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Abstract

fields and beyond. While these gaps are well-documented
in areas ranging from the workspace and wages (Blau and
Kahn 2000; Kuhn and Villeval 2013) to educational opportunities (Hausmann et al. 2009), entrepreneurship and capital markets (Brooks et al. 2014; Kanze et al. 2017; Horvát
and Papamarkou 2017), as well as leadership (Ragins 1998;
Burke and Collins 2001), it is largely underexplored in the
case of the global music scene.

With digital music consumption being at an all-time high,
online music encyclopedia like MusicBrainz and music
intelligence platforms like The Echo Nest are becoming
increasingly important in identifying, organizing, and recommending music for listeners around the globe. As a byproduct, such sites collect comprehensive information about a
vast amount of artists, their recorded songs, institutional support, and the collaborations between them. Using a unique
mash-up of crowdsourced, curated, and algorithmically augmented data, this paper unpacks an unsolved problem that is
key to promoting artistic innovation, i.e., how gender penetrates into artistic context leading to the globally perceived
gender gap in the music industry. Specifically, we investigate gender-related differences in the sonic features of artists’
work, artists’ tagging by listeners, their record label affiliations, and collaboration networks. We find statistically significant disparities along all these dimensions. Moreover, the
differences allow models to reliably identify the gender of
songs’ creators and help elucidate the role of cultural and
structural factors in sustaining inequality. Our findings contribute to a better understanding of gender differences in music production and inspire strategies that could improve the
recognition of female artists and advance gender equity in
artistic leadership and innovation.

Data about world-wide music production is becoming increasingly available in conjunction with the heavy use of
music streaming services like Spotify, Tidal, Apple Music,
Amazon and Google Play. These data enable a comprehensive study of music, where the complementary input of men
and women is not only desired, but essential. By building on
the interdependent voices, sensibilities, and associated artistic worlds of the two groups, music is considered a highly
gendered form of expression (Treitler 2011), i.e., “fraught
with gender-related anxieties” and “strongly informed by
erotic imagery” (McClary 1991). Gender effects and musical expression are thus exceptionally hard to untangle, making the problem more severe here than in other creative
fields or mundane settings that have been studied before
(Lutter 2015; Altenburger et al. 2017; Wachs et al. 2017;
Altenburger and Ugander 2018). Firmly ingrained human
biases are at the root of emerging gender inequalities, stereotyping, and discrimination in the music industry (Boimabeau
2009). Recent research indicates that statistical tools and appropriate algorithmic implementations can have the potential to detect, raise awareness of, and eventually help overcome some of the harmful individual biases (Kleinberg et
al. 2017; 2018). Approaching the gender problem in music from the algorithmic de-biasing perspective would not
only represent progress in a difficult area, but it would do
so in a context that is recognized to be an important pioneer
and trendsetter for the gig economy (Baym 2018). Results
obtained in the case of the music industry can thus be expected to translate to novel directions in today’s changing
labor markets.

Introduction
Recently, there has been an increasing level of awareness
about the differential treatment of artists based on their gender in a variety of creative sectors (Smith, Choueiti, and
Pieper 2017; 2018). The music industry is at the forefront
of several mediatized debates related to systemic gender biases (Newman 2018), yet scholarly works that investigate
the issue at scale are largely missing. Primarily due to difficulties in extracting and quantifying musical features in
a non-automated way, previous studies focused on general
compositional structures. For instance, recent work found no
differences between male and female artists in terms of their
high-level compositional quality (Sergeant and Himonides
2016). Yet, gender inequalities in the music context seem to
be the status quo, mirroring disparities seen in other creative

