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The Sisyphus Effect: Dynamic Gender Discrimination in the Music Industry
Marco Palomeque’, Jiirgen Résch?, Mafalda Gomez-Vega®

This paper examines gender inequality in popular music using a newly constructed, comprehensive
dataset covering the universe of songs that entered the Billboard Hot 100 between 1958 and 2025. By
integrating chart histories with artist-level characteristics across multiple sources, the dataset enables
dynamic analyses of participation, performance, and survival that were previously infeasible at this
scale and horizon. Combining structural break analysis, dynamic participation models, and artists’
performance regressions, we show that non-male representation does not evolve cumulatively but is
repeatedly reset at moments of technological and institutional change. Participation rises within
regimes but drops sharply at structural transitions, consistent with renewed uncertainty and
gatekeeping. Conditional on chart entry, non-male artists systematically over-perform at entry and
peak visibility, yet exhibit weaker chart persistence, a pattern strongest in periods of stagnating
participation. We interpret these findings as evidence of a Sisyphus Effect in the music industry,
whereby higher effective entry thresholds force non-male artists to repeatedly rebuild representation
under changing industry conditions. More broadly, the paper highlights conditional over-performance
as a general empirical strategy for identifying discrimination in truncated markets when
under-representation is observed in-sample.
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1. Introduction

Gender inequality in the music industry has been widely documented in the literature and is
commonly understood as a second layer of inequality that adds to the structural features of
cultural labor markets (Makridis, 2025; Vecco et al., 2019). Empirical evidence shows that
the music industry is a structurally masculinized sector, in which women are
underrepresented among artists and, even more markedly, in positions of creative and
technical control, such as songwriting and production (Epps-Darling et al., 2020; Prior et al.,
2019). Using data from 2024, women account for approximately 38% of artists in recorded
music, less than 20% of songwriters, barely 6% of credited producers, and 23% of nominees
in major award categories such as the Grammys (Smith et al., 2025).

However, the origins of this inequality remain relatively underexplored, particularly with
respect to the distinction between factors operating on the demand side and those acting on
the supply side. From the demand side, studies based on effective consumption data show
that, once initial exposure is controlled for, songs performed by women do not exhibit inferior
performance in terms of consumption, suggesting that the penalty does not operate primarily
through listeners’ reactions, but rather in earlier stages of access and promotion (Aguiar &
Waldfogel, 2021). In this context, the analytical focus shifts toward the supply side, where
inequality is associated with mechanisms of selection, diffusion, and intermediation that
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operate before music reaches the final listener and raise the entry threshold for women, in
line with the literature on cultural labor and gatekeeping in the creative industries
(Hesmondhalgh & Baker, 2015). In practice, this differential requirement takes concrete
forms: female artists who achieve success tend to display more intensive artistic and
commercial profiles, combining musical excellence, performative capacity, and a
consolidated media identity—dimensions that are central to processes of intermediation and
gatekeeping in the music industry (Negus, 1999). These attributes function as
near-necessary conditions for female visibility in the musical mainstream. Trajectories of
highly established figures in the music industry illustrate this pattern of exceptional
performance and high levels of creative control, whose excellence does not contradict
inequality but rather reveals it, in coherence with persistent barriers to access to commercial
success.*

Within this framework, a recurrent empirical paradox emerges: despite their
underrepresentation, women who manage to access the visible core of the music market
exhibit, on average, levels of performance equal to or even higher than those of their male
counterparts, particularly in terms of permanence once visibility has been achieved
(Kaimann et al., 2021). This is consistent with recent evidence from other labor markets,
where women, despite being systematically undervalued in terms of “potential,” tend to
over-perform once they overcome access filters, reflecting more stringent selection
processes and biased entry thresholds (Benson et al., 2025). This pattern, which may be
described as female over-performance, has been empirically documented, but has rarely
been interpreted as the outcome of more demanding selection processes in market access.
From this perspective, female over-performance does not constitute evidence of equality of
opportunity, but rather reflects a particularly stringent glass ceiling that operates prior to
consumer exposure: women who manage to enter do not perform worse—and often perform
better—but they are fewer in number. Inequality, therefore, does not arise from listeners’
reactions, but from earlier stages of access, selection, and intermediation.

On this basis, the central contribution of this article is to offer a reinterpretation of female
over-performance as a symptom of prior discrimination in market access. In contexts
characterized by biased entry filters, women must not only meet high standards to attain
commercial visibility, but surpass more demanding thresholds than their male counterparts,
resulting in an observable sample that is necessarily truncated and positively selected.
Empirically, this reinterpretation requires observing participation, performance, and survival
jointly, over long horizons, and across changing institutional regimes, an exercise that has so

“As an illustration of these differential demands, several artists have publicly highlighted the need to sustain
exceptionally high levels of performance and creative control in order to maintain professional visibility. Taylor
Swift states in her documentary Miss Americana that “female artists have had to reinvent themselves 20 times
more than male artists; we have to do it or else you're out of a job” (Wilson, 2020). Similarly, Lady Gaga
documents in Gaga: Five Foot Two the constant pressure to combine vocal excellence, performance, and a
coherent media identity (Moukarbel, 2017), while Beyoncé shows in Homecoming the extreme standards of
discipline, versatility, and creative control underlying her sustained success (Knowles-Carter, 2019). For her part,
the Spanish singer Aitana stated at a panel during Latin Music Week that in pop music “you are taught that
female pop singers must know how to dance well” and that “men are not required to dance well on stage,”
thereby illustrating the additional performance expectations placed on women in the music industry, as reported
by the specialized press (Europa FM, Oct. 22, 2025).



far been constrained by data limitations. To address this gap, we construct a new,
comprehensive dataset covering the universe of songs that entered the Billboard Hot 100
between 1958 and 2025, integrating weekly chart trajectories with artist-level characteristics
from multiple sources. This data infrastructure allows us to track gendered access,
conditional performance, and persistence dynamically, and to study how these relationships
evolve across periods of technological and institutional change.

However, these mechanisms need not be time-invariant. Labour and cultural markets are
repeatedly reshaped by technological and institutional change, which may alter evaluative
criteria, increase uncertainty, and redefine the role of intermediaries and gatekeepers in
access and promotion processes (Caves, 2003). In contexts of disruption—such as those
associated with changes in measurement technologies, distribution channels, or ranking
infrastructures—past success may lose part of its informational value, giving rise to renewed
screening at entry. Recent evidence shows that beliefs about gender-related inequalities are
systematically biased and tend to be revised only when individuals are explicitly confronted
with aggregate information, rather than updating smoothly over time (Schuetz, 2026). As a
result, advances in female participation may not be necessarily cumulative: previously
accumulated reputational capital and performance signals may depreciate when the rules of
the game change. From this perspective, women’s trajectories in the visible segments of the
market could be interpreted as a process of fragile accumulation, in which each attempt to
overcome entry thresholds resembles pushing a heavy rock uphill, only to see it roll back
down after each structural change—with the consequent depreciation of accumulated
reputational capital—following a logic evocative of the well-known Greek myth of Sisyphus,
whose relevance we examine empirically throughout the article.

Our article contributes to the literature in three main ways. First, it develops a specific
empirical framework for analyzing gender discrimination in cultural markets observed
through truncated samples, such as commercial success rankings. Second, it provides
systematic evidence on the performance and selection patterns associated with women’s
presence in these markets, linking observed over-performance to processes of statistical
discrimination and glass-ceiling effects. Third, through a longitudinal analysis, it identifies
structural breaks showing that female advances are not cumulative, but rather fragile and
reversible. Taken together, the contributions of this paper extend to labour markets in which
success is observed only conditional on passing visibility or selection thresholds, well
beyond the music industry.

The remainder of the paper is structured as follows. Section 2 reviews the relevant literature.
Section 3 presents the empirical framework. Section 4 describes the data. Section 5 reports
and discusses the results. Section 6 concludes.

2. Literature review
21. Gender and inequality in the cultural and music sector

The literature characterises cultural labour markets as spaces of structural precarity, marked
by employment discontinuity, limited social protection, and reliance on informal networks
(Bille, 2020; Hesmondhalgh & Baker, 2015). In highly concentrated and volatile markets, this
precarity translates into pronounced internal inequalities, where small initial advantages in



visibility or reputation generate large disparities in opportunities, and where even high levels
of human capital do not guarantee stable professional careers (Rosen, 1981; Koenig, 2023;
Makridis, 2025). Overlaying this already restrictive context is a second layer of inequality,
namely gender: the cultural sector is not gender-neutral, and women face additional barriers
to sustaining continuous careers (Gill & Pratt, 2008), resulting in persistent gaps in wages,
leadership, funding, and recognition (Vecco et al., 2019).

A wide range of studies across cultural industries reinforces this view of gender inequality. In
the art market, several analyses document the underrepresentation and lower valuation of
women artists (Bocart, et al. 2017; Vecco et al., 2024). In the film sector, Smith et al. (2014)
show that women are systematically underrepresented in speaking roles, positions of power,
and high-status occupations, while Lauzen (2024) documents the persistence of strongly
masculinised professional structures in U.S. television. In classical music, despite the
growing presence of women in higher education, barriers to prestigious positions such as
conducting and composition persist, along with systematic biases in competitive settings
when identity is revealed—biases that are partially mitigated by blind auditions (Ginsburgh &
van Ours, 2003; Goldin & Rouse, 2000)—as well as lower levels of recognition even in
training environments (Partti & Devaney, 2023). In popular music, the literature documents
persistent gaps in representation, leadership, and income, reinforced by sectoral informality,
the absence of standardised promotion mechanisms, and the masculinisation of most
musical genres (Tabak, 2023; Prior et al., 2019). Digitalisation introduces additional
mechanisms of inequality: although platforms may provide some editorial advantage to
women artists, this does not translate into higher consumption levels, suggesting that
algorithmic recommendation processes and platform dynamics may reproduce historical
inequalities (Aguiar & Waldfogel., 2021). Consistently, Vecco et al. (2019) document a
persistent pattern of occupational segregation in the European music sector, with a clear
male concentration in high-prestige technical and creative roles.

Moving closer to our case study, a number of contributions have used success
rankings—particularly the Billboard—to analyse both gender inequalities in popular music
and the structure of commercial success in these highly competitive markets. From a gender
perspective, Smith et al. (2025) show that although women currently account for around four
out of ten artists in the Hot 700, they remain clearly underrepresented in creative positions
such as songwriting and production. This gap is replicated across other segments of the
Billboard ecosystem, where female presence is limited both at entry and at the top of the
charts (Watson, 2019; Wells, 2001), and is reflected in a persistent male dominance of sales
charts in earlier decades (Lafrance et al., 2018). Complementary evidence using streaming
data shows that even in digital environments women artists receive fewer plays, suggesting
that consumption and recommendation biases reinforce patterns observed in traditional
rankings (Epps-Darling et al., 2020).

These gendered patterns operate within an environment characterised by strong
concentration and ranking-specific selection mechanisms. Bhattacharjee et al. (2007) show
that the P2P era significantly reduced chart survival in the Billboard Hot 100, particularly for
releases with weaker debuts, revealing high turnover at the bottom and greater stability at
the top. Complementarily, Kaimann et al. (2021) find, using streaming data, that
accumulated reputation does not improve survival and may even reduce it, highlighting the
role of social diffusion dynamics. Extreme success concentration is reflected in the fact that



very few artists reach number one (Giles, 2006), while the average duration of hits has
increased and elite renewal remains minimal (Hamilton & Pearce, 2024; Lech et al., 2025).
Finally, Sernoe (2005) shows that methodological changes such as the introduction of
SoundScan substantially altered genre visibility, confirming that the Billboard is a technical
construct highly sensitive to measurement procedures.

2.2. Theoretical framework of discrimination and its application to the music
market

Understanding gender inequalities in music, particularly in highly visible markets such as the
Billboard, requires situating them within conceptual frameworks that explain how biases
operate and how competitive talent markets are structured. Literature in economics, labour
sociology, and cultural economics identifies several mechanisms that generate and amplify
inequality in cultural industries: taste-based discrimination, statistical discrimination,
inequality regimes, and the superstar effect.

