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Abstract

This thesis analyses the gender inequality of music streaming platform Spotify. It focuses on
Czech Spotify, ergo, on the Czech music industry between May 2020 and March 2021. The
interdisciplinary study covers crucial theoretical concepts from the theory of platforms,
popular music, and gender studies. It verifies whether the theory built on Anglo-Saxon
tradition can be applied to the local setting. The dataset comprises of songs placed in the
“TOP 200 chart and select editorial playlists. The chart illustrates song popularity based on
listeners (organic listening), and chosen editorial playlists indicate the platform’s promotion
of songs (suggested listening). The gender gap analysis is based on a comparison of three
gender ratios of songs entering the platform in total, in the playlists, and songs that make it
to the chart. The empirical research utilises fundamental statistics and presents various song
aspects (genre, record label, band formation, and others) in relation to artists’ gender on
Spotify, but also in the Czech music industry. The results show a low representation of
female artists in the whole industry, while the platform actively promotes female artists via
suggested listening. Organic listening endorses gender stereotypes and display even higher
gender disproportion. This thesis presents a brand-new topic to Czech academia, as there has
not been any similar research published yet. For a future study of the topic, the thesis presents
a method to study music in a quantitative way, using song attributes as characteristics of

songs with numerical value.
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industry



Abstrakt

Tato diplomova prace zkoumala genderovou nevyvadzenost na hudebni streamovaci
platformé Spotify a zamétfuje se na Ceské Spotify, respektive Ceskou hudbu. Tato
interdisciplindrni studie predstavuje stézejni teoretické koncepty zteorie platforem,
popularni hudby a gender studies a ovéiuje, zda teorie vybudované na Anglo-Saské tradici
lze aplikovat i na mistni prostfedi. Datasety obsahuji pisn¢ z hitparady TOP 200 a
editorskych playlista, které vySly béhem sledovaného obdobi od kvétna 2020 do bfezna
2021. Pisn¢ z hitparady TOP 200 mi odhalily oblibenost u posluchact, v tzv. organickém
poslechu. Pisn€ z playlisti odhaluji taktiku Spotify pfi propagaci urCitych pisni mezi
posluchace (doporuceny poslech). Analyza gender gapu je postavena na porovnani tii
pomeéri: pisné vstupujici na platformu, v hitpardd¢ a v playlistech. S vyuZzitim zakladnim
statistickych nastroji predstavuje riznorodé pohledy na genderovou nevyvazenou nejen na
platformé Spotify, ale i v celém ¢eském hudebnim primyslu. Gender gap na platforme je
prozkouman s pfihlédnutim k zanru pisn€, nahravaci spolecnosti, formace hudebnika a
dal§im. Vysledky vyzkumu ukazuji na nizké zastoupeni Zenskych interpretek v celém
hudebnim primyslu. Zatimco platforma aktivné Zeny prosazuje ve svych playlistech skrz
doporuceny poslech, posluchaci v organickém poslechu gender gap jesté prohlubuji. Prace
pfedstavuje nové téma Ceskému akademickému prostredi, ve kterém se podobny vyzkum
zatim neuskutecnil. Pro moznosti budouciho vyzkumu ptiedstavuje zajimavou moZnost, jak

diky ¢iselnym atributiim pisni hudbu Ize zkoumat pomoci kvantitativnich metod.

Kli¢ova slova

genderova nerovnost, populdrni hudba, Spotify, gender studies, kapitalismus platforem,

hudebni primysl
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Introduction

“It is really hard sometimes for women in music. It’s like a f-king boys club that we just

can’t get into.”

- Lady Gaga, accepting the Woman of the Year honour at Billboard's Women in Music,
2015

The acceptance speech that Lady Gaga gave at Billboard’s annual Women in Music
event for winning the Woman of the Year award in 2015 encapsulates women’s struggle in
the music industry. Female artists are underrepresented in practically every aspect of music
production, some more than others. A reflection of the inequality in music can be found in
music awards, specifically Grammy Awards. Journalists and public figures criticise the
Recording Academy (its organiser) for the lack of female representation in the nominee’s
and the winner’s lists each year. Both lists undergo thorough investigation in the media to
reveal possible gender gap. In 2018, the pop solo performance award went to Ed Sheeran for
his hit “Shape of you” over four other women nominees (Lady Gaga, Kesha, Pink, Kelly
Clarkson). It was not until 2021 that the media and audience finally praised the Academy for
giving women the spotlight they deserved.

The Grammy awards with their 61-year tradition have gone through several changes
in management in 2018 after CEO Neil Portnow addressed the criticism on gender inequality
of the awards by claiming that women need “to step up because they would be welcome [in
the music industry]” (Weaver, 2018). He was replaced by Deborah Dugan, who pledged to
implement several recommendations prepared in collaboration with Michelle’s Obama
former chief of staff, Tina Tchen. However, Dugan was fired in 2019 for misconduct after
less than a year in function and then filed a discrimination complaint only a few days before
the ceremony in 2020. This dispute, together with allegations of overlooking artists of
colour, jeopardised the Academy’s credibility. As a response, they introduced several
initiatives dedicated to increasing the racial and gender diversity of the award committee.
The turnaround in 2021°s Grammys ties to their new executive producer Ben Winston, who
replaced Ken Ehrlich, who had worked on the show for the past 40 years. Even during the

pandemic, the show successfully glossed over the increasing amount of critique. It celebrated



several women, such as Cardi B, HER, and Beyoncé¢, who became the most awarded singer

of all times.

However, a study by Stacy L. Smith (2019) reveals substantial underrepresentation of
women in music in her annually updated study. For example, the study revealed that female
songwriters wrote 12.9 per cent of the songs in the Billboard’s Hot 100 chart. The top female
songwriter, Nicki Minaj, credits 19 songs during the period, while the most credited man,
Max Martin, has 44 writing credits. Women produced only two per cent of the top 100 songs.
The gender ratio in the songs was 3.6 men to every woman. The disparity prevails in the

lower-popularity levels as well.

Throughout this thesis, the research will be directed at one of the lower-popularity
levels, specifically local music. It will study Czech music on the music streaming platform
Spotify. The majority of the existing research focuses on Anglo-Saxon settings, and the
applicable theory is constructed on Western tradition. By focusing on Czech Spotify, I will
introduce this topic to local academia and verify whether the results and theory are also

applicable to the Czech setting.

The platform offers a wide variety of music and is very popular among users. Songs
from Spotify-made playlists offered to the Czech audience and chart “TOP 200” will be
analysed. With this data for the period May 2020-March 2021, and additional information
about the songs, we can answer the main research question, “To what extent is Czech Spotify
gender-biased?” There are two research sub-questions to offer insight into the potential
gender inequality on Spotify. The first sub-question: “Do major record labels promote
female artists better than small ones?” will help me examine the relationship between record
labels and the effectiveness of their song promotion techniques. The second sub-question
focuses on the numerical representation of songs’ attributes. I will assess all songs based on
their numerical attributes and examine whether songs by female artists have different
characteristics than male artists — “How do song attributes differ from female artists to male

artists?”
The hypotheses for each of the research questions are:
MRQ: Czech Spotify is gender-biased, there are more male artists than female.

RSQ 1: Major record labels promote female artists better than small record labels.



RSQ 2: On average, songs by female artists have different song attributes than songs
by male artists, and that affects their popularity on the platform. Songs by
female artists have higher speechiness and acousticness and have lower

danceability and energy.

The theoretical base of this interdisciplinary research stretches over three main fields
— theory of platforms, popular music theory, and gender studies. First, crucial concepts of
each topic will be presented to define the research field and situate the problem of gender
inequality of music platform into context. Second, I will conduct the analysis by assigning
gender to each artist in the dataset, adding a record label and other characteristics. This data
should provide enough information to reveal whether there is a gender gap in Czech Spotify.
Additionally, it will be studied whether Spotify discriminates against women on the platform
and whether other factors, such as record label, song attributes, month of release, and others

influence gender inequality.

The contribution of my research lies in providing evidence for potential gender bias
on Czech Spotify, introducing the interdisciplinary topic to local academia, and shedding

light on gender inequality within Czech music based on proof from local data.

The thesis is structured as follows: First, I will present crucial concepts in the theory
of platforms applicable to Spotify. [ will also mention the limitations of platforms that affect
their behaviour towards users. Second, I will summarise the history of popular culture theory
and its main concepts. Third, gender studies will be described, together with the
characterisation of the portrayal of women in popular music. Then I will present influential
works in the field that inspired the research design and the research methodology in chapter
six. After that, the analysis results will be summarised in accompaniment of tables and

graphs for better understanding.



Theoretical Framework

1. Spotify — a New Media Object and a Streaming Platform

In this chapter, I will introduce different theories applicable to the platform Spotify.
The two defining terms I will work with in this chapter are “media” and “platforms”. These
concepts help us integrate Spotify into the theory of new media and the theory of platforms.
The theories I will present in the chapter will be primarily built on the theory of New Media
Object by Lev Manovich, the theory of platform capitalism by Nick Srnicek, and the theory
on platform society of José van Dijck. Finally, I will discuss the limitations of the platforms

we should bear in mind while studying and work with them as users.

Spotify provides easy access to a substantial library of media, namely music and
podcasts. Additionally, Spotify should be considered a social medium (Hernandez, 2020).
Its integration with Facebook offers another way to connect and socialise with people and
share our music taste to create a social network personalised to each user. When users
connect their Spotify platform to Facebook, they can automatically post any song they listen
to, and their Spotify home page will show them what their friends are listening to at any

given moment.

There are numerous definitions of the word “platform” among academic discourses,
mainly because the term encompasses different aspects in diverse fields (media, IT,
sociology) and can be defined differently for each application. Muffato and Roved (2002)
define platforms as “a set of subsystems and interfaces intentionally planned and developed
to form a common structure from which a stream of derivative products can be efficiently
developed and produced”. Baldwin and Woodar (2009) see the platform as “a set of stable
components that supports variety and evolvability in a system by constraining the linkages
among the other components”. We can work with these definitions, and because they can be
applied to Spotify, we establish it as a platform (Srnicek, 2017). With its purely technological
nature, we can call Spotify a digital platform, helping artists publish their music and make it

accessible to listeners (Dijck et al., 2018). Fundamental features of a digital platform are:
1) Ease of use and immediate appeal for users;

i1) connectivity through the use of APIs that allow third parties to extend the
ecosystem of the platform and its capabilities;



ii1) facilitation of exchanges between users (producers and consumers);

iv) providing value to the community and as a function of the size of the
community (the bigger the community, the more value the platform can provide
to all parties involved);

v) ability to scale without causing performance degradation (Watts, 2020).
Spotify meets all the criteria mentioned above.

1.1 Spotify as a New Media Object

In his book, The Language of New Media, Lev Manovich introduces systematic theory
on new media, places them within the histories of media cultures, and most importantly,
presents characteristics that a new medium should bear. As already mentioned, we can
classify Spotify as a medium. In the following section, I will work with the new media

theory, and I will apply Manovich’s theory of new media on Spotify.

“The identity of media has changed even more dramatically than that of the computer”
(Manovich, 2001, p. 27). Manovich summarised five critical differences between old and
new media: Numerical Representation, Modularity, Automation, Variability and
Transcoding. Even though he explains that not all new media should follow these rules, with
the higher development of computerisation affecting our culture, the differences should

increasingly manifest themselves.

Numerical Representation

The Numerical Representation principle talks about new media evolving from an
analogue form. They are now composed of digital code and can be a numerical
representation of the former analogue form. This representation has two consequences: the

media can be described mathematically and be subjected to algorithmic manipulation.

Applying this principle to Spotify, the platform created on a computer runs on
programmed codes and algorithms and can be changed anytime by its developers.
Historically, recording and reproducing music ranges from vinyl records to cassettes,
followed by digital Compact disk (CD) to MP3 files. The next step in the digitalisation of

music was online music sharing and streaming.



Modularity

Modularity principle or the “fractal structure of new media” tells that the same way “a
fractal has the same structure on different scales, a new media object has the same modular
structure throughout” (Manovich, 2001, p. 30). Specifically, a new media object is made of
discrete samples (pixels, characters, scripts), which are assembled into larger-scale objects

but continue into even larger objects, which can create further larger objects and so on.

With Spotify, we can say that this principle manifests in individual songs and podcast
episodes uploaded to the platform. Further decomposition produces individual audio tracks
that break down into tones, voice, vowels, consonants, and other pieces. Conversely, said

songs could be composed into playlists.
Automation

The first two principles described above (Numerical Representation and Modularity)
result in the third one — Automation. It describes the automation of many processes involved
in creating, manipulating, and accessing a new media object. Therefore, human intentionality

can be (at least partially) removed from the creative process.

Automation is an integral process in the construction of Spotify. The platform’s basic
structure is tailored individually for each user, using algorithms and machine learning for

the tightest personalisation possible.
Variability

Another consequence of the first two principles is Variability. It describes that a new
media object is not something fixed once and forever, but rather something that can be

changed and can exist in many (infinite) versions of itself.

We can say that every Spotify user has their version of the platform, and different users
should get a differently personalised experience. The developers write a code, and every
listener gets an original that is further customised using algorithmic customisation for a

unique experience.
Transcoding

Manovich describes the last principle as “the most substantial consequence of the
computerisation of media” (p. 45). When a new media object is created, it becomes a part of

computer data. While the object still displays structural organisation that makes sense to a

10



human user, it also follows the conventions of the computer’s organisation. Manovich talks
about a “cultural layer” and a “computer layer” (p. 46) for the two organisations described.

The layers influence each other and create a new “computer culture”.

These two layers shown on Spotify would be the musical experience and platform’s
visual design acting as the cultural layer, and the computations, algorithms and data

collecting taking place in the backdrop would be the computer layer (Manovich, 2001).

1.2 Spotify as a streaming platform

The latest transformation of the internet relates to an ever-increasing application of
platforms — architecture built to use specific components on the web easily. In the following

section, I will present the theory of platforms that serves as a basis for my research.

1.2.1 Platform century

The creation of platforms is tightly connected to capitalism. After the financial crisis
in 2008, the change of financial course shifted the focus on data in all forms — the digital
economy arose (Srnicek, 2017). Three main reasons cause this growth: loose monetary
policy after the financial crisis, significant growth in corporate cash allowing for
investments, and tax havens. Tax evasion is especially easy for tech companies (Apple,
Microsoft, Facebook) because they only need to move intellectual property rather than entire
factories. Furthermore, after the crisis, unemployment rose, and the workers have been
highly vulnerable to exploitative work conditions. After the crisis, the capitalism we live in

has restructured, mainly focusing on the growth of technology (Srnicek, 2017).

The 21* century found a new raw material to utilise data, and the whole society is
centred around it. The claim was first presented by Clive Humby in his article “The world’s
most valuable resource is no longer oil, but data” (Humby, 2017). For the purpose of this
thesis, I will use the following definition of data: factual information in digital form
(Cambridge Dictionary, 2020). Data includes its recording and its material; hence data
centres are needed with storage and power. Also, data collection is not an automated process
— most data must be cleaned, organised, and analysed to be applicable for further research.
For the capitalist business model to be successful in the modern world, production had to be

changed.
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In the previous model, the goods were produced in the factory, then transported to a
shop and sold with little or no information about the transaction going back to the beginning
of the process to improve it. The model that emerged to utilise, extract, and analyse the data
is built on platforms (Srnicek, 2017). Companies from different fields collect and process
their data via platforms - for example, technology companies (Facebook, Google, Amazon),
start-ups (Uber, Airbnb), industrial leaders (Siemens, General Electric Company), and
agricultural experts (Monsanto, John Deer). Rifkin (2014) calls this new emerging economic
paradigm the ‘Collaborative Commons’, adding that we are currently going through a hybrid
economy combining capitalist market and Collaborative Commons. The interconnected
global network in the Collaborative Commons is working on the Internet of Things (IoT).

Xia et al. (2012) explain the term:

IoT refers to the networked interconnection of everyday objects, which are often
equipped with ubiquitous intelligence. IoT...[is] integrating every object for
interaction via embedded systems, which leads to a highly distributed network
of devices communicating with human beings as well as other devices...IoT is
opening tremendous opportunities for a large number of novel applications that

promise to improve the quality of our lives. (p. 1)

Ritkin (2014) explains how IoT helps to connect people: “[it] enables billions of
people to engage in peer-to-peer social networks...the platform turns everyone into a

prosumer and every activity to a collaboration” (p. 52).

An example of IoT usage could be security systems. Cameras are being installed in
homes, factories, offices, and public places detecting any suspicious criminal activity,
alerting security services for an immediate response, and collecting data for apprehending
criminals. In the future, every aspect of economic and social life should be integrated into a
global network working on IoT platforms. Rifkin (2014) predicts an increase in productivity
and a reduction in the marginal cost of producing and delivering goods and services to near

zero across the economy.

