 

Overall, this assessment did not show any significant differences for any of the 

demographic variables at hand. 

B.6   Discussion   

This section shows insights, assessments, and conclusions in connection to the findings of 

the study.   

 

HipHop/Rap  
Rock   
Country 
Soundtracks     
Oldies 
International  
Metal 
New Age    
Punk  
Religious  
Bluegrass 

0.05 - 0.04 = 0.01  
0.04 - 0.03 = 0.01 
0.08 - 0.11 = 0.03 
0.13 - 0.10 = 0.03 
0.07 - 0.03 = 0.04  
0.02 - 0.07 = 0.05 
0.03 - 0.08 = 0.05  
0.01 - 0.06 = 0.05 
0.04 - 0.09 = 0.05  
0.09 - 0.14 = 0.05 
0.03 - 0.09 = 0.06  
 

   Gospel 
   Soul 
   Opera 
   Blues 
   Electronic 
   Alternative 
   Jazz 
   Pop 
   Classical 
   Folk 
 

0.03 - 0.09 = 0.06 
0.06 - 0.13 = 0.07  
0.07 - (- 0.01) = 0.08 
0.01 - (- 0.08) = 0.09  
0.17 - 0.08 = 0.09   
0.04 - 0.14 = 0.10 
0.03 - 0.13 = 0.10  
0.14 - 0.04 = 0.10  
0.02 - 0.13 = 0.11 
0.02 - 0.19 = 0.17 
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B.6.1   Confirmatory Factor Analysis, Model Fit, and Reliability 

The confirmatory factor analysis provided a basis to better examine the hedonic and 

eudaimonic motivations scale in connection to music genres. As indicated previously, the 

output values were fairly close to the accepted measures for CFA in the context of this 

study, leading researchers to conclude that the model fit was marginally acceptable. Even 

though the model shows promise to better assess motivations for music listening, the 

weak correlations between music genres and motivations might be an indication that that 

some of the scale statements need refinement and should be explored further. As shown 

in the literature review, a scale was already developed to assess eudaimonic functions of 

music listening (Groarke & Hogan, 2020), though that scale only accounts for 

eudaimonia, one of the two major motivations for media consumption explored in this 

study. Regardless of this limitation, the existence and validation of this scale suggests 

that eudaimonic motivations can be appropriate for music listening as long as the 

measures developed for them are validated and tested accordingly. Previous research on 

functions of music and music uses and gratifications can help inform the development of 

reliable measures to explore eudaimonic motivations for music listening. However, the 

main focus for an appropriate eudaimonic measure in this context should not entirely be 

the functions, uses, or gratifications of music, but rather the motivations for media 

consumption themselves, as major dimensions of behavior. Several measures have been 

developed to explore motivations for consuming music as a distinctive medium, but few 

of them allow for behavioral assessments and comparisons across other media that are 

already being studied with these major dimensions of behavior in mind. 
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An inquiry does linger in regards to whether hedonic motivations are appropriate 

for music listening. Reliability measures on this study showed that eudaimonic measures 

were more reliable and performed better than hedonic measures. This suggests that 

eudaimonic measures might be more appropriate for exploring motivations for music 

listening than hedonic measures. However, it is important to note that eudaimonic 

measures have also performed better than hedonic measures across several media studies 

implementing this scale (Bailey & Ivory, 2018; Igartua & Barrios, 2013; Oliver & 

Rainey, 2011). This tendency suggests the hedonic measures could be improved so they 

are more reliable and appropriate to better assess media-related behaviors. It also 

suggests that eudaimonic motivations might be more prevalent or appealing among music 

listeners and people consuming other types of media. This supports the notion that a 

dimension of meaningfulness should be considered in order to better understand people’s 

motivations for listening to music or consuming media content in general. As suggested 

with the eudaimonic measures, previous research on music functions, uses, and 

gratifications could also help inform the development of hedonic measures for music 

listening, however, the main task for researchers would be determining how the concept 

of enjoyment (the core of hedonism) would be linked to music listening. Perhaps 

previous studies on music uses and gratifications such as positive mood management, 

social interaction, and energy (Lonsdale & North, 2011), or music functions linked to 

positive mood states and elicitation of positive emotions (Gabrielsson & Lindström, 

2001) could provide insights for this purpose. Nevertheless, as indicated previously, the 

main focus for these measures should be hedonic motivations as a major dimension of 
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media consumption behaviors, not individual uses, functions, or gratifications, the 

traditional approach to exploring motivations for music listening. 

B.6.2   Correlations: Music Genres and Motivations 

All the correlations for music genres and motivations for media consumption (hedonic 

and eudaimonic) were low. This might be attributed to the weak model fit in connection 

to motivations for music listening and music genres. However, some of the correlations 

still showed statistical significance. Particularly, pop, electronic, soundtracks, religious 

and reggae, were significantly associated with hedonic motivations, while jazz, classical, 

country, alternative, bluegrass, folk, funk, gospel, religious, punk, reggae, and soul, were 

significantly associated with eudaimonic motivations. These results support the notion 

that eudaimonic motivations might be more prevalent than hedonic motivations among 

music listeners, as more music genres had significant eudaimonic correlations, than 

significant hedonic correlations. It is also important to point out that some music genres 

had similar hedonic and eudaimonic correlations while others were very different. In 

particular, hedonic and eudaimonic correlations were the same for reggae; fairly close for 

rock, hiphop/rap, soundtracks, country, and oldies; and very different for folk, classical, 

jazz, pop, and alternative. Moreover, hedonic and eudaimonic correlations for reggae and 

religious were both significant. These findings suggest that people might have both 

hedonic and eudaimonic motivations for listening to certain music genres. One of the 

potential reasons why people might listen to some music genres in order to satisfy both 

motivations is the nature of the music genres themselves. For instance, reggae songs 

usually contain energetic beats, sounds, and music. Some people might listen to this 

music genre mostly for hedonic motivations due to that reason. On the other hand, reggae 
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songs can also contain reflective lyrics and more sober themes from time to time. Thus, 

people might listen to this music genre mostly for eudaimonic motivations in this context. 