Taste-based discrimination, formulated by Becker (1957), refers to situations in which hiring,
collaboration, or promotion decisions are guided by subjective preferences or aversions
toward specific groups. While this framework conceptualizes discrimination at the level of
individual preferences, research on cultural industries has emphasized how such
preferences are mediated, channelled, and reproduced through institutionalized gatekeeping
processes shaping artistic selection. In cultural industries, taste-based discrimination has
been most clearly documented in selection contexts in which individual preferences can be
isolated, such as musical auditions (Goldin & Rouse, 2000). In other cultural markets,
including popular music and the audiovisual industries, evidence of persistent gender gaps
has been interpreted as consistent with the presence of discriminatory preferences on the
part of audiences and industry intermediaries (Wells, 2001; Ginsburgh & van Ours, 2003),
often channelled and reinforced through organizational routines, genre classifications, and
corporate cultures characteristic of cultural industries (Negus, 1999), and frequently
interacting with institutionalized selection processes.

Statistical discrimination, developed by Phelps (1972), Arrow (1973), and Aigner and Cain
(1977), is based on the use of group characteristics as signals under conditions of imperfect
information. This mechanism is particularly relevant in creative markets, where quality, talent,
or commercial potential are difficult to assess ex ante (Spence, 1973). Under uncertainty,
evaluators rely on stereotypes to infer productivity (Holzer & Neumark, 2000), raising entry
thresholds for historically undervalued groups; in music, this implies that women must
demonstrate stronger credentials to access equivalent opportunities. Within the cultural
sector, empirical evidence on gender-based statistical discrimination has focused mainly on
visual art markets, where data on prices, valuations, and professional trajectories allow
analysis of how agents rely on gender-correlated signals to infer artistic quality or value
under imperfect information (Hoffmann & Coate, 2022; Marchenko & Sonnabend, 2022). In
the music industry, although deeply rooted conceptions of creative leadership, technical
authority, and genius—historically associated with masculine attributes—generate persistent
barriers to women’s recognition and promotion, explicit empirical analyses from a statistical
discrimination perspective remain scarce.



Finally, the superstar effect provides an additional lens to understand success concentration
in artistic markets. Building on Rosen’s (1981) model and its subsequent extensions
(MacDonald, 1988; Koenig, 2023), this literature shows how small initial differences in
visibility or reputation can translate into large success asymmetries through cumulative
advantage mechanisms. In music markets, where attention is a scarce resource, these
dynamics are particularly salient.

From a gender perspective, the interaction of these mechanisms not only reproduces
existing inequalities but amplifies them. When women start from lower levels of initial
visibility—whether due to taste-based or statistical discrimination—the extreme
concentration logic of the market turns these differences into particularly difficult barriers to
overcome. As a result, only those with exceptionally high levels of performance, relational
capital, or recognition reach the top of the success distribution, generating over-selection
phenomena observable in rankings such as the Billboard. This relative overrepresentation
does not contradict inequality but constitutes one of its clearest expressions, arising from the
interaction of social preferences, imperfect information, organisational practices, and highly
concentrated market structures.

In light of these mechanisms, the empirical contribution of this study depends on what can
be identified using a dataset composed exclusively of charting songs. Because the Billboard
Hot 100 is a truncated sample, the full population of musical production and the decisions
keeping most songs below the visibility threshold are unobserved. In this context,
taste-based discrimination on the demand side can largely be ruled out: once a song enters
the chart, its performance reflects market responses, and the superior conditional outcomes
of female-led songs do not suggest systematic consumer aversion (Kaimann et al. 2021).
Taste-based discrimination on the supply side cannot be directly isolated because the
rejected pool is unobserved. What can be measured is statistical discrimination: if women
must overcome higher entry thresholds to appear in the chart, those who do should
outperform comparable men conditional on entry. These theoretical foundations motivate the
empirical strategy developed below, based on the analysis of peak performance and chart
survival conditional on entry.

3. Empirical framework: Measuring gender discrimination in a truncated
chart sample

3.1. Discrimination domains and observational limits in a truncated dataset

Gender inequality in the commercial music market can arise through three domains: (i)
demand-side discrimination by listeners, (ii) supply-side discrimination by labels, producers,
programmers, and other gatekeepers, and (iii) human-capital access constraints in the
artistic pipeline. As the paper studies solo artists and bands, the majority will be considered
male solo artists and full male bands. From now on, we refer to non-male artists as all other
possibilities as the gender minority.

A truncated dataset such as the Billboard Hot 100 imposes strict limitations on which of
these mechanisms can be studied empirically, because outcomes are observed only
conditional on passing a visibility threshold and the non-selected pool remains unobserved
(Heckman, 1979). We therefore begin by clarifying the identification boundaries that shape
our contribution.



Demand-side discrimination. Listeners may hold gendered preferences, but these are only
observable for songs that receive exposure. Conditional on chart entry, a song’s
performance reflects realised consumption, since listeners can only respond to songs that
receive exposure. This approach is commonly used to isolate demand-side responses once
visibility has occurred, abstracting from selection processes operating prior to exposure
(Aguiar & Waldfogel, 2021). Thus, if non-male-led songs do not underperform conditionally
on entry, we find no evidence of demand-side penalties among exposed consumers.
However, demand-based discrimination before exposure cannot be evaluated, as
consumers cannot respond to songs that gatekeepers do not promote.

Supply-side discrimination. Gatekeepers determine which songs are produced, promoted,
and pushed toward visibility. Because we do not observe rejected songs, taste-based
supply-side discrimination—preferences unrelated to expected commercial success—cannot
be identified directly (Becker, 1957). What can be identified is statistical discrimination: under
imperfect information, if non-male artists face higher entry thresholds, then the non-male
artists who do reach the chart will be positively selected and, therefore, exhibit superior
conditional performance (Holzer & Neumark, 2000). This interpretation does not assume
higher intrinsic quality; it reflects the consequences of unequal thresholds.

Human-capital access constraints. Earlier stages of the pipeline, including training,
mentoring, equipment access, and time availability, are unobserved. Nonetheless, long-run
shifts in female representation may indirectly reflect evolving opportunity structures for
women in cultural and labor markets. In this sense, human-capital constraints provide
contextual interpretation rather than a separately identified mechanism (Towse, 2006).

Taken together, these considerations imply that our empirical design focuses on conditional
performance patterns consistent with statistical discrimination, and on structural changes in
representation that contextualize these patterns over time.

3.2. Over-performance in a truncated selection environment

Let yi: denote latent commercial success, a multidimensional construct incorporating
musical ability, production quality, visual performance, branding and promotion. Songs enter
the Billboard Hot 100 when y*it 2T, where rtis an endogenous, time-varying threshold

determined by gatekeeping and market conditions.

If non-male artists face stricter supply-side thresholds than men (rtNM > rtM), then the
subset of non-male-led songs that reach the chart will be positively selected. Formally,
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implying that non-male-led songs should over-perform on realised performance metrics at
the point of entry and at peak visibility, despite overall underrepresentation.
Over-performance along these intensive margins is therefore consistent with statistical
discrimination arising from unequal entry thresholds in a truncated market. This pattern
mirrors recent evidence from other labour markets, where women outperform men



conditional on promotion or selection, despite facing lower assessments of potential,
reflecting stricter selection thresholds rather than superior intrinsic ability (Benson et al.,
2025).The mechanism does not imply that non-male produce inherently “better’ songs;
rather:

Non-male artists must satisfy a broader set of commercial and aesthetic
requirements to be deemed viable by gatekeepers, creating a selection process
that disproportionately filters out lower-performing non-male candidates.

Importantly, this selection-based logic applies most directly to outcomes determined at or
near entry, such as debut position and peak rank. Persistence in the chart, by contrast,
depends on dynamic processes of promotion, belief updating, and continued support that
unfold after entry and may vary across industry regimes,understood as distinct technological
or institutional phases of the industry. Under structural change and heightened uncertainty,
previously accumulated performance signals may lose informational value, limiting belief
updating and weakening persistence even among positively selected female artists.
Persistent over-performance at entry and peak alongside weaker survival is therefore
consistent with statistical discrimination operating in a dynamic environment rather than
contradicting it.

Finally, statistical discrimination predicts that conditional over-performance should diminish
as gatekeepers update beliefs. If over-performance persists across regimes, this suggests
that learning is repeatedly disrupted by structural transitions or that deeper institutional or
taste-based constraints prevent full updating. We do not attempt to distinguish among these
mechanisms causally; instead, we test whether the observed performance patterns align
with the implications of selection under unequal thresholds in a truncated market.

0.40 1 —— Male latent distribution .«--é..‘
——- MNon-male latent distribution ; "\\ :
v
0.35 A ¥
[N
0.30 ™M Tnm
0.25 A
Z 3
@ 0.20 '
=
<
& S
2R
0.15 4 :0:0;‘
0.10 7 {7
7
0.05 2
0004 ==---"7 ! ?

-3 -2 -1 0 1 2 3
Latent commercial success



Figure 1. This figure illustrates how a higher entry threshold for non-male
artists leads to positive selection among observed songs. The shaded regions
represent the right-tail truncation for male and non-male latent performance
distributions. Non-male artists who appear in the chart come from a more selective
region of the latent distribution, implying potential over-performance conditional on
entry. Own elaboration.

3.3. Testable hypotheses

Grounded in this framework, we formulate hypotheses that are falsifiable given a truncated
dataset:

H1. Conditional over-performance at entry and peak (statistical selection). Conditional
on chart entry, non-male—led songs achieve higher entry positions and higher peak visibility
than male-led songs, consistent with stricter effective entry thresholds and positive selection.
This over-performance is expected to manifest primarily at or near entry, rather than
uniformly across all performance margins.

H2. Dynamic persistence failure under structural change. |If conditional
over-performance at entry and peak coexists with weaker chart persistence, particularly
around periods of heightened uncertainty, this pattern is inconsistent with static statistical
discrimination alone and instead reflects dynamic expectation resetting, renewed screening,
or institutional rigidities that limit belief updating over time.

H3. Structural shifts and regime-specific participation dynamics. Breaks in non-male
representation correspond to major technological or institutional transformations. The MTV
era is expected to exhibit higher non-male participation due to the increased importance of
visual representation and multidimensional performance skills. By contrast, the digital piracy
and early streaming eras are expected to display stagnation or reversals as uncertainty rises
and visual-performance complementarities weaken. Structural transitions reshape evaluative
environments and can reset expectations about commercially viable profiles. Because the
streaming era provides high-frequency, transparent performance metrics, we expect faster
belief updating and weaker selection effects over time.

H4. Human-capital access and long-run opportunity structures. Because human-capital
access is unobservable, we rely on structural patterns over time. Lower non-male
representation in early decades (1958-1979) reflects broader restrictions in women’s cultural
and labour-market participation, while post-1980 improvements in educational access,
professionalisation, and cultural visibility should coincide with upward shifts in non-male
representation, conditional on contemporaneous technological incentives.

3.4. Empirical models

Structural breaks in non-male participation. To characterise long-run shifts in
representation, we estimate a Bai—Perron multiple structural break model (Bai & Perron,
1998, 2003) for the weekly share of non-male artists in the Billboard Hot 100 between 1958
and 2025. This approach allows the parameters governing participation to change at
endogenously determined dates, yielding a data-driven segmentation of the historical
trajectory rather than imposing ex ante periodisation. We model the weekly non-male share



as a function of a linear time trend and seasonal controls, allowing all parameters to vary by
regime:

12
Yt =a + BjTrendt + ) ymyjmonthmyt te, t€ regimej. (2)

m=2

Break dates are selected using the Bayesian Information Criterion under a trimming
parameter of 0.15, ensuring economically meaningful regime lengths. Once the break
structure is identified, we recover regime-specific intercepts and slopes through pooled
regressions with regime dummies and local trends, allowing us to distinguish level shifts
from changes in growth dynamics. Inference relies on heteroskedasticity and autocorrelation
robust standard errors; diagnostic tests are reported in the Appendix B. These regimes
provide the temporal backbone for testing H3 and H4.