In this paper, we thus tackle empirically the open question
about the existence of a specifically female style in music.
Our analysis has an unprecedented scale and operates along
a varied set of dimensions. Specifically, we ask: Is male
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of music: valence, loudness, danceability, acousticness, energy, liveness, and speechiness. The sonic features are thus
either binary (e.g., major/minor mode), discrete (e.g., distinct values of estimated overall song key from C through B),
or continuous (e.g., tempo quantified as an average number
of beats per minute). Table 1 summarizes the sonic features.
A slightly altered set of sonic features from The Echo
Nest have been used recently to study optimal differentiation in music (Askin and Mauskapf 2017).
Besides song and album listings, The Echo Nest contains detailed artist-level information as well. Most importantly, a large set of crowdsourced tags, cross-validated between several listeners, combined with social media mentions, and finally thresholded based on the reliability of association. To limit our dataset to popular music, we drop
artists who have been tagged with versions of the labels classical, opera and soundtrack. The 571 remaining distinct attributions position artists on a fine-grained tag landscape that
ranges from jangle pop and bluegrass to singer songwriter
and Greek music. The mapping between artists and tags is
not one-to-one. Instead, artists typically have 2.08 (±1.36)
associations.
Additionally, we collected from MusicBrainz2 information about artists’ affiliation with record labels and collaborations within the industry. First, the extra information
we obtained from this leading crowdsourced platform for
music metadata enables us to track the institutional affiliation of artists. There are 6,077 different record labels that
are spread around the world. With semi-manual cleaning we
eliminate typos and account for different languages and local subsidiaries of the same franchise. This way we collate
4,873 verified record labels with 11 being the median number of songs produced by a label. Second, we build a collaboration network that describes the shared recordings of solo
artists. We do not take into account band memberships, as in
those cases the dynamics of production is considerably different and a clear attribution of creative input is extremely
difficult. Note that when doing the matching between the
two data platforms, on the one hand, we could not find collaborators for every artist with available sonic and tag information. While part of this could be due to missing data, a
great portion of artists never actually collaborate throughout
their careers. On the other hand, we also found several artists
who never released a song on their own, but only collaborated on others’ projects, which is also typical for the industry. We included these collaborators in the network, which
finally consisted of 8,757 artists and 16,577 connections between them. Although the network has 358 components, the
giant component contains 89.7% of the artists indicating that
it might have the core-periphery structure observed in other
artistic and scientific collaboration networks (Csermely et al.
2013; Yang and Leskovec 2014).
Unlike most large-scale studies of gender differences,
which often infer gender assignment through an analysis of
individuals’ names and/or profile photos (Karimi et al. 2016;
Wachs et al. 2017), here we used binary gender codes
that were explicitly attributed by listeners and checked by

and female sound distinguishable? Do listeners use different categories to describe male and female artists’ songs?
Is this work produced under the flagship of different institutions and via different collaboration patterns? The answers
to these questions led to a modelling endeavor, which shows
that gender differences are pronounced enough to enable
the reliable identification of the gender of a song’s creator.
These investigations were based on a global dataset that collects and collates crowdsourced, edited, curated, as well as
algorithmically filtered and augmented information on various aspects of gender differences in music. In the U.S. alone,
251.9 billion people have used online streaming platforms
like Spotify and YouTube as their primary source of music
consumption in 2016 (Crawford 2016). Many of them regularly contribute to online music encyclopedia, discuss preferences and discoveries on social media, and feed data into
recommendation engines. The identification of the most relevant sources, the matching and cleaning of their content has
resulted in the comprehensive dataset that we used here.
Our systematic assessment of gender disparities in music production contributes a framework that evaluates differences in the created musical content alongside dissimilarities of cultural and structural origins. Specifically, the
framework compares data summarizing songs’ underlying
sonic features, tagging by listeners, institutional support, and
collaboration networks around artists of the two genders.
It leads to models that allow comparing the effect of the
considered factors on inequality. Eventually, a better understanding of gender differences points to a “female way” of
producing music that could inform attempts at better nurturing women on the global music scene.