Platforms serve as intermediaries between actors on the market (producers, suppliers,
customers) and usually provide them with tools and infrastructure for their users to build
their products and marketplaces. They have a specific design that guides the interactions and

policy between the actors. It allows them to build their own components and complete the

12



final interface. Additionally, platforms are not tied to a specific place and can operate
“anywhere, where digital interaction can take place” (Srnicek, 2017, p. 25). The author of
the book Platform Capitalism adds another characteristic that platforms produce and rely on
— the so-called ‘network effects’ — the more users adopt the platform, the more worthwhile
it becomes. This effect leads to natural monopolisation between platforms because users are

most likely to join the most popular ones.

Nevertheless, platforms still need to develop new ways how to expand and gain more
users. For this, they often use cross-subsidisation — there are services that the platforms
provide for a lower price than its cost or even for free but other services are heavily paid to
compensate the losses. They must calibrate the balance between these two sides in order to

attract the most users.

Currently, Big Five platform corporations are shaping the way the industry is built.
These five tech companies serve as a centrepiece of companies that operate in most Western
platform ecosystems — Alphabet-Google, Apple, Facebook, Amazon, and Microsoft. Their

services are used by almost every platform user in the Western world, and

they also serve as online gatekeepers through which data flows are managed,
processed, stored, and channelled. Infrastructural services include search
engines and browsers, data servers and cloud computing, email and instant
messaging, social networking, advertising networks, app stores, pay systems,
identification services, data analytics, video hosting, geospatial and navigation

services, and a growing number of other services (Dijck et al., 2018,p. 13).

Even though any of the five companies do not own Spotify, its services are directly

connected to Facebook through login and the possibility of connecting with friends.

1.2.2 Platform Mechanisms

Dijck et al. (2018) talk about three main mechanisms as driving forces of the
ecosystem of platforms: datafication, commodification, and selection. Platform mechanisms
work through the interaction between technologies (in the form of data structures,
algorithms, and interfaces), commercial strategies, and user practices developed by

individuals, corporations, state institutions, and societal organisations (Dijck & Poell, 2013).
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Datafication

Platforms systematically and constantly capture and analyse user data and circulate
them through application programming interfaces (APIs) to third parties and back to the
users, allowing them to keep track of their friends, public events and engage in the public
economy. The importance of datafication keeps increasing, and platforms collect more user
information, including moods, opinions, and sentiments. Capturing data about citizens and
customers is a traditional practice of businesses that have always depended on demographic
and audience data (Gerlitz & Helmond, 2013). However, during the rise of platforms, data
capturing intensified and the quality of quantification rapidly improved (e.g., via friending,

liking, following, sharing).

Data collection is essential in platform architecture — discreet to the user but really a
complex system allowing companies to profile demographic, behavioural, and relational
characteristics of users (Andrejevic, 2013; Dijck et al., 2018). The data that platforms collect
is constantly being exchanged between numerous services and third parties. With their
monopolistic position, the Big Five platforms control practically all data and its circulation,
usually through APIs to third parties that provide control over the access of the data and “can
remix and remake proprietary data owned by corporations such as Google, Facebook, and
Twitter into new applications and programmes* (Qiu, 2017, p. 1). Third parties can get more

data if they either engage in a partnership with the Big Five or pay a subscription fee.
Commodification

The process of commodification consists of transforming online and offline goods,
emotions, activities, and ideas into tradeable commodities. Their value is measured in at least
four categories: money, attention, data, users. Commodification is allowed by an enormous
datafication and continues through selection, and the party which offers the commodity
needs to connect with the party who wants it. It takes place in a multisided market (Boudreau,

2017) where end users are connected with advertisers,

to succeed as a multisided market, a platform must link as many users to their
respective sides; one dominant strategy to bring end users on board is to offer
them free access to the platform, while advertisers and service providers are

offered low-cost tools to target end users (J. van Dijck et al., 2018, p. 38).
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With users trying to promote themselves, their services and content, the
commodification of data intensifies, which drives more traffic and more power to

monopolistic platforms (e.g., the Big Five).
Selection

Platforms shape the way users interact through the selection or curation of most
relevant services, actions, interactions, and offers. Traditionally, such a key role in
influencing one’s surrounding belonged to experts, role models, journalists, friends, and
family. The expert-based judgement is now replaced with a user-driven and algorithm-
produced selection, utilising liking, sharing, following, ranking, recommending, and others.
The process of selection describes the ability of platforms “to trigger and filter user activity
through interfaces and algorithms, while users, through their interaction with these coded
environments, influence the online visibility and availability of particular content, services,
and people* (Dijck et al., 2018,p. 41). Selection is influenced not only by user practices but

also by commercial ones.

The types of selection present in platforms are personalisation, reputation, and trends
and moderation. Personalisation describes adapting the content for each user based on their
data and large user groups with similar interests. The personalised content is also determined
by trends (popular interests and topic within a larger user population) and reputation based
on other users’ or apps’ ratings. The platforms regulate the content they allow to share and
the service usage. This moderation can lead to much controversy as moderation can be seen
as either too strict or too tolerant. The central aspect of content moderation is usually terms
of service, automated technologies, and procedures. Still, platforms also employ thousands
of human moderators who evaluate potentially violating content, which is generally already

reported by a user (Dijck et al., 2018).

1.2.3 Product Platforms

Srnicek (2017) divides the platforms into five categories based on their main subject
of business. Advertising platforms (Google, Facebook) are based on obtaining information
about their users, processing them, and using the resulting output to sell targeted ad space to
a particular user. The second type is cloud platforms (Salesforce, Amazon Web Services)
that rent out software (e.g., automation, customer service) and hardware (storage) to any

business that needs it. Industrial platforms (Siemens, Rockwell) offer the know-how,
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software, and hardware necessary to transform the business from the traditional model and
implement internet-connected processes, lower costs, and transform the goods into services.
The fourth type that I will expand on more in the following paragraph is product platforms
(Spotify, Zipcar), which transforms goods into services that can be rented and generate profit
from the rent or subscription fee. The last type is lean platforms (Uber, Airbnb) who own as
little as possible in assets and profit by outsourcing costs and venture capital welfare. Some
companies can fall into more than one category. For example, Amazon started as an e-
commerce service, but it heavily invests in logistics areas and cloud services to be classified

into several listed categories.

Srnicek (2017) explains that on-demand platforms were enabled by developments of
the internet of things and cloud computing. The product platform and the lean platform both
fall under this category. In the following section, I will characterise the former with Spotify

as an example of a product platform.

A product platform is a system of services that connects those who produce or own a
good that has value and those who consume something of corresponding value. The platform
provides data to correctly match these two sides and present them with a way to interact and
communicate. For the music industry, a product platform was a way to revive its profits. In
the 1990s, illegal music downloading has become very accessible, recording labels lost most
of their profits and purchasing CDs (compact discs) practically came to a halt. With the
advancement of platforms like Spotify, Pandora or Deezer, record labels and advertisers
finally gained profit again in 2016 (Srnicek, 2017). The author of the book Platform
Capitalism explains the popularity of product platforms with their subscription fee business

model:

Part of what has enabled these product platforms to flourish in recent years is the
stagnation in wages and the decline in savings...as less money is saved up, big-
ticket purchases like cars and houses become nearly impossible and seemingly

cheaper upfront fees appear more enticing. (Srnicek, 2017, p. 38)

1.3 Platform Limitations

The expansion of platforms and data collecting about each user naturally brings
numerous advantages and progress for the whole society. However, some questions of data

protection, filtering information, and unbiased access to the internet, have been discussed.
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In the following section, I will mention three limitations that are usually part of the debate,
which will also be reviewed in the data analysis. Chapter four is then dedicated to the

limitation of gender inequality — central to this study.
Automation Bias

A phenomenon called Automation Bias has been observed in every computational
domain, and it describes over-reliance on automated decisions made by computers rather
than those made by humans. Even when the decision conflicts with other observations under
automation bias, “we value automated information more highly than our own
experiences...[it] is clear and direct, and confounds the grey areas that muddle cognition”
(Bridle, 2018, p, 49). The validity of automated decisions further enhances another
phenomenon - Confirmation Bias, which reshapes the way we think about the world to bring
in better computational solutions “to the point where we may entirely discard observations
inconsistent with the machine’s viewpoint” (Bridle, 2018, p. 49). The foundation of these
biases lies in humans trying to engage as little amount of cognitive work as possible when
under time pressure (S. T. Fiske & Taylor, 2013). This interpretation is supported by
Claussen et al. (2019) in their experiment on human versus algorithmically curated news in
a large German news outlet. They found that “personalized recommendation can outperform
human curation in terms of user engagement”. However, breaking news leads the editorial
picks to perform better. Additionally, “users associated with lower levels of digital literacy
and more extreme political views engage more with algorithmic recommendations”

(Claussen et al., 2019, p. 1).
Filter Bubbles

With the extent of datafication in society, there is too much data for a single person to
be able to choose what is relevant. In the information overflow we face today, personalisation
is a tool to sort through an enormous amount of data to access the ones relevant to us. Pariser
(2014) talks about “Filter Bubbles” — each user gets their own invisible filter for personalised
content. For the first time in history, a medium can figure out what kind of person you are
(without directly asking), what you like and what you want to see on their sites. It is accurate
enough to be profitable by offering suited ads and adjusting the page’s content (what they

offer you to read, see, shop, hear, etc.).
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However, he warns that these bubbles enhance individualism because everyone is
alone in their bubble. We do not know the criteria that the platform uses to choose the right
content for us, although we can view the interests linked to our user with some platforms.
Lastly, Pariser talks about making our own decisions about what kind of information we
receive. With Filter Bubbles, we cannot choose to control them, and because the platform
uses the bubbles to increase its profit, it will be increasingly more difficult to avoid this
personalised content. Pariser adds the shift from what was expected from the internet:
“While [it] has the potential to decentralize knowledge and control, in practice it’s
concentrating control over what we see and what opportunities we’re offered in the hands of

fewer people than ever before” (Pariser, 2014, p. 252).
Inequality

Further progress of technology is a key driver of inequalities of many kinds. While
during the 20th century, economists believed that in advanced economies, economic growth
would reduce the disparity between rich and poor, now the internet itself paths the way to
inequality “as network effects and the global availability of services produces a winner-
takes-all marketplace” (Bridle, 2018, p. 126). Automation across economic sectors threatens
human employment, and every year, skills are “rendered obsolete by machines; and even

those who programme the machines are not immune” (Bridle, 2018, p. 126).

Another kind of inequality suitable for our analysis is gender-related. Detailed

evidence on digital gender inequality is described in the fourth chapter.

The problems presented above tied with technology have emerged during the past two
decades. During the beginning of the internet, the academic community focused on the
positive aspects it would bring, such as better access to information, services, education,
health care, reducing inequality, and more benefits. However, with further development of
the technology, the other side emerged. We should be aware of the undesirable outcomes the
internet brings, connected with companies’ desire to gain profit. Nowadays, we need to take
these issues into account when studying the effects of the internet, but we should also be

aware of them as ordinary users.
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2. Spotify

Spotify is an audio streaming platform that launched in 2008 and based in Stockholm,
Sweden. It was created in the atmosphere of growing online audio streaming to challenge
online music piracy in the early 2000s. The company has gone through unprecedented
growth and, together with Apple Music, shares the position of the biggest streaming
platforms in the world. Spotify’s collections include over 50 million songs and over 1 million
podcasts. Its business model has become an example for other services that utilise digital
technology to transform goods into services. Numerous companies added the suffix -ify to

their name, indicating a similar company’s operation to Spotify’s (Vonderau, 2019).

In the following chapters, I will discuss a possible driving force behind the inclusion
of certain songs in playlists. I will talk about Spotify’s users, artists on the platform, essential
building blocks — playlists, method of content personalisation, major record labels and their
possible control over the platform, and Spotify’s female campaigns. The gained knowledge

about the platform should help us understand the workings behind its operations.

2.1 Listeners of Spotify

There are two types of subscriptions for users on the platform — Free and Premium.
Out of 286 million monthly active users, around half of them use Spotify for free in exchange
for restricted user functions, lower sound quality and occasional ads between songs. The
song and playlist collection, however, is accessible in total quantity. The monthly fee for
Premium is 10 dollars with discounts for students, couples, and families. Premium users can
enjoy full access to platform functionalities. 44% of all the users listen to Spotify daily, and
they use the platform on average for 25 hours per month (Igbal, 2021).

The platform can be accessed from any smart device, including smartphone, laptop,
tablet, and computer. The songs and podcasts can be downloaded to any device for offline
listening with Premium. Regarding the users’ distribution throughout regions — most
monthly active users are in Europe, followed by North America and Latin America. In North
America, Spotify shares the market with most of its competitors - e.g., Apple Music,

Pandora, Amazon Music (Igbal, 2021).

To correctly interpret the results of my gender analysis, I will present a few figures

regarding listeners of the platform. According to MusicWatch (2019), the women to men
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ratio of music streamers, regardless of platform, is almost balanced (49% women and 51%
men). Breaking down the consumer profile further, Verto Analytics (2018) issued a detailed
overview of music listeners for each audio streaming platform. Spotify is the most male-
dominated platform compared to its main competitors (Apple Music and Pandora). Out of
all users, 56% are men and 44% women, with people under 34 years making up the most of
listeners. Another source, website Everynoise.com which is also the source of data from my
analytical research, states (based on daily global Spotify listening data) that there are 43.5%
female listeners. The website even offers other statistics on listening patterns by gender:
female listeners stream 30.8% from female or mixed-gender artists, while male listen to only

17.9% from these artists (Everynoise.com, 2021).

Year 2014 2019
Gender
Male 49% 49%
Female 51% 51%
Age
13-24 12% 24%
25-34 16% 20%
35-44 22% 18%
45-54 27% 16%
55+ 24% 22%
Race
Black/African American 11% 14%
Not Black/Not Specified 89% 86%
Ethnicity
Hispanic Ethnicity 15% 18%
Not Hispanic Ethnicity 85% 82%
Favourite Genres
#1 Pop/Top 40/Current Hits 80s-90s Hits
#2 Classic Rock (60s-80s) Classic Rock (60s-80s)
#3 Country Rap/Hip-Hop

Table 1: Music Streamer Profile [source: (MusicWatch, 2015, 2020), composed by author]
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In the table above, we can see the demographic characteristics of music streamers. The
sample comprises listeners of all platforms, both free and paid version (not only Spotify, but
we can assume very similar distribution for our platform). We can see that there were almost
no changes in the distribution during the five years between 2014 and 2019. The proportion
of female to male users is almost exactly 1:1, and similar shares represent all age categories.
The race of the majority of streamers is not black, and the majority does not have Hispanic
ethnicity (race and ethnicity division is not applicable for my research but is an essential part
of the discussion in the international music environment). Favourite genres stay almost the
same throughout the years — 80s-90s Hits, Classic Rock (60s-80s), and Country was during
the five years replaced by Rap/Hip-Hop. The first two genres represent singles released in
the previous century, and Rap/Hip-Hop is the only one that incorporates newly released
songs. In my research, I will validate whether rap/hip-hop is the most popular genre of songs

released in 2020 and 2021 in the Czech Republic, too.

2.2 Spotify for artists

It 1s easier for artists to enter the platform with the help of a record label. In theory,
there is no barrier of entrance to the platform for independent artists, but it is much harder
for them to get their music to be seen and promoted. Around 87% of music streamed on
Spotify comes from artists represented by one of the four major record labels (Sony,
Universal, Warner and Merlin). The system to pay artists is the so-called pro-rata, which
means that Spotify puts together all of the money generated by advertisement and
subscriptions and then divides these to artists based on streaming. This way, subscriber’s
monthly fee does not go to artists they streamed the most, but instead to the most-streamed
artist that month (Kopf, 2019). Estimates for stream worth paid for artists vary between
$0.0032 to $0.0084 per stream (Igbal, 2021).

2.3 Playlists

While record labels make money from publishing albums, Spotify’s business model is
built on playlists. The platform therefore offers a variety of background music catered to any
occasion, at any time of day. There are several ways to create a playlist. Most of the playlists
are created by users themselves, but these usually only have a handful of followers, typically

their friends. The platform also offers playlists created and maintained by record labels or

21



brands (such as Ceskd Scéna by Universal Music Czech Republic with almost 19 000
followers or H&M In Store Music by H&M with over 70 000 followers).