This observation might also be applicable to other music genres that had similar hedonic 

and eudaimonic correlations such as rock, hiphop/rap, country, and oldies. Many songs 

within these genres have been commonly known for showing a mismatch between sounds 

(energetic music) and lyrical messages (reflective lyrics). 

 The findings bring light to other factors that could be explored in connection with 

hedonic and eudaimonic motivations for music listening, and consumption of specific 

music genres. For instance, it might be interesting to explore whether motivations for 

music listening could also match music genres in lyrical content, recurrent themes, and 

tone. For instance, soul, gospel, and religious were significantly correlated with 

eudaimonic motivations. Songs within these genres also tend be reflective in nature and 

they might have meanings linked to them. In this context, motivations for consuming 

those genres might match recurrent themes in songs from those genres. It might also be 

interesting to explore whether previous exposure to the music, mood, music training, 

social factors, and other variables might influence motivations for listening to specific 

music genres. For instance, mood states might influence the motivations people are 

listening to music for.  Particularly, they might use genres for hedonic motivations when 

being in a certain mood, but use the same genres for eudaimonic motivations when being 

in a different mood. Previous exposure to a distinctive music genre (and the 

circumstances around it) might also influence these motivations. For instance, some 

people might attribute hedonic or eudaimonic motivations to certain genres based on 

childhood memories, meaningful experiences, and important life events. These are just 
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examples of other factors that could be explored in connection to music genres and 

hedonic/eudaimonic motivations, however, adequate measures need to be further 

developed in order to better explore and understand these relationships.  

B.6.3   Conclusion 

The purpose of this study was to explore relationships between music genres and 

hedonic/eudaimonic motivations as major dimensions of media consumption behaviors. 

Even though the model fit to the data was marginally acceptable and correlations were 

weak, results showed that several music genres were significantly associated with at least 

one of the two motivations at hand. In addition, the distance between hedonic and 

eudaimonic correlations also varied depending on the genre. Insights discussed in this 

study could be useful to conduct more informed assessments on user research in the 

context of music listening. Moreover, professionals and researchers within related fields 

could use specific types of music for hedonic purposes (e.g., playing certain music genres 

to create enjoyable experiences for students, event attendees, and listeners), or 

eudaimonic purposes (e.g., playing certain music genres to make listeners reflect about a 

range of topics and meanings). The insights discussed could also help data scientists 

develop motivation-based recommendation systems for music listeners using streaming 

platforms. Overall, the findings in this study can help music psychologists, user 

researchers, media scholars, music educators, and behavioral scientists better understand 

people’s motivations for listening to specific types of music, and other factors that might 

potentially influence these motivations. 
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B.8   Survey Questionnaire 
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b) Preference for Music Genres - STOMP Scale (Rentfrow & Gosling, 2013)

Please indicate your preference level for the music genres listed using the scale below:

      Strongly dislike Dislike
Neither like nor

dislike Like Strongly like

Rock    

Pop    

Rap/hip-hop    

Dance/Electronica    

Jazz    

Classical    

      Strongly dislike Dislike
Neither like nor

dislike Like Strongly like

Soundtracks/theme song    

Country    

Oldies    

International/Foreign    

Blues    

New Age    

      Strongly dislike Dislike
Neither like nor

dislike Like Strongly like

Alternative    

Bluegrass    

Folk    

Funk    
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      Strongly dislike Dislike
Neither like nor

dislike Like Strongly like

Gospel    

Heavy Metal    

      Strongly dislike Dislike
Neither like nor

dislike Like Strongly like

Opera    

Religious    

Punk    

Reggae    

Soul/R&B    

c) Hedonic and Eudaimonic m. - Motivations scale (Oliver & Rainey, 2011)

Please indicate how much you agree with the following statements using the scale below:

     

Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

I like to listen to music that makes me more
reflective.

   

I like songs that focus on meaningful human
conditions.

   

I am very moved by songs that are about
people’s search for greater understanding in
life.
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Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

I like songs that have profound meanings or
messages to convey.

   

     

Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

My favorite kinds of songs are happy and
positive.

   

It's important to me that I have fun when I
listen to music.

   

For me, the best songs are ones that are
entertaining.

   

I like songs that may be considered ‘‘silly’’ or
‘‘shallow’’ if they can make me laugh and have
a good time.

   

     

Strongly
disagree

Somewhat
disagree

Neither
agree nor
disagree

Somewhat
agree

Strongly
agree

I find that even simple songs can be enjoyable
as long as they are fun.

   

My favorite kinds of songs are the ones that
make me think.

   

I like songs that challenge my way of seeing
the world.

   

Songs that make me laugh are among my
favorites.
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Latino/Hispanic

White/Caucasian

Black/African-American

Hawaiian/Pacific Islander

Asian/Asian-American

Native American / Indian

Middle Eastern

Other

Female

Male

Trans male / trans man

Trans female / trans woman

d) Demographic information 

Please tell us your racial / ethnic background (you may choose more than one).  

Which is your first language?

What is your sex / gender identity? 

12/2/21, 9:38 AM Qualtrics Survey Software
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Genderqueer / gender non-conforming

Different identity (please state):

Yes

No

Please indicate what is your major on the blank space below: 

If you have any other thoughts about the study, feel free to share. Otherwise, you can leave this blank.