Data
The dataset that we use describes the sonic features of
232,798 songs combined with detailed artist metadata for
8,247 solo artists. This sample represents commercially
recorded popular music between 1960 and 2000 signed
by solo artists with accurate gender assignment. The first
component of the dataset compiles song-level information
from The Echo Nest1 , a music intelligence platform
now owned by Spotify. The key innovative part of this
data is the fine-grained sonic feature set that the platform
deduced using state-of-the-art Music Information Retrieval
(MIR) (Bertin-Mahieux et al. 2011). MIR extracts numeric
information from digital audio files, generating quantifiable descriptions of songs’ underlying musical attributes
(Friberg et al. 2014). The key idea is that individuals’ musical preferences are linked to a series of features that structure the musical space, such as speed, repetition, and loudness (Greenberg et al. 2016). The sounds perceived by listeners are mapped via MIR to sonic features that reliably
distill the complexity of music and make statistical comparisons feasible. Our dataset comprises the following important MIR-based sonic features: standard musical attributes
tempo, mode, key, and time signature; the simple quantification of the duration of songs; as well as a series of measures that represent particular aural or emotive dimensions
1

2

http://the.echonest.com/

518

http://musicbrainz.org/

Sonic feature
Tempo
Mode
Key
Time signature
Duration
Valence
Loudness
Danceability
Acousticness
Energy
Liveness
Speechiness

Description
Average tempo in beats per minute
Minor or major key
Estimated overall key from C through B
Estimated overall time signature in beats per bar
Length in seconds
Musical positiveness
Perception of sound pressure determined by the
mastering technology
How suitable a song is for dancing based on tempo,
regularity of beat, and beat strength
Likelihood of recording solely by acoustic means
(as opposed to electronic means)
Perception of intensity based on speed, loudness,
and noisiness
Likelihood of recording in the presence of a live audience
(as opposed to studio production)
Likelihood of existing spoken words (vocals are
not considered)

Mean ♂
117.07
0.70
3.95
3.85
245.93
0.54
-12.34

Mean ♀
116.33
0.69
3.93
3.84
229.26
0.50
-11.68

p
< 0.001
0.41
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

0.56

0.55

< 0.001

0.49

0.53

< 0.001

0.49

0.45

< 0.001

0.22

0.20

< 0.001

0.09

0.06

< 0.001

Table 1: Summary of the used sonic features. Shown are averages for male and female artists’ songs as well as results of
two-tailed Kolmogorov-Smirnov tests that compare the two distributions.

MusicBrainz editors. We manually confirmed the correctness of gender assignment for a random selection of 100
artists. The compiled data comprises 6,164 male and 2,083
female solo artists who released 177,856 and 54,942 songs,
respectively. Figure 1 compares the prevalence of female
versus male solo artists over the forty years covered by our
dataset. In agreement with research on creative occupations
(Grow and Deng 2014; Koppman 2014), we find that men
are consistently overrepresented in artistic fields. Although
the percentage of females increased from roughly 20% to
25% between 1960 and 2000, throughout the entire time period, men have released more songs than women, even after
controlling for the imbalance in representation.

age of female solo artists. Among countries represented in
our dataset by at least 10 solo artists, Egypt has 12 male and
no single female musician, followed by Algeria and Puerto
Rico with 7.14% and 8.33% female artists. Latvia, Israel,
Portugal and Philippines have the highest female representation (from 60% to 50%).
For artists to be included in our data, they need to have
been affiliated with at least one established record label in
their region. Musicians who have never recorded with a label
are missing from our analysis. Our sonic feature and artistlevel data represents a good coverage of all recorded music
available online and there is no reason to believe that there
is a systemic gender bias in this sampling. However, a third
limitation of our data is that it is hard to assess the comprehensiveness of its crowdsourced components. The gender labeling, listener tags, record labels as well as collaborations could be biased. The nature and extent of this bias
has not been explored yet. Literature documents lower female contribution rates on peer production platforms, online
repositores and freelance communities (Robles et al. 2014;
Vasilescu et al. 2015; Hargittai and Shaw 2015; Wachs et
al. 2017). This lesser contribution is reflected in an inferior
coverage of content about women in these examples. While
we cannot exclude the possibility of a similar gender bias
in our crowdsourced data about music production, comparisons with small-scale data available for specific local music industries reflects reassuring agreements. For instance,
a recent report based on the top 600 songs from 2012 to
2017, curated from Billboard charts, found that 22.4% of
them were women (Smith, Choueiti, and Pieper 2018), in
agreement with our finding about the overall participation
rate of women. Thus, although we certainly err on the side
of exact numbers, we expect the trends to be representative.