However, the biggest, most important and followed playlists are those curated directly
by Spotify’s editors — acting as gatekeepers for the platform. “Around a third of Spotify
listening time is spent on Spotify-generated playlists...” (Passy, 2018). “Spotify-created
lists attract roughly three-quarters of all the followers of the top 1,000 tracks on the platform”
(Passy, 2018). They utilise the algorithmic approach and analyse streaming to create popular
playlists, including as many future hits as possible. This way of accessing music is called
“recommended listening”, because users do not find the songs themselves and allow Spotify
to recommend them what to listen to. Most popular Spotify-created playlists are dominated
by musicians signed with major record labels, such as Universal Music Group, Sony
Entertainment and Warner Music Group. The superiority of these influential labels leads to
a discussion about favouritism of established popular labels and disadvantages for artists

represented by independent labels.

The most followed playlist on the platform — Today’s Top Hits, has over 27 million
followers (November 2020). If a song is added to this playlist, it guarantees a rise in streams
and followers for the artist. Aguiar Wicht et al. (2018) examined the effect of inclusion of a
song in a playlist on promotion and the discovery of new artists. They observed the rise of
streams by almost 20 million after inclusion in Today’s Top Hits playlist (Aguiar Wicht &
Waldfogel, 2018). Salganik (2006) proved that social influence plays a significant role in the
popularity of a song. An individual makes a decision based on a previous participant’s choice
— popular songs become more popular and unpopular become less popular. (Salganik, 2006)
However, before a song can enter one of the most popular playlists, it must go through a
thorough pitch process, which requires a certain familiarity with the setting. The complexity
of the process gives an industry advantage to major record labels who have more experience
with getting a song into those popular playlists and know the process better than independent

and small labels.

2.4 Personalisation

Spotify gained such a significant influence on the music scene using personalisation,
algoritmisation and datafication. The company came up with a unique system for

recognizing different aspects of music and investigated data on over 16 million US users to
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learn their music taste and habits on the platform (Way et al., 2019). With such an extensive
study, they can offer every user (even the free subscription users) a personalised experience
of listening to music — from a unique home screen to unique playlists based on one’s specific

music taste.

We can take the “Discover Weekly” playlist as an example of this personalised
approach. This playlist was introduced in 2014 after Spotify acquired an Al start-up, the
Echo Nest. It assigns a score to each artist based on your previous listening and your
favourite genres, goes through the music you played in the past and searches playlists of
users who listen to similar music looking for a song that you have not heard yet and would
like. The same approach is applied for automatic playlist continuation — when a playlist you
listen to ends, Spotify continues playing songs similar to those put in your playlist. Other
algorithmic playlists are “Daily Mix” playlists that sort your listening habits into six different
categories (genres) and offer you previously listened to songs mixed with new ones you
should like; and “Release Radar”, where you can find the newest music from artists you
listened to in the past. While writing this thesis, Spotify added even more personalised types
of playlists — genre, artist, and decade mixes — offering songs based on your previous
listening categorised by the corresponding theme. The platform displays all these
personalised playlists on your home screen together with the recently played category, your

favourite artists, and popular podcasts.

Spotify has an exceptionally engaged audience that spends more time listening to
music on the platform thanks to its personalisation. Engaging the audience results in higher
profits for Spotify and more opportunities for advertisement. People do no mind sharing their
personal data in exchange for such a conveniently personalised experience. Studies show
that discovering music makes people feel good, improves their mood and boosts happiness
(Spotify, 2020). The platform can take advantage of its engaged audience that trusts it and

make higher profits from advertising.

2.5 Do major record labels have a say?

Spotify negotiated with major record labels for two years before it first launched its
platform. The labels did not want to share their content on the platform until Spotify agreed
to give them an aggregate 20% stake in the company. Nowadays, Sony Music Entertainment

and Universal Music Group own jointly between six and seven per cent of ordinary Spotify
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shares (estimates of sources vary). Merlin and Warner Music Group, who owned around 5%,
cashed out their shares right before Spotify was listed on the New York Stock Exchange
(Ingham, 2020).

Record labels owning shares of Spotify raises suspicion that labels promote their
signed artists in the most popular playlists to secure them higher profits. The four record
labels (Universal, Sony, Warner and Merlin) jointly claim around 78% of all music streams
on Spotify (Ingham, 2021). Whether their significant market share is generated purely by the
large number of signed artists or they take advantage of their ownership in the company to

pursue their particular interests will be the subject of my research.

Spotify signing expanded global licensing agreements with each major label further
illustrates a tight collaboration between them. These partnerships should (besides other
projects) lead to new podcast developments to “get an inside look at the work of their
favourite artists and songwriters” (Stassen, 2021). With this move, major record labels

ensure their leading position on the platform and within the music industry itself.

2.6 Feminist Campaigns on Spotify

Spotify addressed the criticism from its listeners that the representation of women
faces discrimination on the platform by releasing a campaign focused on women. In 2018
Spotify teamed up with a British company producing vodka Smirnoff, and together they
introduced Smirnoff Equalizer. The web site logged into your Spotify account and measured
how many men and women artists you listened to and suggested a personalized playlist that
would balance the ratio. The campaign went hand in hand with the introduction of a limited
edition of vodka called “Phenomenal You”. Smirnoff Equalizer is no longer available, but it
caught the attention of journalist Liz Pelly who conducted her experiment on gender

inequality on Spotify (Pelly, 2018). I will talk more about her experiment in chapter five.

A more recent campaign focusing on gender equality was released on International
Women’s Day in 2021. EQUAL Hub is now a regular part of Spotify’s collection of genres
and offers numerous playlists consisting of songs from female artists, divided by genres
(Women of Pop, Women of Folk, etc.) and celebrating women (Fierce Femmes, Queens of
Disco, etc.). There are also podcasts from female authors and newly released albums by
women. In the official press release, Spotify adds that it approached 15 organizations

worldwide to come up with a way to make the music world more accessible to women.

24



However, creating a “hub” dedicated to exclusively female artists is unlikely to result in the
equalization of genders on the platform. On the contrary, it leads to the marginalization of
women and suggests that gender should be viewed as a genre and artists should be acclaimed

for being female instead of the quality of their art (Pelly, 2018; Spotify, 2021).

3. Popular Music Theory

Listening to music is a part of everyday life for many of us. It has a significant impact
on our life. However, the established position of popular music is a recent outcome of
academic concentration on the topic tied with the multi-billion-dollar industry surrounding
popular music. This chapter is going to present the concept of popular culture and its critical
theories. Due to the interdisciplinarity of my research, theory on popular music will be
presented as well. From the three disciplines (platform theory, gender studies, popular music
theory), it is a field with the longest tradition, and it reveals how to study music and the other
two are (at least partly) based on it. I will introduce key concepts of media studies, popular

culture, popular music, and cultural studies and shortly describe the development of the field.

To work correctly with the terms in the following text, we should introduce some
crucial definitions. The term “culture” alone is used in various areas, with different meaning
of the word for each. In their collection of essays on cultural studies, Nelson, Treichler and
Grossberg (1992) say that it “holds special intellectual promise because it explicitly attempts
to cut across diverse social and political interests and address many of the struggles within

the current scene” (p. 1).
Leading figure of Birmingham cultural studies Raymond Williams (1985) proposes
three definitions of culture:

(1) a general process of intellectual, spiritual and aesthetic development;

(i1) a particular way of life, whether of a people, a period, a group, or humanity
in general;

(111) the works and practices of intellectual and especially artistic activity (pp.

90-91).

Shuker (2005) describes popular culture as coming from two directions: culture from
and for the people, and commercially oriented culture. He adds that when we use the

(134

adjective “popular”, we usually want to highlight that the product of the culture “is
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commonly liked and approved by a large audience or the general public” (Shuker, 2005, p.
70). This characteristic suggests the existence of ratings, charts, sales, and other indicators,
in order to uncover popularity. In my research described further in the thesis, I will use

Spotify charts to measure the popularity of songs among listeners.

In the following text, I will introduce the history of cultural studies, particularly the
two critical movements, Frankfurt School, and the Birmingham research centre. Further, I
will present the studies of popular culture, leading to the concept of popular music and its
crucial concepts. They will help us grasp the theoretical concept of gender studies and theory

of platforms that are both based on popular culture studies.

3.1  Frankfurt School

Systematic research of popular culture first came from the Frankfurt School, where a
philosophical variant of Western Marxism called “critical theory” was developed. From
Frankfurt in Germany, the scholars (e. g., Theodor W. Adorno, Herbert Marcuse, Max
Horkheimer) moved their research to the USA during the 1930s. The members of the
Frankfurt school criticised mass culture and especially popular music, claiming that it had
become another object in the capitalist system. They declared that mass culture helps
hegemony by creating individuals with no critical thinking who cannot see the world in its
complexity. Theodor W. Adorno, in his essay On Popular Music, talks about the difference

between serious and popular music, the latter based on standardisation:

A clear judgement concerning the relation of serious to popular music can be
arrived at only by strict attention to the fundamental characteristic of popular
music: standardization. The whole structure of popular music is standardized

even where the attempt is made to circumvent standardization. (p. 197)

Another aspect of standardisation is pseudo-individualisation, meaning that popular music
listeners need to think that they have free choice in an open market (Adorno & Simpson,

1941).

The establishment of cultural studies as an interdisciplinary field of studying culture
and its effects was induced by the migration of researchers from various cultural
backgrounds, changes in post-war society (cultural, technological, etc.). At non-existent

field at the time, that would focus on different aspects of culture. The discipline represented
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a reaction against the traditionally negative view of high culture tradition on popular culture.
This distinction between ‘high’ and ‘low’ culture was a focal point in the studies of the
scholars of the Frankfurt school. The distinction honoured the high culture — “the elite art
forms seen to provide the best that has been written, spoken or performed over the ages”
(Turner, 2003, p. 1). Low culture constituted of mass media and popular culture represented
inferior, inauthentic and manipulative mass culture, created solely for the purpose of being

purchased (Barker, 2003).

3.2 Birmingham School

Cultural studies were established in the Birmingham Centre for Contemporary Studies
(CCCS), founded in 1964 in the United Kingdom. Under the leadership of Stuart Hall during
the 70s, the centre accomplished significant expansions and recognition of cultural studies
as a scientific field across the whole world. The CCCS sought to observe the working class
from the inside, often leaving behind the rules for scientific objectivity (Turner, 2003). The
scholars talked about popular culture (as opposed to the Frankfurt school who used the term
mass culture), which allows for active participation of the audience, enables the possibility
of change and emancipation of society, thus creating a possible threat to hegemony. The
leading figures of the original movement include Raymond Williams, Richard Hoggart and
Stuart Hall. The research has a vast influence on related scientific fields (philosophy,
anthropology, sociology, literary and art criticism, and other fields). Its main areas of interest

are race (ethnicity), gender and class in the context of the production of cultural knowledge.

The scholars of Birmingham school helped destroy the prejudice of low and high
division of culture and revealed that much could be learnt about society by looking at the
acts of popular culture. In his essay, Culture is Ordinary, Raymond Williams explains that
culture is elite and “an interest in learning or the arts is simple, pleasant and natural”
(Williams, 1989, p. 4). He saw culture as an integral part of our lives which is also reflected
in his definition of culture, mainly in the second part: (i1) a particular way of life, whether of

a people, a period, a group, or humanity in general.

We can illustrate the difference between the Frankfurt school and CCCS on an
example of audience and how it is perceived differently by the scholars of the two
movements. Adorno (together with his colleagues from Frankfurt School) saw the products

of popular culture as very similar, repetitive, and manufactured. He argued that the audience
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passively accepts anything the popular culture produces. However, the people are not aware
of this, love what mass production offers them and feel that they have a wide variety of
products to choose from (Horkheimer et al., 2002). On the contrary, Fiske (and the scholars
of CCCS with him), sees the audience as an active participant in this relationship with media
being created to match their preference. “...[T]he power of the audience to interpret media
texts, and determine their popularity, far outweighs the ability of media institutions to send
a particular message or ideology to audiences within their texts” (Gauntlett, 2008, p. 27).
Fiske follows Hall’s encoding/decoding model, which has already predicted that the

audience could decode a media message on their terms (Hall, 2001).

3.3 Selected Concepts on Popular Music

There are four concepts central to cultural studies: hegemony, signs and semiotics,
representation and discourse, and meaning and struggle. Hegemony describes a predominant
influence or authority and will be further utilised in chapter about gender studies. Semiotics
studies signs or words, lyrics and songs in our case. Representation and discourse talk about
critically understanding our culture, and meaning and struggle describe how we take culture

for granted (Hall, 2006).

During the 1970s and 1980s, the focus of popular culture shifted to recently introduced
visual media — television, leaving music behind. However, some authors still chose to focus
on popular music, for example, Simon Frith with his overview on the development of
popular music in publications On Record: Rock, Pop and the Written Word, Performing
Rites, Taking Popular Music Seriously or Angela McRobbie, who focused on the feminist
aspect in her books Feminism and Youth Culture, Feminism and the Politics of Resilience or

The Aftermath of Feminism.

The evolution of popular culture and popular music is tightly connected to capitalism
and the need for profit, even in culture. John Fiske explains the contradiction of popular

culture in industrial societies:

On the one hand it [popular culture] is industrialized — its commodities produced
and distributed by a profit-motivated industry that follows only its own
economics interest. But on the other hand, it is of the people, and the people’s

interests are not those of the industry — as is evidenced by the number of films,
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records, and other producers that the people make into expensive failures. (Fiske,

2007, p. 23).

Further insight into the interconnectedness between capitalism and products of popular

culture was examined in the first chapter.

The new wave of publications on popular music in the 1990s resulted in establishing
the field and creating courses about popular music or the relationship between popular
culture and media studies (Frith et al., 2001). This well-established position in the academic
world tied with a multi-billion-dollar industry that surrounds popular music demonstrates

the firm position popular music has gained in our society throughout the decades.

4. Gender Studies

In this chapter, I will present key works in gender studies relevant to my research.
First, I will define concepts that will be used throughout this study and then I will shortly
present the history of views on gender throughout the 20" and the 21% century. Second, I
will discuss evidence of a gender gap in the digital sphere, followed by a section aimed at
women in music. This overview should give sufficient background on gender in music and

society, in general, to make research conclusions based on the theoretical foundation.

First, a few definitions of terms that will be used in the text. Gender is a social category
that is constructed based on sex in a biological sense. Judith Butler talks about the relation
between sex and gender: “...distinction between sex and gender serves the argument that
whatever biological intractability sex appears to have, gender is culturally constructed:
hence, gender is neither the causal result of sex nor as seemingly fixed as sex” (Butler, 2006,
p. 8). While sex is a biological characteristic of each human individual assigned at birth,
gender is a socially constructed characteristic affected by social norms, roles, and

relationships, that can be based on biological traits.

4.1 History of Gender Studies

Studies with a focus on gender equality and related topics started to gain importance
in the 1960s and have been evolving since. During the first half of the 20" century, Structural
Functionalism was the central paradigm in sociology research. Structural functionalists saw

masculinity and femininity as natural, and any attempt to change the definition of these terms
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would have no effect. Women and men are supposed to be opposites and complementary.

(Renzetti et al., 2014).

Gender stereotypes are traditional roles that have been attributed to gender, i.e. women
should be feminine and behave that way (Renzetti et al., 2014). These roles occur on three
levels throughout society and together form a gender structure: interpersonal level for each
individual, cultural level for the whole society, and institutional level affecting redistribution
of resources. Barbara J. Risman (2004) talks about the consequences of gender structure on

each level:
(1) At the individual level, for the development of gendered selves;

(2) during interaction as men and women face different cultural expectations
even when they fill the identical structural positions;

(3) in institutional domains where explicit regulations regarding resource
distribution and material goods are gender specific (Risman, 2004, p. 433).

We can see that these consequences have the potential to influence how society operates and
assign different standards to each gender. That can lead to endorsing one gender at the

expense of the other, leading to inequality.

After the paradigm revolution in sociology during the 1960s, provoked by social
protests and activism, a Feminist Sociology of Gender started to gain popularity. The newly
established paradigm recognized the importance of both nature and learning in recognition
of gender in oneself. However, the biologic influence cannot be precisely assessed because
the learning process starts immediately after birth. “Feminists view gender, in part, as a set
of social expectations that is reproduced and transmitted through process of social learning”
(Renzetti et al., 2014, p. 7). This paradigm built a foundation for the formation of gender

studies as we know them today.

Renzetti (2014) further adds that gender studies focus on the inherent sex bias or
sexism (valuing one sex over the other) present in (not only) sociology research. Their
primary concern is to study the position of women in society, mainly because women have
been overlooked in research for a long time, and many scientific conclusions have been made
based on men’s experience. In their research and teaching, sociologists add gender as a
fundamental category because they believe it is a key to understanding other social relations

and interactions. Ultimately, they advocate for social change to eliminate gender inequality.
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4.2 Is Binary Gender enough?