Participation dynamics under structural change. To formalise the Sisyphus Effect, we
model week-to-week changes in non-male participation around the regime transitions
identified through the previous model. Let s, denote the share of non-male artists among

charting observations in week t, and define Ast =5 —s_, We estimate:

Ast =a+ops_ + > SkStepk(t) + ) ykSlope(t) +e. 3
k€{1979,1999,2015} k€{1979,1999,2015}

Working in differences focuses directly on participation dynamics rather than slow-moving
level effects. The lagged share captures persistence and tests whether gains accumulate or
are mean-reverting. Step terms identify discrete resets in participation dynamics at regime
transitions, while slope terms capture within-regime rebuilding or erosion. Together, these
components operationalise the “reset and rebuilding” logic at the core of the Sisyphus Effect
narrative. Estimation is conducted at weekly frequency with HAC standard errors (52 lags).

.
Over-performance in a truncated market. Let Y. denote latent commercial success of

song i at time t, a multidimensional construct incorporating musical ability, production quality,
visual performance, branding, and promotion. Songs enter the Billboard Hot 100 when

y*itZTt, where T, is an endogenous, time-varying entry threshold determined by
gatekeeping and market conditions. Because T, is unobserved, the empirical sample is

truncated by construction. Conditional on entry, we estimate three complementary
performance margins. All performance regressions are estimated using HC3
heteroskedasticity-robust standard errors to account for unequal variance in success
outcomes across artists and genres.

e Top-10 attainment. We first model the probability of a song reaches the Top10 of the
chart using a logit specification:

NM ,
Pr(Top10, = 1) = Al +B,A" + Xy + Sy(i)). 4



Where AL_NM is an indicator for non-male artists, Xl, includes artist status, band

indicator, newcomer and other-newcomer dummies, collaborations, major-label
affiliation, U.S. nationality, and genre fixed effects, and Sy(i) denotes year-of-release
fixed effects. A positive BA is consistent with conditional over-performance at the

upper tail of the distribution.

e Peak performance. We measure peak success using the inverse of the best chart

position achieved: Pl, = so that higher values indicate better outcomes. We

1
Peaki ’
estimate:

NM ,
Pi= a + BAAi +Xiy +8y()+si. (5)

i
Because this transformation is monotonic, a positive 8 4 indicates superior peak

performance conditional on entry and is consistent with stricter entry thresholds for
non-male artists.

e Entry rank analysis. To capture screening intensity at the point of entry, we mirror the
peak performance model with the inverse of the debut position as the dependent
variable. This outcome reflects the ability to “break the glass ceiling” upon entry;
positive coefficients indicate higher-visibility debuts among admitted non-male artists.

e Survival analysis. Finally, we analyse post-entry persistence using a Cox proportional
hazards model:

h(t|z) = h (Dexp® 4" + 7' §). (6)

Where hi(t) is the instantaneous probability of exiting the chart at time J, and Zl,

includes the same controls as above plus entry rank. Because survival reflects
post-entry dynamics rather than entry selection alone, we do not impose directional
restrictions on 6 % Instead, differences in persistence are interpreted in light of

structural change and expectation resetting. Diagnostic tests confirm model
assumptions; robustness checks include parametric specifications (Appendix D)

3.5. Interpretative boundaries

The empirical strategy adopted in this paper yields informative insights only when interpreted
within clear identification boundaries. First, conditional performance analysis cannot isolate
supply-side discrimination directly; it identifies the consequences of selection in a truncated
market rather than preferences or intentions of gatekeepers. Second, persistent conditional
over-performance is consistent with a simple model of statistical discrimination with stable
belief updating, but it does not by itself identify the specific institutional or behavioural
mechanisms,such as taste-based discrimination, network effects, or organisational rigidities,
that sustain gender gaps over time.

Third, the structural break analysis identifies regime shifts in participation dynamics, not their
causal determinants. Breaks are interpreted as markers of technological and institutional



change, but the empirical design does not attribute them to specific policy, technological, or
organisational shocks. Fourth, long-run patterns in representation may partly reflect changes
in access to human capital along the artistic pipeline; however, such mechanisms remain
unobserved and are therefore interpreted contextually rather than identified explicitly. Finally,
gender differences in marketing intensity, promotional strategies, or label support, although
partially captured by controls, may still influence observed performance outcomes.

Within these boundaries, the combined use of structural break analysis, dynamic
participation models, and conditional performance regressions provides a coherent and
internally consistent framework for studying gendered access, selection, and success in a
truncated cultural market. Rather than isolating single causal channels, the approach
clarifies how inequality is produced and reproduced through dynamic selection processes
operating under structural change.

4. Data description
4.1. Data structure

The empirical analysis is based on a newly constructed, integrated dataset designed to
support long-run, dynamic analyses of participation, performance, and survival in a truncated
cultural market. The dataset assembles weekly Billboard Hot 100 chart outcomes and links
them to artist- and song-level characteristics from multiple sources, enabling analyses that
jointly track access, conditional performance, and persistence over time. This structure is
essential for studying selection and discrimination mechanisms that operate prior to market
visibility, and for assessing how these mechanisms evolve across institutional and
technological regimes. The data cover the full population of songs that entered the Hot 100
between 1958 and 2025, observed at weekly frequency. Billboard rankings provide a
consistent measure of commercial success in the U.S. recorded music market, combining
information on sales, airplay, and, in later periods, digital streaming, and they are a common
tool to measure music consumption in the literature (Lech et al., 2025; de Lucio &
Palomeque, 2023; Hamilton & Pearce, 2024; Bhattacharjee et al. 2007).

Constructing this dataset required the systematic reconciliation of heterogeneous identifiers
and classification systems across sources that were not originally designed to be merged
longitudinally. Chart histories were first harmonized at the song—week level across the full
time span, accounting for changes in chart rules, ranking methodologies, and reporting
formats. Each charting song was then matched to a unique song identifier, and each song to
a unique artist identifier, allowing artists to be followed consistently across releases,
collaborations, and chart spells over nearly seven decades. The resulting structure makes it
possible to observe both within-artist dynamics and cross-cohort patterns of entry and
success. Artist- and song-level attributes were collected and curated from multiple
complementary data sources and manually validated when automated matching was
insufficient. This process involved resolving name variants, group composition changes, and
ambiguous credits, particularly for early periods and collaborative acts. Gender classification
was performed at the artist level using publicly available biographical information, with
conservative coding choices to minimize misclassification; unclassified cases correspond
primarily to collectives or anonymized acts for which reliable information is unavailable. Full



details on data sources, matching procedures, and validation steps are provided in the
Appendix A.°

The most basic unit of observation is a song—week. The final dataset comprises 346,800
song—week observations, corresponding to 31,730 unique songs and 7,457 unique artists.
The dataset is enriched with artist’ and song’ level characteristics, gathered through several
sources. Song characteristics are available for 95.92% of the dataset and artists gender data
is known for 98.78% of them. To our knowledge, this is the most comprehensive longitudinal
and wide dataset on Billboard-based chart outcomes currently available. Table 1
summarises the main dimensions of the dataset.

Parameter Value

Chart Billboard Hot 100

Time span 04/08/1958 to 18/01/2025 (3468 weeks)
Different identified songs 30,435 out of 31,730; 95.19% identified
Different gender-classified artists 7,366 out of 7,457; 98.78% classified

Table 1: Data coverage. Own elaboration.

Billboard charts are truncated by construction: in each week, only a fixed number of
top-performing songs are ranked. Consequently, all observed outcomes are conditional on
selection into the chart. This truncation is an institutional feature of the market rather than a
result of sampling choices.

Using weekly chart positions, we construct standard indicators of commercial success,
including chart entry, peak position, chart duration, and survival beyond predefined rank
thresholds. These measures capture both extensive and intensive margins of success, while
remaining subject to the underlying truncation of the ranking process.

Each song-week is linked to a unique artist identifier, allowing artists to be followed over time
across multiple releases and chart spells. The resulting panel is unbalanced, reflecting
heterogeneous entry, exit, and productivity across artists. On average, each artist appears
with 4.06 songs and accumulates 40.20 chart weeks.

Bands are treated at the artist level. For group acts, artist characteristics are defined based
on most known group composition. This ensures consistency across solo artists and bands.
The main variable of interest is artist gender composition. Artists are classified as male and
non-male. For bands, non-male classification reflects the presence of at least one female
member. Label data is available at this level (note that label data is not available for all
artists).. Table 2 resumes main descriptives of the artists in the database.

Parameter Value

® Researchers may contact the authors to discuss access to the dataset for academic,
non-commercial research purposes upon reasonable request.



Classified artists 7,366 artists

Gender 4,973 males and 2,394 non-males

Bands 4,333 solo artists and 3,122 bands

Label types 938 maijor label artists, 347 indie and 4285 other labels
Songs 4.06 mean songs per artists (max of 228, min of 1)
Weeks’ presence 40.20 weeks of mean presence (max of 902, min of 1)

Table 2: Artists’ descriptives. Own elaboration.

Each song-week is also linked to a unique song identifier, allowing songs’ characteristics
controls, such as identifying pop music, songs with collaborations and if artists are debuting
in the charts. Table 3 provides the main descriptives of the songs characteristics.

Parameter Value
Identified songs 30,435 songs
Pop songs 15,194 songs; 49,92% of identified

Songs with collaborations 5.032 songs; 16,53% of identified
Mean peak of a song Rank 46.30

Mean weeks on chart 11.10 weeks

Different Top 10 songs 5,152 songs

Different Top 25 songs 9,699 songs

Table 3: Songs’ descriptives. Own elaboration.
4.2. Gender participation and long-run trends

Non-male artists are under-represented in Billboard chart outcomes throughout the sample
period. Across all years, non-male artists account for 32.50% of unique artists, 33.58% of
solo artists, 27.78% of different songs, and 28.78% of total song-weeks.

Figure 2 shows the evolution of non_male participation over time, measured as the weekly
and annual share of charting artists classified as non-male. Non-male participation remains
substantially below parity throughout the sample. The figure also highlights periods of
structural change in the music industry, which later motivate our regime-based analysis.
Minimum share of song-week participation by non-males was in 1958 (15.62% of total
artists) and reached its peak in 1997 (43.15% of total artists).
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Figure 2: Gender participation over time. Own elaboration.

Conditional on chart entry, non-male artists exhibit a distinct commercial profile. Non-male
artists reach charts with pop songs 60.44% of the cases vs 46.20% of male artists. 36.53%
of songs by non-males are from major labelled artists vs 29.63% of songs by males.
Descriptive evidence suggests that, once observed on the chart, non-male artists perform
slightly better than male artists along several intensive margins of success. Songs by
non-male artists enter slightly higher —rank 77.45 vs rank 78.93—, peak slightly higher —rank
45.41 vs 46.56— and survive longer —11.52 weeks vs 10.96-. Figure 3 presents the
differences including confidence intervals, showing that estimated gender differences are
statistically significant at the 1% level; two-sided 99% confidence intervals exclude zero. The
figure is unconditional and does not control for artist characteristics or time effects. Its
purpose is to document patterns in the raw data rather than to provide causal evidence.
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Figure 3. Gender differences in intensive margins of success (Two-sided 99% confidence
intervals). Own elaboration.

The dataset combines long-run coverage of Billboard chart outcomes with detailed
artist-level information. The data reveal persistent gender differences in participation,
alongside comparable or stronger conditional performance among non-male artists. Together
with the truncated nature of chart data, these features motivate the empirical strategy
developed in the Empirical framework Section and allow the analysis performed in the
Results Section.

5. Results

This section evaluates how non-male representation in popular music evolves under
repeated structural transformations and how discrimination can be empirically detected in a
setting where participation is inherently truncated. Guided by the Sisyphus Effect hypothesis,
we view major technological and institutional transitions as moments in which participation
conditions are reset, forcing non-male artists to repeatedly rebuild representation under
renewed uncertainty and changing gatekeeping structures. At the same time, because chart
participation reflects a selected sample of artists, the analysis places particular emphasis on
performance conditional on entry as a key empirical margin through which discrimination can
be identified.