Data coverage and limitations
Our dataset has three important limitations. First, despite
having a technically sound gender-ascription methodology,
we acknowledge the major simplification we make by coding gender as a dichotomous variable. This coding is aligned
with the conventional binary gender model that combines
physical and biological markers with cultural narratives of
purpose and social norms of interaction into the groups of
males and females (West and Zimmerman 1987; Lamont
and Molnár 2002; Keener 2015). Contemporary thinking
challenges the wide-spread binary gender concept and advocates for more fluid categories (Richards et al. 2016). Data
on these categories is slowly becoming available, but as of
now it does not exist at the scale and for the population studied here.
Second, much like other large-scale datasets about cultural production (Hochman and Manovich 2013; Spitz and
Horvát 2014), our sample is skewed toward Western popular
music. Figure 2 illustrates nonetheless a broad global coverage and enables a cross-country comparison of the percent519

posed subjectively as a result of their own, previously established gender conceptions. We thus perform a tag-level analysis that asks whether listeners tend to attribute different tags
to male and female artists. To find tags that are statistically
overrepresentative of men or women, we compute log-oddsratios with an informative Dirichlet prior, which control for
the variance in tag frequency based on tag usage across both
genders (Monroe, Colaresi, and Quinn 2008).
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Distribution-level analysis Gender stereotypes are not
only descriptive of typical male or female behaviors,
but they often become prescriptive (O’Neill and Boultona 1996). Given how pervasive subjective prescription is
among general audiences and experts alike, it can be expected that institutions involved in music distribution actively promote socially agreed gendered behavioral styles,
e.g., through the choice of artists they sign. This leads inevitably to a record label culture that disadvantages most
non-conforming expressions (Negus 1999). To address this
problem, we include a distribution-level analysis that is concerned with differences in the institutional context men and
women are embedded in as measured through their affiliation with record labels. The importance of record labels cannot be understated: established institutions play a key role in
marketing songs and are often the main facilitators of the
wide distribution of music. Lacking access to major record
labels in an artist’s area is thus likely to prevent them from
reaching their target audiences. Similarly as with tags, we
assess the significance of associations between record labels
and the two genders using the log-odds-ratio with an informative Dirichlet prior.
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Figure 1: The distribution of years in which solo artists debuted shows the overrepresentation of men in the music industry.

Methods
To systematically explore gender differences in music, we
propose a framework that statistically compares male and
female artists along a set of dimensions that have been discussed in previous literature in areas ranging from musicology to psychology and management.
Sound-level analysis The underrepresentation of women
in the arts has raised the question whether creative output
was gender-specific or not (Citron 1993). One line of work
has found no characteristic male-or-female-sound (McClary
1991), albeit it was mainly based on a couple of high-level
musical properties (Sergeant and Himonides 2016). However, research has also hypothesized that a broader range of
elements which together constituted music needed to be considered to make an accurate determination (Halstead 1991).
In line with this proposition, we use developments in MIR to
perform a large-scale comparison between men and women
at the elemental level of several sonic features (see Table 1).
These features are closest to the essence of music as a form
of artistic expression and, arguably, they are responsible for
the most fundamental connection between listeners’ preferences and individual songs. Thus, we first perform a soundlevel analysis that centers on the question whether there are
any differences in the sonic features of songs released by
male and female artists.

Network-level analysis Aside of institutional affiliations,
informal social structures around artists, i.e., the composition of their collaboration networks, might affect men and
women differently and could highlight some of the structural barriers that female artists face throughout the advancement of their careers. Social capital has been shown
to impact career success in various occupations (Seibert,
Kraimer, and Liden 2001). Research about creative success
on Broadway and in jazz further emphasized this link (Uzzi
and Spiro 2005; Vedres 2017), and a recent study identified collaboration patterns that penalize film actresses (Lutter 2015). Our network-level analysis asks whether male
and female artists have collaboration networks of different structure. The idea is simple: aside of the fact that
well-positioned collaborators might link lesser-known musicians with the appropriate institutions, collaboration networks also have a key role in assuring increased exposure
to others’ ideas and resources, and thus they might result
in more creative recombination (Madlock-Brown and Eichmann 2016). The Smurfette principle states that women
might be less likely to take advantage of social capital as
they tend to be positioned in the periphery of collaboration networks with a core composed of men (Pollitt 1991;
Wagner et al. 2015). To test whether this is the case in
global music production, we define collaboration as the corecording of songs and examine the structure of such collab-