In her influential publication, Gender Trouble, Judith Butler warns against the
unconditional absorption in gender phrasing of the world, and one should always consider
particular settings and contexts of a problem. She argues that “women” is not an exhaustive
term, and it leads to the impossibility to separate the gender and cultural intersections. “If

one ‘is’ a woman, that is surely not all one is; the term fails to be exhaustive” (Butler, 2006,
p. 4).

In their book, Glitter up the Dark, Sasha Geffen reminds us that gender binary is not
the whole picture. “There have always been more than two genders, and music and gender
nonconformity have gone hand in hand since long before pop music emerged as a product —
since before the concept of ‘product’ existed” (p. 10). However, the dominant patriarchy
covers new and threatening ideas not to lose its leading position. Music offers a shelter for
manifestations of nonnormative gender and sexuality. “Drag is not an aberration but a form
of play, women can sing masculine bravado and men can adopt transcendent femininity,”

adds Geffen (2020, p. 11).

When conducting my research on the gender inequality of Spotify, I should always be
aware of the limitation of thinking in the binary-gender dimension. However, gender
stereotypes in the Czech society are still firmly rooted and noticeable, so by working with
just two genders (and a n/a category for artists whose gender I was not able to find), I will

not generate a significant deviation from working with non-binary gender.

4.3 Digital Gender Inequality

The internet usually mirrors the traditional offline stereotypes, including gender
disparity. It starts right at the beginning of the internet journey — accessibility. According to
the International Telecommunication Union, over 250 million fewer women are online than
men, and the gap is usually more significant in developing countries (International
Telecommunication Union, 2017). The research by Kashyap et al. (2020) highlights the
significant underrepresentation of women in the online populations of Facebook and Google
in developing countries, “gender gaps are a strong predictor that women lack internet access
and basic digital skills” (Kashyap et al., 2020, p. 1). Even though access to the internet is
more balanced in developed countries, gender inequality is still present. In their paper called

Platform Inequality: Gender in the Gig-Economy, Barzilay & Ben-David discuss promises
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and challenges associated with platform-facilitated labour and analyse gender gaps in the
setting of internet services. They analysed the US platforms that offer on-demand labour,
such as Uber and Taskrabbit and find that, on average, women’s hourly rates are lower than
men’s, even when controlling for education, feedback score and length of experience.
(Barzilay & Ben-David, 2017). This result shows that internet platforms support traditional

gender biases when it comes to jobs.

Barzilay & Ben-David (2017) introduce a third generation of sex inequality —
Discrimination 3.0 and propose an adaptation of questions asked when researching gender
inequality. “First, the questions of access and inclusion should be supplemented with
questions of usability.” They found variations in the ways women and men use and utilise
the platforms for their work. “Second, the goal should increasingly shift from aiming to
determine who is doing the discrimination to answering how the discrimination is being
effectuated” (Barzilay & Ben-David, 2017, pp. 427-428). The platforms’ architecture and
their codes are invisible for a user, yet they control the algorithmic design and functioning,

affecting human behaviour and interactions on the platforms.

Further, the authors suggest “a possible direction for enhancing equality in platform-
facilitated labour in the future” (p. 429). The platforms and their authors themselves should
be the force behind changing the design. They are based on a large foundation of data about
their users, so they “could best be suited to enact pre-emptive measures through their
affordances and codes to de-facilitate and counteract discrimination” (p. 430). An example
of such architecture could be ‘Equality-by-Design’ (EbD) which the authors describe as
“structuring of platforms in a manner that is sensitive to prevailing forms of gender
discrimination, in ways that extend beyond merely omitting gender as a formal element of
platforms’ template for profiles or not portraying women in a biased manner” (p. 430). The
EbD platforms could reflect on the ways user profiles are displayed and how the system
might enable discrimination. These changes could be monitored by platforms’ algorithms

and evaluated based on their equality-enhancing capacities (Barzilay & Ben-David, 2017).

4.4 Gender in Popular Music in the Platform Capitalism

Some genres are considered gendered male, such as metal, hip hop or rock. Frith and
McRobbie (1978) talk about masculinity and its expression in rock music — musicians are

aggressive, dominating and in control, the music is loud and rhythmical, the lyrics are
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ignorant. We can witness a variety of masculine sexual poses usually expressed in terms of
stereotype. Firth & McRobbie use the terms “cock rock™ and “teenybop” to identify two
opposing sides of the spectrum. Cock rock is “explicit, crude, and often aggressive” (p. 320)
performance expressing male sexuality, constantly seeking to remind the audience of their
power and control. Tennybop is consumed mainly by the female audience, and its
representation is based on vulnerability, need and self-pity. Male sexuality is transformed to

only hints hidden in finding a sympathetic soul (Frith & McRobbie, 1978).

Apart from men representing these stereotypically masculine roles while performing
music, they are also responsible for creating and constructing what a suitable image of a
female artist is. Kristin Lieb (2018) suggests that female musicians base their appearance
and behaviour on their interpretation of how the music industry will perceive them, i.e. men
in leading roles, based on the theory of symbolic interactionism. The audience responds to
female artists “based on their expectations of normative feminine behaviour in contemporary

society” (Lieb, 2018, p. 20).

Gretchen Larsen (2017) talks about three distinct but interrelated forces that have
sustained patriarchy in music for this long: hegemonic masculinity, heteronormativity, and
homosociality. Due to these pillars, there are barriers for women and gender non-conforming
persons to enter popular music. Hegemonic masculinity, in general, describes the practices
that support men in their dominance over women. It stands for an ideal man figure honoured
in society, even if only a minority of men conform to this standard. Examples of such
hegemonic masculinity symbols include previously mentioned cock rock and teenybop
idols. (Frith & McRobbie, 1978) Heteronormativity as a second pillar for patriarchy puts
heterosexuality as a norm in all aspects of life (culture, politics, society). It can be used as a
measure against which an individual is evaluated and has been a central theme in rock music.
The last pillar, homosociality, represents “the social, non-sexual, bonds that exist between
persons of the same sex.” (Larsen, 2017, p. 8). Through these bonds, collaborations, and
friendships between men, patriarchy can be reinforced and maintained, and women can be

easily excluded from popular music because they do not have these bonds (Larsen, 2017).

Laura Snapes (2019) talks about transforming the female pop model we witnessed in
the 2010’s. With the arrival of social media as a tool to virtually connect with practically
anyone, the accountability of celebrities overgrew. Anyone with internet access can be a

critic and can have their voice heard. The binary of good girl-bad girl, created by the industry
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to gain as much money as possible, collapsed and was replaced by emotional opened, more
holistic female stars who have more extensive artistic freedom of creation. However, this
change does not secure a firm position for female musicians. “Just because a wave of female
pop acts have refused old industry ideals, that doesn’t mean control is consigned to the past”
(Snapes, 2019). Even high-profile stars are still subject to a critical assessment of their work

and change their products to meet the market demands (Snapes, 2019).

These gendered characteristics typical for the music industry will be used when
evaluating my research on the gender gap on Spotify. We have enough evidence that there
still exist differences in the approach to male and female musicians, that are directly
responsible for different proportions of each gender in the industry and can also discourage
potential future female artists from even trying to enter the production. In order to reduce
the gender gap in music, society should focus on equalizing the conditions, approach, and

perception towards female musicians.
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Empirical Research

5. Platformization & Gender Gap: Empirical Evidence

My research is going to be focused on gender inequality on Czech Spotify from three
different angles. Primarily, I will try to establish whether there is an actual gender gap by
comparing gender ratios of released songs in the observed time period with songs added to
Spotify curated playlists (recommended listening) and songs that made it to the “TOP 200
chart (organic listening). I will look for additional relationships between gender and other
aspects (month of release, type of formation, genre) of released songs to describe the
potential gender inequality accurately. Next, I will focus on major record labels and discover
whether I can find evidence for favouritism of songs from artists signed to two major record
labels in the Czech Republic. Finally, I will use song attributes to examine additional

relationships between other characteristics.

In this section, I will present crucial empirical findings regarding women in the
popular music industry. These papers and articles inspired and guided me through designing
my own research and helped shape the direction of my research. I am going to follow the
works of Liz Pelly (2008), Smith et al. (2019), Alexander (1999), Aguiar Wicht et al. (2018),
Epps-Darling et al. (2020), Bonini & Gandini (2019).

5.1 Women artists on streaming platforms

Journalist Liz Pelly’s work is focused on music streaming and the effects of the
platform economy on music. She explores how tech exploitation has affected music and
music communities. In 2018 she published an article called Discover Weakly in the magazine
Baffler, in which she discussed the approach of Spotify to gender imbalance on their
platform. She asks the question “What role is the streaming era and the playlistification of
pop playing in upholding and even exacerbating gender inequity in music?” (Pelly, 2018)

and conducted her experiment on gender bias in Spotify’s most popular playlists.

It remains unclear whether streaming culture is merely reflective of a relentlessly
male-centric status quo, or if streaming is creating a data-driven echo chamber
where the most agreed-upon sounds rise to the top, subtly shifting us back toward
a more homogenous and overtly masculine pop music culture. Streaming

services like Spotify create passive environments where listeners stream what
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they like, and more of what they like, and more of what they like—ad nauseam.
Meanwhile, we know this much: listening patterns are studied by playlist
programmers, who privilege songs with high completion rates and delete those

with high skip rates. (Pelly, 2018)

Pelly conducted her experiment, and she listened exclusively to the most popular
playlists on the platform, such as Today’s Top Hits, New Music Friday, Rock This, Rap
Caviar, Hot Country, and jViva Latino!. Every week, she downloaded her data of listened
songs and assigned gender to each artist based on their Spotify bios or other confirmed
profiles rather than based on their appearance. Her results show that the most popular and

visible playlists are strongly male-dominated.

She also recorded songs in her Discover Weekly playlist — a set of songs Spotify offers
you based on your previous listening data using an algorithmic approach. Her results were
79.2% male artists, 12.5% female artists and 5.8% collaborations between male and female

artists.

The author further examines strategies of the platform and describes women-specific
playlists created for almost every genre (Women of Pop, Women of Hip-Hop Women of
Electronic, and more). However, Pelly adds, these playlists continue the marginalization and
“othering” of female (or non-male) artists and suggest “the idea that women artists should
be valued for their gender instead of their music.” As long as men make up the majority of

most popular playlists, they will continue to be more popular on the platform (Pelly, 2018).

5.2 The Grammy Awards and Hot 100 Billboard Charts

In 2019, the USC Annenberg Inclusion Initiative published the third version of its
annual report Inclusion in the Recording Studio? (Smith et al., 2019). Besides examining the
Billboard chart, which I will discuss later, they compared Grammy nominees from 2013-
2019 and focused on demographics within popular categories (Record of the Year, Album
of the Year, Song of the Year, Best New Artist, and Producer of the Year). Authors identified
one thousand sixty-four nominees from which 89.6% were male, and 10.4% were female
(gender ratio of 8.6 males to every one female). The breakdown for each category can be

found below in Figure 1.
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THE GENDER GAP AT THE GRAMMYS™ IS REAL

Percentage of Female Nominees by Category, 2013-2019

41.1 2.6

8.2 6.6 20.6
I

10.4%

OF GRAMMY" NOMINEES
FROM 2013-2019
WERE FEMALE.

89.6% WERE MALE.

91.8 934 194 589 91.4

Record of Album of Song of Best New Producer
the Year the Year the Year Artist of the Year
B remale Male

Figure 1: The Gender Gap at the Grammys is real [source: (Smith et al., 2019)]

We can see that while in Song of the Year and Best New Artist, there were at least 20%
of female artists in each category, the most underrepresented category was Producer of the

Year, in which only one female producer was nominated in the span of those seven years.

(Smith et al., 2019)

Smith et al. (2019) also analysed the Hot 100 year-end Billboard Charts in 2012-2018.
They sampled 700 songs with credits of over 1400 artists, from which 82.9% were male, and
17.1% were female, leading to the ratio of 4.8 male artists to one female artist. The years
with the lowest percentages of females on the Hot 100 were 2017 and 2018. They also
recorded 3300 songwriters and 871 producers of the songs. In the Billboard Charts sample,
there were 87.7% male songwriters and 12.3% female songwriters, 97.9% male producers

and 2.1% female producers.

43%

dismissed/
not taken 39%
seriously/ 92% objectified
knowledge leadership or

25% doubted vision restricted 36%

gender 21% music

stereotypes sexualized by a coIIeague industry is
guided male-
others dominated

Figure 2: Experience of 75 female songwriters and producers with the music industry [source:
(Smith et al., 2019)]
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The authors also conducted qualitative research — they interviewed 75 female
songwriters and producers and recognized some recurring themes showing the existence of
barriers to enter the popular music industry. Selected conclusions of the interview can be

found in Figure 2.

The solution presented in the paper includes generating opportunities for women,
ensure that there are enough role models and mentorships for women available. The whole
industry should consider hiring more women and highlight the work of organizations

specializing in addressing the barriers the female workers in music have to face. (Smith et

al., 2019)

5.3 Women in Music Videos

Susan Alexander conducted a study examining the representation of women in music
videos. She based the research on a qualitative analysis of 68 music videos on MTV featuring
women as the principal character in action. Evidence of sexism in music videos is shown in
previous studies, and the research classifies three distinct categories of the portrayal of
women in music videos: the conventional woman, the self-reliant woman, and the internal
paradox. Findings show various portrayals of women in music: “women’s roles in music
videos range from a background prop to independent women in charge of their own
lives...leaving the viewers continually to deconstruct and reconstruct their conceptualization

299

of ‘woman’” (Alexander, 1999, p. 60). The implications of such depiction can have an effect
on self-identity for women and men when growing up with such conflicting gender roles

(Alexander, 1999).

5.4 Is Spotify Gender-Biased?

Only about a fifth of the most successful artists on Spotify are women, the European
Commission’s science service conducted a study on this basis. They investigated the roles
of female participation and playlist inclusion decisions to reveal the share of successful songs
by female artists. The authors create several datasets: songs entering the platform between
mid-2015 and early 2018; songs whose artist is among the top 200 artists by annual streams;
songs included in seven most popular editorial playlists; and finally, songs ranked 20 or
better on the New Music playlists. They assigned gender to the artists based on the Spotify
artist page, Wikipedia, Allmusic, press mentions, and looked for pronouns to describe the

artist and their photographs. They used the gender categories: male or female for solo artists,
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and female, male, female or mixed, first artist female or either artist female for duos or bands.
Their findings indicate the trend in music, and I can base a prediction about my results on

theirs:

Using the Spotify platform as a testing ground, it appears that most of the
relatively low shares of female song streaming stems from relatively few female
songs on the platform, rather than from bias on the platform. Evidence on bias

in the platform’s playlist decisions is mixed. (Aguiar Wicht & Waldfogel, 2018,
p. 18)

However, authors do not interpret the low female share of successful songs as a
justification for the low shares, and they offer a solution to include more female artists in the
playlists. It is not clear how much of the lack of female artists on the platform arises from
lower female participation in the music production in general, but “women make up nearly
38 per cent of musicians in the US, compared with roughly a fifth of songs entering Spotify”
(Aguiar Wicht & Waldfogel, 2018, p. 19).

5.5 Artist Gender Representation in Music Streaming

Epps-Darling et al. (2020) also focused on the gender aspect of streaming music on
Spotify. They examined three research questions regarding the gender gap with respect to

organic and recommended listening and popularity levels.

They analysed a month of Spotify streams and data on the gender of artists and found
that listeners generally stream more male artists than females. However, differences in
genres are significant (95% of hip hop/rap streams were with male artists while 40% of pop

streams included females).

Regarding the organic and recommended listening, “there is a moderate, positive
relationship between the proportion of female artists streamed on programmed playlists and
the proportion of female artists listened to organically” (Epps-Darling et al., 2020, p. 252).
The proportion means that when more female artists are included in editorial playlists or
algorithmic suggestions (recommended streams), users search them on their own or look
them up in user’s playlists (organic streams), and therefore listen to them more. Younger
listeners are more open to accepting recommendations and potentially being influenced by

them.
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The researchers also randomly sampled artists into six levels of popularity, from early
projects to global stars. Their conclusion is “in lower popularity levels, more multi-gender
groups and more female creators appear to exist than in the middle - while at the top level
(solo) female artists appear more present again.” (Epps-Darling et al., 2020, p. 253) Overall,
the study suggests that improvements in the content recommendations could challenge the

structural inequities and turn listener’s attention to underrepresented artists.

