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General introduction

Gender gaps in earnings remain a central concern in labour economics. Although the

gender wage gap has narrowed considerably over the long run, the mechanisms underlying

such disparities have also been evolving. A large body of research shows that traditional

human-capital factors, such as education and work experience, now explain only a limited

share of the remaining gap. Instead, occupational segregation, workplace institutions,

promotion and pay-setting processes, and differences in temporal flexibility have become

increasingly important (Blau and Kahn, 2017; Goldin, 2014). Meanwhile, a growing

literature on psychological and behavioral mechanisms suggests that gender differences in

preferences and behavior—particularly in relation to competition, risk-taking, and other

experimentally measured traits—may also contribute to differences in educational choices,

labour-market sorting, and earnings outcomes (Croson and Gneezy, 2009; Niederle and

Vesterlund, 2007). Taken together, existing research suggests that gender inequality in

earnings is a complex phenomenon shaped by a combination of structural, institutional,

and behavioral mechanisms, rather than by any single factor alone.

At the same time, technological change and digitalization are reshaping the organiza-

tion of work itself and accelerating the diffusion of flexible and digitally mediated forms

of labour. This transformation matters not only because it has expanded flexibility within

conventional employment, but also because it points to a broader reorganization of labour

markets in which work is increasingly organized, evaluated, and monetized through digital

technologies and platform (Mas and Pallais, 2020; Vallas and Schor, 2020). This thesis

takes this transformation as both a substantive motivation and an analytical bridge. It

starts from the idea that changes in the organization of work can reshape gender inequal-

ity even within conventional employment, suggesting that such effects may be still more

consequential in labour markets built around digital coordination from the outset. As

digital technologies make work more flexible, it becomes natural to ask whether similar,

and potentially stronger, mechanisms operate in emerging labour markets where flexibility
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and digital intermediation are not peripheral features but fundamental ones. This leads to

a central question about labour-market change: when work is less tied to standard work

settings, do gender gaps in earnings narrow, or do they instead take new forms through

different mechanisms?

To answer this question, the thesis follows a comparative progression across labour-

market settings in the United States, from conventional employment to the creator economy.

The three chapters are linked by a common concern with how labour-market transforma-

tion changes the mechanisms that sustain gender inequality. Chapter 1 begins in the

conventional labour market and focuses on STEM, a representative domain in which gen-

der disparities in earnings have long persisted. By distinguishing between core STEM,

STEM-related, and non-STEM occupations, and by comparing the pre-pandemic and pan-

demic periods, it examines both heterogeneity across occupational fields and the role of

remote work in reshaping the gender wage gap. Its findings suggest that changes in work

organization and flexibility can matter for gender inequality even within standard employ-

ment settings. If that is the case, then such mechanisms may be even more consequential

in labour markets built around flexibility, digital coordination, and platform intermedia-

tion from the outset. Chapter 2 therefore turns to the creator economy and asks whether

flexible, platform-mediated work reduces or reproduces gender income inequality among

top U.S. YouTube creators. Chapter 3 builds on that analysis by introducing a much richer

set of video-level and text-based measures, including creator-side language from titles,

descriptions, and captions as well as audience-side responses expressed in comments, to

investigate which additional content- and audience-side factors help explain the residual

gap that remains after rich observable controls are introduced.

In this progression, Chapter 1 first studies gender wage inequality in STEM-classified

occupations and related traditional labour markets before and after the COVID-19 pan-

demic. Its main objective is twofold: first, to compare the magnitude and determinants of

the gender wage gap across core STEM, STEM-related, and non-STEM occupations; and

second, to examine whether the gap widened or narrowed after the outbreak of COVID-19
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and to identify the factors that may account for that change. Using U.S. labour-market

microdata from IPUMS, the chapter distinguishes between core STEM, STEM-related,

and non-STEM occupations and compares not only the size of the gender wage gap across

occupational groups and across the pre-pandemic and pandemic periods, but also the

mechanisms underlying these differences. Methodologically, it combines year-by-year

analysis, distributional evidence across the wage distribution, and decomposition methods

to assess both changes in the gap and the role of specific explanatory factors, including

work-from-home arrangements. The chapter shows that the gender wage gap is smallest

in core STEM occupations and largest in STEM-related occupations, and that its deter-

minants also differ markedly across occupational categories. It further finds that the gap

narrowed after the outbreak of COVID-19 across parts of the wage distribution, with

work-from-home emerging as one plausible mechanism behind that change. The chapter

therefore suggests that changes in work organization and flexibility can reshape gender

inequality even within conventional employment, although their effects depend strongly

on occupational context.

Building on this bridge, Chapter 2 turns to the creator economy as an emerging

digitally mediated labour market and examines the gender income gap among top U.S.

YouTube creators. In this setting, earnings are not determined by employer-set pay

schedules, but by platform monetization, audience demand, content specialization, and

user engagement. The main objective of the chapter is to measure the size of the gender

income gap in this new labour-market setting and to identify the observable factors that

account for it. To do so, the chapter constructs a novel creator-level dataset by combining

estimated income and channel-performance information with a rich set of demographic,

channel, content, production, and engagement variables. In particular, demographic

characteristics are hand-collected and cross-validated across multiple public platforms and

online sources, then integrated with platform-level channel data to build a uniquely detailed

dataset on top U.S. YouTube creators. Methodologically, the chapter combines baseline

regression analysis with sequential inclusion, Gelbach decomposition, Blinder–Oaxaca
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decomposition, and a range of robustness checks. The results reveal a substantial and

persistent income gap: female creators earn markedly less than comparable male creators

even after conditioning on a broad set of observables. Traditional demographic and human-

capital variables explain little of this disparity and in some specifications widen it, whereas

content niche, annual content production, and especially audience engagement account

for much of the explained component. At the same time, a meaningful residual remains.

The chapter therefore shows that flexibility and digital intermediation do not automatically

eliminate gender inequality; instead, they can reproduce it in new forms through platform

monetization, category-specific returns, and audience-related mechanisms.

Chapter 3 investigates the residual female income penalty identified in Chapter 2. Its

main objective is to determine whether richer content- and audience-side measures, es-

pecially video-level textual and language-based variables, can account for the part of the

gender gap that remains unexplained after conditioning on creator-, channel-, content-,

production-, and engagement-related characteristics. To do so, the chapter builds on the

baseline creator-level dataset from Chapter 2 and enriches it with newly collected video-

level information from YouTube-related APIs. For the final analytical sample of 485 U.S.

creators, it constructs measures from each creator’s most visible output, using up to 50

most popular long-form videos and up to 50 most popular shorts per creator. The resulting

dataset combines information from 41,180 videos and 17.4 million comments, including

general top-content characteristics, creator-generated text from titles, descriptions, and

captions, audience-generated text from comments, and commercial and interaction sig-

nals. Methodologically, the chapter relies primarily on sequential inclusion regressions

and Gelbach decomposition, complemented by separate block inclusion exercises and sup-

plementary robustness checks. The findings show that the residual gender gap can be fully

explained once these richer top-content, textual, and audience-response measures are taken

into account. General top-content characteristics explain an important part of the gap, but

the strongest explanatory role is concentrated on the audience side. Creator-controlled

language explains relatively little, whereas audience-side indicators—especially average
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likes and the evaluative tone of comments, more broadly reflected in sentiment-related

measures—are the most informative factors. The chapter therefore shows that gender in-

equality in the creator economy is shaped not only by platform monetization structures or

differences in content production, but also by how audiences publicly evaluate and reward

the content that becomes visible.

Overall, this thesis seeks to understand how gendered earnings gaps persist and change

as labour markets become more flexible, more digitally mediated, and less tied to stan-

dard work settings. It combines evidence from both the conventional labour market and

the creator economy, using complementary empirical strategies to trace not only whether

gender gaps remain, but also which mechanisms sustain or reshape them across different

institutional settings. Through the findings, the thesis highlights that labour-market trans-

formation does not simply eliminate gender inequality. Rather, it changes the channels

through which inequality is produced, shifting attention from occupational structures, work

arrangements, and the devaluation of women’s work in conventional employment toward

content specialization, platform monetization, user engagement, and audience interaction

in digital, creator economy. In doing so, the thesis contributes to a more integrated under-

standing of gender inequality in contemporary labour markets by tracing how gendered

earnings gaps are sustained, transformed, and reproduced from conventional employment

to digitally mediated platform work.
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Chapter 1

Unpacking the U.S. Gender Wage Gap Across

STEM-Classified Occupational Fields in the Context of

COVID-19 Pandemic

1.1 Introduction

In the knowledge-based economy of the 21st century, STEM (Science, Technology, Engi-

neering, and Mathematics) fields play a vital role in driving global economic growth and

technological innovation (Poggesi et al., 2019; Kuschel et al., 2020). As one of the world’s

leading innovation-driven economies, the United States relies heavily on the STEM sector

to sustain growth and maintain competitiveness (Peri et al., 2015), making it a critical

context in which to explore and examine gender inequality in this high-skilled labor mar-

ket. Despite women’s rising participation in STEM occupations and the progress they

have achieved over the past few decades, substantial gender disparities in employment and

wages still persist (Jiang, 2021; Fry et al., 2021): According to Jiang (2021), the gender

wage gap (GWG) for women with STEM degrees and employed in STEM occupations

is equivalent to approximately one year’s wage over the first ten years of their careers.

Although existing research has contributed valuable insights for promoting women’s em-

ployment and career advancement in the STEM sector, recent developments underscore

the need for a continued and in-depth study.

On one hand, the definition of the STEM workforce has evolved over time. Tradition-

ally, STEM workers were understood as professionals holding at least a bachelor’s degree.

More recent definitions, however, have increasingly recognized the importance of workers

who possess science and engineering skills and technical expertise, regardless of formal

educational attainment. According to the National Science Foundation’s report (National
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Science Foundation, 2021) ”The STEM labor force of today: Scientists, engineers and

skilled technical workers”, more than half of STEM workers in the United States do not

hold a bachelor’s degree. The report therefore expands the definition to include not only

degree holders but also workers without higher education qualifications, whose skills and

technical competencies are also essential to innovation and technological development.

From this perspective, re-considering and including the lower-educated segment is crucial

for understanding a full picture of the STEM workforce.

On the other hand, the occupational classification of the STEM sector has also been

refined, particularly through the distinction between core STEM and STEM-related occu-

pations, given the markedly uneven representation of women across these fields. According

to the "STEM, STEM-related, and non-STEM related code list" published by the U.S. Cen-

sus Bureau (U.S. Census Bureau, 2018), STEM-related occupations now include a broad

range of healthcare practitioners and technical occupations, such as nurse practitioners,

pharmacy technicians, and surgical technologists, in which women are very well repre-

sented. This contrasts sharply with traditional STEM fields such as physical sciences,

computer science, and engineering, where women remain substantially underrepresented

(González-Pérez et al., 2020; Cho, 2021; Fry et al., 2021). This more refined classification

is crucial not only for accurately capturing the composition of the STEM workforce but

also for revealing distinct patterns in the GWG across STEM and STEM-related fields.

Beyond changes in the definition and classification of the STEM workforce, it is also

important to consider the effects of the recent global crisis triggered by the COVID-

19 pandemic. The pandemic profoundly altered the work organization across sectors.

Economic disruption, quarantine, and social distancing measures not only caused sharp

declines in labor force participation and surges in unemployment in many industries,

but also reshaped occupational structures and the gender wage distribution (Coibion et al.,

2020; Gallant et al., 2020; Albanesi and Kim, 2021). Importantly, these effects were highly

uneven across sectors. Industries such as tourism and hospitality were severely affected,

whereas information technology and other telework-related sectors remained relatively
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resilient (Dube et al., 2020; Assaf and Scuderi, 2020). At the same time, the rise of work

from home (WFH) as a widespread labor market practice widened inequalities across

occupations, as reflected in growing disparities in wages and employment opportunities

(Bolisani et al., 2020; Dockery and Bawa, 2020; Bick et al., 2023). These developments

provide a distinct context for re-examining the gender wage gap (GWG) across core STEM,

STEM-related, and non-STEM occupations.

Grounded in this context, this paper uses the IPUMS data to examine recent trends in the

U.S. gender wage gap (GWG) before and during the COVID-19 pandemic, with particular

attention to differences across core STEM, STEM-related, and non-STEM occupations.

Using Unconditional Quantile Regression (UQR) and Recentered Influence Function (RIF)

decomposition, we identify and analyze the main factors underlying the observed GWG.

This paper makes several contributions to the literature. First, it provides up-to-date

empirical evidence on recent GWG trends, offering new insights into evolving labor

market dynamics in the context of the COVID-19 pandemic. Second, by distinguishing

STEM-related occupations from core STEM fields, it reveals distinct gender disparities

across these groups that have often been overlooked in previous research, while providing

new empirical evidence on the structural drivers of the GWG in STEM and STEM-related

occupations. These findings carry clear policy implications for promoting gender equality

in the U.S. labor market and highlight the importance of field-specific interventions,

educational inclusion, and flexible work arrangements in addressing persistent gender

wage disparities.

The subsequent sections are structured as follows: Section 1.2 reviews the relevant

literature. Section 1.3 depicts the effects of the COVID-19 pandemic on the U.S. labor

market. Section 1.4 describes the data sources and the variables for analysis. Section 1.5

presents the descriptive evidence. Section 1.6 explains the methodologies employed in

the empirical analysis. Section 1.7 analyzes and discusses the results, while Section 1.8

concludes with key findings and policy recommendations.
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1.2 Literature review

This paper relates to several strands of the literature. We begin with the historical evo-

lution of the gender wage gap (GWG) and the current state of research on STEM fields,

highlighting the main gaps in the existing literature. We then reviews human capital theory

as the classical analytical framework for explaining the GWG, while also discussing its

limitations. Subsequently, we discuss the effects of the COVID-19 pandemic on the labor

market and the GWG. Taken together, these gaps motivate the contributions of this paper.

Existing research on the GWG in the United States shows that, although the gap has

narrowed over the long run, progress has slowed. Based on an extensive review of the

literature, Blau and Kahn (2017) show that the GWG declined from about 36-38% in

1970 to 18-21% in 2010, while the increase in the female-to-male wage ratio slowed

after peaking in the 1980s. They argue that although women have overtaken men in

educational attainment and the gender gap in work experience has narrowed substantially,

the GWG remains persistent. In the STEM domain, the existing literature generally finds

that the GWG, while still present, is smaller than the roughly 20% gap observed in the

overall labor market, typically around 14-15% (Xu, 2015; Kahn and Ginther, 2017; Xie

and Connor, 2022). Speer (2020), however, notes an important limitation of existing

research: estimates of the GWG vary substantially depending on how STEM is defined.