Tag-level analysis As opposed to debating about the existence of a specifically female musical style, researchers
largely agree on the role of listeners in ascribing masculinity and femininity to musical artists’ work (Bem 1987;
Sergeant and Himonides 2014). Even experiments on expert
listeners that have shown no competence in identifying the
gender of classical music composers, indicated strong gender stereotyping: subjects of both genders made significantly
more male-composer attributions than female (Sergeant and
Himonides 2016). This suggests that a considerable part of
the gendered impressions experienced by listeners are im520

Figure 2: The map shows the percentage of female solo artists in our sample for countries with at least 10 individual artists.
orations using various notions of network centrality (Newman 2010):
a.) Who has more collaborators or, in network terms, who
has a higher degree?
b.) Whose collaborators are more highly connected themselves? We measure this using the eigenvector centrality,
which is a variant of Google’s PageRank and weights collaborators according to their importance.
c.) How “close” is an artist to everyone else in the collaboration network though chains of collaborators? We quantify
this using closeness centrality, i.e., the mean shortest-path
distance from an artist to all other artists in the collaboration network.
d.) Is the artist positioned in the core or at the periphery
of the network? Coreness is computed through a repeated
pruning based on degree such that in the k-core of the
network, every artist has at least k collaborators.
After using these modalities to quantify structurally important positions in the network, we investigate the propensity to form collaborations within one’s own gender and
across genders. The well-known social mechanism of homophily dictates that similarity based on demographics like
race, age, or gender breeds connection (McPherson, SmithLovin, and Cook 2001). We compute a homophily index that
captures the number of female collaborators relative to the
total number of collaborators (Currarini, Jackson, and Pin
2009). In the case of music, however, we expect that due to
the complementarity of male and female voices and sensibilities, solo artists would often record with the opposite gender. Recent research has shown that even in networks with
weak gender-homophily, there could be a gender preference
at two hops from the focal person. This tendency is called