The results are organized around two complementary dimensions. First, we document
structural breaks in non-male participation and characterize the resulting regimes in terms of
levels, volatility, and long-run trends. We then model participation dynamics around these
breaks, distinguishing between discrete level resets and changes in adjustment speed to test
whether new eras systematically restart the process of representation building. Second, we
analyze song-level performance outcomes to assess whether non-male artists systematically
over-perform once observed on the charts, consistent with selection operating against them
at the entry margin. We further examine whether this over-performance varies across



regimes, allowing us to link dynamic resets in participation to regime-specific patterns of
discrimination and selection. All models explained in Section 3.4 are used to test the
hypothesis presented in Section 3.3.

5.1.  Structural breaks in non-male participation

Using the structural break framework described in Equation 1, we identify four long-run
regimes in the evolution of non-male participation in the Billboard Hot 100 between 1958 and
2025.° The estimated breakpoints—Ilate 1979, late 1999, and early 2015, which coincide
closely with major technological and institutional transformations in the music industry.
These breaks separate periods that differ not only in average representation, but also in
volatility and trend direction, suggesting that shifts in industry organization reshape the
conditions under which non-male artists gain and maintain access to the charts. Figure 4
plots the weekly non-male participation share together with the regime-specific fitted trends
and the estimated breakpoints, while Table 4 summarises the main descriptive
characteristics of each regime.
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Figure 4: Bai-Perron structural breaks with fitted values. Own elaboration.

Regime Start End Number  Participation Standard Participation trend
of weeks share deviation

1 1958-W31 1979-W42 1104 23.3% 5.3% 0.55 pplyear*™*

2 1979-W43  1999-W42 1040 31.6% 6.1% 0.76 ppl/year*™*

3 1999-W43  2015-W05 795 30.0% 3.8% -0.09 ppl/year

4 2015-W06  2025-W03 518 26.0% 6.8% 1.25 pplyear**

**x 520,01 ** p<0,05 * p<0,1.

Table 4: Regime overview. Own elaboration.

¢ Appendix B1 includes technical specifications on how the Bai-Perron multiple structural breaks
model is implemented plus some robustness tests. Appendix B2 includes an additional analysis
focused on sub-breaks in the digital era.



The first regime (1958-1979), corresponding to the analogue and radio-dominated era, is
characterized by low average non-male participation but a steadily positive trend. This
pattern is consistent with restricted access to cultural and professional human capital for
women during earlier decades, as emphasized in Hypothesis H4. Progress in representation
is gradual and cumulative, reflecting slow changes in broader labour-market participation
and cultural norms rather than industry-specific incentives.

The second regime (1979-1999), spanning the MTV and CD era, marks a distinct expansion
phase. Both the level and the growth rate of non-male participation increase sharply, as
shown in Figure 4. This period coincides with the rise of music television and the growing
importance of visual performance, stage presence, and multidimensional artistic skills as
commercial inputs. To the extent that these attributes complement or amplify non-male
comparative advantages in performance and image construction, the MTV era represents an
environment in which statistical discrimination based on narrowly defined musical inputs is
weakened. This pattern is consistent with Hypothesis H3, which predicts higher female
representation when the evaluative environment rewards a broader set of observable skills.

The third regime (1999-2015), associated with digitalisation and widespread file sharing
thanks to P2P technology, represents a structural break in the opposite direction. Despite
lower technological barriers to production and distribution, non-male participation stagnates
and its within-regime trend becomes statistically indistinguishable from zero (Table 4). This
reversal reflects a period of heightened uncertainty regarding both the measurement of
consumption and the enforcement of returns, as piracy weakens the informational content of
traditional demand signals and complicates investment and promotion decisions. As
visual-performance complementarities lose centrality and evaluative criteria shift toward
fragmented and noisy indicators, gatekeepers may revert to more conservative selection
rules. Consistent with Hypotheses H2 and H3, accumulated gains in representation do not
carry over automatically into the digital environment: structural uncertainty resets
expectations, and non-male artists are again required to over-perform to secure and sustain
chart presence.

The fourth regime (2015-2025), corresponding to the consolidation of global streaming
platforms, displays renewed positive trends in non-male participation but at a lower average
level and with substantially higher dispersion (Table 4). While high-frequency performance
metrics and transparent audience feedback should, in principle, facilitate faster belief
updating and weaken statistical discrimination over time (Hypothesis H3), the elevated
volatility suggests a more polarized selection environment. Access improves, but persistence
becomes less stable, consistent with intensified competition and algorithmic gatekeeping.

The regime structure illustrated in Figure 4 and quantified in Table 4 reveals that non-male
participation does not evolve smoothly or cumulatively. Instead, major structural transitions
repeatedly reset the baseline from which representation grows, consistent with a
Sisyphus-type dynamic. These resets motivate the subsequent analysis of participation
dynamics and, critically, the examination of conditional over-performance as a way to identify
discrimination in a truncated sample. If non-male artists systematically over-perform
conditional on entry (Hypothesis H1), and if such gaps persist across regimes (Hypothesis
H2), the regime-specific participation patterns documented here provide the historical and
institutional context for interpreting those results.



5.2. Participation dynamics analysis under structural changes

Building on the regime structure identified above, we now formally analyse the dynamics of
non-male participation around structural transitions using the specification in Equation (2).
Rather than focusing on long-run level differences across eras, this approach directly models
week-to-week changes in participation, allowing us to test whether representation
accumulates smoothly or is repeatedly disrupted and rebuilt. This dynamic perspective
provides a direct empirical test of the Sisyphus Effect implied by Hypotheses H1-H3.

Table 5 reports the baseline results. The coefficient on the lagged non-male share is
negative and highly significant, indicating strong mean reversion in participation dynamics.
Increases in representation are not self-reinforcing; instead, periods of higher participation
are systematically followed by weaker subsequent growth or partial reversals. This finding is
inconsistent with a cumulative inclusion process and instead suggests that access to chart
participation remains constrained over time.

Dependent variable: Weekly change in non-male share (AS;)

Lagged non-male share S,
Post-1979 (MTV era)

Step

Slope

Post-1999 (Piracy era)
Step

Slope

Post-2015 (Streaming era)
Step

-0.125*** (0.017)

0.000 (0.002)
0.000019*** (0.00)

~0.012*** (0.003)
~0.000021***(0.00)

-0.012** (0.004)

Slope 0.000034**(0.00)
Constant 0.031*** (0.004)
Observations 3,467
R-squared 0.063
Adjusted R-squared 0.061

HC3 and autocorrelation-robust standard errors (52 lags). *** p<0,01 ** p<0,05 * p<0,1.
Table 5: Participation dynamics regression. Own elaboration.

The step coefficients capture discrete changes in participation dynamics at the onset of new
regimes. We find sizable and statistically significant negative step effects at the start of the
digital era (post-1999) and the streaming era (post-2015), indicating sharp downward resets
in representation dynamics when new industry regimes emerge. These estimates
correspond to the “rock falling” component of the Sisyphus Effect narrative: at moments of
structural change, previously accumulated gains in representation are partially undone as
gatekeeping institutions, evaluative criteria, and expectations are reconfigured. In contrast,
the step effect at the onset of the MTV era is statistically indistinguishable from zero,
consistent with the idea that the expansion of visual and performance-based dimensions
mitigated immediate exclusion at that transition (Hypothesis H3).



The slope coefficients describe within-regime rebuilding following these resets. The
post-1979 and post-2015 slopes are positive and statistically significant, indicating gradual
recovery in non-male participation after the initial regime shock. By contrast, the slope
associated with the digital piracy era is negative and significant, implying continued erosion
rather than rebuilding during a period characterised by persistent uncertainty over demand
measurement and revenue appropriation. This asymmetry across regimes reinforces the
Sisyphus Effect interpretation: progress resumes only under institutional environments that
stabilise evaluation and reward signals, while prolonged uncertainty prevents sustained
rebuilding.

The combination of mean reversion, negative regime-specific resets, and slow or uneven
within-regime recovery delivers a clear dynamic signature of the Sisyphus Effect.
Representation is repeatedly pushed back at structural transitions and rebuilt only gradually,
rather than converging monotonically over time. Importantly, this pattern rationalises why
conditional over-performance can coexist with stagnant or declining participation: even if
non-male artists outperform once observed (Hypothesis H1), renewed uncertainty at regime
changes can continuously reset access conditions, and persistent over-performance across
regimes would therefore point beyond statistical discrimination alone toward deeper
institutional rigidities (Hypothesis H2).

Finally, we briefly extend this framework by allowing regime resets to interact with aggregate
macroeconomic conditions, reported in Appendix C. These interactions do not materially
alter the baseline pattern documented in Table 5, suggesting that the dynamic setbacks in
non-male participation are primarily driven by structural changes within the music industry
itself rather than by contemporaneous macroeconomic fluctuations.

5.3. Over-performance analysis

The dynamic evidence above indicates that non-male participation is repeatedly reset at
moments of structural change. In a truncated setting such as the Billboard Hot 100,
participation alone is therefore insufficient to identify discrimination. We now turn to
conditional performance outcomes to test whether non-male artists over-perform once
observed on the chart, consistent with stricter entry thresholds and renewed screening under
uncertainty. Peak performance, entry position, and survival are analysed using the
specifications in Equations (3) to (5), with results reported in Table 6. For interpretability,
peak and entry outcomes are coded so that higher values indicate better performance
(inverse ranks), whereas survival is reported as a Cox hazard (positive values imply faster
exit).

Model and dependent variable:

Logit - Ton10 OLS - Peak OLS - Cox - Survival Weibull
9 P Rank Entry Rank stratified Survival’
Non-male 0,081** 0,0056** 0,62*** 0,057** 0,063"*

" The event is defined as a song exiting the Billbooard Top100. Songs still present in the chart at the
end of the observation period are treated as right-censored at their last observed week.

In the Cox survival column, label status (major) and nationality (US) enter as strata variables. They
are allowed to have different (non-proportional) baseline hazards.



(0,035) (0,0027) (0,24) (0,013) (0,013)

Status 0,0022** 0,000066 0,20%** 0,0092*** 0,012+
(0,00090) (0,000057) (0,0076) (0,00042) (0,00062)
Band 0,032 -0,0014 0,12 -0,010 -0,0012
(0,034) (0,0025) (0,21) (0,012) (0,012)
Newcomer -2,02%* -0,15** -29,1%** 0,79*** 0,96***
(0,50) (0,073) (8,59) (0,19) (0,23)
Other newcomers 0,0025 -0,000070 0,44*** 0,011** 0,013
(0,0028) (0,00019) (0,025) (0,0011) (0,0012)
Collaborations 0,052** 0,0035** 0,59*** -0,0019 -0,00090
(0,020) (0,0014) (0,17) (0,0080) (0,0085)
Major label 0,43*** 0,035*** 4,31%** -0,065***
(0,039) (0,0032) (0,30) (0,016)
Pop genre 1,27** 0,075*** 4,24** -0,40*** -0,42***
(0,41) (0,014) (1,17) (0,099) (0,098)
US artist -0,22%* -0,023*** -2,28%* 0,0034
(0,035) (0,0027) (0,21) (0,012)
Entry rank (0,013) (0,013)
0,0092*** 0,012*
Constant -0,38 0,21*** 37,9%** -5,43***
(0,67) (0,075) (8,73) (0,26)
Release Year FE YES YES YES YES YES
Music Genre FE YES YES YES YES YES
Observations 30340 30340 30340 30340 30340
HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit); full specs
Appendix D

Table 6: Over-performance analysis. Own elaboration.