5.6 Platformization of Music Curation

Bonini & Gandini (2019) investigated the logics of music curation, particularly the
work of music curators working on music streaming platforms. They conducted
ethnographic research combining participant observation and interviews to reveal the
relationship between algorithmic and human curation and the mechanisms of music curation
on streaming platforms as a new form of gatekeeping. “The article suggests understanding
this gatekeeping activity as a form of “algo-torial power” that has the ability to set the
“listening agendas” of global music consumers” (p. 2). They observe that the combination
of algorithmic and human curation created the “new gatekeepers” in the music industry,
which was previously dominated by solely human curators (radio editors, journalists, and
other professions). These new gatekeepers should have the ability to set agendas for the

global music consumer.

Platform gatekeepers have more data, more tools to manage and to make sense
of these data, and thus more power than their predecessors. Platformization of
music curation then consists of a data-intense gatekeeping activity, based on

different mixes of algo-torial logics, that produces new regimes of visibility.

Datafication makes the platform in the capitalistic environment more efficient in

transforming audience attention to data and to commodities, followed by profit.

Their findings are supported by Bozdag (2013), who shows that even though
traditional human gatekeepers lose their importance, users and the data they generate are not
sole gatekeepers. The online gatekeeping services are a mix of human editors and algorithms.
Humans still influence the filtering process after the design of the algorithm has been

finished. (Bozdag, 2013)
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They expose an attribute of online streaming platforms unexpected at the beginning of
their launch. Experts forecasted a free streaming environment without any gatekeeping,
creating an independent music industry, even without traditional gender stereotypes.
However, new and unexpected industry guards appeared — a combination of algorithmic and
human curators that can possibly even deepen these stereotypes (Noble, 2018). Whether it

is the case will be the focus of my research presented in the following chapters.

6. Methodology

The research in this thesis seeks to answer the question, whether there is a gender gap
on Czech Spotify. In this chapter, I will describe the process of finding the appropriate
methods for working with a large volume of data and finding suitable research subjects to

focus on to receive data-supported results.

Finding an appropriate quantitative method to explore the mechanisms of how popular
music works on a streaming platform is a challenging task. A researcher needs to find a way
to examine several aspects of the platform and have an understanding of all platform related
topics. These topics should cover a wide range of information often from highly diverse
scientific fields - from the data driven processes behind platform architecture to discussing
music, which is empirically unattainable. I designed my research to reflect the methodology
used in media studies and combined it with approaches I saw best fitting to explore the
platform phenomena. I chose a quantitative method of research because I was interested in
looking at the bigger picture of platform mechanisms rather than follow individual paths in
qualitative methods. In the research, I will work with fundamental statistical indicators to

reveal proportions of the two genders in three different datasets.

The original research design presented in my research proposal partially differs from
the one presented in this thesis. In the proposal, I intended to focus solely on gender on the
platform and explore it in depth using quantitative and qualitative methods. However, while
collecting data for my research, I discovered other interesting phenomena that I wanted to
study closer. At the same time, I discovered that the gender situation in Czech music follows
traditional gender stereotypes and the gender imbalance was so significant, that there was
only a handful of female artists in the dataset. This would make any results from further
analysis statistically insignificant. The original intention to study gender from several

perspectives was unfortunately not feasible. Therefore, I slightly altered the direction of my
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research. While keeping gender as the primary subject of my research, I had to broaden the
focus and individually discuss two subjects that were originally meant to be discussed in

junction with the gender aspect - record labels and song attributes.

Overall, I divided my research into three topics: Gender, Record Label and Song
Attributes. While the first two topics are based on accurate numerical values, analysis, and
concrete results, the third one shows a possible course to broaden the traditionally qualitative
topic in a quantitative way. Additionally, in the Results chapter, I will revisit some of the
concepts and characteristics of the platform and discuss their validity in my research. For
clarity, I will keep the original research structure. The main research question will stay the

same:
MRQ: “To what extent is Czech Spotify gender-biased?”

Expecting to find evidence for gender bias on Czech Spotify, my main hypothesis is:
MH: “Czech Spotify is gender biased, there are more male artists than female.”

The original sub-questions will be altered but stay on the sub-question level even though

they longer expanding on the main research question:

RSQ 1: Are major record labels prioritised on Spotify?

RSQ 2: Can we use song attributes to find significant correlations?
The new hypotheses corresponding to each sub-question are:

H1: Major record labels are prioritised on Spotify. Their songs are better promoted in

Spotify playlists.

H2: Song attributes can be used to find meaningful correlations. There are significant

correlations between song genres, popularity, and song attributes.

For a table detailing the research questions further with individual guiding questions and

hypotheses, please refer to Appendix 2.
Terms used in this research are defined as follows:

Organic Listening  songs that placed in music charts based on popularity among listeners

(Organic dataset described in the next chapter).

Suggested Listening describes popularity suggested by platform editors - songs picked to
be included in the most followed playlists (Suggested dataset).
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Released Songs all songs released on Czech Spotify during the observed time period

(Release dataset).

Gender Ratio proportion of female artists relative to male artists in a format one
female to a number of men. For example, gender ratio 1:9 stands for

one female (10%) to nine male (90%) artists.

6.1 Proposal Modifications

The most significant alteration from the proposal is that I did not conduct the semi-
structured interview with the representants of major record labels as I planned. Throughout
the whole process of data gathering, I was not certain about the direction of my research, so
I did not know which direction to point the questions for my interviewees. By the time it was
clear what my results would show, other interesting subjects had arisen that I wanted to
explore further (which I anticipated in the proposal). Therefore, I dedicated my time to them

when [ already had the data available instead of conducting the interviews.

Another change from my proposal concerns sub-questions related to the main research
question. When preparing the proposal, I could not anticipate the extent to which my data
would unfold. When I decided to shift the focus of the sub-topics, I remodelled my research
design and decided to have one main research question and two research sub-questions, as

was explained in the introduction of this chapter.

According to my proposal, I expected to only work with songs and artists from the
Czech Republic. However, the Czech scene is tightly connected with the Slovak music
industry; artists from one country are famous in the other and vice versa. Therefore, I had to
include music from Slovak artists as well. Usually, the weekly releases were identical for
both countries, so there is just a fraction of extra Slovak music that was not released on
Czech Spotify. However, some of these Slovak songs were included either in Czech charts
or Czech playlists, so instead of omitting these, I added them to my dataset. As this only
applied to a handful songs, I do not expect it to skew the results significantly, and I will

continue referring to the dataset as Czech.
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6.2 Motivation

The decision to conduct my research on Czech Spotify was motivated by two main
reasons. I was not successful in searching for a paper focusing on Czech Spotify in relation
to the gender gap, this phenomenon has not yet been researched in relation to the Czech
environment. Empirical evidence of gender inequality on Spotify is usually examined using
data from global or US audience, as illustrated by research papers discussed in chapter 5.
Similarly, all the theoretical concepts presented in this paper are built on Anglo-Saxon
tradition. The topic connecting streaming platforms and gender inequality will be new to the
Czech scientific community, perhaps because it cannot be studied using conventional
methods of media studies and its interdisciplinarity, connecting theory of platform, theory
of popular music and gender studies. In this research, I can observe whether these western
theories hold in the Czech setting as well. My contribution lies in introducing the topic to
the local academia and hopefully shedding light on gender inequality in Czech music with

local proof.

6.3 What is “Czech Spotify”?

Now, I would like to precisely describe what is meant by the term “Czech Spotify”.
The description of the term is rather complicated because Spotify offers an individual
experience for each user, so there are numerous ways to end up on Czech Spotify. The
platform works in countless language versions depending on the setting of each user and
their location. The collection of music is complete and identical for each user, meaning that
no matter where a user is, the music library is not restricted by location, and they can find
everything the platform has to offer. However, the suggested music (created by algorithms
using personalisation) is related to user’s location and previous listening history. Any user
can get access to Czech Spotify, but Spotify will suggest and show it on the home page to
users living in the Czech Republic or those who listen to music created by Czech (or Slovak)

artists.

A typical listener of Czech Spotify is a person born and living in the Czech Republic,
speaking Czech and interested in Czech music. However, the typical user does not listen
exclusively to Czech Spotify but adds songs from global Spotify - worldwide music (usually
made by artists from the UK or USA). Indeed, the results would bear more accurate evidence

had I used both Czech and English artists included in the playlists and charts used for the
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datasets. In today’s globalized world, most people listen to both global and local artists.
However, including global music would require a significantly more demanding data
collection which goes beyond the scope of this thesis. We should consider it as a limitation

when making conclusions and clarify that results only apply to Czech music.

6.4 Data Collection

In this section, I will describe the dataset I used for my research. I concluded my
analysis using four datasets called Release, Organic, Suggested, and Organic + Suggested.
For the first dataset Release, | downloaded all Czech songs released on Spotify in the past
eleven months from the website Everynoise.com. A Spotify data scientist Glenn McDonald
maintains said website based on data tracking and API, and its main goal is to maintain a
scatterplot of all genres on Spotify (Everynoise.com, 2021). I used the section “Spotify New
Releases by Genre” and downloaded all songs released in the Czech Republic from 8™ May
2020 to 12" March 2021 (songs from earlier dates were not available). This dataset included
variables Release Date, Genre, Artist, Song or Album Title and Spotify URL. 1 manually
added data about each artist’s gender.

My approach could be described as assigning ‘perceived gender’ as I mainly used
Spotify artist pages and photos to determine the gender. When I was not sure, I searched for
interviews where the artist or the interviewer usually used his or her pronouns (it is easier to
distinguish gender from a text where a person addresses themselves in Czech than in

English).

I also assigned a variable Formation to each musician — whether they perform as a solo
artist, duo, or a band with more than two members. When I combined these with gender,
there were too many categories which would not benefit the analysis. I concluded that only
four categories for gender are relevant for my research — female (including female solo, duo
and female bands), male (male solo, duo, and male bands), mixed (female and male duo,
band with both female and male members) and n/a (I could not assign one gender for two

artists). There are 3 604 songs from 1 198 artists in the dataset.

The second dataset called Organic includes data downloaded from website
spotifycharts.com of songs that appeared in the weekly updated Spotify chart “TOP 200
Czech Republic” (hereinafter “TOP 200”) from 7" May 2020 to 18" March 2021. The
downloaded dataset included variables Chart Week, Position of a song, Title, Artist, Spotify
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URL and Number of Streams. 1 restricted the dataset on songs from the first dataset, i.e.
Czech songs released between 8" May 2020 and 12" March 2021 and appeared in the chart
“TOP 200”. To this restricted dataset, I added Gender (from the Release dataset), Record
Label, and Song Attributes from the website Organizeyourmusic.playlistmachinery.com.
The website assigns numerical representation of properties to each song such as Genre, Beats
per Minute (bpm), Energy, Danceability, Loudness (dB), Liveness, Valence, Acousticness,
Speechiness, Duration. A detailed description of these attributes can be found in Table 3.

After restricting the dataset, there are 1900 songs from 46 artists in the dataset Charts.

The third dataset called Suggested includes songs from four editorial playlists and one
playlist curated by a record label. After long consideration, I decided to include editorial
playlists CZ&SK Stage, Hot Hits Ceska Republika, Pop Rock Jizda and RapPrezent and a
playlist called Ceska Scéna curated by major record label Universal Music. The selected
playlists represent the most followed playlists and cover the most popular genres on Czech
Spotify. The table below shows the count of songs in each playlist I selected. In some cases,
playlists contained songs from foreign artists that did not belong to Czech Spotify or songs
released before the observed period, which had to be omitted. That is why there are only ten

songs in the most followed Czech playlist Hot Hits Ceska republika.

Playlist Count of songs

Cz&Sk Stage 59

Ceska scéna (Universal Music) 50
RapPrezent 48

Pop Rock Jizda 48

Hot Hits Ceska republika 10
Grand Total 215

Table 2: Number of songs in each playlist, dataset Suggested

To download the playlists from Spotify, I used the tool Exportify that exports saved
playlists to csv files. The data included Track Name, Artist Name, Spotify URL and Release
Date. After restricting the songs, the dataset included all songs released between 8™ May
2020 and 12" March 2021 that appeared in the four aforementioned playlists on 17" March
2021. I added categories Record Label, Playlist, Gender, Genre, Beats per Minute (bpm),
Energy, Danceability, Loudness (dB), Liveness, Valence, Acousticness, Speechiness, and

Duration. There are 215 songs from 135 artists in the dataset.
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Finally, I made the fourth dataset called Organic + Suggested, which contains the
intersection of the two datasets Organic and Suggested. There are 32 songs from 25 artists
that were included in both the chart “TOP 200 and the playlists and were released during
the observed time period. I included all the variables mentioned above: Artist, Track Name,
Gender, Playlist, Average Position in Charts, Record Label Genre, Beats per Minute (bpm),
Energy, Danceability, Loudness (dB), Liveness, Valence, Acousticness, Speechiness, and

Duration.

6.5 Statistical Methods

The methodology I used was a combination of methods used in the papers described
in chapter 5. First, [ decided to build and expand on the papers by Aguiar Wicht et al. (2018)
and Pelly (2018), who both studied gender inequality on Spotify. Second, I added other
interesting and suitable components from other papers described in the previous chapter. I
was also influenced by Machin (2010), who, in his book Analysing Popular Music: image,
sound, text, utilizes content analysis and semiotics to quantitatively study popular music
(Machin, 2010). I did not apply any of his methods directly, but I based my investigation of

song attributes on his methods.

Regarding the actual methods used in my research, I relied on a statistical analysis of
data and software programme Microsoft Excel. I utilised the tools of descriptive statistics
and graphics analysis to describe the basic features of my data and manage a large number

of inputs into comprehensible outputs.

The methods I used for my analysis were drawn from textbooks on statistics for social
sciences by Agresti (2018) and Martin & Bridgmon (2012). The first step in every statistical
analysis is descriptive statistics to summarize a large amount of data. “Descriptive statistics
consist of graphs, tables, and numbers such as averages and percentages” (Agresti, 2018, p.
16). I obtained contingency tables containing numerical parameters describing the data

distribution, conditional on observed indicator, i.e. gender, record label.

Most of the variables I gathered were categorical (assigning each individual a
parameter from a defined set of values), representing a qualitative scoring of data.
Descriptive statistics cannot describe these variables (Gender, Record Label, Playlist, etc.)
and for further statistical analysis need to be converted to quantitative data using dummy

coding. Creating a dummy variable consists of assigning a value 1 for the individuals who
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belong to the particular group, and 0 for those who do not. For example, in the gender
variable, all female artists are assigned value 1, and all male artists are assigned 0. Even with

this conversion, categorical variables offer a limited statistical validity.

The other type of variables, that have a numerical value and can take on virtually any
value, are called quantitative. Most of my quantitative variables are discreet, but I created
some continuous variables during the analysis by calculating a sample mean (y) — a “sum of
individual scores in a dataset divided by the number of scores” (Agresti, 2018, p. 14). I will
accompany the mean by the standard deviation to ensure correct conclusion of results.
Standard deviation s measures the amount of dispersion in data, using the following formula,

where 7 is a number of observations.

Equation 1: Standard Deviation

For better illustration of data distribution, I used graphical representation, mostly
column and pie charts. Further statistical methods used for specific research topics will be

described in their respective section of this chapter.

6.6 Gender

In the final section of this chapter, I will describe the methodology I used when
studying the different research topic. Each one required a slightly different methodological
approach that I will describe in respective sections (Gender, Record Labels, and Song

Attributes).

From the beginning, gender inequality on Spotify has remained the primary topic of
my research. The main indicator in analysing gender inequality will be the proportion of
female artists with respect to male artists on the platform. I will state this proportion either
in per cents or ratios. To deeper immerse into the problem of the gender gap and to expose
possible influences, I will inspect diverse aspects that could affect the magnitude of the
gender gap. | will employ variables Formation (solo artist, duo, or band), Genre and Month

of Release.

Initially (as can be seen in the thesis proposal), I intended to focus on the gender aspect

from various points of view and combine them with other topics, such as Record Label,
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Genre, Song Attributes. However, as we can see in the Results, the representation of female
artists was so low in the dataset that I could not obtain any other significant conclusions. I
had to omit some guiding questions throughout the process because I would not obtain any

significant results for them. These omitted questions are marked in grey in Appendix 2.

The main research question I seek to answer with my research is: “To what extent is
Czech Spotify gender-biased?”. To answer it, I utilized descriptive statistics supported by
graphical representation. Then I compared the results from each dataset — Released, Organic
and Suggested, to determine whether Spotify places female musicians at a disadvantage in
their editorial playlists and whether users prefer male artists over female in their listening,

which would show in song popularity in the chart “TOP 200”.

The intersection of datasets Organic and Suggested shows another indicator of gender
inequality on the platform. The components in the fourth described dataset tell us what songs
Spotify editors found to be predetermined to succeed among listeners and being right in this

prediction because the songs actually appeared in the chart “TOP 200”.