monophily and it entails a systematic preference for women
or men (i.e., one of the groups). Regardless of the focal
person’s gender, monophily affects the choice of friends-offriends, instead of friends like homophily does (Altenburger
and Ugander 2018). Hence, as Altenburger and Ugander
phrase it, it has implications for “the company you are kept
in” instead of “the company you keep”. The presence of
monophily implies that individual agency has limited effect
on overall network structure and might explain why collaboration patterns that arise due to gender-preferences are so
hard to change. These gender-driven tendencies in tie formation represent the last aspect of gender differences in music
that we consider in this paper.
Gender classification Sonic feature, listener tag, institutional distribution, and collaboration network dimensions
incorporate elements that are crucial to music production,
while they also cover creative units ranging from individuals
to teams and institutions. To increase the value of our comparisons, we trained classifiers that predict whether a song
was created by a man (1) or a woman (0). We gradually expanded our classifiers by adding different dimensions, i.e.,
sonic features, dummy variables for tags and record labels,
and finally network structural features, and monitored the increase in the accuracy of the classification measured by the
F -score. We ran logistic regressions and random forests using the scikit-learn3 Python package. For the logistic
regression models, we standardized the data and used lasso
regularization strength of 10. In the random forest models,
we built 300 trees. In both cases, we adjusted the weights
to account for class imbalance. To eliminate the effects of
3
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Chansophone, Pony Canyon, Philips, Speedstar, and Chesky
Records are the most salient labels for female musicians.
From the major labels, MCA Records and Universal Music
Group rank high on working with women. Just like in other
industries, adequate female representation at an institution
is linked with female leadership. As anecdotal confirmation,
we find Michele Anthony, one of the most powerful women
in the music industry, to be the Executive VP at Universal
Music Group.
To uncover the differences in the way male and female
musicians collaborate, first we examine their networks with
respect to various notions of centrality (specifically, degree,
eigenvector, closeness, and coreness). Being a highly connected artist in the center of the network secures a more
advantageous position. Figure 3 shows the differences between men and women in terms of their degree centrality and
coreness. The distributions reveal that, in general, the tails
are longer for male artists. On average, female artists have
3.2 collaborators, male artists 3.9. The average coreness of
women is 1.8, the average for men is 2.1. This indicates that
female artists tend to have fewer collaborators and are more
frequently on the periphery of the collaboration network.
The distance between the distributions is statistically significant (p < 0.005, two-tailed Kolmogorov-Smirnov test). We
find the same trends for eigenvector centrality and closeness
with both distributions being statistically significantly different (p < 0.001, two-tailed Kolmogorov-Smirnov test).
Finally, the average eigenvector centrality of male artists is
two orders of a magnitude higher than the eigenvector centrality of female artists. Altogether, all four centrality measures point to significant differences in network position and
indicate that men are better-connected and tend to be at the
core of the collaboration network.
Within this network analytic framework, we also evaluate gender-preferences in forming collaborations. Based on
the homophily index, there is no statistically significant difference between men and women’s tendency to collaborate
with women. However, as the distribution of the fraction of
female collaborators in Figure 3 shows, there is a strong variance in this fraction for both genders. When we compute
the overdispersion quantified as excess variance of genderpreferences in comparison with a homophily-only model
(Altenburger and Ugander 2018), we find overdispersions of
φF = 0.11 and φM = 0.14 that capture how much female
(F ) and male (M ) artists vary in allocating their in-group
versus out-group collaborations. To evaluate the usefulness
of homophily and monophily in identifying the gender of
song’s creators, we include them in the models that we devise next in form of the fraction and number of female collaborators.

potential bias towards productive artists, we performed all
our experiments at the artist level by randomly selecting one
song from each artist in our data. At every step of including a new group of features (i.e., sonic, tag, record label and
network features), we performed 20 rounds of experiments
and report F -scores based on averaging 20 predicted scores
from both logistic regression and random forest models. The
test sample consisted of a holdout subset comprising 2% of
the songs chosen randomly from the entire dataset.

Results
This section presents our empirical results on gender differences in sound (i.e, musical and sonic features), listener
attributions (i.e., tags), institutional distribution (i.e., record
labels), and collaboration patterns. Then, it reports the results of our binary classification, compares the role of the
considered dimensions, and evaluates feature importance.

Statistical comparisons
We compare songs released by men and women based on
available sonic features and show the results in Table 1.
Except for acousticness, female artists have lower average
sound-level scores than male musicians. When comparing
statistically the distributions for men and women, we find
that aside of mode, all sonic features are significantly different for the two groups (p < 0.001, two-tailed KolmogorovSmirnov test). Mode is the highest level feature of songs,
and hence it is not surprising that there are no significant
differences between men and women in that respect.
Exploring the tags attributed by listeners, we find that
nearly all of the 571 different fine-grained genres have been
assigned at least once to male artists. However, listeners associated only less than half of the genres with female artists.
Accounting for the over-representation of men, tempers this
imbalance and shows that average male artists have 2.12
tags, while average female artists receive 1.96 tag attributions. Certain tags are statistically more frequently associated with one gender than the other. Based on a log-oddsratio with an informative Dirichlet prior (Monroe, Colaresi,
and Quinn 2008), rock, electronic, rap, techno, and reggae
are linked with men, while pop, vocal, R&B, vocal jazz, and
soul are attributed to women. Even though tags should reflect the actual sound of artists’ music, we find a disparity
in the tag distributions for the two genders as most people
interpret music through pre-built gender stereotypes (James
2017). This gender-specific tag association could contribute
to the difficulties of female musicians in overcoming barriers to enter and be recognized in new corners of the genre
space.
Record label affiliations show similar patterns as tag attributions. Specifically, male artists work overall with nearly
three times more record labels than female artists: 4,256 out
of 4,873 companies are signing men and only 1,563 have
a history of producing women’s music. Using the same logodds-ratio with Dirichlet prior (Monroe, Colaresi, and Quinn
2008), on the one hand, we identify Fania, ECM Records,
Prestige Records, TriStar Music, and TrojanRecords to be
significantly associated with male artists. On the other hand,