The definition of the STEM workforce has evolved over time and is no longer confined

to workers with higher education degrees, but now also includes those with scientific and

engineering skills who do not hold formal higher education credentials (National Science

Foundation, 2021). Likewise, the classification of STEM occupations has become more

refined, distinguishing STEM-related occupations from traditional STEM fields (U.S.

Census Bureau, 2018). Most existing studies, however, have subsumed STEM-related

occupations within the broader STEM category and rely on a simple STEM/non-STEM

distinction. For example, Xu (2015) treated medical professionals as part of the STEM

category when comparing wage gaps between STEM and non-STEM occupations, while
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Orozco (2021) classified science- and engineering-related occupations as a subfield of

STEM. Xie and Connor (2022), meanwhile, excluded health-related occupations from the

analysis on the grounds that they differ from core science and engineering occupations in

qualification requirements and job responsibilities, even though these occupations clearly

fall within the STEM-related category. These limitations suggest that adopting a more

recent, standardized, and refined definition of STEM and its occupational categories may

improve the analysis of the GWG across STEM and STEM-related occupations and shed

further light on its underlying mechanisms.

For understanding and decomposing the GWG, human capital theory provides an

important analytical framework. Originally proposed by Becker (1962) and Rosen (1976),

the theory attributes wage disparities to differences in education, training, skills, and

work experience. However, related literature has identified important limitations of this

framework. While acknowledging its role in explaining long-run trends in the GWG,

Polachek (2004) noted that it is less effective in accounting for short-run disparities.

Similarly, Lips (2012) argued that the GWG as observed in practice is more complex than

traditional human capital models can capture. Using Oaxaca–Blinder decomposition,

supplemented by the methods of Chernozhukov et al. (2013) and Firpo et al. (2009),

Blau and Kahn (2017) found that education and work experience explain only a limited

share of the overall GWG. Later, they also found that gender differences in educational

attainment account for only a small portion of the overall pay gap (Blau and Kahn, 2020).

These findings suggest that factors beyond human capital, including discrimination and

occupational segregation, play an important role in shaping gender wage inequality. They

also emphasize the importance of handling work experience carefully, particularly when

actual work experience is unavailable and researchers must rely on estimated potential

experience instead.

Polachek (1975) was among the first to emphasize the importance of potential work

experience in explaining the gender wage gap (GWG). Later research, for example, Regan

and Oaxaca (2008), further examined the bias inherent in using potential work experience,
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derived from the Mincer model (Mincer and Polachek, 1974), rather than actual work

experience in human capital earnings models, and explored its implications for wage

decomposition. They found that potential experience affects the effects of schooling and

the returns to work experience, and using this measure in earnings models underestimates

the explained portion of the GWG. Zveglich et al. (2019) also pointed out a key limitation of

the Mincer and Polachek (1974) measure: it assigns the same level of potential experience

to individuals with the same age and education, regardless of gender. This is problematic

because many women experience career interruptions due to childbirth and child-rearing,

so potential experience may overstate their actual experience and understate the gender

gap in accumulated work experience. Blau and Kahn (2017) likewise argued that work

interruptions and shorter working hours are more important in explaining the GWG in

high-skilled occupations (such as those in the STEM occupational fields), relative to the

labor market as a whole. As an alternative, Zveglich et al. (2019) used age-sex-specific

labor force participation rates to approximate expected work experience and showed

that this measure more closely tracks the actual median experience of men and women.

Similarly, Meara et al. (2020) estimated potential work experience using a probit model

of employment probabilities at each age between 15 and 65 and then aggregated these

probabilities into years of expected work experience.

The importance of work experience measurement in explaining the gender wage gap

(GWG) has become even more salient in the context of the COVID-19 pandemic, consider-

ing the changes it induced in work patterns across the global labor market. As mentioned

earlier in the Introduction, the pandemic affected occupational groups unevenly. Dockery

and Bawa (2020) argued that understanding which jobs are most compatible with work

from home (WFH) is crucial, as it determines which workers can remain productive during

lockdowns and thus avoid complete unemployment. Likewise, Adams et al. (2025) sug-

gested that WFH is likely to be a key factor shaping GWG during the pandemic. Bick et al.

(2023) further examined the effects of WFH and argued that its expansion may exacerbate

existing inequalities by altering the relative position of occupations in the labor market.
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Although WFH promotes employment stability during the pandemic, its implications for

gender equality are complex (Carlson et al., 2021). On the one hand, WFH may enable

women to work longer hours and access remote jobs that would otherwise be less feasi-

ble, thereby improving their career prospects and helping to narrow the gender wage gap

(GWG). On the other hand, greater reliance on WFH may reinforce an unequal division

of household responsibilities, with one partner focusing more on career and the other on

family obligations, while women often assume a larger share of childcare and domestic

work. This, in turn, may widen the GWG over the long run. These findings suggest that

the effects of the COVID-19 pandemic on the GWG, particularly through differences in

the feasibility of WFH, should be carefully examined across occupational categories.

1.3 Impact of COVID-19 on labor market

According to the U.S. official document1, the federal COVID-19 public health emergency

(PHE) officially ended on May 11, 2023. Since the formal termination of the PHE did

not necessarily mark the end of the pandemic’s adverse labor market effects, we examined

employment and unemployment rates from January 2017 to July 2023 using Current

Population Survey (CPS) data published by the U.S. Census Bureau (U.S. Census Bureau,

2023). The results are presented in Figure 1.1.

As shown in Figure 1.1, a sharp break occurred in April 2020, when employment

rates for both men and women fell abruptly and unemployment rates surged, marking the

most severe labor market disruption of the pandemic. Female unemployment increased

more steeply and remained elevated until the end of 2020, indicating that women were

disproportionately affected. Notably, although the U.S. government officially declared

the end of the pandemic in May 2023, the data suggest that the labor market had largely

returned to its pre-pandemic condition by mid-2022.

Accordingly, we primarily focus on the period from 2018 to 2022 and divides it into
1The Executive Office of the President,Office of Management and Budget’s publication of "A bill to

terminate the public health emergency declared for COVID-19" (United States Congress, 2023)
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three phases for subsequent analysis:

(1) Before pandemic (2018–2019): the baseline period before the outbreak of COVID-

19;

(2) Pandemic outbreak (2020): the initial shock period marked by the most severe

labor market disruption;

(3) During pandemic (2021–2022): the adjustment period reflecting labor market

adaptation and recovery under pandemic conditions.

Figure 1.1. Monthly employment and unemployment rates January 2017 to July 2023 in
the United States (CPS 2017-2023)
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1.4 Data and variables

1.4.1 Data

The primary data source is the Integrated Public Use Microdata Series, USA (IPUMS,

2023), a large and widely used microdata database maintained by the Minnesota Population

Center. We focus on IPUMS data from 2000 to 2022 for individuals aged 25 to 65, with

particular focus on pooled cross-sectional data for 2018 to 2022. This period is especially

relevant because it captures the key trends in the U.S. gender wage gap (GWG) before and

during the COVID-19 pandemic that are central to the analysis.

The initial dataset contains a total of 8,130,981 observations, including 4,113,648

female and 4,017,333 male samples. After excluding the self-employed and part-time

workers, military personnel, and non-meaningful samples (i.e., individuals with zero

wages and negative potential work experience), the final sample comprises 3,883,551

observations in total, of which 1,689,712 are women and 2,193,839 are men.

1.4.2 Variables

The analysis primarily focuses on individual’s wages by gender. Accordingly, the depen-

dent variable is the logarithm of annual wages — lnwage, and the key explanatory variable

is gender (0 for men and 1 for women). Additional covariates include a range of indica-

tors capturing demographic characteristics, family background, educational background,

job-related characteristics, as well as pandemic-related factors, as detailed below:

• Demographic Characteristics: This includes age (age), race (white, black, indian,

asian, other, more_than_one), geographical location (midwest, northeast, south, west)

indicating the individual’s region within the United States, and migration (migration)

identifying individuals living in a region different from their birthplace.

• Family Background: This involves marital status (unmarried, married, single), the

number of children (child0, child1_2, child3_4, child5_), and the number of parents

14



in the household (nparents). In addition, there are dummy variables for children

under five years old (childage0_5=1 if there are children under age five, otherwise

childage0_5=0) and for school-age children (childage6_17=1 for children aged 6-17,

otherwise childage6_17=0), along with their respective interaction terms with the

single variable.

• Educational Background: This consists of the categorical variables indicating the

highest level of education (loweduc2, bachelor, master, professional3, doctoral), and

a second-degree dummy variable (degree2) to identify if the individual has a second

undergraduate degree. Additionally, there is a variable (school) to identify those who

may have attended school or college in the last 3 months4.

• Job-related Characteristics: This includes the job sector (private, government, non-

profit), occupational fields (stem, stem-related, non-stem), along with their respective

interaction terms with loweduc, and the variable fratio5 to measure the "female de-

valuation" in various occupations. The typical weekly working hours (wkhours) and

potential work experience variables (wkexp6) are also included.

• Pandemic-related Variables: This consists of a variable indicating specific years of the

pandemic (covid2020, covid21&22), a dummy variable indicating work from home

(WFH) (workhome=1 if the individual works from home, otherwise workhome=0),

along with their respective interaction terms with the two pandemic-specific years.
2This variable identifies individuals in the labor force who have not obtained a bachelor’s degree.
3A professional degree is a credential designed to prepare individuals for specialized professions, prac-

tices,or industries,often fulfilling the academic requirements for licensure or accreditation.
4This variable identifies individuals who are recent graduates with little experience,or who may have

just experienced a disruption in the workforce
5This variable measures the proportion of females in each occupation.
6In this study,potential work experience is estimated using the cumulative probability method (CPM),

which better captures labor market interruptions and therefore provides a more appropriate measure for
explaining the GWG.This variable is labeled "wkexp" and is used throughout the main analysis. As a
robustness check,the alternative and widely used Mincer measure is also examined in Appendix 1.8, which
shows why the CPM is the preferred specification.
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1.5 Descriptive evidence

1.5.1 Variable descriptives and sample characteristics

Table 1.1 reports the mean values of the main variables by gender, together with signifi-

cance tests for the observed differences. A significant gender wage gap (GWG) is evident:

women’s annual wages amount to 76.60%7 of men’s.

The sample shows similar average ages for men and women, although their demo-

graphic and family characteristics differ. The male sample has a higher proportion of

White individuals, whereas the female sample has a higher proportion of Black individu-

als. Unmarried and single women are more prevalent in the sample, reflecting potential

underrepresentation of married women due to greater family responsibilities. In addition,

women exhibit higher average educational attainment than men, suggesting that they often

need to obtain higher qualifications to access job opportunities and positions comparable

to those of men.

Job characteristics also differ markedly by gender. Men are more likely to work

in higher-paying private-sector jobs, whereas women are more concentrated in lower-

paying sectors such as government and non-profit organizations. Men also tend to work

longer hours and accumulate more work experience. Gender differences are also evident

in working hours and work experience, with men typically working longer hours and

accumulating more work experience.

As a key concern of this study, the occupational distribution reveals limited gender

differences in non-STEM occupations but substantial disparities in core STEM8 and

STEM-related fields: men are disproportionately represented in core STEM fields, whereas

women are more concentrated in STEM-related fields. Another key concern, work from

home (WFH) variable, suggests that women were more likely to work remotely during
7The value is calculated as the ratio of women’s average annual wage (65,473.14) to men’s average

annual wage (85,475.89) reported in Table 1.1.
8The term "core STEM" refers specifically to traditional occupational fields in Science, Technology,

Engineering, and Mathematics, excluding STEM-related occupations.
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the pandemic, reflecting their greater household and care-giving responsibilities when

families faced such crises.

Table 1.1. Mean Values of the Main Variables by Gender (IPUMS 2018–2022)

Variables Female
(N = 1,689,712)

Male
(N = 2,193,839)

Mean
Difference

Annual wage 65, 473.144 85, 475.891 19, 989.651∗∗∗

Demographic Characteristics
age 44.552 44.410 −0.142∗∗∗
white 0.706 0.736 0.030∗∗∗
black 0.101 0.070 −0.031∗∗∗
indian 0.010 0.009 −0.001∗∗∗
asian 0.022 0.018 −0.003∗∗∗
migration 0.114 0.116 0.002∗∗∗

Family Background
unmarried 0.231 0.226 −0.005∗∗∗
married 0.565 0.644 0.079∗∗∗
single 0.204 0.130 −0.074∗∗∗
nchild 0.849 0.926 0.077∗∗∗
nparents 0.128 0.124 −0.003∗∗∗

Educational Background
degree2 0.059 0.046 −0.014∗∗∗
low_educ 0.507 0.590 0.083∗∗∗
bachelor 0.284 0.253 −0.031∗∗∗
master 0.159 0.109 −0.050∗∗∗
professional 0.029 0.026 −0.003∗∗∗
doctoral 0.022 0.022 −0.000

Job-related Characteristics
private 0.642 0.775 0.132∗∗∗
government 0.224 0.162 −0.062∗∗∗
nonprofit 0.133 0.063 −0.070∗∗∗
stem 0.061 0.140 0.079∗∗∗
stem-related 0.115 0.035 −0.080∗∗∗
non-stem 0.825 0.825 0.000
fratio 0.610 0.301 −0.309∗∗∗
wkhours 43.163 45.040 1.877∗∗∗
wkexp 9.191 11.803 2.612∗∗∗

Pandemic-related Variable
workhome 0.138 0.110 −0.029∗∗∗

Note: Table presents only the key variables,while information on the full set of variables is reported in the
unconditional quantile regression results in Appendix 1.8. *, **, and *** denote significance at the 5%, 1%,
and 0.1% levels, respectively, based on two-tailed tests.
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1.5.2 Evidence supporting the expanded definition of the STEM

workforce

Figure 1.2 presents a Sankey diagram illustrating the relationship among gender, educa-

tional attainment, and occupational choice. Consistent with the descriptive statistics in

Table 1.1, women tend to have higher educational attainment than men, whereas men

are more concentrated in the low-education group. This gender difference narrows as

educational attainment rises and nearly disappears at the doctoral level.