How old are you (in years)?

e) Research participation credit

Are you filling this survey to get research participation credit in a course? Please indicate your answer below.
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APPENDIX C 

Spotify Audio Features as Predictors of Music Genre 

 

C.1   Abstract  

Researchers have developed music genre classifiers by implementing a wide range of 

machine learning and data extraction techniques (Chen, 2020; Chen et al., 2018; Elbir & 

Aydin, 2020; Fulzele et al., 2018; Liu et al., 2020; Nguyen et al., 2019; Sugianto & 

Suyanto, 2019; Vishnupriya & Meenakshi, 2018). Particularly, Spotify audio features 

have been used as predictors for this purpose (Kehan, 2018; Setiadi et al., 2020a; 2020b). 

Even though music classifiers have been often developed for recommendation systems, 

few researchers have discussed audio features of importance as descriptors of music 

genres more in-depth. Thus, the purpose of this study was to conduct a music genre 

classification analysis using Spotify audio features as predictors, with precision, recall, 

area under curve, and specificity as evaluation metrics in order to identify the most 

predictive audio features of music genre and further discuss how audio features help 

depict and differentiate several types of music from one another. The data was collected 

using the Spotify API and the final dataset contained 51,124 observations. The four 

genres selected for the study were rock, pop, latin, and rap (See Table C.1). 

Table  C.1 
Music Genres – Number of Observations and Distributions 1 

 
Genre 

 
Number of 

observations 

 
Distributions 

 
Rock 
Pop 

 
13,119 
12,952 

 
25.7% 
25.3% 
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The algorithms computed for the analysis were Random Forest, Boosted Trees, and K 

Nearest Neighbors (KNN). The best performing model was Random Forest, with a slight 

increase in performance on the fitted final model (See Table C.2).  

Table  C.2 
Performance Metrics for the Algorithm Models 

 

 

 
 
 
 
 
 
 
 

 

The Spotify audio features of importance were speechiness, danceability, loudness, 

valance, and acousticness. Even though results showed the most predictive audio features 

of music genre, the model performance was below 80% for precision and recall. Insights 

on audio features and music genres are discussed, and measures are proposed to improve 

the model performance. This study could contribute to cultural studies of music, music 

genre assessments, and the development of genre-based recommendations systems across 

different technological devices and music streaming platforms. 

Latin 
Rap 
 

12,790 
12,263 

25.0% 
24.0% 

 
Total 
 

 
51,124 

 
100% 

 
Model 

 
Precisio

n 

 
Recall 

 
Roc-auc 

 
Specificity 

 
Random Forest 
Boosted Trees 
K-NN 

 
0.577 
0.552 
0.482 

 
0.577 
0.551 
0.480 

 
0.814 
0.796 
0.730 

 
0.857 
0.849 
0.826 

 
 
Final Model 
 

 
0.614 

 
0.620 

 
0.843 

 
0.871 
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C.2   Background 

This section shows a review of literature on genre classifier models and Spotify audio 

features as predictors. 

C.2.1   Genre Labeling 

Genre classification is highly biased due to the ambiguous and subjective nature of music 

genres themselves. Genre classes are often a result of complex interactions of cultural 

factors, marketing strategies, historical events, choices made by librarians, critics, and 

retailers, music styles popularized by musicians and composers, and even meanings 

assigned to different types of music on an individual and/or social level (Ballantine, 

2020; McKay & Fujinaga, 2006; Moore, 2001; Pachali & Datta, 2022; Pachet, & Cazaly, 

2000; Stevens & O’Donnell, 2020; Whitman & Smaragdis, 2002). Moreover, there is not 

a general consensus or set agreement for what specific characteristics and criteria should 

be considered for genre classification. While several music streaming companies attempt 

to classify music genres using their own set of quantifiable musical attributes (e.g., 

Spotify), other institutions, researchers, and professionals might rely on a different set of 

musical attributes to perform the same task. There is also disagreement on what specific 

entity or entities have the highest level of agency to establish a more widely accepted 

classification of music genres to begin with (Ballantine, 2020; McKay & Fujinaga, 2006; 

Pachet, & Cazaly, 2000). For instance, who should determine how genres are classified? 

Data scientists, music educators, ethnomusicologists, or music composers? Even though 

automatic genre classifiers (those created by computational and algorithmic means) have 

often been proposed as a more global solution to genre classification problems, current 

classification systems do not account for most of these limitations because humans 
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themselves are still the ones setting parameters for those mechanisms (McKay & 

Fujinaga, 2006; Pachet, & Cazaly, 2000). This makes genre classification tasks highly 

complex for both humans and computers alike. 

C.2.2   Machine Learning and Music Genre Classifiers 

Researchers have conducted music genre classification analyses by using wide range of 

machine learning and data extraction techniques (Chen et al., 2018; Chen, 2020; Elbir & 

Aydin, 2020; Fulzele et al., 2018; Liu et al., 2020; Nguyen et al., 2019; Sugianto & 

Suyanto, 2019; Vishnupriya & Meenakshi, 2018). For instance, Chen et al. (2018) 

proposed a two-step for music genre classification process (called TSMGC) based on the 

strength of an analytic hierarchy process. The process involved music features extracted 

from raw data, weighted features on the analytic hierarchy process, and categorization of 

music in main classes and subclasses. The results of the experiment showed an accuracy 

of 87%, which demonstrated the potential of that two-step process in order to solve music 

genre classification problems. Fulzele et al. (2018) computed a hybrid classifier model 

using Neural Network and Support Vector Machine (SVM) for music genre 

classification. The hybrid model exceeded the independent accuracies of the Neural 

Network and Support Vector Machine models with 89% accuracy, demonstrating the 

effective use and inclusion of each model. Vishnupriya and Meenakshi (2018) 

implemented a Deep Learning approach in order to test a music genre classifier system. 