To further describe effects that could influence the gender gap on the platform, I
studied the impact of the month of song release on the proportion of female and male artists.
I also studied the genre-decomposition of gender ratio to reveal if there is a “female friendly”

genre on the platform.

6.7 Record Labels

When Spotify launched in 2008, they negotiated with major record labels partial
ownership in the platform in the exchange of their songs entering the platform. Nowadays,
Sony Music Entertainment and Universal Music Group jointly share about 7% of the
company’s shares. This raises concerns about the advantage it brings for these major record
labels at the expense of independent artists in access to the most popular playlists associated

with stream boost and popularity.

Unfortunately, I could not include a gender distinction, so I compared the percentual
representation of major record labels in suggested listening and organic listening. In the
dataset, [ marked artists as “Major Record Labels” if they are signed at Universal Music or
Warner Music, and “Small Record Labels” otherwise (small labels or self-published artists).
Additionally, playlist Ceska Scéna was excluded from the Organic dataset in the analysis

because it contains songs only from Universal Music and would skew the data.
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The research sub-question for this topic is: “Are major record labels prioritised on
Spotify?” To answer this research question, I worked with the Organic and Suggested
datasets. Unfortunately, I could not analyse the dataset Release because obtaining data on
record label for all 3 604 data entries would be extremely time-consuming. In the two
datasets, I found 61 unique record labels, 48 of these appeared to only belong to one artist in
the sample (which shows us self-published artists or their own independent labels). I marked
these and labels that accounted for less than 1% in both datasets as “Independent Artist”. I
was left with 20 different records labels. Then I compared organic listening and suggested
listening to reveal whether Spotify favours major record labels compared to what the users

prefer to listen to.

Next, we can work with the positions of songs in the chart “TOP 200 and ask whether
artists signed to one of the major record labels are more popular on the platform than those
signed to small record labels. I will use the mean of the position of all songs signed with the
labels and the standard deviation of those values to ensure correct conclusions. All these

results will be answered using descriptive statistics and graphical representation.

6.8 Song Attributes

Music is based on intangible human emotions that are impossible to characterise
numerically. This abstract aspect of music makes it hard to examine music and human
response using standard statistical tools. However, I wanted to discover how to obtain
concrete values that would characterise certain features of music and apply them to the
analysis of quantitative response and explanatory variables — a correlation analysis. I will
seek to answer the research sub-question: “Can we use song attributes to find significant

correlations?”.

In my investigation, I was influenced by Wicht et al. (2018), who used song attributes
(beats per minute, key signature, major or minor and seven other characteristics) as control
variables to reveal the relationship between gender and playlist inclusion on Spotify. After
extensive search, I found the  webpage Organize  Your  Music
(http://OrganiseY ourMusic.PlaylistMachinery.com), designed to organize one’s collection
on Spotify by a wide range of musical attributes. Following attributes were employed in the

analysis:
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Track Property Abbreviation

Description

Genre genre

The genre of the track.

Year year

The release year of the recording.

Beats Per Minute (BPM) bpm

The tempo of the song.

Energy (0-100) nrgy

The higher the value, the more energetic song.

Danceability (0-100) dnce

The higher the value, the easier it is to dance to
this song.

Loudness (dB) dB The higher the value, the louder the song.

Liveness (0-100) live The hlgher. the value, the more likely the song is a
live recording.

Valence (0-100) val The higher the value, the more positive mood for
the song.

Acousticness (0-100) ACOUS ;l;he higher the value, the more acoustic the song

Speechiness (0-100) spch The hlgher.the value, the more spoken words the
song contains.

Duration dur The length of the song.

Table 3: Song attributes utilized in the analysis [source: Organize Your Music (2016)]

The database is created by Paul Lamere, who works on Spotify algorithmic

recommendation. I will attempt to find a relationship between some of these characteristics

and other variables in my datasets. Again, I will work with the Organic and Suggested

datasets because the Release dataset is too extensive, and it would be time-demanding to add

more variables.

The statistical tool I will use to look for the possible effect between variables is a

correlation. It describes the relationship between variables, specifically the correlation

coefficient measures how strong is a relationship between two variables by using the Pearson

correlation formula for variables X and Y:

n@XY)-QEXNEY)

VIEX2 - EX)?Ix [nXY2 - (V)?]

Equation 2: Pearson correlation formula
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The formula returns a coefficient between -1 and 1, where 1 indicates a strong positive
relationship, -1 indicates a strong negative relationship, and 0 indicates no linear
relationship. However, the formula does not tell us which variable is dependent and which
is independent, i.e. we cannot deduce a cause-and-effect relationship between the two
variables. I will present the results using the correlation matrix, which is basically a table
showing the correlation coefficients between multiple pairs of variables (Agresti, 2018;
Martin & Bridgmon, 2012). For further investigation, I would recommend using linear
regression, which would provide concrete parameters of the influence and detailed analysis

including an equation that can be used for subsequent optimalization and prediction.

Besides the song attributes from the website Organise Your Music, I will convert as
many variables into numerical form as possible using the previously mentioned dummy

variable. The overview of dummy variables is in the table below:

Variable Description (for when the dummy variable is 1)

Label Artists of the song singed to major record label.

Hip Hop The genre of the song is Hip Hop.

Popular Song appears both in playlists and in the chart “TOP 200”.
Gender The artist of the song is female.

Table 4: Dummy variables used in the analysis

7. Analysis & Results

After I completed my data collection, I was able to start analysing it. In this section, I
will present the results I obtained using the methods and data described above. I will answer
the main research question along with the sub-questions for each topic in their respective

sections.

7.1 Platform design

To listen to music on Spotify, you can sign up with Facebook (to allow the social
media functions) or e-mail. When using e-mail, the new user is asked about their date of
birth and gender, which can help the personalization of suggested content right from the
start. For the purpose of my research, I created a new Spotify account (free version) so the

data would not be influenced by my personal listening history. I did not connect the new
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account to Facebook, entered my own birth date and set gender to non-binary to not skew

the recommendations.

The design of the platform for users is effortless; the background is dark grey with
white and light grey font and control buttons. The only colourful elements are album covers
and playlists lined in several rows divided by categories. We can observe the emphasis on
playlists rather than on individual albums or artists. While you can access your saved albums
and artists in the left column, there are many options of how to browse playlists — you can
browse any editorial playlist on the platform, view the algorithmically personalized “Made
For You” playlists, there is also a list of all the playlists you saved as well as a button for
creating a new playlist. On the right side, if connected to Facebook, the user can see what
their friends listen to in real time. There are control buttons for the songs at the bottom of
the screen (play, pause, backwards, forwards, shuffle, repeat, volume, etc.). A picture of the

platform right after registering can be found in the Appendix 1.

7.2 Gender

To answer the main research question, whether there is gender inequality on Spotify,
I analysed the collected data. I will present my results gradually to conclude them in the

discussion chapter.

At first, I looked at gender proportions of songs entering the platform during the
observed period (8" May 2020 to 12" March 2021) using descriptive statistics. As mentioned
above, I worked with four categories for gender — female, male, mixed, and n/a. The results
can be found in Table 5. Second, I applied the same method to the dataset Organic and
Suggested. I depicted the gender ratio in editorial playlists and chart “TOP 200 in Table 6.

rele(;::c? 22}1 gs Absolute count Proportion
Male 3219 89%
Female 286 8%
Mixed 97 30,
na 2 0.1%
Total 3 604 100%

Table 5: Proportion of songs entering the platform from 8th May 2020 to 12th March 2021, by
gender
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Looking at the results for released songs, we can see a significant gender disparity
already when entering the platform - the percentual proportions are 8% female musicians to
89% male, resulting in the gender ratio of 1:11. If I were to add mixed bands to female artists
(i.e. female artists plus bands and duos that have at least one female member), the ratio would

lower to 1:8.4.

Organic Listening Suggested Listening
Gender
Absolute count Proportion Absolute count Proportion
Male 1 869 98% 187 87%
Female 31 2% 28 13%
Total 1900 100% 215 100%

Table 6: Proportion of released songs placed in playlists and in the “TOP 200" chart from May
2020 to March 2021, by gender

With organic listening, the disparity between gender is even more substantial — 98%
male to 2% female artists. Additionally, no artist from the two other gender categories
(mixed and n/a) appeared in the dataset. The proportion leads us to a gender ratio of 1:60.

There are only 31 females in the total sample of 1 900 artists.

With suggested listening, the ratio is slightly more balanced, but most artists are still
male. Out of 215 songs in the dataset, 87% are male musicians, and 13% are female

musicians, showing the gender ratio of 1:6.7, which is the lowest so far.

The dataset Organic + Suggested shows the songs that appear both in the chart “TOP
200” and in at least one editorial playlist. Here the gender ratio is 1:21, with only two female
artists out of 44 in the intersection. Under normal circumstances, one would speculate about
how males averaged on higher positions in the chart. Unfortunately, the sample is simply

too gender disproportional to make such a conclusion.

' A Position i
Gender Absolute Count Proportion verage Position in

“TOP 2007
Male 42 95% 65.4
Female 2 5% 158.9
Total 44 100% 69.6

Table 7: Proportion of songs that appeared both in playlist and the “TOP 200" chart, by gender
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Now, I will present the results of the detailed analysis of gender inequality. First, I will
see gender proportion distributed by Formation. The variable Formation signifies whether

musicians perform as a solo artist, a duo, or a band with more than two members. We can

see the distribution for all three datasets — Release, Organic and Suggested.

Gender Formation Released Songs Ssrg;lrﬁfg i‘fiﬁfg
Proportion Proportion Proportion
Male Solo 75.2% 96.7% 63.3%
Male Duo 3.6% - 1.4%
Male Band 10.5% 1.7% 22.3%
Female Solo 7.7% 1.7% 12.6%
Female Duo 0.1% - -
Female Band 0.2% - 0.5%
Mixed Duo 0.3% - -
Mixed Band 2.4% - -
n/a Solo 0.1% - -

Table 8: Proportion of songs released, songs placed in the “TOP 200 chart and the editorial
playlists, by gender and formation

We can see that the majority of musicians who enter the platform perform as solo
artists. More all-male bands are entering the platform than there are female musicians in all
formations together. In organic listening, there is a strong predominance of solo male artists,
while in suggested listening, the proportions are spread more evenly, with male solo

musicians being the strongest group, followed by all-male bands and female solo artists.

Next, I will present the distribution of genders by genre. I worked with a general set
of genres but chose not to distinguishing the types of each one. As we can see in the table
below, the detailed division would not have any effect since the majority of songs belong to
male hip hop. The rest is divided mainly between male pop, male rock, female pop, male
indie, and female hip hop. However, the dominance of male hip hop is significantly strong.
The lowest diversity of genres is present in organic listening, while in suggested listening
the diversity is significantly wider, with a higher proportion of female artists in various

genres as well.
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Released songs Qrga‘?ic nggegted
Gender Genre Listening Listening
Proportion Proportion Proportion
Male czech hip hop 70.0% 92.4% 34.4%
Male czech pop 7.7% 6% 40.0%
Male czech rock 6.2% - 4.2%
Male czech indie 2.4% - 0.5%
Male czech electronic 1.1% - -
Male czech metal 0.8% - -
Male czech punk 0.6% - 1.9%
Male czech folk 0.5% - 6.0%
Female czech pop 3.3% 0.6% 10.7%
Female czech hip hop 2.3% 1.1% 1.4%
Female czech rock 2.1% - -
Female czech folk 0.1% - 0.5%
Female czech indie 0.1% - 0.5%
Mixed czech rock 1.6% - -
Mixed other genres 1.1% - -
n/a other genres 0.1% - -

Table 9: Proportion of songs released, placed in the “TOP 200" chart and the editorial playlists,
by gender and genre

I want to complete the distribution by genre with gender proportions in each playlist

in the Suggested datasets. This table could help to reveal the underlying inequalities across

the platform.
Playlist Gender Absolute Count Gender ratio
Ceska scéna Male 38 76%
(Universal Music) Female 12 24%
Male 49 83%
Cz&Sk Stage

Female 10 17%

Male 43 90%

Pop Rock Jizda

Female 5 10%

Male 47 98%

RapPrezent

Female 1 2%
Hot Hits Ceska republika Male 10 100%

Table 10: Gender proportion in each playlist, dataset Suggested
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The most gender equalled playlist is the one curated by a major record label Universal
Music; the gender ratio is almost 1:3. The most unequal playlist, on the other hand, was the
“Hot Hits Ceska republika” which did not include a single female artist. This was due to
omitting the majority of the songs in the playlist because there were from foreign artists or
released before the observed time period. If we focus on playlists that were not as funnelled
out for the purpose of the analysis, we can see that “RapPrezent” contained only one song

from a female artist and the gender ratio was 1:47.

Finally, I arranged the number of songs in my datasets by the month they were
released. Due to data unavailability, April is missing from the analysis and months March
and May are incomplete. I also omitted the gender category n/a because the values for each
month were lower than 0.1%. We can see that female artists release their music mostly
(relative to male artists) in September and December, while male artists release most music
in January and February. If we took the gender category together, creating the “female solo
artists or any female in a band” category, we would get the highest gender ratio 1:17 in

January and the lowest 1:4.6 in December.

Total count of

Gender ratio Male Female Mixed songs
January 95% 4% 1% 382
February 94% 4% 2% 349
March (not complete) 92% 4% 4% 167
May (not complete) 90% 8% 2% 271
June 92% 5% 2% 337
July 90% 8% 3% 280
August 92% 6% 2% 285
September 81% 16% 3% 300
October 90% 5% 6% 421
November 88% 9% 3% 391
December 82% 16% 2% 421

Table 11: Gender ratio, by month of release and gender

Further discussion of the implications of the presented results will be held in the

respective section in the next chapter.
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7.3 Record Labels

To answer the main research question, “Are major record labels prioritised on
Spotify?” I will now present the findings of my analysis regarding record labels. As I
explained in the methodology, I worked only with the datasets Organic and Suggested
(without the playlist “Ceska scéna”) and identified 19 unique record labels, from which two
are marked as “Major record label” and 17 are “Small record label”. In the proposal, 1
intended to make this analysis with regard to gender. However, with such a small number of

female artists present on the platform, the analysis would not bear any significant results.

First, I will present simple proportions of record labels in the two datasets. We can see
that Universal Music signs most of the artists in both organic and suggested listening.
However, the second place is already different for the two datasets. In the Organic, MIKE
ROFT Records and Viktor Sheen take second and third place, even when the label Viktor
Sheen belongs to independent artist Viktor Sheen who releases only his own production
under the label. The other major label, Warner Music, places in the middle of the ranking.
In suggested listening, the two major record labels take up the first two places, followed by
small record labels with relatively even division. As can be expected from the distribution

of genres on the platform, most record labels sign hip hop artists.

Organic Listening Suggested Listening
Label ) .
Proportion Proportion
Archetyp 51 1.2% -
Ben Cristovao 1.1% 2.4%
BrainZone - 3.0%
Championship Music - 3.0%
Detektor Records 6.6% -
Earth 5.1% 1.2%
Feel Free Studios 1.5% -
Gajlo Reocrds 1.1% -
MIKE ROFT Records 16.2% 3.6%
music by Abde - 1.8%
Records DK 0.6% 2.4%
Studio Fontana - 1.2%
SUPRAPHON - 1.2%
Skerocuda 4.2% -
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Universal Music 40.5% 30.9%

Viktor Sheen 12.8% 1.8%
Vivienne Records 1.2% -
Warner Music 3.9% 13.9%
WiseMusic - 2.4%
others 4.1% 30.9%

Table 12: Record Labels in the “TOP 200" chart and the playlists, major record labels highlighted
in bold

Next, I analysed whether signing with a major record label is related to a higher
popularity of the song. In the table below, we can see that most labels have a wide range of
popularity in the chart. That is probably caused by a rather inelastic change in the chart —
songs stay there for an unusually long time, and their popularity falls slowly. The most
successful label is Ben Cristovao founded by singer Ben Cristovao. Its average position is
20 with a rather modest standard deviation, even with 20 songs in the chart. Major record
label Warner Music falls between the worst placed labels popularity-wise, with 74 signed
songs in the chart. Universal Music leading in the number of signed songs places, on average
placed 78" in the chart, with a standard deviation of 59 positions. Its range covers almost

half of all the possible positions but moves within the better half of the rating.