Figure 1.2. Sankey diagram of gender differences in education and occupation (IPUMS
2018-2022)

Notably, a substantial share of individuals (often more than half) with higher education

degrees work in non-STEM occupations, while the low-education group accounts for

a significant portion of the workforce in STEM and STEM-related occupations. This

evidence further supports the National Science Foundation’s (NSF) decision to broaden

the definition of the STEM workforce to include workers with lower levels of formal

education.
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1.5.3 Evidence supporting the refined STEM occupational classifica-

tion

Using IPUMS data from 2000 to 2022, we calculated the Duncan Index9 under two

occupational classification schemes: one that distinguishes between core STEM and

STEM-related occupations, and one that does not. The results are presented in Figure 1.3.

Figure 1.3. Duncan Index under two occupational classification schemes (IPUMS
2000-2022)

The findings show that, since 2002, the Duncan Index derived from the two classifi-

cation schemes have continued to diverge. When STEM and STEM-related occupations

are differentiated, the Duncan Index is substantially higher and displays an upward trend.

By contrast, when STEM and STEM-related occupations are treated as a single category,

the index follows the opposite pattern. This suggests that men and women have become

increasingly concentrated in different types of STEM occupations over time, providing

evidence in support of a more refined occupational classification.
9The Duncan Index is a widely used measure in labor market research for assessing the extent to which

men and women are distributed across occupations. It is calculated as: 𝐷 = 1
2
∑𝑁

𝑠=1

��� 𝑓𝑠𝐹 − 𝑚𝑠

𝑀

���, where
𝑠 denotes the occupation category, 𝑓𝑠 and 𝑚𝑠 represent the numbers of women and men employed in
occupation 𝑠, respectively, and 𝐹 and 𝑀 denote the total numbers of women and men in the sample.
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Figure 1.4. Trends and annual changes in the gender wage gap across quantiles (IPUMS
2000-2022)

1.5.4 Gender wage gap and the COVID-19 pandemic

Figure 1.4 illustrates the gender wage gap (GWG) and its rate of change across quantiles

from 2000 to 2022. Consistent with the existing literature, Figure 1.4(a) shows that the
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GWG narrowed across the wage distribution since 2000, but remained larger at higher

quantiles, indicating a persistent glass ceiling among top earners. Figure 1.4(b) illustrates

annual changes in the GWG and shows that the pandemic years (2020–2022) were asso-

ciated with the most pronounced shifts for the lower-middle wage group (the 25th and

50th quantiles) in nearly two decades. Figure 1.4(c) compares GWG change rates before

and during the pandemic. Relative to 2018-2019 (Before pandemic), the GWG narrowed

across all quantiles in 2020 (Pandemic outbreak). During 2021-2022, however, the pattern

became more heterogeneous across the wage distribution, with the largest changes con-

centrated at lower quantiles. This suggests that low-wage workers, as a vulnerable group,

were more severely affected by pandemic-induced labor market disruption and economic

uncertainty, including reductions in working hours and job loss. These findings highlight

the need for targeted policies to protect vulnerable workers during and after such economic

shocks.

The GWG before and during the pandemic (2018–2022) is further examined by occupa-

tional category in Figure 1.5. The results show that the GWG remains consistently lowest

in core STEM occupations and highest in STEM-related occupations, especially at higher

wage quantiles due to a stronger glass ceiling effect. Before the pandemic (2018-2019),

the GWG in core STEM was relatively small and fairly uniform across quantiles. Since the

pandemic outbreak in 2020, however, the gap widened at lower quantiles and narrowed at

higher quantiles. This pattern suggests the emergence of a ”sticky floor” effect, reflecting

the greater vulnerability of low-wage women and the relative advantages of high-earning

women (such as scarce skills and greater adaptability to teleworking). During the pan-

demic (2021-2022), both sticky floor and glass ceiling effects are evident, pointing to the

lasting impact of the pandemic and related restrictions (e.g., lockdowns) on labor market

inequality. By contrast, the glass ceiling effect remained persistent in STEM-related occu-

pations throughout the period, highlighting deeper structural inequalities associated with

occupational gender segregation.
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Figure 1.5. Gender wage gap in STEM, STEM-related, and non-STEM occupations
(IPUMS 2018-2022)

1.6 Methodology

1.6.1 Unconditional quantile regression

Quantile regression, first introduced by Koenker and Bassett (1978), examines how ex-

planatory variables affect different quantiles of the outcome distribution rather than only

its mean. Although informative, this approach can become difficult to interpret when the

model includes a large number of highly specific individual characteristics. To address

this limitation, Unconditional Quantile Regression (UQR) was developed to estimate the

overall, or unconditional, effect of covariates on the outcome distribution without con-

ditioning on specific sample characteristics. Firpo et al. (2009) further extended this

approach through the Recentered Influence Function (RIF) regression, which allows the

direct estimation of covariate effects at different quantiles of the wage distribution. This

makes the method particularly useful for labor economics and policy analysis. As a robust

method, RIF regression captures how slight changes in variables affect the overall distri-

bution, thereby providing a clearer picture of shifts in the wage distribution. For the RIF
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regressions used below, whether linear or logit, unconditional quantiles can be obtained

by integration:

RIF(𝑌 ; 𝑞𝜏, 𝐹𝑌 ) = 𝑞𝜏 + IF(𝑌 ; 𝑞𝜏, 𝐹𝑌 ) = 𝑞𝜏 +
𝜏 − 1{𝑌 ≤ 𝑞𝜏}

𝑓𝑌 (𝑞𝜏)
(1.1)

where 𝑅𝐼𝐹 (𝑦; 𝑞𝜏, 𝐹𝑌 ) represents the Recentered Influence Function corresponding to

the 𝜏-quantile of 𝐹𝑌 , and 𝑞𝜏 is the unconditional quantile of𝑌 , which satisfies 𝐹𝑌 (𝑞𝜏) = 𝜏,

and 𝑓𝑌 (·) is the density function of𝑌 . Using the iterative rule of conditional expectation10,

equation (1) can be written as:

𝑞𝜏 (𝑌 ) =
∫

𝐸 [RIF(𝑌 ; 𝑞𝜏, 𝐹𝑌 ) | 𝑋 = 𝑥] 𝑑𝐹𝑋 (𝑥) (1.2)

Firpo et al. (2009) makes each component of 𝑋 undergo a virtual infinitesimal trans-

lation transformation (location shift) to obtain the influence of the marginal change of 𝐹𝑋

on 𝑞𝜏 (𝑌 ), so the right side of (2) becomes:

𝑞𝜏 (𝑌 ′) =
∫

𝐸 [RIF(𝑌 ; 𝑞𝜏, 𝐹𝑌 ) | 𝑋 = 𝑥] 𝑑𝐹𝑋 (𝑥 − Δ𝑥) (1.3)

(3)-(2), divide by the increment Δ𝑥 and let Δ𝑥 tend to 0, we can get the marginal impact

of the unit translation of 𝑋 on the 𝜏-unconditional quantile of 𝑌 , that is, the unconditional

quantile partial effect (UQPE):

UQPE(𝜏) =
∫

𝜕𝐸 [RIF(𝑌 ; 𝑞𝜏, 𝐹𝑌 ) | 𝑋]
𝜕𝑋

𝑑𝐹𝑋 (1.4)

1.6.2 RIF decomposition

According to Firpo et al. (2007a,b, 2009), when the distribution statistics are quantiles,

the RIF regression model can directly estimate the effect of covariates on the dependent

variables, making it particularly useful for decomposing changes in the wage distribution.
10The unconditional expectation of the RIF is the statistic itself. This property forms the basis for RIF

regression.
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RIF decomposition is exactly the method of wage difference distribution decomposition

with the RIF regression model at its core. Based on the above introduction to RIF

regression, RIF can be linearly expressed as a function of other explanatory variables:

RIF(ln𝑌𝑖, 𝑄𝜏) = 𝑋𝑖𝛽 + 𝜀 (1.5)

where ln𝑌𝑖 is the logarithm of the dependent variable (annual wage),𝑄𝜏 is the quantile,

𝑋𝑖 is the demographic characteristics, family background, educational background, and

job-related explanatory variables. The parameter 𝛽 can be estimated through the ordinary

least squares (OLS) equation.

Decomposition methods based on RIF quantile regression require the construction of

counterfactual distribution functions. This process involves using the reweighting function

proposed by DiNardo et al. (1996), which allows differences in the wage distribution to be

decomposed into two main components: composition effects and wage structure effects.

Firstly, after estimating the wage equation with the UQR model, the gender wage difference

can be decomposed into two parts:

𝑄𝜏 (ln𝑌𝑚) −𝑄𝜏 (ln𝑌 𝑓 ) = [𝑄𝜏 (ln𝑌𝑚) −𝑄𝜏 (ln𝑌𝑐)] +
[
𝑄𝜏 (ln𝑌𝑐) −𝑄𝜏 (ln𝑌 𝑓 )

]
(1.6)

where ln𝑌𝑐 represents the statistic of the constructed counterfactual distribution. We

construct the counterfactual wage distribution using female characteristic variables and

male wage structures, that is, the distribution function of𝑌 𝑓 when the return rates of female

labor characteristics are the same as those of males. By substituting Equation (5) into

Equation (6), we can obtain:

𝑄𝜏 (ln𝑌𝑚) −𝑄𝜏 (ln𝑌 𝑓 ) =
[
(𝑋𝑚 − 𝑋 𝑓 )𝛽𝑚 + 𝜀𝑚𝑐

]
+
[
(𝛽𝑚 − 𝛽 𝑓 )𝑋 𝑓 + 𝜀𝑐 𝑓

]
(1.7)
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Therefore, the first term on the right side of Equation (7) can be regarded as the

difference arising from the distinct characteristic variables between men and women,

which is the characteristic effect or composition effect. The second term can be understood

as the difference caused by the variations in return rates, which is the coefficient effect or

wage structure effect.

In summary, RIF decomposition is a method that Firpo et al. (2007a,b, 2009) construct

the counterfactual wage distribution with the reweighting function proposed by DiNardo

et al. (1996) to decompose the wage distribution into composition effects and wage struc-

ture effects, and then regresses the recentered influence function (RIF) of the distribution

statistics, and finally subdivides the above two effects further on each covariate.

1.7 Results and Discussion

1.7.1 Unconditional quantile regression results

The results of the unconditional quantile regression (UQR) for male and female workers

are reported in Appendix 1.8(Tables B1 and B2, respectively). The general findings

regarding demographic characteristics, family background, educational, and job-related

characteristics are consistent with the documented facts in the established literature. For

example, wages increase with age regardless of gender, though the effect is less pronounced

at higher quantiles. Ethnic minorities, particularly Black workers, generally earn lower

wages than Whites. Women face a stronger parenthood penalty than men across the

wage distribution, regardless of the number of children. Marital status has no negative

effect on men’s wages at any quantile, and high-earning single women appear to face

a penalty that may reflect prejudice. Obtaining an additional degree is associated with

higher wages, while further education offers higher returns for women, etc. Therefore,

this section focuses primarily on several aspects that have often been overlooked in the

existing literature: the role of the pandemic and work from home (WFH), core STEM and

STEM-related occupations, as well as low-education workers. The results are presented
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in Figure 1.6.

Figure 1.6. Unconditional quantile regression results of the key variables by gender

Figures 1.6(a) and 1.6(b) show that WFH had different effects on male and female

wages during the COVID-19 pandemic. The regression results indicate that WFH had

a positive effect on wages for both men and women, with particularly pronounced gains

for women above the 10th wage percentile. Notably, this positive effect generally became

stronger at higher wage quantiles, except for men between the 10th and 75th percentiles in

2020 (Pandemic outbreak), where the pattern was reversed and the WFH wage premium

declined as wage levels increased. This suggests that WFH provided a relative advantage

to women during the pandemic, potentially contributing to a narrowing of the gender

wage gap (GWG). Moreover, during the pandemic period from 2021 to 2022, the largest
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positive effect of WFH was observed among high-wage workers of both genders. This

suggests that, as the pandemic progressed, higher earners were better positioned to benefit

from teleworking, likely because they had greater occupational flexibility and were better

able to maintain productivity outside traditional office settings. Overall, these findings

highlight the significance of teleworking in shaping wage dynamics during crises such as

the COVID-19 pandemic, particularly among higher-income workers.

Figures 1.6(c) and 1.6(d) present the UQR results for STEM and STEM-related occu-

pations. Across the wage distribution, both men and women earn higher wages in STEM

and STEM-related occupations than in non-STEM fields. However, the patterns vary

across wage quantiles. In STEM occupations, women exhibit smaller wage premiums

at the lower and middle quantiles but exceed men at the upper quantiles. Similarly, in

STEM-related fields, women generally receive higher wage returns than men, except at

the lowest quantile, suggesting that these occupations may offer women more favorable

opportunities. Nevertheless, men exhibit stronger wage growth at the top quantile in

STEM-related fields, while women at the upper end of the wage distribution experience

a marked decline in wage returns in both STEM and STEM-related occupations. This

explains the ”glass ceiling” effect observed in Figures 1.5(c) and 1.5(d) and suggests that

women continue to face persistent barriers to advancement and promotion in these fields.

Furthermore, the interaction effects shown in Figures 1.6(e) and 1.6(f) suggest that,

at the lower and middle parts of the wage distribution, lower-educated women earn higher

returns than men in both STEM and STEM-related occupations. By contrast, at higher

wage levels, low educational attainment generally has a negative effect on wage growth,

highlighting the critical role of education in women’s career advancement and promotion

in these technical occupations.

1.7.2 Recentered influence function decomposition results

This subsection first examines the gender wage gap (GWG) in the U.S. labor market

from 2018 to 2022. It then performs a year-by-year analysis to identify the key factors
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contributing to the narrowing of the GWG during the pandemic. Finally, it examines how

the GWG varies across occupational categories (STEM, STEM-related, and non-STEM).