Particularly, they implemented feature extraction procedures (Mel Frequency Cepstral 

Coefficient) and Neural Networks to train the model. This experiment resulted in a model 

showing 76% accuracy. Researchers suggested that the model could be further improved 

by performing additional feature engineering techniques. Nguyen et al. (2019) proposed a 
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new method for music genre classification that involves the use of Residual Attention 

Network (RAN) in order to convert audio file into a set of spectral images. This method 

was evaluated on a music dataset designated for the Zalo AI “Music Genre 

Classification” challenge. Data augmentation and error analysis procedures were 

implemented on the validation set. The final model showed 71.7% accuracy. The 

researchers discussed implications of this method for audio recognition applications. The 

findings from these studies suggest that music classifiers using spectral imaging 

techniques and hybrid approaches might lead to better model performance. 

Convolutional Neural Network (CNN) has been frequently implemented to 

compute music genre classifiers (Chen, 2020; Elbir & Aydin, 2020; Sugianto & Suyanto, 

2019). Sugianto and Suyanto (2019) proposed a system that involved the use of 

Melspectogram and Convolutional Neural Network with a voting scheme. Findings 

showed that the voting scheme produced a higher accuracy of 71.87% in comparison with 

a lower accuracy of 63.49% obtained through single themes. Chen (2020) also 

implemented Convolutional Neural Networks to compute a music genre classifier to 

predict several Western-based genres (classical, pop, jazz, hiphop and rap, among others). 

Particularly, the researcher trained the CNN algorithm to perform two activation 

functions and gradient descent methods to better evaluate the features and model 

performance on the test set. The spectrum-based classification model showed an accuracy 

measure of 96.5%, while the comprehensive feature frequency and musical notes based 

model showed an increased accuracy of 98.5%. Elbir and Aydin (2020) proposed a music 

genre classifier and music recommendation engine called MusicRecNet, which involved 

the extraction of acoustic features with Deep Neural Network. The best performing 
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algorithm was Logistic Regression with 97.6% accuracy. The researchers tested the 

models on a sample that contained 180,000 observations. The best performing model 

showed 97.2% accuracy. Overall, the findings from these studies showed that accuracy 

scores were higher when Convolutional Neural Networks and spectrogram-based 

methods were implemented.  

C.2.3   Spotify Audio Features as Predictors 

Spotify audio features have been commonly used to predict song hits and song popularity 

(Georgieva et al., 2018; Middlebrook & Sheik, 2019; Sandag & Manueke, 2020; Sharma 

et al., 2022). For instance, Georgieva et al. (2018) used Spotify audio features to predict 

songs that would become Billboard Hot 100 hits. The researchers created a dataset 

containing 4,000 hit and non-hit songs. They extracted the audio features from the 

Spotify API. The best performing models were Logistic Regression and Neural Network 

with 75% accuracy. Middlebrook and Sheik (2019) also conducted a machine learning 

analysis using Spotify audio features to predict songs that would become chart-topping 

hits. For this purpose, they constructed a dataset consisting of 1.8 million hit and non-hit 

songs with corresponding audio features that were extracted using the Spotify API. Four 

models were tested and Random Forest was the best performing model predicting 

Billboard song success with 88% accuracy. Sandag and Manueke (2020) tried to predict 

artist name using Spotify audio features. Their best performing model was Decision Tree 

with 89.5% accuracy on cross-validation, and 92.3% accuracy on independent data. The 

higher accuracy metrics reported for some of these music genre classifiers could be 

attributed to differences in sample size, as the researchers testing the models on larger 

samples often obtained higher accuracy percentages.   
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Researchers have also created music genre classifier models using Spotify audio 

features as predictors, even though there is not as much work published on them up until 

this point (Kehan, 2018; Setiadi et al., 2020a; 2020b). Kehan (2018) conducted a machine 

learning analysis using Spotify audio features to predict genres from top ranking songs. 

The dataset used contained the daily top ranking of 200 most listened songs in 53 

countries from January 1st to August 17th in 2017. The audio features data was collected 

from the Spotify API and Kaggle. The outcome genre categories were funk/soul, hiphop, 

jazz, latin, pop, reggae, rock, and stage&screen. The classifier model achieved 46.9% 

accuracy, which was not as good as expected per the researcher’s assessments. Setiadi et 

al. (2020a) conducted a music genre classification analysis based on metadata using three 

different classifiers; Support Vector Machine (SVM) with basis function kernel, K 

Nearest Neighbors (KNN), and Naïve Bayes (NB) model was Support Vector Machine  

(SVM) with 80% accuracy. The researchers stated that the metadata features could be 

further developed to improve model performance. Setiadi et al. (2020b) also conducted 

another music genre classification analysis in order to evaluate the effects of feature 

selection on accuracy. The researchers used Support Vector Machine (SVM) with basis 

function kernel as a classifier for this purpose. Some features were merged in order to 

create different predictor groups (FC1, FC2, FC3, FC4). The model was tested with 

several combinations of the predictor groups with accuracies ranging from 67% to 80%.  

Overall, the music genre classifiers using Spotify audio features as predictors 

showed mixed results with accuracies ranging from 46.9% to 80%. The findings seem to 

suggest that feature engineering and feature selection are effective measures for 

achieving good model performance in this context. It is also important to note that these 
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studies did not provide much insight on how audio features of importance help identify 

and better depict specific music genres. 