Across models, non-male artists exhibit systematically stronger performance conditional on
entry along key intensive margins. In the Top-10 logit, the coefficient on the non-male
indicator implies that, holding constant artist status, label affiliation, genre, and other
observables, non-male songs are approximately 8 percentage points more likely to reach the
Top 10 than comparable male-led songs. In the peak-rank regression, where the dependent
variable is defined as the inverse of the peak position, a positive coefficient indicates better
peak performance. The estimates imply that non-male songs reach higher chart peaks than

observationally similar male-led songs, consistent with over-performance at the moment of
maximum visibility.

Entry-rank results reinforce this interpretation. Conditional on entering the chart, non-male
songs debut significantly higher. Because entry rank reflects the ability to break into the
upper segment of the chart upon first observation, this margin captures the intensity of the
initial screening process. Higher entry positions for non-male artists therefore indicate that,



when they do clear the entry threshold, they tend to do so with stronger commercial signals,
consistent with a “glass ceiling” mechanism in which only the most competitive non-male
songs are able to enter at all.

Survival outcomes display a contrasting pattern. Conditional on entry, peak performance,
and controls, non-male songs exit the chart faster, as indicated by positive and statistically
significant hazard ratios in both Cox and Weibull survival models. In substantive terms,
non-male artists remain on the chart for fewer weeks than comparable male-led artists. This
finding contradicts a simple version of over-performance that would predict longer
persistence, but aligns closely with the Sisyphus Effect documented in the previous
subsection. Under renewed uncertainty and expectation resetting, non-male artists may
reach high peaks when they clear entry thresholds, yet face greater difficulty sustaining
support and visibility over time.

The remaining covariates behave as expected and serve to isolate the over-performance
channel. Artist status captures accumulated reputation and market familiarity counting past
songs’ apparition in Billboard; its positive effects across peak, entry, and survival outcomes
reflect the persistence advantages of established acts. Newcomer indicators account for the
well-documented disadvantage faced by debut artists, while the separate “other newcomers”
category absorbs cohort-specific entry effects. Major-label affiliation is strongly associated
with better entry positions, higher peaks and longer chart survival, consistent with
front-loaded promotion strategies. Genre controls further clarify the commercial structure of
the chart: pop music® emerges as the dominant commercial genre, exhibiting large and
significant advantages in both peak performance and survival, reflecting its broad appeal
and compatibility with mainstream promotion and radio—playlist formats. Finally, the worse
peak and entry performance of U.S. artists, relative to foreign artists, is consistent with
selection mechanisms arising from asymmetric entry thresholds. Conditional
over-performance of foreign artists suggests that observed outcomes may reflect underlying
barriers to market access. Because nationality and gender represent independent
dimensions of identity, this parallel with the gender results suggests that similar selection
forces, potentially linked to discrimination against minority groups, may operate across
different dimensions of market access.

Crucially, typically success-associated variables—pop genre, major-label affiliation, and
non-debutant status—operate as standard commercial inputs that improve performance
along both intensive margins. Non-male status does not function in this way. Unlike pop or
major-label backing, being non-male does not uniformly enhance commercial outcomes, but
instead predicts over-performance at entry and peak without corresponding gains in
persistence. This contrast reinforces the interpretation of the non-male coefficients as
reflecting selection and dynamic discrimination rather than consumer preferences for
non-male artists as a commercial attribute. All models are estimated with HC3
heteroskedasticity-robust standard errors, ensuring reliable inference in the presence of
unequal residual variance across artists and songs—a natural feature of highly skewed
success distributions in cultural markets.

8 The pop genre is included as a category of the music genres’ fixed effect control, but we show its
individual coefficient as it is relevant for the interpretation of the analysis.



The results in Table 6 indicate that over-performance among non-male artists manifests
primarily at entry and at peak, rather than in persistence.® This pattern is consistent with a
selection process in which non-male artists must satisfy more demanding commercial and
evaluative criteria to enter the chart and reach top positions, but face renewed constraints in
maintaining chart presence over time. In the Sisyphus Effect interpretation, non-male artists
are repeatedly able to push the rock upward—entering higher and peaking higher—yet
struggle to keep it there. Whether these conditional gaps persist across regimes, and how
they interact with structural resets in participation, is examined next.

5.4. Results on each regime

To further link participation dynamics and over-performance, we next re-estimate the
performance regressions separately for each structural regime identified above. Table 7
reports, for each era, the coefficient on the non-male indicator from regressions estimated
using only songs released within that regime. All specifications mirror those in the
full-sample analysis; full regression outputs are reported in Appendix F. The participation
trend reported in the first column corresponds to the regime-specific trend estimates
documented earlier and provides the dynamic backdrop against which performance
outcomes should be interpreted.

Regime Participation Logit OoLS oLS Cox Survival Weibull
trend Top 10 Peak rank Entry rank stratified Survival

Radio era 0.55 -0.064 -0.00086 -0.83*** 0.032 0.035*
(1958-79) pp/year***

(0.058) (0.0043) (0.23) (0.02) (0,021)
MTV era 0.76 0.13* 0.011* -0.35 -0,023 -0,022
(1979-99) pp/year***

(0.063) (0.0058) (0.41) (0,026) (0,029)
Piracy era -0.09 0.31* 0.022*** 2.91% 0,12% 0,16™**
(1999-2015) ppl/year

(0.082) (0.006) (0.66) (0,028) (0,027)
Streaming 1.25 0.14 0.010 471 0,082*** 0,068*
era pp/year**
(2015-25) (0.10) (0.006) (0.93) (0,031) (0,036)

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1.

Table 7: Non-male over-performance and trend participation analyses per regime. Own
elaboration.

Radio era (1985-1979). The radio-dominated era is characterised by low but steadily
increasing non-male participation. Within this regime, non-male artists do not exhibit
systematic over-performance in peak outcomes. However, the entry-rank result is negative
and highly significant, implying that non-male songs enter the chart at worse initial positions
than comparable male-led songs. Non-male artists are not only under-represented in this
period; even conditional on entry they tend to debut further from the top, consistent with

® This section provides one table to help the readflow. Please consult Appendix E for different sets of
robustness checks to confirm the reliability of the results.



tighter gatekeeping and weaker initial promotional support in an industry dominated by radio
programming and label-radio intermediation. This pattern fits Hypothesis H4: constrained
access to professional and cultural human capital in early decades operates through both
selection into the chart and the entry placements once admitted, reinforcing the idea that
early representation gains are difficult to translate into high-visibility debuts. Survival effects
are weak, with only marginal evidence of faster exit in the Weibull specification, fitting with
an era where discrimination is probably stronger at human capital access.

MTV era (1979-1999). The MTV era combines rapidly rising participation with moderate
evidence of over-performance. Non-male artists are significantly more likely to reach the Top
10 and achieve slightly better peak positions, while entry-rank and survival effects are
statistically indistinguishable from zero. This pattern is consistent with Hypothesis H3: the
growing importance of visual performance, branding, and multidimensional appeal expands
the evaluative space and weakens narrowly defined selection criteria. In this environment,
non-male artists are not only more present, but also compete on more equal footing once
observed. The absence of survival penalties suggests that expectation resetting is less
pronounced in this regime, allowing participation gains to cumulate more smoothly.

Piracy era (1999-2015). The piracy era represents the clearest manifestation of the
Sisyphus Effect. Participation stagnates, and conditional over-performance becomes
strongest precisely along the intensive margins. Non-male artists are substantially more
likely to reach the Top 10, achieve markedly higher peaks, and enter the chart at significantly
better positions. At the same time, they exhibit significantly shorter chart survival. This
combination—strong entry and peak over-performance alongside weaker persistence—is
consistent with heightened uncertainty in demand measurement and revenue appropriation.
Under these conditions, gatekeepers appear to raise effective entry thresholds, allowing only
the strongest non-male candidates to enter and peak, while continued support and visibility
are more difficult to sustain. The rock can be pushed to the top, but not kept there.

Streaming era (2015-2025). In the streaming era, participation resumes an upward trend,
but over-performance patterns partially attenuate. Non-male artists continue to enter at
significantly higher positions, indicating that entry thresholds remain demanding. However,
peak over-performance is no longer statistically significant, while survival penalties persist,
albeit at lower magnitudes than during the piracy era. This pattern is consistent with faster
belief updating enabled by high-frequency performance metrics and transparent audience
feedback, as posited in Hypothesis H3. At the same time, the persistence gap suggests that
algorithmic curation and intensified competition continue to limit sustained visibility, even as
access improves.

Taken together, Table 7 shows that conditional over-performance is not uniform across
regimes, but closely aligned with participation dynamics and structural uncertainty. Periods
of stagnation or reset in participation—most notably the piracy era—are precisely those in
which non-male artists over-perform most strongly at entry and peak, yet face reduced
persistence. Conversely, regimes characterised by smoother participation growth exhibit
weaker or no conditional gaps. These findings reinforce the interpretation that
over-performance reflects dynamic selection and renewed discrimination rather than
inherent commercial advantage. Across regimes, non-male artists repeatedly clear higher
thresholds to enter and peak, but structural change repeatedly limits their ability to convert



these achievements into sustained representation, an empirical signature fully consistent
with the Sisyphus Effect.

5.5. Discussion on industrial mechanisms dropping non-male participation

The regime-specific results reveal three general patterns. First, participation growth is
repeatedly interrupted by structural resets. Second, non-male artists systematically
over-perform at entry and peak. Third, despite this over-performance, they exhibit weaker
persistence. If demand-side discrimination were driving underrepresentation, we would
expect weaker conditional performance, not stronger. These patterns are therefore
inconsistent with listener preferences and more consistent with supply-side gatekeeping
mechanisms. These patterns align with H1—-H3: non-male artists systematically over-perform
at entry and peak (H1), yet face weaker persistence (H2) precisely in regimes where
structural transitions reset participation dynamics (H3). This is more consistent with
supply-side gatekeeping than with demand-side discrimination.

We interpret these findings through the lens of uncertainty-driven gatekeeping dynamics
operating at three distinct stages: entry, performance evaluation, and persistence. Each
stage reveals a different facet of how structural change may reset non-male participation.
Within the identification limits discussed in Section 3, we view these mechanisms as one
plausible explanation that fits the observed patterns.

At entry: uncertainty and regression to familiarity

The participation resets observed around regime changes tend to occur just before periods
when industry-wide uncertainty spikes. In line with Caves (2003) classic characterisation of
creative industries as environments where "nobody knows" ex ante which projects will
succeed, music markets are marked by high demand uncertainty and weakly predictable
success. MTV's visual turn, digital file-sharing, algorithmic streaming can be seen as
technological disruptions that alter the information environment in which gatekeepers
operate and may make existing predictive value of past success signals less valuable. When
established evaluative criteria lose relevance, decision-makers face increased ambiguity
about which artist profiles will succeed under new conditions.

Under heightened uncertainty, gatekeepers may shift from deliberative evaluation to
habitual, rule-of-thumb processing (Schwabe & Wolf, 2013; Yu, 2016). Because the music
industry's historical benchmarks are overwhelmingly male-dominated (e.g. Epps-Darling et
al., 2020; Prior et al., 2019), this regression to familiarity likely disadvantages non-male
artists, even without explicit bias. Such cognitive channels may be reinforced by network
retrenchment: during stable periods, industry gatekeepers can afford to expand collaboration
sets and experiment with new profiles, whereas rising transaction costs and career risk
during crises encourage contraction around trusted, pre-existing ties (McPherson et al.,
2001). Given male-dominated legacy networks, such retrenchment may mechanically
channel opportunities through male-centric structures. Non-male artists, who may be located
in weaker or peripheral ties, lose access precisely when uncertainty rises. This may heighten
the entry thresholds for non-male artists at structural breaks, as shown with the step effects
in the participation dynamics model. We interpret this uncertainty-driven contraction around
existing ties as a form of network entrenchment, where shocks reinforce reliance on
historically dominant network cores (e.g. Sydow et al., 2009).