Table 1.2. RIF Decomposition Results: Pooled Data 2018–2022

Wage Quantiles (1) (2) (3) (4) (5)
q10 q25 q50 q75 q90

Gender wage gap
(Unadjusted gap)

0.156∗∗∗
(0.001)

0.201∗∗∗
(0.001)

0.184∗∗∗
(0.001)

0.256∗∗∗
(0.001)

0.294∗∗∗
(0.001)

Endowments Effect

Total endowments effect 0.013∗∗∗
(0.001)

0.049∗∗∗
(0.001)

0.101∗∗∗
(0.001)

0.214∗∗∗
(0.001)

0.305∗∗∗
(0.001)

Pandemic-related −0.001 −0.001 0.000 0.000 0.000
Demographic 0.005 0.004 0.003 0.002 0.001
Family background 0.003 0.005 0.005 0.008 0.012
Education background −0.029 −0.043 −0.042 −0.047 −0.047
Job-related 0.035 0.083 0.135 0.250 0.338

Coefficients Effect

Total coefficients effect 0.142∗∗∗
(0.001)

0.152∗∗∗
(0.001)

0.083∗∗∗
(0.001)

0.042∗∗∗
(0.001)

−0.011∗∗∗
(0.002)

Note: The table reports endowment effects by five variable groups: pandemic-related, demographic, family
background, educational, and job-related characteristics. Category-level endowment effects are calculated
by summing the corresponding variable-level endowment coefficients; therefore, their standard errors and
significance markers are not shown. Bootstrapped standard errors, based on 50 replications, are reported in
parentheses. *, **, and *** denote significance at the 5%, 1%, and 0.1% levels, respectively.

Overall gender wage gap decomposition: 2018-2022 pooled data analysis

Table 1.2 reports the recentered influence function (RIF) decomposition results based on

pooled cross-sectional data from 2018 to 2022. The results show that the GWG at the

lower wage levels is driven primarily by the coefficient effect, whereas the endowment

effect becomes dominant at higher wage levels. As the earlier UQR results indicate,

women’s educational advantage largely disappears at higher wage quantiles. Therefore,

this pattern observed in the RIF results is not driven by the observed characteristics that

explain the GWG, but rather by the diminishing negative endowment effect of educational

characteristics as wage levels increase. These findings help explain the observed ”glass

ceiling” effect, whereby wage disparities are most pronounced among higher earners.

Notably, the results are consistent with previous studies (e.g., Blau and Kahn, 2017;

Rotman and Mandel, 2023), which show that traditional human capital variables alone
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cannot explain the GWG in the U.S. labor market. Therefore, rather than revisiting these

well-established findings, the following analysis focuses on identifying the key factors

contributing to the narrowing of the GWG since the onset of the pandemic in 2020

through a year-by-year RIF decomposition.

Annual gender wage gap trends: year-by-year analysis

To identify the factors contributing to the narrowing of the gender wage gap (GWG) across

the wage distribution, the analysis examines year-by-year changes in the endowment effects

of all observable variables and finds that the endowment effect of work from home (WFH)

exhibits a distinctive trend over time.

As shown in Figure 1.7(a), there is a striking step-like decline after the outbreak of the

pandemic, a pattern not observed for any other variable. This negative endowment effect

became more pronounced during the pandemic, thereby reducing the total endowment

effect during this period. To further explore the mechanism underlying this pattern, the

proportion of workers engaged in WFH was calculated by occupational category and

gender. Figure 1.7(b) shows the highest WFH share in core STEM occupations and the

lowest in STEM-related occupations, especially after the pandemic began. Figure 1.7(c)

shows that WFH participation rose sharply for both genders after 2020, with a larger

increase among women. Together with the UQR results, these findings suggest that WFH

helped narrow the GWG during the pandemic, especially at higher wage levels.

Occupation-based gender wag gap: STEM, STEM-related and non-STEM

The gender wage gap (GWG) was then examined across occupational categories, and its

underlying determinants were analyzed. The earlier descriptive statistics and UQR analy-

ses reveal an important pattern: substantial gender differences exist between core STEM

and STEM-related fields in terms of the distribution of male and female characteristics, the

extent of the GWG, and gender-specific wage returns. For example, the GWG in STEM-

related occupations is consistently larger than in the other two occupational categories
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Figure 1.7. The effect of work from home (WFH) on the narrowing of gender wage gap
during the pandemic

30



across all quantiles and exhibits a pronounced ”glass ceiling” effect. In contrast, the GWG

in core STEM occupations is the smallest at almost all quantiles, suggesting a relatively

higher level of gender equality. These findings motivate a deeper exploration of whether

the determinants of the GWG also differ across occupational categories.

Figure 1.8. Occupation-specific RIF decomposition results

As shown in Figure 1.8(a), the coefficient effect at the upper quantiles is substan-

tially larger in STEM-related fields than in the other two occupational categories. This

suggests that high-wage women in STEM-related occupations face stronger gender-based

discrimination and greater barriers to advancement into high-paying positions, thereby

contributing to the pronounced ”glass ceiling” effect observed in these fields. The total

endowment effect (Figure 1.8(b)) rises with the wage quantiles, following a pattern similar

to that observed in non-STEM occupations. In addition, female devaluation11 appears to

best explain the GWG across all quantiles in both core STEM and non-STEM occupations

and also explains a substantial share of the GWG at higher quantiles in STEM-related

occupations, as shown in Figure 1.8(c). Notably, although educational attainment is the

main factor explaining the GWG in STEM-related occupations, it does not explain the
11This is measured as the proportion of women in each occupation.
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GWG in either core STEM or non-STEM occupations at any quantile, as reflected in the

persistently negative endowment-effect coefficients shown in Figure 1.8(d), highlighting

structural differences in how educational credentials are rewarded across occupational

categories.

Figure 1.9. Educational segregation and educational attainment by occupational category

To further explore the underlying reasons for this significant difference, educational

segregation12 was examined across occupational categories, as shown in Figure 1.9. As

expected, the distribution of educational attainment between men and women is more

uneven in STEM-related occupations, where men are more likely to hold professional or

doctoral degrees. By contrast, women tend to have higher educational attainment in the

other two occupational categories.

In summary, the above analyses reveal that the determinants of the GWG differ across

STEM, STEM-related, and non-STEM occupations. The female devaluation effect consis-

tently explains the GWG across occupational categories, particularly at higher quantiles in
12This is measured as the Duncan Index (see footnote 10).
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STEM-related occupations, highlighting a pervasive and persistent ”glass ceiling” effect.

Moreover, although educational attainment is negatively associated with the GWG in core

STEM and non-STEM occupations, it remains the primary explanatory factor in STEM-

related occupations because of greater educational segregation. These findings underscore

the need for targeted policies not only to promote gender equality in career advancement,

but also to address the structural educational barriers that continue to perpetuate wage

disparities across these fields.

1.8 Conclusion

This study provides an in-depth analysis of the gender wage gap (GWG) in the U.S. labor

market over the period from 2018 to 2022, with particular attention to STEM and STEM-

related occupations in the context of the COVID-19 pandemic. The main findings are as

follows.

First, the year-by-year analysis reveals a marked narrowing of the GWG across the wage

distribution since the outbreak of the COVID-19 pandemic, with work from home (WFH)

playing a key role in this trend. Second, while traditional human capital variables hardly

explain recent changes in the GWG, job-related characteristics, such as potential work

experience, working hours, and occupational categories, emerged as the main explanatory

factors, with female devaluation playing a particularly important role. Third, as the core

of this study, the analysis across occupational categories (STEM, STEM-related, and

non-STEM) reveals substantial differences in both the magnitude and determinants of the

GWG. The GWG is the largest in STEM-related occupations, accompanied by a pervasive

and persistent ”glass ceiling” effect. In contrast, the gap is considerably smaller in core

STEM occupations. Across occupational categories, female devaluation emerges as the

key explanatory factor. Although educational attainment is a major determinant of the

GWG in STEM-related occupations, it does not explain the gap in core STEM and non-

STEM occupations, where women generally have higher levels of educational attainment
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than men. The large GWG in STEM-related occupations appears to be driven primarily

by educational segregation, with men more likely to hold advanced professional degrees

that are especially highly rewarded in these occupations.

In summary, these findings highlight the complex interplay between educational and

occupational characteristics in shaping the GWG, while also underscoring the positive

role of teleworking during the pandemic in narrowing the gap. They further point to

the importance of occupation-specific policies for advancing gender equality in the labor

market.

Nonetheless, the study also has several limitations. First, the IPUMS data may not

fully capture all factors affecting the GWG in the U.S. labor market, particularly during

the pandemic period. Second, selection bias remains a potential concern and may affect

the robustness of the results. In addition, the RIF decomposition method has certain

limitations. Some previous studies using this approach have found a large ”unexplained”

component of the GWG, which may be attributable to heterogeneity within the sample

(Kassenboehmer and Sinning, 2014; Töpfer, 2017; Meara et al., 2020). Therefore, future

research is recommended to use more comprehensive data, where available, and further

refine the empirical approach to improve the accuracy and generalizability of the findings.

Based on the above findings, we propose several policy recommendations:

(1) Develop occupation-specific policies: In STEM-related occupations, policy efforts

should focus on breaking the glass ceiling, whereas in STEM and non-STEM occupations,

policies aimed at raising the minimum wage for women may be more effective.

(2) Address educational segregation: Although women have achieved notable edu-

cational success in STEM and non-STEM occupations, they remain underrepresented

in advanced professional degree programs associated with STEM-related occupations,

such as healthcare. Policies should therefore prioritize support for women’s pursuit of

professional qualifications that facilitate career advancement in these fields.

(3) Promote gender equality across all STEM-related occupations: Although core

STEM occupations often receive greater attention, STEM-related occupation exhibit more
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pronounced gender inequality and therefore deserve equal policy attention and resource

allocation.

(4) Encourage flexible work arrangements: Policies should also promote flexible and

hybrid work arrangements, given the observed role of teleworking in mitigating the GWG,

particularly benefiting for women.
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Appendix A: Estimation of the potential work experience

The study examined two main methods of estimating potential work experience in the

preliminary analysis. The first method was proposed by Mincer and Polachek (1974),

which simply estimates work experience by subtracting years of schooling and the school-

entry age (generally 5-6 years old in the U.S.) from an individual’s reported age:

𝑤𝑘𝑒𝑥𝑝1 = 𝐴𝑔𝑒 − 𝑆𝑐ℎ𝑜𝑜𝑙𝑖𝑛𝑔 − 5 (A1)

The second method is the cumulative probability method (CPM), which was adopted

in the main analysis because it has been shown to yield more accurate and robust estimates

by accounting for labor market interruptions. More specifically, a probit model was used to

estimate the probability of employment across age profiles separately for men and women

in each year from 2018 to 2022.

The model used to estimate the probability of employment is defined as follows:

𝑃(𝑒𝑚𝑝𝑙𝑜𝑦𝑡,𝑔 = 1 | 𝑥) = 𝛼0,𝑡,𝑔 + 𝛼1,𝑡,𝑔𝑚𝑎𝑟𝑟𝑖𝑒𝑑 + 𝛼2,𝑡,𝑔𝑠𝑖𝑛𝑔𝑙𝑒 + 𝛼3,𝑡,𝑔𝑝𝑎𝑟𝑒𝑛𝑡

+ 𝛼4,𝑡,𝑔𝑚𝑖𝑔𝑟𝑎𝑛𝑡 + 𝛼5,𝑡,𝑔𝑟𝑎𝑐𝑒 + 𝛼6,𝑡,𝑔𝑟𝑒𝑔𝑖𝑜𝑛 + 𝛼7,𝑡,𝑔𝑒𝑑𝑢𝑐

(A2)

where 𝑒𝑚𝑝𝑙𝑜𝑦𝑡,𝑔 is a binary variable indicating whether an individual of gender g

is employed in year t (t=2018, 2019, 2020, 2021, 2022). The explanatory variables

including marital status, parental status, immigration status, race, region and education

level. 𝛼0,𝑡,𝑔, 𝛼1,𝑡,𝑔, 𝛼2,𝑡,𝑔, ... are the parameters to be estimated.

By summing the estimated employment probabilities across ages, the study then com-

putes the expected work experience for an individual, thereby providing a comprehensive

measure of work experience for each year:

𝑤𝑘𝑒𝑥𝑝2 = 𝑤𝑘𝑒𝑥𝑝𝑔 =

65∑︁
𝑡=25

𝑃(𝑒𝑚𝑝𝑙𝑜𝑦𝑡,𝑔 = 1 | 𝑥) (A3)
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where 𝑤𝑘𝑒𝑥𝑝𝑔 represents the cumulative expected work experience for individuals of

gender g throughout their working life, from age 25 to 65.

The study then performed a preliminary analysis to determine the most appropriate

method for the main analysis. The work experience variable estimated using the Mincer

method is denoted by ”wkexp1,” whereas the variable estimated using the CPM method is

denoted by ”wkexp2”. Table A1 reports the descriptive statistics for the work experience

estimated by these two methods.

Table A1. Means for the Two Estimated Work Experiences, Females versus Males

Variables Female
(N = 1,689,712)

Male
(N = 2,193,839)

Mean
Difference

wkexp1 24.5987 24.9483 0.3496∗∗∗

wkexp2 9.1912 11.8032 2.6120∗∗∗

Note: *, **, and *** denote significance at the 5%, 1%, and 0.1% levels, respectively, based on two-tailed
tests.

As shown, the gender difference is much smaller when work experience is estimated

using the Mincer method. By contrast, the CPM accounts for labor force interruptions,

gender-specific characteristics, and year-specific economic conditions, thereby revealing

a more substantial gender difference in work experience.

The analysis then compares the unconditional quantile regression (UQR) results ob-

tained using the two work experience estimation methods. Figure A1 shows the effects of

work experience, estimated using the two different methods, on wages across quantiles for

both men and women. Overall, the cumulative probability method (CPM) yields higher

returns than the Mincer method, especially for women. The difference in estimated returns

between the two methods is more pronounced at the lower and middle quantiles for both

men and women. This suggests that the CPM, by accounting for employment interrup-

tions, captures work experience and its wage returns more accurately for individuals with

less stable employment histories. However, this difference narrows at the 75th and 90th

percentiles, possibly reflecting the fact that higher earners experience fewer labor force

interruptions, resulting in a more consistent valuation of experience across the two meth-

ods. Overall, this pattern underscores importance of accounting for work interruptions
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when assessing the wage effects of experience, especially among workers in the lower and

middle parts of the wage distribution.