Standard Deviation of

Artist Number of Songs Mean of Position Position
Archetyp 51 23 92 57
Ben Cristovao 20 21 17
Detektor Records 126 75 52
Earth 96 80 58
Feel Free Studios 28 58 46
Gajlo Reocrds 20 115 48
MIKE ROFT Records 308 96 53
others 78 129 40
Records DK 12 34 13
Skerocuda 80 92 55
Universal Music 770 78 59
Viktor Sheen 243 59 56
Vivienne Records 22 72 26
Warner Music 74 114 32

Table 13: Average position of songs in the “TOP 200" chart, by record label
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7.4 Song Attributes

Analysing numerical attributes of songs is an approach different to standard practices.
This section will present some of the findings I discovered when I studied music using song
characteristics. Even though it is an interesting topic, further elaboration goes beyond the
scope of this thesis since the gender differentiation cannot be used due to the low

representation of female artists in my datasets.

Starting with organic listening, we can see three significant relationships in the
correlation matrix. There is a positive, relatively large relationship of 0.7 between variable
loudness and energy. The other two relationships are negative: -0.6 between position and a

number of streams and -0.3 between popularity and genre.
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live 02 | -0.1 0.0 00 : -0.1 | -0.1 0.1 0.0 00 { -0.2 1

val 0.2 -0.2 0.0 0.0 0.0 0.0 0.2 0.1 0.2 0.0 0.2 1

acous 0.1 0.2 -0.2 0.0 0.0 00  -02: -03 0.0 -02 ¢ 0.1 0.0 1

spch 0.0 0.1 -02 ¢ -0.1 @ -0.1 0.0 00 { -03 : 02 { -02: 00 0.2 0.1 1

Table 14: Correlation matrix, songs in the “TOP 200" chart, highlighted lowest and highest
values
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— 5 g 5 0
label 1
hiphop 0.0 1
popular 0.0 0.4 1
gender 0.1 -0.2 -0.1 1
bpm 0.0 0.1 -0.1 0.1 1
nrgy -0.1 0.0 0.0 -0.3 0.1 1
dnce 0.0 0.3 0.3 -0.2 -0.2 0.0 1
dB -0.1 -0.1 -0.1 -0.1 0.0 0.6 0.0 1
live 0.0 -0.3 0.1 -0.1 0.0 0.3 -0.1 0.2 1
val -0.1 0.0 0.0 -0.2 -0.1 0.4 0.4 0.3 0.1 1
acous 0.2 0.1 0.1 0.3 -0.1 -0.5 0.0 -0.3 -0.2 -0.2 1
spch 0.0 0.4 0.3 -0.1 -0.1 -0.1 0.4 -0.2 -0.1 0.1 0.1 1

Table 15: Correlation matrix, songs in playlists, highlighted lowest and highest values

In the Suggested dataset, there is less data, so we should pay attention only to the
highest correlation coefficients because the lower ones could diminish in a bigger dataset.
Compared to organic listening, there are more positive relationships: 0.6 between loudness
and energy (found in the Organic dataset as well), 0.4 between genre and popularity, 0.4
between valence and both danceability and loudness, and 0.4 between speechiness and both
genre and danceability. There is only one significant negative relationship of -0.5 between
acousticness and energy. Further conclusion about these results will be discussed in the next

chapter.

8. Discussion

In this chapter, I will reflect on my results and compare them to the theory presented
above. I will also review chosen characteristics of platforms described in the text and place

them side by side with the data and results.

8.1 To what extent is Czech Spotify gender-biased?

To appropriately answer the main research question, the results of my analysis need to
be carefully discussed. Beginning with the gender ratios in the three datasets, we can see
different values for each sample. The proportion of released songs during the observed

period entering the platform is 89% male artists to 8% female artists (omitting other gender
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categories). This ratio already shows inequality between genders in the music industry.
However, at this point in the process, the unfairness is not created by Spotify. As Smith et
al. (2019) concluded from their research, female musicians face severe barriers when
entering the music industry, for example, women are objectified, sexualized, and not taken
seriously. These barriers show traditional stereotypes aimed at women that appear in the
analogue as well as in the digital world. I found no evidence that Spotify would in any way

restrict artists entering the platform based on their gender.

To explore the underlying processing of songs on the platform that would potentially
deepen the traditional stereotypes, according to Noble (2018), we need to look at how
Spotify works with the songs once they enter the platform.

Released Organic Listening  Suggested Listening
L0 (E—

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

0%

Male Female = Mixed

Figure 3: Proportion of released songs, songs in the “TOP 200" chart and in the playlists, from
May 2020 to March 2021, by gender

First, we will look at organic listening, which shows the natural song popularity among
users on the platform, observed on songs that made it to the “TOP 200” chart. The data
shows that listeners prefer male musicians in an overwhelming majority — 98% of all songs
in the chart were by male artists, while only 2% were by females. This result demonstrates
that there is a prevailing gender bias among the Czech audience, with a strong preference for

male artists over female artists, as the ratio 1:60 of songs that were most listened to was even
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less favourable to women that that of the songs entering the platform in the observed period

-1:11.

Gender Released Songs Organic Listening Suggested Listening
Male 89% 98% 87%
Female 8% 2% 13%

Table 16: Gender proportions on Spotify, by types of listening

On the other hand, suggested listening reveals a different approach to gender
promotion. The dataset that contains editorial playlists covering mainstream genres helps us
discover what Spotify offers to its users and what it wants them to listen to. We can see that
the proportion of female musicians increased to 13%, with 87% male artists as their
counterpart. This ratio reveals that we cannot claim that the platform deepens the stereotypes.
On the contrary, it favours female artists in a higher proportion than how many females enter
the platform. By releasing feminist campaigns aiming to bring attention to female musicians,
Spotify is undoubtedly aware of the disadvantages women face when entering the industry.
By promoting female artists in playlists, the platform relies on automation bias which says
that users should believe Spotify’s suggestions over human ones (for example, user-made
playlist). This actively promotes music made by women and encourages other females to

enter the industry.

Similar results on gender disparity on Spotify are also shown on the website
everynoise.com. The calculations are made for the global Spotify, so it should give us an
idea on how it differs from the Czech Spotify. The website bases its finding on overall
streams, only 22.1% of them are from female or mixed-gender artists. This is a slightly
different statistic than the one I worked with but gives us an idea of gender inequality on
global Spotify. When listeners choose music on their own (organic listening), they stream
0.8% fewer female artists than overall listening. With editorial playlists (suggested
listening), users end up streaming 1.7% more females than when they choose for themselves
(Everynoise.com, 2021). These findings go in line with mine — in organic listening, there are

significantly fewer female musicians than in suggested listening.

Next, my results show that artists from both genders mostly perform as solo musicians,
and there is also a significant amount of all-male bands. Solo artists are the norm for most

genres, but especially for hip hop. Bands are formed in almost all genres as well. While in
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organic listening, almost all streaming goes to solo male listeners (only 3.4% jointly goes to
male bands and solo females), in suggested listening, the proportions are spread out more
evenly. In their playlists, Spotify is giving a chance to solo male artists, all-male bands, solo
female artists, male duos, and all-female bands in respective order. This again shows effort

to promote diversity of genders as well as all types of music formations on the platform.

The diversity on the platform is also shown in Table 9 - a summary by genres. Organic
listening only consisted of the two most popular genres — hip hop and pop. For both genders,
hip hop is the genre placed in the chart most often. The proportions are distributed among
more genres in suggested listening, but naturally hip hop and pop still prevail because for
these playlists to be popular among listeners they must also reflect their organic listening
habits. The rest of the songs in playlists are either rock, indie, punk, or folk mostly by males
but we can find female artists as well. Here, we should recognize that data was gathered only
from the most followed playlists, including mainstream genres. Had I included Spotify
playlists with more diverse or alternative genres (for example Spotify’s playlist
“Spektrum”), I would find that Spotify actually encourages expanding users’ listening habits
even more. We can see the wide range of genres entering the platform. The data shows that

Czech listeners do not respond to these progressive attempts.

Ceska scéna - UNI

cz&sk stage

Pop Rock Jizda

RapPrezent

Male m Female

Hot Hits Ceska
republika

0% 20% 40% 60% 80% 100%

Figure 4: Gender proportions in selected editorial playlists
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In some playlists we observe a more even gender distribution. The most gender-
balanced playlist (although only relatively because male artists still appear in more than half
of the songs) is “Ceské scéna” with a gender ratio of 1:3.2. A major record label created this
playlist, so we can see not only Spotify but also record labels are promoting gender equality
on the platform. Further information about the attitude of record labels on gender inequality
on Spotify and in the music industry in general, is unfortunately beyond the scope of this
thesis but would help complete the assumption that labels actively work on promoting
women to the listeners. Playlists defined by genre, on the other hand, fully display the genre’s
gender patterns mentioned in the previous paragraph. Therefore, it comes as no surprise that

the hip hop playlist “RapPrezent” only included one female musician to 47 male ones.
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Figure 5: Proportion of songs released, by month and gender

Female artists’ song releases increase gradually over the year, spiking in September
and December. This uncovers seasonality in female releases, with the highest number of
songs released at the end of summer and just before Christmas holidays. Male releases, on
the other hand, show relative consistency throughout the year. Their releases did not drop
significantly in any month, probably caused by bigger representation of male artists in the
dataset. The drop in releases in March for both genders is probably caused by incompleteness
of data and does not reflect the actual situation. The different proportions of song releases

by the month show us another disadvantage for female artists in the music industry. While
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male artists release their songs in any month of the year, female artists need to take the time

aspect into account when releasing a song, to increase their chances of becoming recognised.

To conclude the findings on gender on Spotify, I could not find evidence that would
prove that the platform is gender-biased. Even though there is a proportionally lower
quantity of women in both charts and playlists, there are also low numbers of women
entering the platform. Therefore, a change within the industry is needed to balance the gender
inequality rather than a change on the platform. Spotify proved to be fulfilling its social
responsibility in promoting equality, the imbalance is caused at a societal level. I found no

evidence for a bias towards female musicians on the platform.

8.2 Are major record labels prioritised on Spotify?

The results of my analysis regarding record labels were slightly different than I
expected in my hypothesis. Only one major record label proved to be a distinguished player
in the Czech music industry, while the other stayed on a similar level as other record labels

marked as “small” in my analysis.

My analysis showed plenty of artists (mostly hip hop) who release their music under
their own record label, for example, Ben Cristovao and Viktor Sheen, whose songs appeared
several times in both the playlists and the chart. Apart from these independent labels from
individual artists, another significant player on the market is MIKE ROFT Records. An
original Czech label founded by producer and DJ David Kopecky (performing as D.Kop)
representing some of the most famous artists, such as Ca$hanova Bulhar, Callin, Stein27
and others. The label collaborates with Warner Music but talks about an equal relationship,
so I did not include the label in Warner Music and designated them a separate category

instead (Foltan, 2020).

The majority of songs that appeared in the charts and the playlists are represented by
the major record label Universal Music. In organic listening, Universal Music represents
41% of songs, followed by small record labels (35%), MIKE ROFT Records (16%), and
Independent artists (4%). The second major record label represents only 3.9% of songs that
appeared in the “TOP 200 chart. In suggested listening, first place is shared by Universal
Music and Independent artists (both 31%). Next, 20% of songs are represented by small
record labels and 14% by Warner Music. After the analysis and looking at the absolute count

of artists signed with each label in both organic and suggested listening for the Czech music
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market, there are three major record labels — Universal Music, Warner Music and MIKE

ROFT Records.

Suggested L istening

Independent Artist Universal Music
31% 31%

Organic Listening

Universal Music
Small Record Label

15% 41%
o
MIKE ROFT Records
16%

Warner Music
14%

Small Record Label
20%

Figure 6: Average position of songs in the “TOP 200" chart, by record label

While evaluating the popularity of each record label, one should pay attention to
several factors. Apart from the average position in the chart, one should always consider the
count of songs the label represents and the standard deviation which indicates the range of
the position for each label. The most successful label (and artist) in the “TOP 200” chart is
Ben Cristovao, whose songs place, on the 20" place (out of 200) on average, even while
having 20 songs in the chart during the observed period. Another successful independent

label/artist is Viktor Sheen, placed at 59" position on average with 243 songs in the chart.

Now we will look at the major record labels. Universal music placed, on average, at
78" position with a standard deviation of 59 positions and most songs in the chart — 770.
Such a high number indicates a relatively high success rate. However, we cannot conclude
what is the cause and effect of this relationship. It can either be that artists who get signed
with this label receive exceptional marketing and promotion (inside and outside of Spotify),
and so their songs are more successful. Or the label carefully picks talented artists to sign,
so they have a higher chance to succeed right from the start. We can conclude that when the
song is signed with Universal Music, it has a higher chance of success than when it is not.
Warner Music, on the other hand, is placed on average at 114" (behind the first half of the

chart) with 74 songs, which is one of the worst placements of labels in my dataset.
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Figure 7: Record labels in the “TOP 200" chart and the playlists

What is the answer to the research sub-question regarding record labels? My
hypothesis was that major record labels are prioritised on Spotify at the expense of small
record labels, I presumed I would find a significantly higher share of songs signed with major
record labels in suggested listening than in organic listening and conclude that their partial
ownership of Spotify would give their artists an advantage on the platform. However, I did
not find such disproportions. It is true that the two selected labels represent a large proportion
of songs placed in charts and songs on the platform in general and Warner Music does show
a higher share of songs in playlists. But Universal Music displays the exact opposite - there
are proportionally fewer songs in suggested listening than in the organic one. Additionally,
Warner Music itself does not have a high share of songs on the platform in general, and its
songs place at around the middle of the “TOP 200 chart, which is one of the worst results
of all labels in charts. My analysis shows that in terms of popularity/success on the platform,
it pays off to be signed to a record label rather than to release music independently (for new
artists). However, there is no evidence that major record labels’ partial ownership of Spotify
shares guarantees their artists success on the platform, nor are they prioritised in Spotify’s

playlists.
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8.3 Can we use song attributes to find significant correlations?

In this section, I will discuss the results of the song attributes analysis. However, it
must be said that the results presented will not be detailed and should be taken as suggestions

for an in-depth future research of the relationships between the variables.

Organic listening revealed less significant influence between variables, probably
because the sample is larger than that of suggested listening, and the relationship had to be
significant to show in the resulting correlation matrix. A strong positive relationship 0.7
between energy and loudness (dB) represents a general property of songs and is relatively
straightforward — louder songs are usually more upbeat. The other two relationships are
negative. A coefficient of -0.6 between position and stream is also quite logical; the better
the position in a chart (the lower the number of the position), the more streams the song

receives.

Finally, there is a slightly weaker negative relationship of -0.3 between variables
popularity and genre. Both variables are dummies, the former is 1 when the song appeared
both in the chart and in the playlists, and the latter equals 1 when the song genre is hip hop.
This correlation is probably a fault in the assignment. The variable popular acquires value 1
only in 44 out of 1 900 songs, so the variable equals 0 more times with genre hip hop than it

equals 1, resulting in a negative coefficient.

The correlation matrix for suggested listening exposed more relationships than organic
listening but also contains significantly fewer samples in the dataset. The only significant
negative relationship -0.5 is between energy and acousticness, indicating that the more
acoustic a song is the less energetic it usually is. The highest coefficient of 0.6 suggests a
positive relationship between loudness (dB) and energy (already found in organic listening),
which implies a similar property: the louder the song, the more energetic it feels. Positive
coefficient of 0.4 between energy and valence reveals that happier songs are usually more
energetic. Analogous characteristics show positive correlations between valence and
danceability and speechiness and valence - the more positive the song, the easier it is to

dance to and there are more words in the song.

The last two relationships are related to song genres. Both popularity and speechiness
are positively correlated with genre - a coefficient 0.4. The first one suggests that hip hop

songs are more likely to appear in the “TOP 200 chart. I already found a correlation between
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these two variables in organic listening, but it was negative. This time, the sample size is not
as large, so the dummy variable hiphop is detected more often, resulting in a positive
relationship. The second correlation indicates that songs belonging to hip hop on average
contain more spoken word than other genres. This relationship seems plausible, but the
coefficient was 0.1 in the Organic dataset, signifying almost no correlation between the two.
Since Organic listening is the larger sample, its results should bear higher significance.
Therefore, we should not rush to concluding a steady relationship between hip hop and

speechiness.

We can see in the correlation matrices, that I added an indicator of gender into the
analysis, utilising the dummy variable female, which equals 1 when the artist is female and
0 when the artists is male. This analysis did not reveal any significant relationship between
the variable female and other variables. This is caused by the rare occurrence of female artists

in the dataset.

Overall, the presented findings on song attributes represent only one of many possible
utilisations of these data. As I used a fairly elemental approach for my exploration, further

analysis would be necessary to confirm the presented assumptions.