At performance: truncated excellence under statistical discrimination

The conditional over-performance observed among non-male artists who do enter the chart
is consistent with heightened selection at entry. When entry thresholds are higher for
non-male artists, the observable sample is therefore positively truncated: only those
non-male artists who substantially exceed baseline quality and credibility standards manage
to clear gatekeeping filters. This mechanism aligns with statistical discrimination under
imperfect information (Phelps, 1972): when uncertainty increases, gatekeepers rely more
heavily on group-level priors and raise evidentiary standards for historically undervalued
groups (Bohren et al., 2019). In such settings, individual signals must not only indicate talent,
but also compensate for unfavourable group-level expectations. Empirically, this produces a
pattern in which non-male artists outperform at entry and at peak. This over-performance is
not because they are inherently superior, but because they have already survived a more
stringent selection process. Conditional excellence thus emerges as a mechanical
consequence of asymmetric filtering rather than as evidence of equalised opportunity. In our
data, this pattern appears strongest in periods when participation growth stagnates,
precisely when gatekeeping intensity would be expected to tighten.

At persistence: path dependence and the fragility of egalitarian practices

The weaker chart persistence exhibited by non-male artists, despite strong peak
performance, is consistent with the music industry's institutional organisation. Promotion
systems, radio rotation structures, and playlist placement mechanisms evolved in
male-dominated contexts and display strong path dependence (Pierson, 2000). Diversity
initiatives, roster balancing, intentional exposure efforts or more general gender-egalitarian
practices are comparatively recent and resource-intensive additions to this entrenched
infrastructure.

During structural transitions, rising uncertainty and transaction costs encourage
organisations to revert to low-cost, historically validated defaults (Sydow et al., 2009). In
these contexts, past success reduces perceived risk for intermediaries only when it can be
interpreted through established evaluative criteria. Since such criteria have historically been
constructed around male trajectories, success signals generated by non-male artists may
tend to be regarded as less reliable or less transferable over time. Egalitarian practices are
typically abandoned first when resources tighten, and reputational capital for
underrepresented artists depreciates more rapidly. Consequently, performance signals
generated by non-male artists are less likely to be cumulatively reinforced over time, even
when initial outcomes are strong. This explains why non-male artists demonstrate strong
entry and peak performance yet face difficulty sustaining extended chart runs, particularly in
regimes with stagnating participation.

Towards a broader framework for gender under structural change

Cognitive retrenchment under uncertainty, network contraction, statistical discrimination, and
institutional fragility as mechanisms to explain our observations may extend beyond music.
Similar, as we term it, Sisyphus dynamics could operate in other visibility-based markets
where structural change disrupts access conditions. In strongly male-dominated markets
with entry thresholds, exhibit comparable patterns. More broadly, this framework potentially



offers a lens for studying gender and other minorities’ outcomes under structural change in
cultural production and labor markets characterized by high visibility and reputational
gatekeeping. This, however, remains to be tested empirically. While this paper focuses on
gender, the foreign versus domestic artist results provide an initial empirical step toward
assessing whether the same selection-based logic applies to other minority groups. Whether
and to what extent these dynamics generalise across groups and institutional settings
remains an open question and a promising avenue for future empirical research.

6. Conclusion

This paper studies the long-run dynamics of non-male participation and success in popular
music using comprehensive chart data from the Billboard Hot 100 spanning 1958 to 2025.
By combining artist-level information on chart entry, peak performance, and survival with a
structural analysis of participation shares, we document how representation evolves under
repeated technological and institutional transformations in a highly competitive,
uncertainty-driven cultural market. The long time horizon and joint observation of
participation, performance, and persistence thanks to the construction of a novel and wide
dataset make it possible to identify dynamic selection patterns that were not measurable in
previous studies.

Empirically, the analysis relies on three complementary components. First, we identify
endogenous structural breaks in aggregate non-male participation using a multiple-break
framework, uncovering four distinct regimes that align closely with major industry transitions:
the radio era, the MTV era, the digital piracy era, and the streaming era. Second, we model
participation dynamics around these breaks using a weekly difference specification with
regime-specific step and slope terms. This approach allows us to distinguish discrete resets
in participation from gradual within-regime rebuilding. Third, we estimate a set of artist-level
performance models—Iogit, OLS, and survival regressions—to assess whether non-male
artists systematically over-perform conditional on chart entry along key intensive margins:
entry position, peak rank, and survival.

Together, these analyses yield three main findings. First, non-male participation does not
follow a smooth or cumulative trajectory. Instead, progress is repeatedly interrupted at
moments of structural change, with participation levels and dynamics resetting before
gradually rebuilding. This pattern is most pronounced during periods of heightened
uncertainty, such as the transition to digital distribution and the consolidation of streaming
platforms. Second, conditional on entry, non-male artists systematically over-perform at the
point of entry and at peak visibility, while exhibiting weaker persistence in chart survival. This
combination—strong entry and peak outcomes alongside shorter duration—is inconsistent
with a purely demand-driven interpretation and instead points to dynamic selection and
renewed screening under uncertainty. Third, these conditional performance gaps are
strongest precisely in regimes where participation stagnates or declines, linking micro-level
over-performance to macro-level participation resets.

We interpret these results through the lens of a Sisyphus Effect in cultural markets.
Structural transitions repeatedly reconfigure gatekeeping institutions, evaluative criteria, and
information environments, renewing uncertainty and resetting expectations. In this setting,
non-male artists must repeatedly meet higher effective thresholds to gain access, pushing



the rock uphill through strong performance at entry and peak, only to face renewed
constraints on persistence when the environment shifts. The result is not a lack of talent or
audience demand, but a dynamic process in which inclusion must be continuously rebuilt
rather than accumulated.

The empirical strategy adopted in this paper is subject to clear interpretative boundaries.
Conditional performance analysis captures the consequences of selection in a truncated
market rather than directly identifying the preferences or intentions of gatekeepers.
Persistent conditional over-performance is consistent with statistical discrimination but does
not isolate specific mechanisms, such as taste-based discrimination, network effects, or
organisational rigidities. Structural break analysis identifies shifts in participation dynamics
without attributing them to specific technological or policy shocks, and long-run trends may
partly reflect unobserved changes in access to human capital. Finally, residual differences in
marketing or promotion, although partially controlled for, may still influence observed
outcomes. Within these limits, the combined empirical approach provides a coherent
framework for studying gendered access, selection, and success under structural change.

Beyond the music industry, the paper contributes a broader methodological insight. In
markets characterized by endogenous truncation—where only a selected subset of
participants is observed—participation gaps alone are insufficient to assess discrimination.
We show that conditional over-performance can be interpreted as an empirical signal of
unequal entry thresholds when under-representation persists in the observed sample. This
logic does not depend on the specific identity dimension studied here and can be applied to
other contexts where visibility, ranking, or selection determine who is observed.

Finally, from a gender perspective, female success in elite cultural markets should not be
interpreted as evidence that barriers have been eliminated. Systematic over-performance
conditional on access instead signals selection mechanisms that filter more aggressively
against non-male artists. By focusing on the joint dynamics of participation and conditional
performance, this paper provides a simple empirical test for detecting such mechanisms in
cultural markets—and potentially others—where discrimination operates upstream of
observable outcomes. When discrimination is not directly observable, this contribution
cautions against relying on visible success alone and highlights the need for policies that
address access, not just outcomes.
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Appendix A. Data Construction and Sources

This appendix documents the construction of the dataset used in the empirical analysis. The
objective of the data assembly process was to create a longitudinal, artist-linked panel of
Billboard Hot 100 chart outcomes that allows participation, conditional performance, and
persistence to be studied jointly over a long historical horizon. The construction involved
harmonizing weekly chart data with artist- and song-level metadata obtained from multiple
sources that were not originally designed to be merged longitudinally.

Billboard Hot 100 chart data. The core of the dataset consists of weekly Billboard Hot 100
rankings covering the period from August 1958 to January 2025. For each chart week, the
Hot 100 lists the top-performing songs in the U.S. recorded music market, ranked according
to Billboard’s proprietary methodology, which has evolved over time to incorporate physical
sales, radio airplay, and, in later periods, digital downloads and streaming activity.

Weekly chart data were collected from publicly available Billboard archives and digitized
historical chart records. Each observation corresponds to a song—week pair and includes the
chart date, rank position, and song and artist names as reported by Billboard in that week.
Chart weeks were aligned to a common weekly calendar, and ranking variables were
standardized so that lower numeric values consistently indicate higher commercial success.
Because Billboard charts are truncated by construction, only songs that achieve sufficient
commercial traction to enter the Top 100 are observed.

Song identification and harmonization. Song titles and artist credits as reported by
Billboard vary over time due to spelling changes, featured-artist conventions, punctuation,
re-releases, and re-entries. To track songs consistently across weeks, chart entries were first
cleaned and standardized using automated string normalization procedures (e.g., case
normalization, removal of punctuation and formatting artifacts).

Candidate matches across weeks were identified using a combination of exact and fuzzy
matching algorithms applied to song titles and artist names. Each distinct charting song was
assigned a unique song identifier. Ambiguous cases, such as re-releases, remixes, or
alternative credited versions, were resolved through manual validation. Songs appearing
under multiple identifiers were collapsed when evidence indicated they referred to the same
underlying recording. This process resulted in a set of unique song identifiers that could be
followed over time across chart spells and re-entries.

Artist identification and longitudinal linking. Artist names reported by Billboard were
standardized and reconciled to construct unique artist identifiers. Special attention was paid
to name variants and spelling changes.. For collaborative songs, the primary credited act
was used to define the artist identifier, consistent with Billboard reporting conventions.

Each artist was assigned a unique identifier that allows the artist to be followed across
multiple songs and chart spells over time. The resulting artist panel is unbalanced, reflecting
heterogeneous entry, exit, and productivity patterns across artists and historical periods.

Bands and group acts are treated as single artists. For bands with changing membership
over time, a stable and widely recognized group identity was used for classification
purposes.



Spotify-based song identification. To integrate Billboard chart entries with external
metadata sources, songs were first matched to the Spotify catalogue using the Spotify Web
API. Standardized song titles and artist names from the Billboard data were used to query
Spotify and retrieve a unique Spotify track identifier (SpotifylD) for each charting song.

Automated matching procedures were employed to identify candidate Spotify tracks based
on title and artist similarity. Matches were accepted only when confidence thresholds were
met; ambiguous cases were resolved through manual inspection, particularly for early-period
songs, covers, re-recordings, or tracks with multiple versions. Songs for which no reliable
Spotify match could be identified were retained in the dataset but excluded from analyses
requiring Spotify-linked metadata. The SpotifylD serves as a stable cross-platform identifier
and provides the necessary bridge between Billboard chart data and downstream metadata
sources.

Integration with Chartmetric API. Artist- and song-level metadata were obtained primarily
through the Chartmetric API, using Spotify track as the primary lookup keys. Chartmetric
aggregates information from multiple digital music platforms and industry sources and
provides harmonized identifiers, genre tags, collaboration indicators, label affiliations, and
additional metadata used in the empirical analysis.

SpotifylDs obtained in the previous step were used to query Chartmetric and retrieve
corresponding Chartmetric song and artist identifiers. When multiple Chartmetric entries
were associated with a single Spotify track or artist, the most stable and widely referenced
identifier was retained. Automated matching procedures were complemented by manual
validation for ambiguous cases, particularly for collaborative tracks and artists with frequent
name variants. In the end, 95.92% of Billboard songs are correctly identified using the
Spotify + Chartmetric procedure.

Gender and band classification. Gender classification was performed at the artist level.
When available, gender and band status information was obtained directly from Chartmetric.
For artists lacking gender information in Chartmetric, data were supplemented using
Wikidata, drawing on structured biographical fields.

Classification rules were designed to be conservative. Artists were classified as male or
non-male. For group acts, the non-male category reflects the presence of at least one
female member at any point during the group’s commercially relevant period. When neither
Chartmetric nor Wikidata provided reliable information, artists were manually reviewed using
publicly available biographical sources (e.g., official websites, interviews, discographies).
Artists for whom gender could not be reliably established, such as collectives or anonymous
projects, were left unclassified and excluded from gender-based analyses. Overall, gender
classification coverage covered 98.78% of identified artists (those whose songs were
identified before).