Figure A1. UQR results for the two estimated work experiences by gender

Moreover, the results show that returns to work experience are generally higher for

women than for men across most wage quantiles. This suggests some progress toward

gender equity in the recognition and reward of work experience, as well as a possible

narrowing of the experience-related component of the GWG. Moreover, these findings

suggest that job interruptions and career continuity affect returns to experience differently

by gender, with important implications for the analysis of the gender wage gap and highlight

the careful measurement of potential work experience.

Figure A2 presents the RIF decomposition results, allowing comparison of changes in

the different components of the GWG across the three defined phases of the pandemic. The

endowment effect declines slightly over time across wage levels, suggesting that gender

differences in observable characteristics have narrowed, possibly because women have

made greater progress in education, work experience, remote work, and related dimen-

sions. As for the coefficient effect, a decline is observed in 2020 at lower wage levels,

suggesting that gender gaps associated with unobservable characteristics and discrimi-
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Figure A2. RIF decomposition results using two methods of work experience across the
three defined phases of the pandemic: Endowment and coefficient effects

nation against women may have narrowed among low earners. However, the coefficient

effect increases in 2020 at higher wage levels, specifically at the 75th and 90th quantiles.

This suggests that, among higher earners, the GWG persists because of deeper structural

factors and discriminatory practices, possibly linked to the ”glass ceiling.” Comparing

the two measures of potential work experience, the CPM method (wkexp2) yields a larger

endowment effect and a smaller coefficient effect at higher wage levels, particularly at the

90th quantile. By contrast, the Mincer method (wkexp1) shows a similar pattern at the

lower and middle parts of the wage distribution.

Figure A3. Endowment effects with the two work experience estimation methods

Figure A3 further shows the endowment effects of various characteristics obtained by

alternatively including the two measures of potential work experience. The results show

that the CPM yields a larger endowment effect of work experience at all quantiles. In other
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words, the CPM-based estimation of potential work experience has greater explanatory

power for the GWG.

Given the substantial endowment effect observed for job-related characteristics, the

analysis further examines the endowment effects of individual job-related variables to

identify the most important factors underlying the GWG. As shown in Figure A4, female

devaluation best explains the GWG among all job-related characteristics. In addition, with

respect to work experience, the CPM-based estimation explains the GWG far better than

the Mincer-based estimation.

Figure A4. Endowment effects of job-related characteristics

In summary, the method used to estimate potential work experience can lead to different

results in both the UQR and RIF decomposition analyses. Potential work experience

estimated using the CPM is substantially lower for both men and women than that estimated

using the Mincer method. The UQR results show that, using CPM-based estimates,

women receive higher returns to experience than men at almost all quantiles. The RIF

decomposition further shows that CPM-based work experience, which accounts for labor

force interruptions, better explains the GWG across the wage distribution during 2018–

2022. These findings highlight the importance of accounting for labor force interruptions

when examining the GWG in the U.S. labor market, especially during the pandemic.
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Appendix B: Unconditional quantile regression results

Table B1. Unconditional Quantile Regression Results for Male Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

Panel A. Pandemic-related Variables

covid2020
0.054∗∗∗

(0.002)

0.040∗∗∗

(0.001)

0.043∗∗∗

(0.001)

0.028∗∗∗

(0.001)

0.033∗∗∗

(0.002)

covid21&22
0.116∗∗∗

(0.002)

0.080∗∗∗

(0.001)

0.073∗∗∗

(0.001)

0.043∗∗∗

(0.001)

0.053∗∗∗

(0.002)

workhome
0.027∗∗∗

(0.006)

0.055∗∗∗

(0.003)

0.161∗∗∗

(0.004)

0.226∗∗∗

(0.004)

0.243∗∗∗

(0.006)

Panel B. Demographic Characteristics

black
−0.235∗∗∗

(0.003)

−0.167∗∗∗

(0.002)

−0.162∗∗∗

(0.002)

−0.108∗∗∗

(0.002)

−0.104∗∗∗

(0.003)

indian
−0.256∗∗∗

(0.007)

−0.200∗∗∗

(0.004)

−0.188∗∗∗

(0.005)

−0.110∗∗∗

(0.005)

−0.088∗∗∗

(0.007)

asian
−0.127∗∗∗

(0.005)

−0.070∗∗∗

(0.003)

−0.046∗∗∗

(0.003)

0.046∗∗∗

(0.003)

0.112∗∗∗

(0.005)

other
−0.202∗∗∗

(0.002)

−0.159∗∗∗

(0.001)

−0.149∗∗∗

(0.002)

−0.079∗∗∗

(0.002)

−0.067∗∗∗

(0.002)

more_than_one
−0.103∗∗∗

(0.003)

−0.089∗∗∗

(0.002)

−0.091∗∗∗

(0.002)

−0.064∗∗∗

(0.002)

−0.074∗∗∗

(0.003)

migration
−0.040∗∗∗

(0.002)

−0.024∗∗∗

(0.001)

−0.020∗∗∗

(0.001)

−0.007∗∗

(0.001)

0.005∗∗

(0.002)

northeast
0.042∗∗∗

(0.002)

0.053∗∗∗

(0.001)

0.122∗∗∗

(0.001)

0.137∗∗∗

(0.001)

0.185∗∗∗

(0.002)

south
−0.103∗∗∗

(0.002)

−0.057∗∗∗

(0.001)

0.004∗∗

(0.001)

0.064∗∗∗

(0.001)

0.092∗∗∗

(0.002)

Continued on next page
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Table B1. Unconditional Quantile Regression Results for Male Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data (continued)

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

west
0.007∗∗∗

(0.002)

0.027∗∗∗

(0.001)

0.116∗∗∗

(0.001)

0.160∗∗∗

(0.001)

0.218∗∗

(0.002)

Panel C. Family Background

child1_2
−0.006∗∗

(0.002)

−0.002

(0.001)

0.010∗∗∗

(0.001)

0.015∗∗∗

(0.001)

0.012∗∗∗

(0.002)

child3_4
−0.050∗∗∗

(0.003)

−0.031∗∗∗

(0.002)

−0.007∗∗∗

(0.002)

0.022∗∗∗

(0.002)

0.040∗∗∗

(0.003)

child5_
−0.114∗∗∗

(0.008)

−0.082∗∗∗

(0.005)

−0.061∗∗∗

(0.005)

−0.027∗∗∗

(0.005)

−0.035∗∗∗

(0.008)

married
0.224∗∗∗

(0.002)

0.176∗∗∗

(0.001)

0.179∗∗∗

(0.001)

0.120∗∗∗

(0.001)

0.113∗∗∗

(0.002)

single
0.060∗∗∗

(0.003)

0.049∗∗∗

(0.002)

0.035∗∗∗

(0.002)

0.019∗∗∗

(0.002)

0.008∗∗

(0.003)

childage0_5
0.022∗∗∗

(0.003)

0.023∗∗∗

(0.002)

0.030∗∗∗

(0.002)

0.044∗∗∗

(0.002)

0.061∗∗∗

(0.003)

sin*chilage0_5
0.004

(0.010)

−0.016∗

(0.006)

−0.013∗∗

(0.007)

−0.006

(0.007)

0.020∗

(0.010)

childage6_17
0.005∗∗

(0.002)

0.011∗∗∗

(0.002)

0.043∗∗∗

(0.002)

0.078∗∗∗

(0.002)

0.141∗∗∗

(0.003)

sin*chilage6_17
0.081∗∗∗

(0.006)

0.059∗∗∗

(0.004)

0.033∗∗∗

(0.004)

−0.021∗∗∗

(0.004)

−0.068∗∗∗

(0.006)

nparents
−0.153∗∗∗

(0.002)

−0.112∗∗∗

(0.001)

−0.084∗∗∗

(0.001)

−0.025∗∗∗

(0.001)

0.002

(0.002)

Panel D. Educational Background

school
−0.052∗∗∗

(0.004)

−0.050∗∗∗

(0.002)

−0.075∗∗∗

(0.002)

−0.075∗∗∗

(0.002)

−0.098∗∗∗

(0.004)

Continued on next page
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Table B1. Unconditional Quantile Regression Results for Male Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data (continued)

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

degree2
0.008∗∗∗

(0.003)

0.007∗∗∗

(0.002)

0.018

(0.002)

0.022∗∗∗

(0.002)

0.047∗∗∗

(0.003)

bachelor
0.325∗∗∗

(0.002)

0.306∗∗∗

(0.001)

0.451∗∗∗

(0.001)

0.427∗∗∗

(0.001)

0.490∗∗∗

(0.002)

master
0.340∗∗∗

(0.003)

0.342∗∗∗

(0.002)

0.577∗∗∗

(0.002)

0.638∗∗∗

(0.002)

0.823∗∗∗

(0.003)

professional
0.321∗∗∗

(0.005)

0.335∗∗∗

(0.003)

0.644∗∗∗

(0.003)

0.867∗∗∗

(0.003)

1.477∗∗∗

(0.005)

doctoral
0.324∗∗∗

(0.005)

0.338∗∗∗

(0.003)

0.614∗∗∗

(0.003)

0.766∗∗∗

(0.003)

1.065∗∗∗

(0.005)

Panel E. Job-related Characteristics

wkhm*cov2020
0.044∗∗∗

(0.007)

0.029∗∗∗

(0.004)

0.021∗∗∗

(0.005)

0.005

(0.005)

0.037∗∗∗

(0.007)

wkhm*cov21&22
0.021∗∗∗

(0.006)

0.019∗∗∗

(0.004)

0.030∗∗∗

(0.004)

0.050∗∗∗

(0.004)

0.121∗∗∗

(0.006)

nonprofit
−0.056∗∗∗

(0.003)

−0.069∗∗∗

(0.002)

−0.157∗∗∗

(0.002)

−0.219∗∗∗

(0.002)

−0.308∗∗∗

(0.003)

government
0.128∗∗∗

(0.002)

0.088∗∗∗

(0.001)

−0.004∗∗∗

(0.001)

−0.157∗∗∗

(0.001)

−0.345∗∗∗

(0.002)

stem
0.124∗∗∗

(0.003)

0.139∗∗∗

(0.002)

0.292∗∗∗

(0.002)

0.266∗∗

(0.002)

0.075∗∗∗

(0.003)

stem-related
0.133∗∗∗

(0.005)

0.123∗∗∗

(0.003)

0.191∗∗∗

(0.003)

0.174∗∗∗

(0.003)

0.250∗∗∗

(0.005)

leduc*stem
0.254∗∗∗

(0.004)

0.205∗∗∗

(0.003)

0.145∗∗∗

(0.003)

0.000

(0.003)

0.041∗∗∗

(0.005)

leduc*stemr
0.206∗∗∗

(0.009)

0.128∗∗∗

(0.005)

0.044∗∗∗

(0.006)

−0.036∗∗∗

(0.006)

−0.112∗∗∗

(0.009)

Continued on next page
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Table B1. Unconditional Quantile Regression Results for Male Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data (continued)

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

fratio
−0.158∗∗∗

(0.003)

−0.111∗∗∗

(0.002)

−0.086∗∗∗

(0.002)

−0.060∗∗

(0.002)

−0.072∗∗∗

(0.003)

wkhours
0.008∗∗∗

(0.000)

0.009∗∗∗

(0.000)

0.012∗∗∗

(0.000)

0.011∗∗∗

(0.000)

0.015∗∗∗

(0.000)

wkexp1
0.032∗∗∗

(0.000)

0.031∗∗∗

(0.000)

0.046∗∗∗

(0.000)

0.041∗∗∗

(0.000)

0.039∗∗∗

(0.000)

wkexp2
−0.001∗∗∗

(0.000)

−0.001∗∗∗

(0.000)

−0.001∗∗∗

(0.000)

−0.001∗∗∗

(0.000)

−0.001∗∗∗

(0.000)

constant
9.456∗∗∗

(0.005)

9.817∗∗∗

(0.003)

9.790∗∗∗

(0.004)

10.340∗∗∗

(0.003)

10.502∗∗∗

(0.005)

Note: Standard errors are reported in parentheses. *, **, and *** denote significance at the 5%, 1%, and

0.1% levels, respectively.

Table B2. Unconditional Quantile Regression Results for Female Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

Panel A. Pandemic-related Variables

covid2020
0.044∗∗∗

(0.002)

0.038∗∗∗

(0.002)

0.023∗∗∗

(0.001)

0.016∗∗∗

(0.002)

0.019∗∗∗

(0.003)

covid21&22
0.082∗∗∗

(0.002)

0.084∗∗∗

(0.001)

0.052∗∗∗

(0.001)

0.041∗∗∗

(0.001)

0.040∗∗∗

(0.002)

workhome
0.072∗∗∗

(0.005)

0.133∗∗∗

(0.004)

0.137∗∗∗

(0.003)

0.210∗∗∗

(0.004)

0.207∗∗∗

(0.006)

Panel B. Demographic Characteristics

Continued on next page
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Table B2. Unconditional Quantile Regression Results for Female Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data (continued)

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

black
−0.104∗∗∗

(0.002)

−0.097∗∗∗

(0.002)

−0.066∗∗∗

(0.001)

−0.037∗∗∗

(0.002)

−0.033∗∗∗

(0.003)

indian
−0.145∗∗∗

(0.007)

−0.159∗∗∗

(0.005)

−0.120∗∗∗

(0.004)

−0.093∗∗∗

(0.006)

−0.050∗∗∗

(0.009)

asian
−0.088∗∗∗

(0.005)

−0.050∗∗∗

(0.004)

0.001

(0.003)

0.106∗∗∗

(0.004)

0.261∗∗∗

(0.006)

other
−0.145∗∗∗

(0.002)

−0.143∗∗∗

(0.002)

−0.088∗∗∗

(0.001)

−0.038∗∗∗

(0.002)

−0.011∗∗

(0.003)

more_than_one
−0.060∗∗∗

(0.003)

−0.063∗∗∗

(0.002)

−0.039∗∗∗

(0.002)

−0.031∗∗∗

(0.002)

−0.034∗∗∗

(0.004)

migration
−0.032∗∗∗

(0.002)

−0.020∗∗∗

(0.002)

−0.010∗∗∗

(0.001)

−0.005∗∗

(0.002)

0.001

(0.003)

northeast
0.051∗∗∗

(0.002)

0.098∗∗∗

(0.002)

0.129∗∗∗

(0.001)

0.196∗∗∗

(0.002)

0.202∗∗∗

(0.003)

south
−0.088∗∗∗

(0.002)