C.3   Research Question 

The purpose of this study was to conduct a music genre classification analysis using 

Spotify audio features as predictors. Precision, recall, area under curve, and specificity 

were the performance metrics to evaluate model. Drawing on the literature at hand, the 

following research question was posed: 

  RQ: What audio features are most predictive of music genre? 

C.4   Methods 

This section provides information about the sample and the data science-based 

procedures that were computed to conduct the analysis. 

C.4.1   Sample: Number of Songs and Music Genres 

The sample consisted of randomly selected songs (n = 51,124) from four music genres: 

rock, pop, latin, and rap (See Table C.3). These genres are consistent with popular music 

genres used on similar predictive machine learning models. The dataset was created by 

using the Spotify API and the spotifyr package in R (Thompson et al., 2021). Particularly, 

the data was sampled by creating a loop to extract randomly selected songs from the four 

music genre categories through the Spotify API. The dataset originally contained 290,000 

observations, however, the number of cases was reduced in order to keep the genre 

classes balanced and run the machine learning analysis within the timeframe established 

for the project.  
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Table  C.3 
Music Genres – Number of Observations and Distributions 2 

 

 

 
 
 
 

 

 

 

 

C.4.2   Spotify Audio Features 

The dataset contained seventeen variables including case number, song, artist, popularity, 

genre, and twelve audio features reflecting information about each of the songs listed. 

The twelve Spotify audio features are measured on fixed scales and generally categorized 

as confidence measures, perceptual measures, and music descriptors. A reference for each 

of the Spotify audio features is provided below (See Table C.4) 

(https://developer.spotify.com/discover/). 

Table  C.4 
Spotify Audio Features 

 

 
Genre 

 
Number of 

observations 

 
Distributions 

 
Rock 
Pop 
Latin 
Rap 
 

 
13,119 
12,952 
12,790 
12.263 

 
25.7% 
25.3% 
25.0% 
24.0% 

 
Total 
 

 
51,124 

 
100% 

 
Audio Feature 
 

Description 

Confidence measures 
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Acousticness 
 

 

A measure from 0.0 to 1.0 that detects acoustic sounds in a track. 

 

 
Liveness 

 

 
A measure from 0.0 to 1.0 that detects the presence of an audience in 
the recording. Higher liveness values represent an increased 
probability that the track was performed live. 
 

Speechiness 

   
A measure from 0.0 to 1.0 that detects the presence of spoken words 
in a track. The more speech sounds are heard in the recording (e.g. 
talk show, audio book, poetry), the closer to 1.0 the value will be. 
 

Instrumentalness 

 
A measure from 0.0 to 1 that reflects the extent to which a track does 
not contain vocalizations. The closer the instrumentalness value is to 
1.0, the greater the likelihood that the track does not contain vocal 
content. 
 
 

 
Perceptual measures 

 
 

Energy 

  
A measure from 0.0 to 1.0 that reflects the intensity of a track. 
Energetic tracks are usually fast, loud, and noisy. 
 

 
Loudness 

 

 
A measure from -60 and 0 that represents the overall loudness of a 
track. This value is measured in decibels (dB). Values closer to 0 
indicate higher loudness. Overall, loudness values are averaged across 
the entire track.  
 

 
Danceability 

 

 
A measure from 0.0 to 1 that indicates how suitable a track is for 
dancing based on a combination of musical elements including tempo, 
rhythm stability, and beat strength. A value closer to 0.0 indicates that 
a track is less danceable, and value closer to 1.0 is indicates that a 
track is more danceable. 
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C.5   Data Analysis 

The purpose of this project was to compute a machine learning classifier model using 

Spotify audio features in order to predict music genres. The algorithms used for this 

purpose were Random Forest, K-Nearest Neighbor, and Boosted Trees, with precision, 

recall, area under curve (roc-auc), and specificity as the evaluation metrics. Even though 

Support Vector Machines and Convolutional Neural Networks seem to be good 

performing engines for music classifiers, they were not included in this analysis due to 

time constraints (these algorithms took a considerably longer time to run than other 

algorithms in the devices used for the analysis). This section describes the data science 

procedures and steps that were performed in order to conduct the analysis. 

 
Valence 

 

 
A measure from 0.0 to 1.0 that reflects the musical positiveness 
conveyed by a track. Tracks with high valence sound more positive 
(e.g. happy, cheerful, euphoric), while tracks with low valence sound 
more negative (e.g. sad, depressed, angry). 

 
   Music descriptors 

 
 

 
Tempo 

 

 
The overall estimated speed of a track measured in beats per minute 
(BPM). (Ratio scale) 
 
 

 
Duration 

 

The duration of a track measured in milliseconds. 
(Ratio scale) 

 
Key 

 
A measure from 0 to 11 that indicates the key of a track. 

 
Mode 

 

A measure that indicates the modality of the track  
(1 = major, and 0 = minor). 
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C.5.1   Feature Selection 

A logistic regression was computed to determine what audio features should be selected 

as predictors for the machine learning model. The predictors were the twelve Spotify 

audio features (acousticness, liveness, speechines, instrumentalness, energy, loudness, 

danceability, valence, tempo, duration, key, and mode), and the dependent variable was 

music genre (rock, pop, latin, and rap). A logistic regression was computed for this phase 

of the analysis because the procedure can help identify which numerical predictors are 

more strongly associated with a categorical dependent variable (Austin & Merlo, 2017; 

Conklin, 2002). Audio features with the highest level of significance (p < .001) were 

selected. A subset with the final predictors and the outcome variable was created to 

compute the analysis. The output from the logistic regression is provided in the Results 

section. 

C.5.2   Data Splitting 

The main subset was split into training and testing sets to evaluate the model in 

subsequent phases of the analysis. The initial_split, training, and testing functions from 

the tidymodels package (Kuhn & Wickham, 2020) were used to assign 80% of the data to 

the train set (n = 40, 898), and 20% of the remaining data to the test set (n = 10,226). The 

two sets contained the audio feature predictors and the outcome variable (music genre). 