8.4 What does a popular song look like?

We gain insight into what a popular song on Spotify should look like by looking at the
songs in the dataset Organic + Suggested. There are 32 songs (some occur more than once)
that appeared in both the “TOP 200 chart and at least in one of the editorial playlists. That
means that these songs were popular with listeners in their organic listening and were
expected to gain popularity by editors. Female artists only performed two songs (pop and
hip hop) from this sample. Other 30 male artists belonged mostly to hip hop (25 songs) and
pop (5 songs). This confirms that hip hop was the most popular genre on the platform out of
all songs released in the past year. This unproportionate users’ selection of music could be a
sign of filter bubbles. Users, who are traditionally used to listening to more male than female
artists, are offered (through filter bubbles and personalisation) even more male musicians,

despite the platform’s progressive promotion of diversity.

Half of the popular songs in the dataset are signed with Universal Music. Labels MIKE
ROFT Records, Warner Music, Viktor Sheen all appeared in the dataset three times. This,
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again, proves my recognition of Universal Music, Warner Music, and MIKE ROFT Records

as major record labels on the Czech music market.
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Figure 8: Record labels in the “TOP 200" chart and the playlists

The graph above shows that songs that fulfilled editor’s expectations about their
popularity are on average characterised by low liveness, speechiness, and acousticness. On
the other hand, we can see that they have high valence, energy, and danceability. From these
statistics, we can say that a song has a higher chance to become popular when it is energetic,
danceable, and is not acoustic or performed live. On average, the popular song is 3 minutes
and 11 seconds long and has a tempo of 120 bpm, which means two beats in a second,

aligning into the range of the human heartbeat (120-130 bpm) (MasterClass, 2020).
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Figure 9: Characteristics of an ideal "popular song" on Spotify

71



Conclusion

“I'tried for so long. I just really wanted to be taken seriously as a musician for my intelligence

more than my body ever in this business.”

- Lady Gaga, accepting the Woman of the Year honour at Billboard's Women in Music,
2015

In her speech at the Billboard’s Women in Music in 2015, Lady Gaga talked about
sexism is in the music industry and went on to describe it as a “boys’ club that we [women]
just can’t get into”. The music industry, much like many others, is not considered an even
playing field for all genders, which is a fact this master’s thesis provided further evidence
for. This study explored underlying processes behind female representation on the music

streaming platform Spotify in the Czech Republic.

The interdisciplinary research covered three primary theoretical fields — theory of
platform, popular culture, and gender studies. In the first part of the thesis, I described each
one of them, including crucial concepts beneficial for the analysis and results discussion. I
also presented current findings on the topic of gender inequality in music. Finally, I

described my methodology and presented results together with discussion.

Using the quantitative approach and fundamental statistics tools, I collected data on
Czech music and analysed songs from editorial playlists and the “TOP 200 chart. The
playlists offered me an insight into portrayal of the platform itself, and what music it wants
to promote. The chart served as an indicator of users’ popularity. Songs that placed in the
chart were seen as successful by listeners, while the songs in playlists seemed successful to

Spotify editors. I gathered and analysed data for the period from May 2020 to March 2021.

My findings show that there is a huge gender disparity already when entering the
platform. In the observed period, only 8% of all the songs that entered the platform were
performed by female artists. In the chart, the gap was even more significant, with only 2%
of female musicians. The disparity lowered slightly in the playlists, but the male dominance
still prevailed — only 13% of songs in the playlists were performed by women. When I
focused on other aspects that could affect the gender disparity on the platform, I found other

often meaningful factors. The most presented type of music formation (solo artists, duo, or
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band) is a solo artist. That said, there are more all-male bands entering the platform than
there are female solo artists. The most gender “balanced” genre appears to be pop, while hip
hop is a genre with the lowest representation of female artists. Month of release is an
essential circumstance for female artists, they line up their releases with the end of summer
and Christmas. Male artists, on the other hand, release their songs constantly over the year.
This can either show another barrier that women face in music industry or is just a
consequence of low representation of women in the dataset. I could not conclude any solid
relation between gender and popularity, again due to the limited representation of women in

the dataset.

The remarkably low number of female musicians in the dataset caused that I could not
investigate any more relations. The sample was simply so small that any findings would be
statistically insignificant. To be able to conduct the research the way I planned, my sample
would have to be several times bigger. Unfortunately, the data I drew from the website

everynoise.com were available only from May 2020.

Instead of gender, I focused my attention on two other aspects of the platform. First, I
explored the platform’s approach to major record labels. Because major record labels partly
own Spotify, there are doubts about impartiality of the platform when it comes to placement
in playlists and promotion. Two of these major record labels that own Spotify were included
in my dataset — Universal Music and Warner Music. Even though Universal Music occupies
a majority of the music market, I did not find evidence on its prioritization in playlists
placement. Rather, the label signs many successful artists. Warner Music shows no
prioritization either, it falls into the less successful group of record labels in the Czech

market.

The last part of my analysis was dedicated to song attributes. While most of us perceive
music as an emotional and abstract sensation, song attributes allow us to characterise certain
aspects of a song with a numerical value. These values can be used in various quantitative
approaches that are not applicable to music itself. I utilised correlation matrices to reveal
relationships between nearly all variables used in the analysis. There are two relationships
that I found both in the chart and the playlists. Loudness of the song has a relatively high
positive corelation with song energy, and hip-hop songs are more likely to appear in both
the chart and the playlists. However, these findings would require further investigation and

we should be careful in making definitive conclusions based solely on the method I used. I
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believe that song attributes have a potential in music research, because they allow us to use

quantitative methods rather than the traditional qualitative approach.

In conclusion, the research revealed a significant gender gap on the music streaming
platform Spotify in the Czech Republic, the inequality shows already when entering the
platform. This indicates gender inequality in the Czech music industry caused by barriers
of entry, including sexualisation, objectification, and female musicians not being taken
seriously, indicative of the persistence of gender stereotypes in our society. Czech Spotify
challenges these stereotypes by promoting female artists more actively, compared to the

organic popularity determined by listeners.

For future research on gender inequality on Czech Spotify, I would recommend
gathering a larger dataset spanning over more than 11 months. Ideally, a dataset that covers
several years, to be able to conclude statistically significant results about detailed gender
inequality. Unfortunately, my dataset was not extensive enough and the inequality was so
skewed, that I was unable to conduct the detailed exploration I anticipated. Another
interesting idea for further research is the utilisation of song attributes. Such analysis could
reveal unknown relations in music using quantitative methods. I believe that my research is
a valuable contribution to the Czech academia and proves gender inequality in the Czech

music industry.
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Shrnuti

Tato diplomova prace zkoumala genderovou nevyvazenost na hudebni streamovaci
platformé Spotify v Ceské republice. Dataset obsahoval pisné vstupujici na platformu od
kvétna 2020 do biezna 2021, pisné¢ z vybranych playlistii a také ty, které se dostaly do
hitparady TOP 200 za stejné obdobi. Pisné z playlistt slouzily jako ukazatel toho, jaké pisné
platforma propaguje v tzv. doporu¢eném poslechu. Pisn¢ z hitparady ukazaly oblibenost u

posluchacii — organicky poslech.

Vysledky ukazuji, Ze na platformu v daném obdobi vstoupilo z celkového poctu pouze
8 % zenskych interpretek. V doporuc¢eném poslechu jejich pomér stoupl na 13 %, coz
ukazuje na aktivni propagaci Zenskych interpretem na platformé, spiSe nez nésledovéani
tradi¢nich stereotypll. Naopak, v organickém poslechu byl nepomér vyraznéjsi, z celkového

poslechu pisni v hitparade byly pouze 2 % od Zenskych hudebnic.

Detailn¢jsi pohled na genderovou nevyrovnanost ukdzal, Ze nejvic zastoupenou
hudebnich formaci je muzsky solo zpévék, nasleduje muzska kapela a az tfeti v poradi je
zenska solo zpévacka. Nejvic “genderoveé vyrovnanym” Zanrem je pop, zatimco hip hop je
téméef vyhradné muzskou dominantou. Zatimco Zeny pii vydavani pisné berou v potaz 1
mésic vydani (v zafi a prosinci vydavaji nejvice), muzsti interpreti vydavaji své pisné
konstantné po cely rok. To miiZze ukazovat na bariéru v hudebnim primyslu, které Zeny Celi,
nebo se muize jednat pouze od disledek malého zastoupeni zen v datasetu. Nizky pocet
zenskych interpretek v datasetu zpiisobilo také to, Ze jsem se dale nemohla zabyvat
podrobnéjsim zkouméanim genderové nerovnosti na platformé tak, jak jsem zamyslela v tezi
prace. Proménnou gender jsem musela z analyzy odebrat, protoze jsem se obavala statisticky

neplatnych vysledkd.

Svou pozornost jsem tak zaméfila na uspéSnost velkych hudebnich vydavatelstvi
v porovnani s malymi a nezdvislymi vydavatelstvimi. V datasetu byla dvé velka
vydavatelstvi — Universal Music a Warner Music. I ptesto, Ze Universal Music zaujima
vétsinu hudebniho trhu, nenasla jsem dikaz pro jeho upfednostiiovani v playlistech na
Spotify. Usp&snost vydavatelstvi je spiSe zptisobena velkym mnoZstvim talentovanych
umélct, které vydavatelstvi zastupuje. Druhé velké vydavatelstvi, Warner Music, dokonce
vmém vyzkumu patfilo mezi méné uspesnd vydavatelstvi z hlediska popularity pisni

v hitparade. K vyctu velkych hudebnich vydavatelstvi na ¢eském trhu jsem po vyhodnoceni
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vysledkl ptidala jest¢ MIKE ROFK Records, jehoz pisné zastupuji pomérnou ¢ast trhu a
uspesné se umist’uji v hitparade.

Posledni cast vyzkumu se vénovala atributiim pisni. Tato Ciselnd vyjadieni urcitych
vlastnosti jednotlivych pisni umozni zkoumat hudbu kvantitativnimi metodami. S vyuzitim
korela¢nich matic jsem odhalila nékolik vztahli mezi atributy pisni navzajem, naptiklad mezi
hlasitosti pisné€ a jeji energeti¢nosti, a mezi zanrem pisn¢ a jejimi atributy. Bohuzel se mi
nepodafilo objevit signifikantni vztahy mezi pohlavim interpreta a atributy pisni, z davodu
jiz zminovaného nizkého zastoupeni Zenskych interpretek ve vzorku. Pro zkouméani by bylo
za potiebi pracovat s vétSim datasetem, nebo v prostiedi, kde neni genderova nerovnost tak
silna. Vérim vsak, Ze tato metoda nalezne uplatnéni ve zkoumani hudby v budoucnu, protoze

nabizi nové metodologické ptistupy, v tradi¢né spise kvalitativni vyzkumné oblasti.

Vyzkum v této diplomové praci odhalil genderovou nerovnost u pisni vstupujicich na
platformu v pribéhu jedenacti mésicii. Tato nerovnost vSak neni zptisobena platformou, ale
ukazuje na bariéry, kterym musi Celit Zensk¢ interpretky pii vstupu do hudebniho pramyslu.
To mohou byt naptiklad sexualizace, objektivizace Zenskych hudebnic, které¢ ukazuji na
tradiéni gender stereotypy pretrvavajici v éeské spolecnosti. Ceské Spotify proti témto

stereotypiim aktivné bojuje a zenské interpretky podporuje pii umistovani v playlistech.

Pro pokracovani vyzkumu této problematiky bych doporucovala pracovat s vétSim
vzorkem dat tak, aby zastoupeni Zen bylo dostatecné pro vyvozeni statisticky validnich
vysledkl. Véfim vSak, Ze jsem touto studii predstavila téma genderové nevyvazenosti na
hudebnich platformach ¢eské akademické obci a pfinesla dikaz o gender gapu v hudebnim

prumyslu s vyuzitim mistnich dat.
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Diplomové a disertatni price k tématu (seznam bakalafskych, magisterskych a doktorskych praci,
které byly k tématu obhajeny na UK, pfipadné dal$ich oborové blizkych fakultich &i vysokych §kolach
za poslednich pét let)

CECHOVA, Tereza, 2018. Zeny — novinarky: Genderové stereotypy v audiovizudlnich médiich. Praha.
Bakalarska prace. Univerzita Karlova, Fakulta socidlnich véd. Vedouci prace Mgr. Tereza Krobova.

GAJDUSEK, Pavel, 2020. User preference visualization for music. Praha. Bakalafska prace. Univerzita
Karlova, Matematicko-fyzikélni fakulta. Vedouci prace Mgr. Ladislav Peska.

STANCIKOVA, Lubica, 2019. Genderovy pohlad na prezentdciu Zien na Wikipédii. Praha. Diplomova
price. Univerzita Karlova, Filozoficka fakulta. Vedouci prace Mgr. Michaela Buchtova.

KREMLICKOVA, Kristyna, 2019. Situovanost Zenskych DJek v ceské elektronické hudbé. Praha.
Bakaldfska prace. Univerzita Karlova, Fakulta socidlnich véd. Vedouci prace Mgr. Anna Oravcova.

Datum / Podpis studenta/ky -
14.9.2020

TUTO CAST VYPLNUJE PEDAGOG/PEDAGOZKA:

Doporuéeni k tématu, struktuie a technice zpracovani materiilu:

Ptipadné doporudeni dalSich tituli literatury pfedepsané ke zpracovini tématu:

Potvrzuji, Ze vySe uvedené teze jsem s jejich autorem/kou konzultoval(a) a Ze téma odpovida
mému oborovému zaméfeni a oblasti odborné price, kterou na FSV UK vykonavam.

Souhlasim s tim, Ze budu vedouci(m) této price.

Piijmeni a jméno pedagozky/pedagoga

TEZE JE NUTNO ODEVZDAT VYTISTENE, PODEPSANE A VE DVOU VYHOTOVENICH DO TERMINU
UVEDENEHO V HARMONOGRAMU PRISLUSNEHO AKADEMICKEHO ROKU, A TO PROSTREDNICTVIM
PODATELNY FSV UK. PRIJATE TEZE JE NUTNE SI VYZVEDNOUT V SEKRETARIATU PRISLUSNE
KATEDRY A NECHAT VEVAZAT DO OBOU VYTISK( DIPLOMOVE PRACE.

TEZE NA IKS7Z SCHVALUJE GARANT PRISLUSNEHO STUDLINIHO OBORU.

87




List of Appendices

Appendix 1: Spotify after setting up a new account (picture)
Appendix 2: Main research questions, guiding questions with hypotheses (table)

See what your friends are
playing

Cekani
nasrdce

Cekinl na srdee Redidlo FirstClass

Appendix 1: Spotify after setting up a new account

88



Topic Research Question Guiding Question Hypothesis

What is the proportion of There is gender inequality
female artists in released between female and male
songs compared to male artists entering the
artists? platform.
What is the proportion of There is higher gender
female artists in organic inequality for songs in the
listening compared to male chart than for songs
artists? entering the platform.
What is the proportion of There is lower gender
female artists in promoted inequality for songs in the
songs compared to male chart than for songs
artists? entering the platform.
How do promoted listening There are proportionally
and organic listening differ more female artists in the
with respect to gender? chart than in the playlists.
Is there a difference in female | Most female artists are in

Gender To what extent is Czech | representation throughout pop, while there are a few

Spotify gender-biased?

genres?

Is there a time of year when
women release more songs
than men?

89

artists in hip-hop.

Most songs are released

around Christmas. Female
artists release more songs
(proportionally) than male
artists before the holidays.

Major record labels
promote female artists
better than small record
labels.

We can distinguish
different attributes for a
song sung by a female
artist and male artist.

Songs by female artists
have higher speechiness
and acousticness and have
lower danceability and
energy.




Topic Research Question

Guiding Questions

Hypothesis

Are major record labels

What is the proportion of
songs from major record
labels in organic listening?

What is the proportion of
songs from major record
labels in suggested listening?

In organic listening, there
are proportionally fewer
major record labels than
small labels.

In suggested listening,
there are proportionally
more major record labels
than small labels.

Artists signed to major

Record Label oo . . . .
prioritised on Spotify? Are artists signed to major record labels prove to be
record labels more popular on | more popular in chart than
the platform? artists that are not signed
to any label.
Yes, major record labels
. i h ket - th
Can we say that the major dominate the market - they
. represent most of the
record labels dominate the
market? songs offered on the
' platform, and their artists
are popular.
What correlation can we find There is a link betw'eeg
in organic listening? gender and popularity in
: the chart.
Song Caq Wwe use song What correlation can we find There is a relatlgnshlp
. . attributes to find . . between speechiness and
Characteristics in suggested listening?

significant correlations?

Appendix 2: Main research question, guiding questions and hypotheses

Do the findings from
correlation matrices reveal a
new relationship?
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gender.

Using the song
attributions, we can reveal
new relationships that help
us examine music from
another perspective.