−0.048∗∗∗

(0.001)

0.003∗∗

(0.001)

0.041∗∗∗

(0.002)

0.081∗∗∗

(0.002)

west
0.052∗∗∗

(0.002)

0.098∗∗∗

(0.002)

0.126∗∗∗

(0.001)

0.206∗∗∗

(0.002)

0.240∗∗∗

(0.003)

Panel C. Family Background

child1_2
−0.049∗∗∗

(0.002)

−0.054∗∗∗

(0.002)

−0.037∗∗∗

(0.001)

−0.028∗∗∗

(0.002)

−0.023∗∗∗

(0.002)

child3_4
−0.128∗∗∗

(0.003)

−0.125∗∗∗

(0.002)

−0.080∗∗∗

(0.002)

−0.056∗∗∗

(0.003)

−0.033∗∗∗

(0.004)

child5_
−0.234∗∗∗

(0.010)

−0.210∗∗∗

(0.008)

−0.143∗∗∗

(0.006)

−0.113∗∗∗

(0.008)

−0.098∗∗∗

(0.013)

married
0.073∗∗∗

(0.002)

0.076∗∗∗

(0.002)

0.045∗∗∗

(0.001)

0.049∗∗∗

(0.002)

0.062∗∗∗

(0.003)

Continued on next page
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Table B2. Unconditional Quantile Regression Results for Female Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data (continued)

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

single
0.014∗∗∗

(0.002)

0.014∗∗∗

(0.002)

−0.002

(0.002)

−0.012∗∗∗

(0.002)

−0.018∗∗∗

(0.003)

childage0_5
0.036∗∗∗

(0.003)

0.064∗∗∗

(0.002)

0.074∗∗∗

(0.002)

0.134∗∗∗

(0.002)

0.190∗∗∗

(0.004)

sin*chilage0_5
−0.060∗∗∗

(0.008)

−0.063∗∗∗

(0.006)

−0.034∗∗∗

(0.005)

−0.027∗∗∗

(0.007)

−0.034∗∗∗

(0.010)

childage6_17
0.005∗∗

(0.002)

0.016∗∗∗

(0.002)

0.030∗∗∗

(0.002)

0.087∗∗∗

(0.002)

0.147∗∗∗

(0.003)

sin*chilage6_17
0.024∗∗∗

(0.004)

0.017∗∗∗

(0.004)

0.004

(0.003)

−0.018∗∗∗

(0.004)

−0.037∗∗∗

(0.006)

nparents
−0.052∗∗∗

(0.002)

−0.069∗∗∗

(0.001)

−0.052∗∗∗

(0.001)

−0.036∗∗∗

(0.001)

−0.018∗∗∗

(0.002)

Panel D. Educational Background

school
−0.019∗∗∗

(0.003)

−0.034∗∗∗

(0.002)

−0.044∗∗∗

(0.002)

−0.062∗∗∗

(0.003)

−0.071∗∗∗

(0.004)

degree2
0.005

(0.003)

0.011∗∗∗

(0.002)

0.022∗∗∗

(0.002)

0.042∗∗∗

(0.002)

0.057∗∗∗

(0.004)

bachelor
0.330∗∗∗

(0.002)

0.461∗∗∗

(0.001)

0.403∗∗∗

(0.001)

0.424∗∗∗

(0.002)

0.393∗∗∗

(0.002)

master
0.361∗∗∗

(0.002)

0.543∗∗∗

(0.002)

0.551∗∗∗

(0.001)

0.637∗∗∗

(0.002)

0.626∗∗∗

(0.003)

professional
0.347∗∗∗

(0.004)

0.508∗∗∗

(0.004)

0.561∗∗∗

(0.003)

0.886∗∗∗

(0.004)

1.458∗∗∗

(0.006)

doctoral
0.340∗∗∗

(0.005)

0.511∗∗∗

(0.003)

0.578∗∗∗

(0.003)

0.892∗∗∗

(0.004)

1.153∗∗∗

(0.006)

Panel E. Job-related Characteristics

Continued on next page
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Table B2. Unconditional Quantile Regression Results for Female Workers in the United States,
Using 2018–2022 Pooled Cross-sectional Data (continued)

Wage Quantile (1) (2) (3) (4) (5)

q10 q25 q50 q75 q90

wkhm*cov2020
0.026∗∗∗

(0.007)

0.033∗∗∗

(0.005)

0.044∗∗∗

(0.004)

0.056∗∗∗

(0.006)

0.080∗∗∗

(0.008)

wkhm*cov21&22
0.019∗∗∗

(0.006)

0.025∗∗∗

(0.005)

0.051∗∗∗

(0.003)

0.101∗∗∗

(0.005)

0.172∗∗∗

(0.007)

nonprofit
0.022∗∗∗

(0.002)

0.016∗∗∗

(0.002)

−0.030∗∗∗

(0.001)

−0.113∗∗∗

(0.002)

−0.178∗∗∗

(0.003)

government
0.063∗∗∗

(0.002)

0.103∗∗∗

(0.001)

0.031∗∗∗

(0.001)

−0.127∗∗∗

(0.001)

−0.296∗∗∗

(0.002)

stem
0.073∗∗∗

(0.003)

0.099∗∗∗

(0.003)

0.149∗∗∗

(0.002)

0.308∗∗∗

(0.003)

0.247∗∗∗

(0.004)

stem-related
0.096∗∗∗

(0.003)

0.180∗∗∗

(0.002)

0.277∗∗∗

(0.002)

0.420∗∗∗

(0.002)

0.310∗∗∗

(0.004)

leduc*stem
0.266∗∗∗

(0.007)

0.328∗∗∗

(0.005)

0.180∗∗∗

(0.004)

−0.070∗∗∗

(0.006)

−0.277∗∗∗

(0.009)

leduc*stemr
0.253∗∗∗

(0.004)

0.255∗∗∗

(0.004)

0.092∗∗∗

(0.003)

−0.130∗∗∗

(0.004)

−0.122∗∗∗

(0.006)

fratio
−0.065∗∗∗

(0.003)

−0.180∗∗∗

(0.003)

−0.289∗∗∗

(0.002)

−0.508∗∗∗

(0.003)

−0.678∗∗∗

(0.004)

wkhours
0.004∗∗∗

(0.000)

0.008∗∗∗

(0.000)

0.009∗∗∗

(0.000)

0.012∗∗∗

(0.000)

0.019∗∗∗

(0.000)

wkexp1
0.030∗∗∗

(0.001)

0.048∗∗∗

(0.001)

0.052∗∗∗

(0.000)

0.071∗∗∗

(0.001)

0.073∗∗∗

(0.001)

wkexp2
−0.001∗∗∗

(0.001)

−0.002∗∗∗

(0.001)

−0.002∗∗∗

(0.000)

−0.003∗∗∗

(0.001)

−0.002∗∗∗

(0.001)

constant
9.609∗∗∗

(0.006)

9.620∗∗∗

(0.005)

10.026∗∗∗

(0.004)

10.215∗∗∗

(0.005)

10.390∗∗∗

(0.007)

Note: Standard errors are reported in parentheses. *, **, and *** denote significance at the 5%, 1%, and

0.1% levels, respectively.
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Chapter 2

Gender Income Gap in the Creator Economy: Evidence

from U.S. Top YouTubers

2.1 Introduction

A large empirical literature documents persistent gender differences in earnings across

labor markets. Although the gender wage gap has narrowed over time, women in the United

States still earn roughly 15-20% less than men on average (Blau and Kahn, 2017; Kochhar,

2023). Differences in education and observable human capital characteristics now explain

only a limited portion of this disparity, while occupational segregation, career interruptions

associated with family responsibilities, and the ”child penalty” remain central mechanisms

(Blau and Kahn, 2017; Kleven et al., 2019). High-paying occupations also tend to reward

long and inflexible working hours disproportionately, further widening gender differences

in earnings (Goldin, 2014). Beyond these institutional structures, behavioral responses

and social norms may also contribute to the gap: women are less likely to enter competitive

environments and to engage in self-promotion even when their ability is similar to that of

men (Croson and Gneezy, 2009; Bertrand, 2011; Niederle and Vesterlund, 2007, 2011;

Fortin, 2015; Exley and Kessler, 2022). Despite extensive research, identifying the sources

of the gender wage gap remains challenging because most labor markets combine multiple

mechanisms simultaneously. Workers’ productivity is imperfectly observed, earnings

are mediated by employers, and wages depend on promotion systems, negotiation, and

internal evaluation (Dohmen, 2004; Lazear and Oyer, 2004). Consequently, it is difficult

to separate whether gender differences arise from productivity, labor supply choices,

institutional constraints, or discrimination.

The expansion of digital labor markets now offers new opportunities to study these
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mechanisms. Gig economy platforms reorganize work through algorithmic coordination

and flexible labor supply, thereby reducing some traditional workplace frictions. Evidence

from these settings shows that gender pay gaps persist but operate through different chan-

nels. For example, male Uber drivers earn about 7% more per hour than female drivers,

a gap largely explained by differences in experience accumulation, location choices, and

work patterns rather than direct discrimination (Cook et al., 2020). Similarly, women

on online labor platforms often sort into lower-paying tasks or contracts (Litman et al.,

2020; Teutloff et al., 2025), and even consumer-to-consumer markets exhibit lower prices

for identical products sold by women (Kricheli-Katz and Regev, 2016). These findings

suggest that removing traditional employment relationships does not eliminate gender

inequality, but instead changes its mechanisms. The emergence of the creator economy

represents a further transformation of labor market organization. Digital platforms such

as YouTube, Instagram, TikTok, and Facebook increasingly function as labor infrastruc-

tures that enable income generation, entrepreneurship, and self-employment (Berg et al.,

2018; Cunningham and Craig, 2019; ILO, 2021; OECD, 2023). Among these platforms,

YouTube stands out as one of the largest and most established markets for digital content

creation, reaching over 2.5 billion monthly active users worldwide and approximately

238 million in the United States (Analyzify, 2025). Consistent with its scale, YouTube’s

creative ecosystem contributed over $55 billion to U.S. GDP in 2024 and supported nearly

490,000 full-time equivalent jobs (YouTube, 2025).

Unlike traditional employment, or even gig work, creators are neither hired nor paid

wages by firms. Instead, their earnings depend primarily on audience demand, measured

through publicly observable performance metrics such as views, engagement, and ad-

vertising monetization (YouTube, 2021). Compensation is therefore not determined by

promotion, bargaining, or employer evaluation, and individual output is visible to both

researchers and consumers. In principle, such a market could approximate a meritocratic

system in which income closely reflects performance. However, digital media markets

also exhibit pronounced ”superstar” effects, a winner-take-all dynamic where a small mi-
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nority captures a disproportionate share of attention and revenue (Rosen, 1981; Frank and

Cook, 1996; Krueger, 2005; Koenig, 2023). On YouTube, approximately 3% of channels

account for roughly 85% of all views, while a small elite of top creators receive the vast

majority of revenues and most creators earn little (Bärtl, 2018; Verwiebe et al., 2026). At

the same time, emerging evidence points to systematic inequalities in participation and

visibility: female creators are underrepresented among top creators and often experience

lower engagement despite greater effort and persistence on the platform (Leighton, 2020;

Eilon, 2024; Gioia and Morabito, 2025; Eizmendi-Iraola et al., 2025). Algorithmic recom-

mendation systems may further reinforce these disparities by amplifying already dominant

creators (Ribeiro et al., 2023; Ionescu et al., 2023; Corsi, 2024; Lou et al., 2025), while

audience and advertiser responses may also vary by gender (Wotanis and McMillan, 2014;

Nakandala et al., 2017; Döring and Mohseni, 2020; Cambronero-Saiz et al., 2023). Taken

together, these multiple strands of evidence suggest that although YouTube, as a leading

creator platform, is often portrayed as a meritocratic and decentralized market in which

anyone with talent and effort can succeed, such digital labor platforms may nonetheless

replicate the gender inequalities long observed in traditional labor markets.

Grounded in this context, this paper studies gender differences in income among top

U.S.-based YouTube creators, a labor market in which compensation depends directly on

audience demand and performance metrics are publicly observable. Understanding gen-

der inequality in this setting is important because platform-mediated work is becoming an

increasingly relevant form of labor market organization. If disparities persist even when

output is publicly observable and compensation depends directly on consumer response,

then explanations based solely on firm-level institutions, such as promotion structures,

bargaining, or employer discrimination, are incomplete. The creator economy therefore

provides a useful setting in which to assess which mechanisms underlying the gender wage

gap persist when conventional workplace structures are largely absent. We assemble a

novel dataset combining channel-level earnings estimates from Social Blade with hand-

collected information on creator demographics and platform activity, including content
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niche, upload frequency, channel size, and audience engagement. Our sample consists of

518 high-performing non-celebrity creators identified from top 2,000 U.S.-based YouTu-

bers, for whom YouTube represents a meaningful source of income. We document a

substantial gender income gap: female creators earn 22.8% less than comparable male

creators.

To investigate the sources of this disparity, we apply the Blinder-Oaxaca and Gelbach

decomposition methods that incorporate both traditional demographic characteristics and

platform-specific performance measures. Observable demographic variables explain little

of the gap. Platform features, particularly content niche and audience engagement, account

for part of the gap, but a substantial residual disparity remains even after controlling for

channel size, activity, and monetization proxies. The persistence of this unexplained

gap is informative. Because creators are neither hired, promoted, nor paid wages by

employers, conventional institutional explanations for the gender wage gap are unlikely to

fully account for the remaining difference. Instead, the evidence points to mechanisms

operating on the demand side of the market. Gender differences in content specialization

may reflect social norms or preferences that lead women to concentrate in categories with

different monetization potential, while audiences may differentially select or engage with

creators across gender. Taken together, these findings suggest that digital platforms do not

eliminate gender inequality, but rather shift its sources toward market-mediated attention

and consumer response.

This paper contributes to three strands of literature. First, it contributes to research

on the gender wage gap by examining a labor market in which performance is publicly

observable and income depends directly on consumer demand. Second, it contributes

to the literature on digital and platform labor by studying a setting that differs from gig

work, where labor supply decisions and experience accumulation remain central. Third,

it contributes to the emerging literature on the creator economy by providing systematic

quantitative evidence on income inequality among high-earning content creators.