C.5.3   Recipe, Model Specification, and Workflows 

Recipe, model specification, and workflow objects were also created using the 

tidymodels package in R. A normalizing function (step_normalize) was added to the 

recipe in order to scale all the predictors on a scale from 0.0 and 1.0. This step was 

performed to avoid acute effects from variables measured on larger scales. The three 
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algorithms computed for the analysis (Random Forest, K-Nearest Neighbor, and Boosted 

Tree) were added to the separate model specification objects. The recipe and model 

specifications were subsequently included in three workflows.  

C.5.4   Folds 

A validation set (usually labeled as a ‘folds’ object) was randomly split from the training 

set to define the number of resamples for the hyper-parameter tuning. In this procedure, 

the machine learning model is tested throughout several rounds of tuning when the folds 

object is included as a parameter. The folds object was created to evaluate the machine 

learning models on different random samples of data. 

C.5.5   Tuning Parameters and Model Evaluation 

The workflows, folds, hyper-parameter tuning objects, and the performance metrics were 

added to the tuning parameters in order to evaluate the model for each algorithm. 

Subsequently, the best performing model was then fitted and evaluated on the test set. 

C.6   Results  

This section shows the results for the audio feature descriptive statistics, the logistic 

regression for feature selection, evaluation metrics for machine learning models, 

variables of importance, and a confusion matrix showing accurate predictions for each 

genre. 

C.6.1   Descriptive Statistics for the Audio Features 

The table below shows the means and standard deviations for the twelve Spotify audio 

features (See Table C.5). The audio features on the left were originally measured on a 

scale from 0 to 1, while the audio features on the right were measured on a different scale 

(refer to Table 4 for more information on scales). The audio features on the 0 to 1 range 
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with the highest means were danceability, mode, and valance. On the other hand, audio 

features on the same range with the lowest means were energy, speechiness, and 

instrumentalness. Overall, these results indicate that about 60% of the songs in the dataset 

contain vocalizations, and they are highly danceable, as well as positive in tone. In 

contrast, the results also indicate that most of the songs in the dataset do not contain 

spoken words and they are not highly fast-paced. The average duration for the songs in 

the dataset was about 4 minutes. 

Table  C.5 
Means and Standard Deviations for the Twelve Spotify Audio Features 

 

C.6.2   Logistic Regression for Feature Selection 

The audio features with the highest level of significance in the logistic regression analysis 

were duration, danceability, energy, loudness, mode, speechiness, acousticness, liveness, 

valence, and tempo (p < 0.001) (See Table C.6). These ten audio features were selected 

as the final predictors for the machine learning analysis.  

 

 
Audio feature 

 
M 

 
 SD 

 
Audio 
feature 

 
    M 

 
SD 

 
Danceability 
Energy 
Mode 
Speechiness 
Acousticness 
Instrumentalnes
s 
Liveness 
Valence 
 

 
0.59 
0.16 
0.65 
0.09 
0.29 
0.05 
0.21 
0.57 

 
0.16 
0.22 
0.48 
0.11 
0.29 
0.17 
0.19 
0.24 

 
Duration 
Key 
Loudness 
Tempo 
 

 
3.93 min 
5.31 
-8.15 
121.74 
 
 
  

 
1.40 min 
3.54 
4.01 
29.57 
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Table  C.6 
Logistic Regression Output with P-values 

 

 Genre 

Predictors Odds Ratios CI p 

(Intercept) 32.89 25.73 – 42.08 <0.001 

Duration 1.00 1.00 – 1.00 <0.001 

danceability 0.00 0.00 – 0.00 <0.001 

Energy 1.59 1.25 – 2.01 <0.001 

Key 1.01 1.00 – 1.02 0.006 

Loudness 0.86 0.85– 0.87 <0.001 

Mode 2.06 1.95 – 2.17 <0.001 

Speechiness 0.00 0.00 – 0.00 <0.001 

acousticness 1.98 1.75– 2.24 <0.001 

instrumentalness 0.92 0.51 – 0.65 0.434 

Liveness 2.31 0.39 – 0.49 <0.001 

Valence 0.00 0.00 – 0.00 <0.001 

Tempo 1.00 1.00 – 1.00 <0.001 

Observations 51124 
R2 Tjur 0.066 

 

C.6.3   Performance Metrics for the Models 

The performance metrics computed to evaluate the model were precision, recall, area 

under curve (roc-auc), and specificity (spec). Precision indicates how many false 

positives were there, while recall indicates the amount of false negatives in the same 

context. Area under curve is a measure that indicates how well a model is able to 
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distinguish positive and negative cases by placing observations on the Receiver Operator 

Characteristic (ROC) curve. The higher the ROC curve, the better the 

model ability to make these distinctions. Specificity indicates the number of true 

negatives for each class category available. All the evaluation metrics at hand are 

measured on scale from 0.0 to 1.0. A score closer to 0 indicates lower performance, and a 

score closer to 1 indicates higher performance. A performance score is usually considered 

to be ‘good’ when it is 0.8 or higher. It is important to note that accepted scores might 

change depending on the aim of the project, and the professional or academic field in 

question. The evaluation metrics for each of the algorithm models are reported in the 

table below (See Table C.7). The best performing model was Random Forest. This model 

was used on the training and test sets to evaluate and the fit the final model. The 

performance metrics for the final model improved slightly, but they were still consistent 

with the results from the Random Forest model. Overall, these evaluation metrics indicate 

that the models perform better than by chance but are not over 80% in precision and 

recall. 