Song-level characteristics. Song-level attributes include genre classification, collaboration
indicators, and debut status. Genre classification relies on tag-based information provided by
Chartmetric. In cases where multiple genre tags are associated with a song, classification
rules prioritize pop music when present as a way to remark the commercial profile of the
song; otherwise, the dominant genre is assigned based on tag frequency. Collaboration
indicators identify songs involving more than one credited artist. Debut status captures
whether a song represents an artist’s first appearance on the Billboard Hot 100.



Construction of performance measures. Using weekly chart positions, several standard
measures of commercial success were constructed. These include chart entry position, peak
rank, total weeks on the chart, and survival beyond predefined rank thresholds (e.g., Top 10
and Top 25). These measures capture both extensive and intensive margins of success
while remaining conditional on chart entry. Artist-level performance measures were
constructed by aggregating song-level outcomes across an artist’s charting history and are
used in the conditional performance regressions and survival models.

Data validation and coverage. Multiple validation checks were performed throughout the
construction process. These include consistency checks on chart durations and peak
positions, verification of artist identifiers across songs, and manual inspection of outliers,
re-entries, and unusually long chart spells. The final dataset comprises 346,800 song—week
observations, corresponding to 31,730 unique songs and 7,457 unique artists. Coverage
rates exceed 95 percent for song-level characteristics and 98 percent for artist gender
classification.

Limitations of the data. The dataset inherits limitations common to historical chart data and
proprietary metadata sources. Billboard rankings are based on evolving proprietary
methodologies, and some artist- and song-level attributes are incomplete for early periods.
These limitations are addressed through conservative coding choices and robustness
checks, as discussed in the main text.



Appendix B1: Structural Break Analysis — Full Sample (1958-2025)

Break Tests and Model Specification: Structural change is tested using the Bai—Perron
multiple breakpoint framework applied to an OLS model with a linear time trend and month
fixed effects. To avoid identifying short-lived fluctuations as structural change, a minimum
segment length of ten years is imposed.

Formal tests strongly reject the null hypothesis of no structural breaks. The global supF test
rejects at the 1% level (supF = 2141), and the average F test yields the same conclusion
(aveF = 1320). Sequential F-tests reject the null of m breaks against m+1 breaks for m =
0,...,3.

Break Selection and Timing: Model selection is based on the Bayesian Information
Criterion. The preferred specification contains three breakpoints, implying four regimes.
Estimated break dates are 1979-W42, 1999-W42, and 2015-W05. Confidence intervals
around the break dates are narrow (approximately +1-15 weeks), indicating precise
localisation of regime changes.

Regime-Specific Slopes: The final specification allows both intercepts and linear trends to
vary across regimes. Estimated annual participation trends (percentage points per year) are:
Regime 1 (1958-1979): +0.55 (p<0.01)

Regime 2 (1979-1999): +0.76 (p<0.01)

Regime 3 (1999-2015): -0.09 (n.s.)

Regime 4 (2015-2025): +1.25 (p<0.05)

These estimates correspond to the fitted regime-specific trends shown in Figure 4.

Residual Properties and Inference: Stationarity tests applied to residuals from the
regime-specific model reject the presence of a unit root (ADF and Phillips—Perron tests,
p<0.01), while KPSS tests fail to reject level stationarity (p>0.10). Remaining serial
correlation at weekly horizons is substantial (Ljung—Box test, p<0.001). All reported inference
therefore relies on heteroskedasticity- and autocorrelation-consistent (HAC) standard errors.

Robustness to Trimming Ratios: To assess sensitivity to the trimming parameter, we
re-estimate the Bai—Perron model under alternative trimming ratios. The baseline
specification uses a trimming ratio of 0.15; robustness checks consider values of 0.13 and
0.10, keeping all other elements constant (covariates, sample period, HAC inference, and
BIC-based model selection).

Lower trimming ratios increase the admissible number of breakpoints and yield a finer
temporal segmentation. Across all specifications, however, the core break structure remains
stable: break zones in the late 1970s, late 1990s, and mid-2010s are consistently identified.
Additional breaks under lower trimming values subdivide the digital-era regime but do not
affect earlier or later regime boundaries. No trimming choice reverses the qualitative pattern
of regime-specific trends.

Table B1: Break timing across trimming ratios

Trimming ratio Break 1 Break 2 Break 3 Break 4 Break 5



0.15 (baseline) 1979 1999 2015 - -
0.13 1979 1996 2005 2015 -
0.10 1979 1996 2001 2008 2015

Note: Later breaks under lower trimming ratios subdivide the digital-era regime only.

Appendix B2: Structural Breaks in the Digital Era (2000-2025)

As an additional robustness check, we re-estimate the Bai—Perron breakpoint model for the
digital era only (2000-2025), using the same specification as in the main analysis and a
shorter minimum segment length to reflect the reduced sample span.

The Bayesian Information Criterion again selects three breakpoints, implying four regimes,
with break dates in the early 2000s, around 2010, and in the mid-to-late 2010s. Across these
regimes, average non-male participation declines from the early 2000s until the mid-2010s
before stabilising at a lower level in the most recent period. Regime-specific trends are
generally weak or negative during the download- and early-streaming phases and become
significantly positive only in the most recent regime. See Table B2 for more details.

Regime Start End Number  Participation Standard Participation trend
of weeks share deviation
1 2000-W01  2003-W39 195 31.7% 3.6% -0.07 ppl/year
2 2003-w40  2010-W26 351 29.6% 3.8% 1.25 pplyear
3 2010-W27  2017-W09 347 27.8% 4.2% -0.91 ppl/year
4 2017-W10  2025-W03 410 26.2% 7.3% 2.32 pplyear*

**x 520,01 ** p<0,05 * p<0,1.

Table B2: Regime overview. Own elaboration.

Overall, the digital-era subsample mirrors the full-sample results: initial high representation is
followed by deterioration during digital disruption, with only a partial and volatile recovery
after the consolidation of streaming platforms.



Appendix C. Macroeconomic Interactions and Participation Dynamics

This appendix extends the baseline participation-dynamics specification by allowing
regime-specific resets to interact with aggregate macroeconomic conditions. The purpose of
this exercise is not to provide a macroeconomic explanation of gender disparities in music
markets, but to assess whether background economic uncertainty amplifies the participation
setbacks associated with structural change.

In models of statistical discrimination, periods of heightened uncertainty may increase
reliance on group-level priors, potentially intensifying exclusion precisely at moments when
new technologies, ranking systems, and gatekeeping institutions are introduced. If this
channel were quantitatively important, regime transitions occurring under adverse
macroeconomic conditions should be associated with larger negative participation resets.

To test this possibility, we augment the baseline dynamic specification by interacting
regime-onset indicators with two aggregate variables: the U.S. unemployment rate and the
gender gap in labour-force participation. Both variables are measured at monthly frequency,
merged into the weekly chart data as piecewise-constant covariates, and standardised prior
to interaction. The extended model therefore allows the magnitude of regime resets to vary
with contemporaneous labour-market conditions, while preserving the core structure of
lagged dynamics, step effects, and within-regime trends. Results are presented in Table C1.

The macroeconomic variables used in the interaction analysis are drawn from the Federal
Reserve Economic Data (FRED) database maintained by the Federal Reserve Bank of St.
Louis. Aggregate economic conditions are proxied by the civilian unemployment rate.
Gender inequality in labour-market attachment is captured by the gender gap in labour-force
participation rates, constructed as the difference between male and female labour-force
participation rates. Both series are observed at monthly frequency and merged into the
weekly chart data as piecewise-constant covariates. Prior to estimation, all macro variables
are standardised to have mean zero and unit variance, so that interaction coefficients can be
interpreted as the differential effect of regime transitions under relatively higher or lower
macroeconomic uncertainty.

Dependent variable: Weekly change in non-male share (AS;)

Lagged non-male share S, -0.128*** (0.017)
Post-1979 (MTV era)

Step 0.005 (0.004)

Slope 0.000006 (0.000013)
Step x Unemployment -0,002** (0.001)
Step x LFPR gender gap -0.009 (0.012)
Post-1999 (Digital era)

Step -0.013 (0.023)
Slope -0.000015 (0.000017)
Step x Unemployment 0.003* (0.001)

Step x LFPR gender gap -0.006 (0.031)

Post-2015 (Streaming era)



Step 0.005 (0.052)

Slope 0.000042* (0.000)
Step x Unemployment -0.001 (0.001)
Step x LFPR gender gap 0.018 (0.057)
Constant 0.032*** (0.004)
Observations 3,467

R-squared 0.064

Adjusted R-squared 0.061

HC3 and autocorrelation-robust standard errors (52 lags). *** p<0,01 ** p<0,05 * p<0,1.
Table C1: Participation dynamics with macroeconomic interactions. Own elaboration.

Empirically, the interaction terms are generally small, imprecisely estimated, and unstable
across specifications. While some coefficients occasionally attain marginal statistical
significance, these effects are sensitive to model pruning and do not survive in parsimonious
specifications. Crucially, the inclusion of macroeconomic interactions does not alter the
baseline pattern documented in the main text: participation dynamics remain mean-reverting,
major structural transitions are associated with discrete downward resets, and recovery
occurs gradually within regimes.

These findings suggest that the repeated setbacks in non-male participation documented in
the paper are primarily driven by structural changes in the organisation of the music industry
itself, rather than by contemporaneous fluctuations in aggregate labour-market conditions.
Accordingly, the macro-interaction results are interpreted as robustness checks that
corroborate, rather than qualify, the core mechanism. For this reason, they are reported in
the appendix and not emphasised in the main analysis.



Appendix D: Survival Robustness

Tests of proportional hazards reject the baseline Cox specification (global p < 0.001), with
violations attributable to the Major label and US artist indicators; the model is therefore
stratified on these dimensions to allow for heterogeneous baseline hazards across
institutional and geographic segments. Parametric survival estimates confirm the robustness
of the results, with the Weibull model preferred by AIC and all specifications implying an
economically similar female survival penalty of about 5 percent, emerging after the first ten
chart weeks.

Model AIC female HR/Coefs Inp/o
Weibull 74,399 1.046*** p=1.43
Lognormal 76,207 -0.058*** (AFT) 0=0.85
Loglogistic 76,035 -0.051*** (AFT) y=0.47

Table D1. Stratified Cox and parametric survival estimates for chart duration, with
stratification on Major label and US artist to address proportional hazards violations, and
robust evidence of an approximately 5 percent female survival penalty across specifications.



Appendix E: Over-performance robustness tests for the full period.

This appendix reports two robustness exercises designed to assess whether the
over-performance patterns documented in Table 6 are driven by sample composition or by
specific features of the Billboard Top 100.

Table E1 excludes all band observations, restricting the sample to solo artists. This
robustness check addresses a potential compositional concern: mixed-gender bands could
mechanically generate “non-male” classifications even when a single female member is not
central to commercial decision-making. By focusing exclusively on solo acts, the analysis
isolates artist-level gender effects and rules out band-level aggregation as a driver of the
main results. The estimates closely mirror the baseline findings. Non-male artists continue to
exhibit significantly better entry positions and higher peak performance, alongside faster exit
rates in survival models. Compared to the full sample, coefficients are often larger and more
precisely estimated, suggesting that the over-performance pattern is, if anything, stronger
among solo artists. This reinforces the interpretation that the baseline results are not driven
by gender composition within bands but reflect individual-level selection and screening
mechanisms.