Classification models
Table 2 shows the performance of our models trained to
predict whether a song was created by a male or female
artist. As we add more and more dimensions, the number
of artists in our training data (Ntrain ) decreases. We find
that relying simply on sonic features (the Sound model),
we obtain an F -score of 0.62 with logistic regression and
0.87 with random forest. With various specifications of the
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Figure 3: Differences in collaboration patterns. The log-log distributions of degree and coreness for the two genders show that
men tend to have more collaborators and are in higher k-cores. Gender preferences in tie formation: Empirical distributions of
the number of female collaborators for men and women show a tendency for monophily.
Model
◦ Sound
+ Tags
+ Distribution
+ Network

Features
Sonic features
Listener attributions
Record labels
Collaborations

Ntraining
8,233
8,010
8,010
4,017

FLR
0.62
0.75
0.94
0.95

FRF
0.87
0.88
0.91
0.92

Table 2: Improvement of classification performance as dimensions are added to the model. Average F -scores with logistic
regression (FLR ) and random forest (FRF ) models are comparable. Feature availability determines the size of the training
sample (Ntrain ). Results indicate that all considered dimensions incorporate aspects of gender differences.

sound model, we obtain scores that are considerably superior to random guessing. This indicates that algorithms
trained with musical content features can successfully retrieve gender information. Adding listener-provided tag information to the model increases the performance to 0.75
with logistic regression and 0.88 using random forest (the
Sound+Tag model). This increase in performance resonates
with our expectation based on previous literature that artist
gender identification improves upon adding listener tags (see
section Methods). The sonic features and tags used here
are a reflection of how music sounds to and is perceived
by listeners. The F -scores suggest thus that factors related
to sound and perception alone lead to uncovering a considerable part of the differences that emerge between the
two genders’ songs. Focusing on the contexts of and inputs
into production, we further improve the predictive power
of the model. When we add details about record label affiliations to account for characteristic distribution modalities, we increase the F -scores to 0.94 and 0.91, respectively
(the Sound+Tag+Distribution model). Taking into account
also the features describing collaboration patterns, the complete model (Sound+Tag+Distribution+Network) achieves
an F -score of 0.95 and 0.92, respectively. The increase in F scores to above 0.90 is enabled by the differences between
male and female musicians in obtaining formal and informal
support.
Overall, the performance of the logistic regression and
random forest models is comparable. This observation holds
also when we use other measures of evaluation like the
AU C, accuracy, precision, and recall. We notice that the ran-

dom forests built on our dataset are better at classifying male
artists than logistic regressions: the recall of random forest
is around 0.99 at all four levels, while the recall of logistic
regressions goes from 0.49 in the case of the Sound model
to 0.91 in the case of the full model. Conversely, logistic regression models capture female artists better: the precision
of random forests varies between 0.78 and 0.85, remaining
below the precision of logistic regressions (0.84 to 0.99).

To further unpack the role of these dimensions in differentiating the songs of men and women, we inspect the significance of used features. Table 3 highlights selected features
along with their estimated coefficients and standard deviation in the logistic regression model that includes all four dimensions (adjusted R2 =0.84). Danceability and valence are
statistically significant: higher danceability indicates female
artists, while higher valence indicates male artists. Aside of
tempo, all other sonic features are statistically significant in
the complete model, albeit with small coefficients. Regarding tags and record labels, the associations of pop, R&B,
and vocal jazz as well as Chansophone, Pony Canyon, and
Philips with female solo artists follow the hypothesized patterns and are highly significant. Similarly, as anticipated,
rock, rap, and techno as well as the labels Fania, ECM and
Prestige Records are significant for men. With respect to the
network features, eigenvector centrality and the fraction of
female collaborators (i.e., the homophily index) are more
useful predictors than degree and coreness, both being significantly associated with male artists.
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Feature
Sound features
Danceability
Valence
Tag features
Pop
R&B
Vocal jazz
Rock
Rap
Techno
Distribution features
Chansophone
Pony Canyon
Philips
Fania
ECM Recods
Prestige Records
Network features
Degree
Coreness
Eigenvector
Fraction ♀ collaborators