Table  C.7 
Performance Metrics for the Algorithm Models 

 

 

 
 
 
 
 
 
 
 
 

 
Model 

 
Precisio

n 

 
Recall 

 
Roc-auc 

 
Specificity 

 
Random Forest 
Boosted Trees 
K-NN 

 
0.577 
0.552 
0.482 

 
0.577 
0.551 
0.480 

 
0.814 
0.796 
0.730 

 
0.857 
0.849 
0.826 

 
 
Final Model 
 

 
0.614 

 
0.620 

 
0.843 

 
0.871 
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C.6.4   Variables of Importance 

The five audio features with the highest importance for predictions were speechiness, 

danceability, loudness, valence, and acousticness (See Table C.8). Variable importance 

scores are calculated by estimating the relative influence of each variable on 

classification decisions, and how much the squared error improved as a result (Greenwell 

& Boehmke, 2020). Several insights are drawn and discussed from these observations. 

 

Table  C.8 
Spotify Audio Features of Importance for Music Genre Predictions 

 

 

 

 

 

 

 

Differences were also observed on these five audio features across the four music 

genres (See Figure C.1). In particular, rap was considerably higher in speechiness than 

the other three genres. All genres were closed to the highest threshold in loudness (value 

0), however, rock was more spread than the other genres across the loudness scale. 

Differences between genres in danceability were slightly smaller, with rap being the 

highest, followed by latin, pop, and rock respectively. Latin had the highest level of 

acousticness and valence. Rock and pop were fairly similar in danceability, but pop was 

 
Spotify Audio 
Features 

 
Importance scores  

 
Speechiness 
Danceability 
Loudness 
Valence 
Acousticness 
 

 
5137.61 
3921.95 
3301.07 
3264.62 
3127.23 
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slightly higher than rock in valence. Rap was the genre with the lowest scores on both 

valence and acousticness. Implications linked to these observations will be discussed. 

Figure  C.1 
Variables of Importance Across Genres 

 

 

 

C.6.5   Confusion Matrix 

The confusion matrix below shows accurate predictions for each of the genre classes (See 

Figure C.2). The boxes with the highest number of accurate predictions are presented in 

darker shades of grey. Based on the results, the music genre with the most accurate 

predictions was rap, followed by pop and rock. The music genre with the lowest number 
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of accurate predictions was latin. The confusion matrix also shows that several rock 

songs were misclassified as latin and pop. These observations will be further discussed. 

Figure  C.2 
Confusion Matrix for Music Genre Predictions 

 

 
 

C.7   Discussion 

The machine learning analysis conducted showed mixed results. On one hand, the 

analysis led researchers to identify the most predictive audio features of music genre in 

the context of the project. However, the performance of the model was marginally 

acceptable at best, and some aspects of the model should be assessed further. This section 

will provide insights, observations, and conclusions in connection to the results of this 

study. The discussion will focus on implications linked to the audio features of 
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importance, and measures that could be implemented in order improve the performance 

of the model. 

C.7.1   Audio Features of Importance and Music Genres 

The Spotify audio features of highest importance were speechines, danceability, 

loudness, valence, and acousticness. These variables show predictability potential as they 

can help researchers distinguish music genres from one another. Some of these features 

also stand out as descriptors to identify specific music genres. For instance, rap was 

considerably higher in speechiness than the other three genres. This could be attributed to 

the fact that rap songs usually contain a higher amount of spoken words due to the prose-

based style that distinguishes this genre. Hence, genre classifiers can help researchers 

identify and better understand genre-specific attributes. Curiously, rap was higher in 

danceability than latin, which accounts for several music styles that are considered to be 

highly danceable by several audiences. This might be attributed to genre popularity, 

accessibility, and genre-specific songs available for Spotify users. The Spotify popularity 

scores and country-based data (which are also available on the Spotify API) could help 

researchers look further into these relationships.  

 All genres reached the highest threshold in loudness, however, rock songs were 

more spread across the loudness scale than the other genres. This could be attributed to 

the assumption that most rap, pop, and latin songs are highly upbeat and loud. Moreover, 

rock might be categorized as a more hybrid genre on these terms because certain 

subgenres of rock can be loud and upbeat (e.g., punk, metal, and progressive rock), while 

others can be more calm and slow-paced (e.g., alternative). It is important to point out 

that certain subgenres of rocks can also feature upbeat and calm songs alike. Even 
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through these observations might also apply to the other genres in certain ways, this 

could help explain why rock was more spread on the loudness scale than the other genres. 

Pop was slightly higher than rock in valence, suggesting that pop songs are rated as 

positive more often than rock songs.  

 Latin had the highest valence and acousticness scores among all the genres. This 

could be attributed to the fact that latin songs are very upbeat, jovial, and festive in 

several ways. Latin songs also feature a wide range of unique instruments and rhythms 

that distinguish them from songs in other genres (Chocano, 2018; Hess, 2018; Lapidus, 

2021; Saavedra-Reyes, 1999; Vázquez, H. M., 2019). Perhaps the sounds of certain Latin 

instruments (in particular, sounds from percussion and string instruments) are rated as 

highly acoustic by the Spotify algorithms. The combination of highly energetic melodies 

with upbeat rhythms in this genre might also influence valence scores, as sounds in latin 

songs might being rated as happy, cheerful, and positive. Researchers could further 

explore these notions by observing how latin music is rated across different audio 

features and music streaming platforms. Many latin and pop songs were misclassified as 

rock. This could be attributed to rock and pop being fairly closed in danceability and 

valance. The scores for rock and latin were also the same for speechiness and fairly 

closed for danceability and loudness. These results suggest that there is some overlap 

between certain music genres in terms of specific features and other related attributes. 