The remainder of the paper proceeds as follows. Section 2.2 reviews the related
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literature on gender inequality in both traditional labor markets and emerging digital la-

bor markets. Section 2.3 explains YouTube’s monetization mechanisms. Section 2.4

examines gender segregation across content niches and its implications for income dispar-

ities. Section 2.5 describes the dataset constructed for the analysis. Section 2.6 outlines

the empirical methodology, including the regression model and the Blinder-Oaxaca de-

composition. Section 2.7 presents the main results and robustness checks. Section 2.8

concludes by summarizing the key findings and discussing the study’s limitations as well

as directions for future research.

2.2 Literature review

In this section, we review the recent literature on gender income disparities in both tra-

ditional and emerging digital labor markets. We begin with conventional labor markets,

where decades of empirical research have documented the persistence and underlying

determinants of the gender wage gap. We then turn to behavioral and normative ex-

planations, which help explain how individual choices and social norms interact with

institutional structures to shape earnings. Subsequently, we examine evidence from digi-

tal platform-based labor markets, where algorithmic coordination and flexible labor supply

reshape, but do not eliminate, existing inequalities. Finally, we review the emerging lit-

erature on the creator economy, where gender disparities re-emerge through distinctive

market segmentation, visibility dynamics, and monetization structures. Taken together,

this structured literature review provides the conceptual framework for our analysis of

the gender income gap among YouTubers and situates it within the broader evolution of

gender inequality in modern labor markets.

A vast body of research documents the persistence of the gender wage gap in tradi-

tional labor markets. In the United States, women’s earnings have remained approximately

15-20% below those of men for nearly two decades, with women earning about 82 cents

for every dollar earned by men in 2022 (Blau and Kahn, 2017; Kochhar, 2023). Despite
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substantial gains in women’s educational attainment, progress in narrowing the gap has

largely stalled (Blau and Kahn, 2017). Human capital factors, such as differences in ed-

ucation and work experience, now explain only a small share of the disparity, as women

have caught up with or surpassed men along these dimensions (Lips, 2012). Instead,

occupational and industrial segregation continue to play a central role, explaining roughly

one-third to one-half of the gap (Blau and Kahn, 2017, 2020). Women’s more frequent ca-

reer interruptions and shorter working hours, often associated with family responsibilities,

further constrain earnings growth. These patterns are reinforced by the ”child penalty”

documented by Kleven et al. (2019), whereby childbirth leads to persistent income losses

for women but not for men. Goldin (2014) further showed that high-paying occupations

disproportionately reward long and inflexible hours. When firms restructure jobs to allow

greater temporal flexibility, gender pay gaps narrow substantially.

Beyond these structural mechanisms, a complementary strand of literature emphasizes

behavioral and normative mechanisms that interact with institutional constraints. Bertrand

(2011) reviewed evidence showing that women, on average, tend to exhibit greater risk

aversion, lower willingness to compete, and less aggressive negotiation behavior, with

these differences shaped largely by socialization rather than innate traits. Such behavioral

patterns can be particularly costly in tournament-like environments, where rewards depend

strongly on relative performance. Sent and van Staveren (2018) argued that these gendered

preferences are context-dependent and mediated by stereotypes as well as institutional

design. Evidence from both laboratory and field experiments supports this view: Croson

and Gneezy (2009) documented stronger social preferences and greater risk aversion

among women, while Niederle and Vesterlund (2007, 2011) show that, even at similar

levels of ability, men are more likely than women to enter competitive compensation

schemes. At the cultural level, Fortin (2015) links traditional gender-role attitudes to lower

female labor-force attachment and slower occupational advancement. Exley and Kessler

(2022) further showed that women engage in less self-promotion even when incentives are

identical, leading to lower performance evaluations and slower wage growth.
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Since digital labor markets emerged, scholars have examined whether such flexible,

algorithmically managed, and decentralized work settings with fewer traditional work-

place frictions, mitigate or reproduce gender inequality. Evidence from the gig economy

suggests that gender pay gaps persist, although the underlying mechanisms differ from

those in traditional labor markets. Kricheli-Katz and Regev (2016) discovered that, even

on consumer-to-consumer platforms such as eBay, products sold by women receive about

20% lower prices than identical products sold by men. Cook et al. (2020) found that male

Uber drivers earn about 7% more per hour than female drivers, with the gap explained

by differences in experience, driving speed, and location preferences rather than direct

discrimination. On Amazon Mechanical Turk, women earn roughly 10% less per hour,

largely because they sort into simpler, less competitive, and lower-paying tasks and con-

tracts (Litman et al., 2020). Similarly, Teutloff et al. (2025) reported an 8-12% gender

income gap in online freelancing markets even after controlling for skill and bidding be-

havior. Taken together, these estimates, ranging from 7% to 20%, indicate that gender

differences in economic returns persist even in decentralized, digital-based markets that

appear to reward performance fairly.

Emerging evidence from the creator economy extends these findings. Gioia and Mora-

bito (2025) analyzed more than 18,000 YouTube channels and found that female creators

are disproportionately concentrated in lifestyle and beauty content, categories typically

associated with smaller audiences and lower advertising rates, whereas male creators are

more prevalent in gaming and technology, where monetization opportunities are sub-

stantially greater. Industry evidence likewise points to sizable disparities in sponsorship

income: male creators earn about 30% more per paid post, even though women account for

the majority of brand collaborations (IZEA, 2021; Collabstr, 2025). Platform algorithms

further exacerbate these inequalities by promoting content with higher engagement, which

tends to favor male-dominated genres (Ribeiro et al., 2023; Ionescu et al., 2023; Corsi,

2024; Lou et al., 2025). Audience and advertiser biases compound these effects: Viewers

are more likely to evaluate female creators on the basis of appearance and to express
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hostility in comment interactions, while advertisers may undervalue women’s content or

confine them to lower-paying niches (Wotanis and McMillan, 2014; Nakandala et al.,

2017; Döring and Mohseni, 2020; Cambronero-Saiz et al., 2023). Taken together, this

evidence points to a multifaceted structure of gender inequality shaped by algorithmic

visibility, social norms or preferences, and demand-side responses.

Taken together, the evidence from traditional, digital, and creator labor markets points

to a consistent pattern: technological advancement has not eliminated gender disparities,

but has instead transformed the mechanisms through which they arise. The 22.8% gender

income gap we estimate among the top U.S. YouTubers lies near the upper end of the range

documented in both traditional and digital labor markets. This suggests that the creator

economy is not simply a neutral, merit-based arena, but rather a new setting in which

long-standing inequalities re-emerge through distinct market, behavioral, and algorithmic

pathways.

2.3 YouTube monetization mechanics

Before turning to the empirical analysis, we first explain YouTube’s monetization mecha-

nisms to clarify the revenue structure of this creator platform.

2.3.1 YouTube partner program

YouTube’s monetization framework operates primarily through the YouTube Partner Pro-

gram (YPP), which governs how creators access and earn income from the platform.

Established in 2007, the YPP provides a standardized mechanism through which creators

can monetize their content once they meet specific eligibility criteria. To be qualified,

creators must have at least 1,000 subscribers and achieve either 4,000 valid public watch

hours in the past 12 months or 10 million valid shorts views in the past 90 days (see

Figure 2.1). These thresholds ensure that monetization privileges are reserved for active

and established creators who generate sustained audience engagement.
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Figure 2.1. YouTube Partner Program (YPP) eligibility requirements (Source: YouTube
Help (n.d.))

2.3.2 Ads-based monetization structure

Creators who qualify for the YouTube Partner Program (YPP) can monetize their content

through a combination of platform-based and external revenue streams, as illustrated

in Figure 2.2. On-platform monetization channels include advertising revenue, channel

memberships, Super Chat and Super Stickers, YouTube Premium revenue sharing, and the

merchandise shelf. Off-platform income sources include brand partnerships, sponsorships,

affiliate marketing, and direct fan funding mechanisms such as Patreon. Although these

alternative revenue streams can be highly lucrative for some creators, their magnitude

varies substantially across content niches, audience engagement levels, and individual

branding strategies, making them difficult to observe and quantify systematically.

Under YouTube’s standard ads-based revenue-sharing model, creators receive 55%

of the net advertising revenue generated by their videos, while the remaining 45% is

retained by the platform to cover operational and distribution costs (YouTube Help, n.d.).

This revenue-sharing arrangement creates a rule-based, platform-wide mechanism that

transforms audience attention into measurable economic value, thereby effectively making

advertising as the foundational income source for creators.

Advertising revenue therefore constitutes the dominant and most standardized stream

of income, applicable to nearly all creators regardless of channel size or content niche.
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Figure 2.2. YouTube’s monetization structure: ad-based and alternative revenue channels

According to (YouTube, 2021), advertising has long been at the core of creators’ revenue

streams and remains the primary way creators earn money on the platform. Within the

YPP framework, advertisers pay to place ads before, during, or after videos, and creators

receive a proportional share of the resulting revenue based on monetized views. This

advertising-based model formalizes the conversion of user attention into monetary value,

making ad revenue both the baseline measure in empirical studies of creator income and

a consistent indicator of creators’ financial performance (Lobato, 2016; Cunningham and

Craig, 2019; Rieder et al., 2023).

2.3.3 CPM and income estimation

The key determinant of creators’ advertising income is the Cost Per Mille (CPM), defined

as the advertiser’s payment per 1,000 ad impressions. Mathematically, ad-based revenue

can be approximated by:
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Ad Income =
Views
1000

× CPM × Revenue Share (55%) (2.1)

However, CPM rates are confidential between YouTube, Advertisers, and Creators,

which vary substantially across content categories, audience demographics, geographic

regions, and seasons. These variations complicate direct comparisons of creator income

across channel categories. In this case, third-party analytics platforms such as Social

Blade (the most widely used and representative one) provide estimated income ranges by

applying a constant CPM range (commonly between USD 0.25 and 4.00)1 to a channel’s

total annual views. Thus, the estimated income reported by Social Blade (SB) can be

expressed as:

SB Estimated Income =
Views
1000

×Constant CPM Range (0.25–4.00)×Revenue Share (55%)

(2.2)

Although Social Blade offers a convenient benchmark, its accuracy in reflecting actual

YouTuber income remains uncertain. To address this concern and to evaluate the credibility

of using Social Blade estimates for empirical research, we constructed a validation sample

of approximately 50 YouTube creators who had publicly disclosed their actual income in

their own videos. These self-reported data were then compared against the lower bound,

upper bound, and median estimates given by Social Blade for the same YouTubers over

the same time period. Using these four variables, we calculated Spearman rank-order

correlation coefficients to assess the monotonic relationship between actual income and

Social Blade’s estimated income.

As shown in Figure 2.3, the correlations between actual income and the three Social
1Social Blade applies a fixed CPM range primarily for comparability across channels. This range reflects

long-term platform-wide averages derived from YouTube’s public advertising data, encompassing both
low-CPM and high-CPM markets. The lower bound (USD 0.25) approximates minimal monetization rates
observed in low-demand regions or non-premium inventory, while the upper bound (USD 4.00) reflects
typical CPMs for general U.S.-based content excluding premium niches such as finance or technology. This
generalized approach allows consistent cross-channel estimation in the absence of direct access to actual
advertiser bidding data.
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Figure 2.3. Spearman correlation matrix: Real vs Social Blade estimated income

Blade estimates range from 0.60 to 0.63, indicating a moderate to strong monotonic

relationship. Although Social Blade’s estimates do not recover precise income magnitudes,

they reliably preserve the ordinal ranking of creators’ earnings. Moreover, the nearly

perfect internal correlations (𝜌approximately 0.99–1.00) among the lower, median, and

upper estimates confirm that these measures are effectively scaled variants of the same

underlying view-based metric. The median estimate therefore serves as a statistically

defensible and representative proxy for YouTuber income in comparative analyses of

income inequality. This validation supports the use of Social Blade’s median income

estimate as a robust measure of creators’ relative earnings in our study, enabling consistent

comparisons across the top U.S.-based YouTubers by subscriber count.
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2.4 Gender segregation and discrimination across con-

tent niches

Similar to patterns of occupational segregation in traditional labor markets, male and

female YouTubers tend to cluster in different content categories that vary systematically

in advertising value. To quantify the degree of this channel segregation, we compute a

gender-based segregation index across a total of 18 YouTube channel categories, capturing

how unevenly male and female creators are distributed across high- and low-CPM niches2:

𝐷 =
1
2

𝑁∑︁
𝑠=1

���� 𝑓𝑠𝐹 − 𝑚𝑠

𝑀

���� (2.3)

where 𝑠 indexes the YouTube channel category. 𝑓𝑠 denotes the number of female

creators in channel category 𝑠, and 𝑚𝑠 is the number of male creators in channel category

𝑠. 𝐹 is the total population of female creators in the sample, while 𝑀 is the total

number of male creators in the sample. Traditionally used to evaluate occupational

segregation, the Duncan index is conceptually well-suited to the YouTube context, where

each channel category represents a distinct content niche with a different economic value.

Applying this measure enables us to summarize how unevenly male and female creators

are distributed across higher- and lower-CPM content categories, providing a single,

interpretable indicator of structural sorting.

The computed segregation index of 36.92% indicates a moderate to high degree of

gender-based separation across YouTube content categories, implying that approximately

37% of creators would need to switch categories to achieve a gender-neutral distribution.

This magnitude is comparable to the level of occupational segregation observed in tradi-

tional U.S. labor markets, which typically ranges from 40% to 50% (Blau and Kahn, 2017).

Thus, despite the decentralized and self-directed nature of content creation, YouTube ex-
2The segregation index is calculated using the same dataset employed in the subsequent empirical

analyses, namely the top U.S.-based individual YouTubers ranked by subscriber count. Detailed data
construction procedures and sample characteristics are described in Section 5.
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hibits patterns of gendered specialization similar to those found in conventional labor

markets. This pattern reveals that male and female YouTubers are not randomly dispersed

but tend to cluster in distinct niches, many of which are associated with varying CPM

levels and monetization potential.

Notably, our income data drawn from Social Blade, apply a uniform CPM range across

all content categories, which may overlook variation in advertising value across niches. As

a result, the category-specific monetization differences implied by the segregation analysis

are not directly reflected in these income estimates. In this case, we compile average

CPM values3 from other nine additional independent third-party analytics platforms to

approximate the relative monetization potential of each content niche. Incorporating

these category-level CPM differentials allows for a more accurate characterization and

interpretation of gendered income variation on the platform.