Coefficient

SD

-0.03
0.04

<0.01
<0.01

-0.24
-0.12
-0.32
0.23
0.15
0.06

<0.01
<0.01
0.02
<0.01
<0.01
0.02

-0.70
-0.39
-0.20
0.78
0.15
0.03

0.02
0.03
<0.01
0.02
<0.01
<0.01

-0.01
0.01
4.86
0.10

<0.01
<0.01
0.12
<0.01

tent to which men and women differ in their affiliation with
record labels is striking. Record labels accept male artists
more easily than female musicians and the gender glassceiling has been apparent in artists’ recognition: women accounted for less than 25% of the #1 hits between 1940 and
1990 (Dowd, Liddle, and Blylery 2005). Since awards and
connections with record labels eventually reinforce the underrepresentation of female artists in the industry, an account based on a wide selection of record labels was important in quantifying the effects of institutional gatekeeping. Fourth, men are associated with a more central position
in the collaboration network, which is likely to assure increased exposure to others’ ideas and could result in more
creative recombination (Seibert, Kraimer, and Liden 2001;
Madlock-Brown and Eichmann 2016).
Our analysis here focused on identifying gender differences and evaluating the effect of these differences by testing the ability to distinguish male and female artists’ songs
based on features with no explicit gender connection. Note
that we were not attempting to predict gender as a demographic indicator, which is an “immutable characteristic.”
Instead, we predicted a specific characteristic of a song, i.e.,
the gender of the creative entity behind it. Furthermore, this
paper deliberately does not attempt to establish links between gender and commercial success or creative outcome.
The reason for this is that artistic performance is quantified
and evaluated in several, considerably distinct ways, which
might favor one or the other gender. Since a thorough investigation into the different evaluation metrics in music is still
missing, we refrain from making judgments about cultural
value.
Although the dataset we analyzed is more comprehensive than was previously available, our findings are still constrained by it and the biases in our sample are not easily
eliminated. As detailed in the Data section, i.) we only have
information about binary genders, ii.) the crowdsourced
parts of our data are likely to suffer from gender biases seen
in other online repositories and open source platforms, and
iii.) the data are skewed towards Western music. The extent
to which these biases influence empirical studies about gender differences is a relevant avenue of investigation. We also
hope that further analysis into the combination of cultural
and structural factors that reinforce and sustain gender inequalities in music will enable us to make suggestions that
address difficult-to-reverse gaps more efficiently than existing attempts.

Table 3: Selected features of the complete regression model
(adjusted R2 =0.84). All shown features are significant
(p <0.01).

Discussion
A lack of understanding gender differences in the music
industry might contribute to the low recognition of female
artists and could result in gender-related disparities in artistic leadership and innovation. To address this problem, we
evaluated gender differences in popular music along a set
of dimensions that have been linked by previous literature
to gender inequalities, stereotyping, and discrimination. We
found that male and female artists’ songs sound measurably
different; artists tend to be associated by listeners with distinct genres and roles based on their gender; they are typically affiliated with different record labels; and male artists
have more and better-connected collaborators in addition to
being positioned in the core of the collaboration network.
Our models, trained with features corresponding to these dimensions, suggest that we isolated key factors that distinguish male and female musicians’ work.
This paper yields a number of interesting results. First,
we found that there is an identifiable “female sound” in
popular music. This result informs an ongoing debate in
the literature (McClary 1991; Citron 1993; Halstead 1991;
Sergeant and Himonides 2016). Our finding was enabled
by a novel use of measures and global data. Specifically,
we used quantitative sonic features to explore gender differences based on data that span 40 years of global popular
music. Second, listener tags contributed considerably to the
correct attribution of artist gender. This is closely aligned
with the gender stereotyping discussed in previous research
(Bem 1993; Sergeant and Himonides 2016). Third, the ex-
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