Model and dependent variable:

Logit - Top10 OLSR- Peak OLS - Cox - Sy_rvival Weit_)ull
ank Entry Rank stratified Survival
Non-male 0,13*** 0,0079** 1,63 0,049*** 0,055***
(0,043) (0,0033) (0,31) (0,015) (0,016)
Status 0,0047*** 0,00016** 0,22*** 0,0074*** 0,0097***
(0,0011) (0,000072) (0,0085) (0,00041) (0,00060)
Newcomer -1,97*** -0,16* -33,3*** 0,86*** 0,97***
(0,56) (0,085) (9,38) (0,22) (0,22)
Other newcomers  0,00052 -0,000093 0,47*** 0,013*** 0,015***
(0,0034) (0,00022) (0,032) (0,0013) (0,0014)
Collaborations 0,040** 0,0019 0,65*** 0,000052 -0,00095
(0,020) (0,0014) (0,20) (0,0082) (0,0087)
Major label 0,49*** 0,036*** 4,54* -0,031*
(0,051) (0,0039) (0,39) (0,019)
Pop genre 1,32%* 0,074** 5,35"** -0,45*** -0,47***
(0,48) (0,019) (1,42) (0,10) (0,11)
US artist -0,31%* -0,028*** -2,84** 0,0021

(0,046) (0,0035) (0,29) (0,015)



Entry rank 0,010™* 0,012%*

(0,00039) (0,00045)

Constant -0,39 0,22*** 40,0%** -5,27**
(0,76) (0,088) (9,56) (0,27)

Release Year FE  YES YES YES YES YES

Music Genre FE  YES YES YES YES YES

Observations 19461 19461 19461 19461 19461

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit); full specs
Table E1: Over-performance analysis excluding bands. Own elaboration.

Table E2 re-estimates the over-performance models restricting the sample to the Top 50
positions. This exercise focuses on the upper tail of the distribution, where commercial
competition is most intense and where screening by labels, radio, and playlists is strongest.
If conditional over-performance of non-male artists reflects stricter entry thresholds rather
than mechanical rank effects at the bottom of the chart, it should persist—or even
strengthen—when attention is limited to the “top of the top.” The results broadly confirm this
intuition. Non-male coefficients remain positive and statistically significant for Top 10
attainment and peak performance, indicating that conditional over-performance is not driven
by marginal entrants near the lower bound of the Top 100. Survival effects are smaller and
not significant in this restricted sample, consistent with the intuition that Top 50 songs face
more homogeneous promotional environments and shorter effective chart horizons, so
discrimination could be less relevant once in Top 50.. Relative to the baseline, magnitudes
are generally attenuated, which is expected when focusing on a more compressed and
competitive segment of the chart.

Model and dependent variable:

Logit - Top10 OLS - Peak OLS - Cox - Sy_rvival Weipull
Rank Entry Rank stratified Survival

Non-male 0,12*** 0,013*** 0,26 0,015 0,023
(0,039) (0,0046) (0,22) (0,017) (0,019)
Status -0,0034*** -0,00048*** 0,078*** 0,0088*** 0,012%*
(0,0011) (0,000098) (0,0058) (0,00069) (0,0012)

Band 0,036 -0,0023 -0,21 -0,032** -0,019
(0,038) (0,0042) (0,20) (0,016) (0,016)

Newcomer 1,15%** 0,13*** 48,5 0,35*** 0,53***
(0,062) (0,0081) (0,40) (0,040) (0,048)
Other newcomers  -0,012*** -0,0018*** -0,0052 0,011*** 0,012%*
(0,0034) (0,00034) (0,021) (0,0022) (0,0022)

Collaborations 0,032 0,0031 0,25** -0,0027 0,0038



(0,023) (0,0024) (0,11) (0,014) (0,015)

Major label 0,22%** 0,031*** 1,46** -0,070***
(0,043) (0,0051) (0,25) (0,021)
Pop genre 0,84* 0,087*** 1,50 -0,33* -0,32*
(0,45) (0,033) (1,79) (0,15) (0,13)
US artist -0,20%** -0,032*** -1,49%** 0,053**
(0,040) (0,0046) (0,21) (0,016)
Entry rank 0,0013** 0,0046***
(0,00062) (0,00077)
Constant -1,19** 0,13%** 23,2%* -5,23"
(0,49) (0,040) (2,21) (0,18)
Release Year FE = YES YES YES YES YES
Music Genre FE ~ YES YES YES YES YES
Observations 16448 16448 16448 16448 16448

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit).
Table E2: Over-performance analysis on Top 50 charts. Own elaboration.

Taken together, these robustness checks confirm that the core over-performance
pattern—higher entry and peak outcomes for non-male artists conditional on chart
appearance, without corresponding gains in persistence—is not sensitive to the inclusion of
lower-rank observations or to band composition. Differences relative to the baseline are
primarily quantitative rather than qualitative and align with the expected effects of cleaner
identification of artist gender (excluding bands) and tighter competition (Top-50 restriction).
These exercises therefore strengthen the interpretation of the main results as reflecting
selection and dynamic discrimination, rather than artefacts of sample definition or
classification.



Appendix F: Full results on each regime

This appendix shows full results of all regressions for each regime. Relevant implications for
the paper are already discussed in the main text, these tables are only reported for

transparency.
Model and dependent variable:
Logit - Top10 OLS - Peak OLS - Cox - Sy_rvival Weipull
Rank Entry Rank stratified Survival
Non-male -0,064 -0,00086 -0,83*** 0,032 0,035*
(0,058) (0,0043) (0,23) (0,020) (0,021)
Status -0,0035 0,000081 0,18*** 0,0090*** 0,0094***
(0,0026) (0,00020) (0,013) (0,00085) (0,00090)
Band 0,30*** 0,017*** 1,22%* -0,062*** -0,068***
(0,051) (0,0038) (0,21) (0,018) (0,019)
Newcomer -0,15 -81,0 -0,55*** -0,63***
(0,13) (88,2) (0,080) (0,083)
Other newcomers 0,0020 -2,8e-06 0,39*** 0,012** 0,012%**
(0,0036) (0,00025) (0,031) (0,0018) (0,0019)
Collaborations -0,069 -0,0024 0,18 0,016 0,013
(0,051) (0,0021) (0,19) (0,016) (0,019)
Major label 0,37*** 0,042*** 3,09*** -0,040
(0,072) (0,0073) (0,35) (0,027)
Pop genre 1,57 0,079*** 4,81% -0,42%** -0,45***
(0,59) (0,010) (1,21) (0,14) (0,15)
US artist 0,018 -0,0043 -0,83*** -0,056***
(0,053) (0,0040) (0,23) (0,020)
Entry rank 0,017*** 0,018***
(0,00073) (0,00078)
Constant -2,86*** 0,19 90,6 -5,20***
(0,62) (0,14) (88,2) (0,19)
Release Year FE = YES YES YES YES YES
Music Genre FE ~ YES YES YES YES YES
Observations 12215 12216 12216 12216 12216

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit).

Table F1: Regime 1 over-performance analysis. Own elaboration.



Model and dependent variable:

Logit - Top10 OLS - Peak OLS - Cox - Sy_rvival Weipull
Rank Entry Rank stratified Survival
Non-male 0,13** 0,011* -0,35 -0,023 -0,022
(0,063) (0,0058) (0,41) (0,026) (0,029)
Status 0,0028 -0,00022 0,26*** 0,010*** 0,011***
(0,0029) (0,00028) (0,025) (0,0012) (0,0012)
Band -0,058 -0,0068 -0,62* -0,029 -0,030
(0,059) (0,0051) (0,37) (0,024) (0,026)
Newcomer -1,09*** -0,11*** -1,25 0,55*** 0,58***
(0,34) (0,036) (1,84) (0,12) (0,13)
Other newcomers  0,0026 -0,000049 0,17** 0,0058** 0,0054**
(0,0058) (0,00052) (0,059) (0,0026) (0,0027)
Collaborations 0,0095 0,00027 0,42* -0,0014 -0,00064
(0,025) (0,0020) (0,24) (0,013) (0,013)
Maijor label 0,58*** 0,063*** 5,96*** -0,039
(0,067) (0,0078) (0,53) (0,029)
Pop genre 0,86 0,051 4.44* -0,35 -0,34
(0,64) (0,042) (2,25) (0,25) (0,26)
US artist -0,29*** -0,028*** -1,68*** 0,0024
(0,063) (0,0056) (0,40) (0,028)
Entry rank 0,015*** 0,016***
(0,00072) (0,00082)
Constant -1,46** 0,18*** 13,9*** -7,137
(0,68) (0,054) (2,76) (0,30)
Release Year FE = YES YES YES YES YES
Music Genre FE YES YES YES YES YES
Observations 7370 7370 7370 7370 7370

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit).

Table F2: Regime 2 over-performance analysis. Own elaboration.



Model and dependent variable:

Logit - Top10 OLS - Peak OLS - Cox - Sy_rvival Weipull
Rank Entry Rank stratified Survival
Non-male 0,31*** 0,022*** 2,91%** 0,12%** 0,16***
(0,082) (0,0062) (0,66) (0,028) (0,027)
Status -0,018*** -0,00054*** 0,098*** 0,013*** 0,022***
(0,0029) (0,000082) (0,017) (0,00052) (0,00062)
Band -0,30*** -0,027*** -0,45 -0,0064 0,060**
(0,093) (0,0056) (0,67) (0,030) (0,029)
Newcomer -1,08*** -0,16*** -8,28*** 0,34*** 0,29***
(0,39) (0,050) (2,59) (0,13) (0,11)
Other newcomers  -0,0013 -0,00041 0,73*** 0,017*** 0,021***
(0,016) (0,0010) (0,13) (0,0052) (0,0052)
Collaborations 0,20*** 0,011*** 0,0075 -0,039** -0,037**
(0,047) (0,0038) (0,34) (0,015) (0,016)
Major label 0,29*** 0,015** 3,99%** -0,17***
(0,084) (0,0062) (0,68) (0,027)
Pop genre -1,04 0,042 3,48 -0,95 -1,08
(0,94) (0,039) (9,55) (0,61) (0,81)
US artist -0,81*** -0,052*** -4,08*** 0,17***
(0,092) (0,0056) (0,62) (0,028)
Entry rank 0,0042*** 0,0043***
(0,00058) (0,00056)
Constant -0,18 0,14* 17,7 -3, 77
(0,98) (0,051) (9,76) (0,81)
Release Year FE = YES YES YES YES YES
Music Genre FE ~ YES YES YES YES YES
Observations 5506 5509 5509 5509 5509

Table F3: Regime 3 over-performance analysis. Own elaboration.

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit).



Model and dependent variable:

Logit - Top10 OLSR- Peak OLS - Cox - Sqrvival Weit_)ull
ank Entry Rank stratified Survival
Non-male 0,14 0,010 4,71% 0,082*** 0,068*
(0,10) (0,0063) (0,93) (0,031) (0,036)
Status 0,0094*** 0,00043*** 0,21*** 0,0053*** 0,0067***
(0,0013) (0,000085) (0,011) (0,00039) (0,00052)
Band 0,017 -0,0063 -0,14 0,071 0,077
(0,15) (0,0070) (1,16) (0,044) (0,052)
Newcomer -1,83** -0,17** -9,30*** 0,60*** 0,54***
(0,21) (0,026) (2,29) (0,063) (0,055)
Other newcomers -0,0097 -0,00080** 0,73*** 0,018*** 0,025***
(0,0081) (0,00036) (0,066) (0,0023) (0,0029)
Collaborations 0,061 0,0012 1,74 0,028* 0,023
(0,044) (0,0024) (0,43) (0,016) (0,021)
Maijor label 0,045 0,0034 1,64** 0,035
(0,10) (0,0047) (0,79) (0,033)
Pop genre 1,02%** 0,059*** -10,6 0,58 0,62
(0,10) (0,019) (13,4) (1,11) (1,18)
US artist -0,92*** -0,038*** -10,9*** -0,071
(0,24) (0,0068) (1,26) (0,060)
Entry rank 0,0089*** 0,011***
(0,00047) (0,00054)
Constant -1,32%** 0,17*** 31,6* -4,88***
(0,21) (0,031) (13,6) (1,19)
Release Year FE = YES YES YES YES YES
Music Genre FE ~ NO™ YES YES YES YES
Observations 5599 5599 5599 5599 5599

HC3 standard errors. *** p<0,01 ** p<0,05 * p<0,1. Survival uses Weibull (best fit).

Table F4: Regime 4 over-performance analysis. Own elaboration.

° Genre aggregated to pop/non-pop due to quasi-complete separation in rare categories (undefined
SE); core coefficients remain robust.
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