Overall, perceptual measures seem to be more accurate predictors of music genre than 

confidence measures and music descriptors when looking at the Spotify audio feature 

categories. 
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C.7.2   Model Performance and Potential Measures for Improvement 

The evaluation metrics indicate that the models perform better than by chance but are not 

over 80% in precision and recall. In order to further address this outcome, the advantages 

and limitations of the model will be discussed and some measures will be proposed to 

help improve the model performance. Audio feature predictors of importance were 

identified throughout the machine learning analysis, however, the precision and recall 

performance metrics were marginally low. These findings suggest that the model might 

not be optimal for identifying false positives and false negatives, which might increase 

chances for misclassification. Several measures could be taken in order to improve 

precision and recall as metrics of model performance.  

 One of the common ways of improving precision and recall is increasing the 

sample size for the model. As shown in the review of literature, machine learning 

procedures have been performed across different samples and types of data. Moreover, 

sample sizes have ranged from observations low in the thousands, to others up in the 

millions. It is always recommended that researchers aim for the highest number of 

observations possible in order to achieve the highest model performance. Although this 

measure usually does lead to improvement on those terms, collecting larger amounts of 

data can be more time-consuming and hardware-dependent. The researchers on this 

project had to manage constraints linked to these factors. In addition, the precision and 

recall values for this study were consistent across different sample sizes. This led 

researchers to believe that model performance could be improved by implementing other 

alternative measures such as hyperparameter tuning, feature engineering, and stacking. 
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 Most algorithms have default parameter settings. However, model performance can 

be improved by testing different hyper-parameters. One way of doing this is testing 

different numbers of folds in order to better assess the margin error of the model and opt 

for the best results. Other way of improving model performance is stacking several 

models together in order to fit the final model. This measure is usually performed in two 

steps. The first is to compute separate models with multiple algorithms, and the second 

step is to add the predictions of all the previously trained models to the final model. The 

reasoning behind this measure is that the learning curve of the model can be maximized 

when predictions from multiple models are combined together. Another approach for 

improving precision and recall is feature engineering. Some features can be automatically 

created to improve model performance when computing certain algorithms such as 

support vector machines (SVM), however, researchers can select, create, merge, or 

remove features based on their knowledge about the subject matter and the nature of the 

classification problem. These feature-engineering measures could also be attempted in 

order to improve model performance. It is important to remember that results for music 

genre classifier using Spotify audio feature as predictors have been mixed (Kehan, 2018; 

Setiadi et al., 2020a; 2020b). These observations further support the assumption that 

feature engineering and feature selection might be important measures to improve model 

performance when predicting music genres with audio features.  

C.7.3   Genre Classification Bias 

One of the possible reasons music genre classifiers do not always perform well with 

Spotify audio features as predictors is data and genre classification bias. Particularly, 

researchers have argued that Spotify algorithms are highly biased towards gender, race, 
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and popularity, based on previous assessments and reports from the Spotify company 

itself (Ferm Almqvist, 2021; Ferraro et al., 2021; Pachali & Datta, 2022; Snickars, 2017; 

Werner, 2020). Questions linger on how these biases might impact genre classification 

systems, as many of these factors overlap with genre in several ways. For instance, 

streaming services are constantly reshaped to increase the diversity of music consumption 

in the long term because users with a more diverse listening behavior are more likely to 

subscribe to Spotify’s paid services (Anderson et al., 2021). However, Spotify has also 

indicated that if they need to promote content rapidly, a good strategy is to stream 

“relevance” (popular content), which may discourage diversity as a result (Anderson et 

al., 2021). Even though Spotify executives and data scientists state that their goal moving 

forward is to develop algorithms that can account for both of these conflictive objectives 

(Anderson et al., 2021), data and algorithm biases towards gender, race, popularity, and 

genre classification have been questioned (Ferm Almqvist, 2021; Ferraro et al., 2021; 

Pachali & Datta, 2022; Snickars, 2017; Werner, 2020). For instance, Spotify datasets are 

likely to be created based on content that is “trending”. Particularly, Spotify algorithms 

could be trained on the music preferences and consumption behaviors of a demographic 

majority group (e.g., white users) and it might be less likely to recommend music genres 

that are not often consumed by that demographic majority to anybody else (i.e., genres 

with histories in black communities such as rap and gospel). Thus, certain songs could be 

deliberately and/or automatically classified as genres that are mostly popular among 

majority groups. Several studies have also reported that Spotify algorithms tend to be 

highly biased towards gender, as female users are less likely to get accurate 

recommendations and female artists are less likely to be promoted among Spotify users 
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(Ferm Almqvist, 2021; Ferraro et al., 2021; Werner, 2020). Subsequently, female artists 

are usually underrepresented in charts, get less Spotify airtime, and are usually lower in 

popularity unless they are gaining global attention. This leads one to question whether 

Spotify algorithms for genre classifiers might also be skewed towards music genres 

mostly consumed by male users in which female artists are underrepresented. A measure 

to manage the discussed biases in this context could be making sure that music classifiers 

are inclusive in terms of music genre selection and different types of music that are more 

relevant to certain gender, race, location, and culture-specific groups, regardless of genre 

popularity in global markets. Despite the addressed limitations, research on music 

classifiers, particularly those using Spotify audio features as predictors, could contribute 

to the conceptual and theoretical understanding on how music streaming companies 

construct music genres, what procedures they implement to classify music, and how 

streaming applications might influence listeners’ perceptions about music genres in 

general. The insights and implications discussed could contribute to cultural studies of 

music, music genre assessments, and the development of fairer genre-based 

recommendations systems across different technological devices and music streaming 

platforms. 
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