Figure 2.4 illustrates the relationship between female representation and monetization

potential across 18 content niches. A clear inverse relationship4 emerges: categories with

higher female representation, such as Entertainment, Music, and Kids & Family, tend to

be associated with lower average CPM values, whereas high-CPM niches such as Finance,

Technology, and Education exhibit markedly lower female shares. This pattern suggests

that gender-based segregation across content niches systematically places female creators

in categories with lower monetization potential, thereby reinforcing structural income

disparities on the platform.

2.5 Data

We focus on the top 2,000 U.S.-based YouTube creators in this study for three main reasons.

First, this group of creators are more likely to rely on YouTube as a primary source of
3These CPM values are calculated as the mean across nine independent third-party analytics platforms

listed in Appendix 2.8 (Table B2). These averages reflect estimated monetization potential by niche.
4This inverse relationship reflects the well-documented phenomenon of female devaluation, whereby

the economic value of work tends to decline as the proportion of women in an occupation rises (England,
1992; Levanon et al., 2009). In the literature, this pattern is commonly viewed as a proxy for gender-based
discrimination, capturing the systematic undervaluation of female-dominated labor.
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Figure 2.4. Female share (%) and average CPM ($) by YouTube channel category

income, and their engagement and monetization data are generally more reliable at scale.

Second, similar to traditional labor markets, disparities in pay and opportunity in digital

labor markets are likewise often most pronounced at the top of the distribution, where

earnings increase disproportionately with rank. Third, for highly ranked YouTubers,

demographic information such as gender, age, marital status, and education is more

accessible and credible because of their public visibility and the availability of multiple

information sources such as personal websites, interviews, and media coverage. This

section describes how the dataset was constructed step by step.

2.5.1 Data source

The dataset of this study was developed using multiple complementary sources, integrating

platform-level metrics, creator-level demographics, and video-level performance data.

Table 2.1 provides an overview of the primary data sources, collection methods, and

types of information obtained. The primary dataset originates from Social Blade, the

most widely used analytics platform for online creators. Through a paid subscription,

we obtained a complete list of the top 2,000 U.S.-based YouTube channels ranked by

subscriber count as of November 2024, which together represent the majority of viewership

and revenue concentration on the platform.
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While Social Blade provides standardized quantitative indicators, it lacks detailed

creator-level demographic information and video-level content statistics. Therefore, we

developed automated Python scripts and a custom-built Chrome extension to extensively

scrape relevant statistics directly from YouTube. This was complemented by a holistic

manual verification process using multiple public and social media sources to collect

personal information such as gender, age, education, and family status.

Table 2.1. Overview of Data Collection

Data Level Data Source & Collection Information Obtained

Channel list SocialBlade — Paid subscription List of the top 2,000 U.S.-based YouTube
channels ranked by subscriber count.

Channel-level SocialBlade — Automated Python-
based web scraping with API

Channel statistics: total subscribers, to-
tal views, uploads, account creation date,
channel type, and estimated annual in-
come.

Video-level YouTube — Google Chrome exten-
sion (JavaScript + HTML)

Video performance metrics: upload date,
video length, view count, likes, com-
ments, and content format (long-form
videos vs. shorts).

Public Databases — Manual search
and verification

Creator demographic characteristics: gen-
der, age, education, occupation, national-
ity, and celebrity status.

Creator-level Social Media — Manual search and
verification

Supplementary personal details: marital
status, number of children, and life events,
such as weddings, graduations, and birth-
days.

Interviews — Manual review Verification of uncertain demographic
attributes and professional background.

Note: Public databases include Google, Wikipedia, Famous Birthdays, The Famous People, YouTube
Fandom, and LinkedIn. Social media sources include Instagram, X (Twitter), and Facebook. Interviews
and media coverage include publicly available videos, Q&A sessions, and interviews posted by YouTubers
or online media outlets. Only information consistent across multiple sources was considered reliable and
retained in the dataset.

The entire data collection process spanned approximately seven months, from Novem-

ber 2024 to May 2025, involving multiple automated and manual stages of verification. A

detailed summary of the process, including the timeline and key stages of data acquisition,

is provided in Appendix 2.8 (Figure A1). This multi-source approach ensures that our

dataset captures both platform-level performance metrics and contextual creator charac-

teristics, thereby providing a robust empirical foundation for analyzing gender income
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disparities in the YouTube creator economy.

2.5.2 Sample construction

Based on the list of the top 2,000 U.S.-based YouTube channels obtained from Social

Blade, we manually screened all channels to identify those eligible for our analysis. This

step ensured that the dataset focused exclusively on individual creators, defined as channels

whose content and brand identity are clearly tied to a single identifiable person who regu-

larly appears in videos, including celebrity channels when the channel is centered on the

creator’s personal identity. All channels were classified into five operational types based on

ownership, management, and on-screen identity: (1) Individual-operated, (2) Company-

operated, (3) Group-operated, (4) Family-operated, and (5) Unknown. Company-operated

channels refer to organization- or media-owned channels without a fixed individual host;

group-operated channels involve two or more recurring individuals; family-operated chan-

nels are family-branded or family-centered; and unknown channels lack identifiable re-

curring hosts. Figure 2.5 summarizes the sample classification and refinement process.

Nearly half of the top channels (48.85%) were operated by individuals, while 32.25% were

company-affiliated, 8.90% were group-managed, 5.50% were family channels, and 4.50%

could not be clearly identified.

From the 977 individual-operated channels, we conducted a four-stage demographic

data collection and verification process (see Figure A2 in Appendix 2.8). Demographic

information was collected from public databases, social media platforms, and publicly

available interviews or Q&A videos, and was cross-checked across sources to improve

consistency and fill missing values.

After excluding channels with unverifiable gender or other key demographic informa-

tion, we obtained 730 individual YouTubers with verified profiles, representing 74.72%

of the 977 individual-operated channels (Figure 2.5). Of these, 528 were male (72.20%)

and 202 were female (27.80%), indicating a clear underrepresentation of female creators

among top-ranked YouTubers by subscriber count. We then further excluded 185 celebrity
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Figure 2.5. Sample selection for final dataset

YouTubers5, 18 channels with zero estimated income, and 13 income outliers. The final

sample consists of 518 individual creators: 374 men and 144 women.

2.5.3 Descriptive statistics

Following the above data collection and sample selection procedures, we constructed a

comprehensive dataset and organized the variables into five categories, as detailed in

Table 2.2. These categories include: (1) Demographics characteristics, (2) Channel basic

characteristics, (3) Annual income & yearly content production, (4) Content frequency,

and (5) Audience engagement. Each variable is clearly labeled with its corresponding unit

to ensure clarity and consistency.

To further examine gender differences in the dataset, Table 2.3 presents descriptive

statistics for the key variables by gender. The table reports the overall sample mean, the

means for male and female creators separately, and the mean difference between the two

groups (male minus female), with the corresponding statistical significance indicated. As

seen, female YouTubers tend to be significantly younger than their male counterparts,
5Celebrity YouTubers are creators whose fame largely predated their YouTube activity, such as actors,

musicians, athletes, or public figures, and whose channels are typically professionally managed.
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suggesting that younger women are more likely to attain top-ranked visibility on the

platform. Both male and female creators are predominantly White, although this pattern is

more pronounced among men. Marital status does not differ significantly by gender, with

the majority of both men and women being unmarried. Nevertheless, male YouTubers

report a significantly higher average number of children than female YouTubers. This

pattern suggests that, even in this emerging occupation, women may still face constraints

associated with greater childcare responsibilities, which could limit the time and flexibility

available for content production and audience engagement.

In terms of educational attainment, more than half of both male and female YouTubers

do not hold a college degree, underscoring the limited relevance of formal education for

success in this profession. Dropout rates are markedly higher among male YouTubers,

consistent with anecdotal evidence that many high-earning creators leave school early to

pursue full-time content production. Overall, while female YouTubers in this elite group

tend to have slightly stronger educational backgrounds, YouTube as an occupation imposes

no formal credential requirements: Success is instead driven more by creativity, audience

engagement, and platform-specific skills rather than by academic qualifications.

Turning to basic channel characteristics, clear gender differences emerge across several

dimensions. Female YouTubers tend to operate younger channels on average and to have

fewer total uploads than male YouTubers, indicating shorter platform experience and

possibly lower content production intensity. In terms of content specialization, women are

more concentrated in lifestyle-oriented categories such as Beauty & Fashion, People &

Blogs, and Kids & Family6, which typically have lower CPM rates, whereas men are more

concentrated in Gaming, Technology, and Education, categories generally associated with

higher CPMs and audience engagement.

In addition, gender differences extend to production intensity, audience engagement,

and monetization outcomes. Overall, male YouTubers earn higher annual income (al-
6This category, also referred to as minors’ channels, includes those in which the primary on-screen

figure is a child, typically managed by parents or guardians. Such channels often feature toy reviews, family
activities, or educational entertainment content.
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Table 2.2. Data description of constructed variables

Variable Description

Demographic Characteristics
gender Gender of the YouTuber (Male, Female).
age Age of the YouTuber, measured in years.
race Racial identity (White, Black, Asian, Latino, Other).
marital_status Marital status (Unmarried, Married, Divorced/Widowed).
nchild Number of children, measured in single-digit units.
edu Highest education level (low_educ, bachelor, master, Ph.D.).
dropout Indicator for whether the YouTuber dropped out of school.

Channel Basic Characteristics
chan_age Years since the YouTube channel was created, measured in years.
total_subs Total number of channel subscribers, measured in millions.
language Indicator for whether the primary channel language is English.
face Indicator for whether the YouTuber appears on screen.
chan_type Channel category.

Annual Income & Yearly Content Production
yincome Estimated yearly income (median of SocialBlade’s range), measured in U.S. dol-

lars (typically single digits).
numb_yuploads Total number of uploads in the last 365 days, measured in single-digit units.
length_yuploads Total duration of all uploads in the last 365 days, measured in seconds.

Content Frequency
50_avg_days Average number of days between uploads (based on 50 most recent videos),

measured in days.
non_active Indicator for whether the channel had zero uploads in the last 365 days.

Audience Engagement
avg_likes Average number of likes per video (based on 50 most recent videos), measured in

single-digit units.
avg_comments Average number of comments per video (based on 50 most recent videos), mea-

sured in single-digit units.

Note: low_educ refers to education below a bachelor’s degree. The chan_type variable follows
SocialBlade’s classification; misclassified channels were manually reviewed, and broad categories
were further refined where necessary. Uploads include both long-form videos and shorts. Full
variable definitions are reported in Appendix B, Table B1. Variable units are provided in the de-
scriptions.

though not statistically significant) and produce both a larger number of videos and longer

videos on average. Female YouTubers, by contrast, tend to upload slightly more frequently

(although insignificantly), suggesting a strategy centered on more regular but shorter con-

tent production. At the same time, male YouTubers achieve significantly higher audience

engagement, as reflected in their higher avg_likes, indicating that male-dominated content,

particularly in Gaming and Technology, may generate stronger audience interaction per

view.

Taken together, these results reveal notable gender differences across several key
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Table 2.3. Descriptive statistics by gender

Variables Mean
(N=518)

Male
(N=374)

Female
(N=144) Difference

Demographic Characteristics
Age 30.685 31.808 27.771 4.037∗∗∗
Race: white 0.666 0.695 0.590 0.105∗
Race: black 0.056 0.070 0.021 0.049∗
Race: asian 0.112 0.094 0.160 –0.066∗
Race: latino 0.073 0.059 0.111 –0.052∗
Race: other 0.004 0.003 0.007 –0.004
Race: more_than_one 0.089 0.080 0.111 –0.031
Marriage status: unmarried 0.641 0.642 0.639 0.003
Marriage status: married 0.332 0.334 0.326 0.008
Marriage status: divorced 0.027 0.024 0.035 –0.011
Number of children 0.498 0.556 0.347 0.209∗
Educational level: low-edu 0.523 0.529 0.507 0.023
Educational level: bachelor 0.392 0.380 0.424 –0.044
Educational level: master 0.041 0.040 0.042 –0.002
Educational level: PhD 0.044 0.051 0.028 0.023
Drop-out-of school 0.220 0.249 0.146 0.103∗

Channel Basic Characteristics
Channel age 10.178 10.495 9.354 1.141∗∗
Total subscribtion 10.944 11.044 10.686 0.358
Channel category: Entertainment 0.378 0.412 0.292 0.120∗∗
Channel category: Education 0.060 0.072 0.028 0.044∗
Channel category: Animation_Film 0.021 0.021 0.021 0.001
Channel category: Beauty_Fashion 0.027 0.011 0.069 –0.059∗∗∗
Channel category: Cars 0.008 0.011 0.000 0.011
Channel category: DIY_Arts 0.019 0.013 0.035 –0.021
Channel category: Finance 0.006 0.005 0.007 –0.002
Channel category: Food 0.058 0.054 0.069 –0.016
Channel category: Gaming 0.160 0.187 0.090 0.097∗∗∗
Channel category: Interviews 0.010 0.013 0.010 0.004
Channel category: Music 0.029 0.027 0.035 –0.008
Channel category: News_Commentary 0.010 0.013 0.000 0.013
Channel category: People_Blog 0.058 0.019 0.160 –0.141∗∗∗
Channel category: Pets_Animals 0.019 0.024 0.007 0.017
Channel category: Sports_Fitness 0.039 0.048 0.014 0.034
Channel category: Tech 0.027 0.032 0.014 0.018
Channel category: Travel_Outdoor 0.012 0.013 0.007 0.006
Channel category: Kids_Family 0.060 0.024 0.153 –0.129∗∗∗

Annual Income & Yearly Production
Annual income 1,484,382 1,517,894 1,397,344 120,550
Number of videos per year 69.494 78.949 44.938 34.012
Length of videos per year 108,145 126,620 60,163 66,457∗

Content Frequency Variables
Average upload frequency (days) 8.667 9.001 7.805 1.195
non_active 0.056 0.056 0.056 0.001

Audience Engagement Variables
avg_comments 163.447 160.947 166.663 18.161
avg_likes 81.737 94.253 49.229 45.024∗∗

Note: * 𝑝 < 0.05; ** 𝑝 < 0.01; *** 𝑝 < 0.001 (two-tailed tests). “Difference” is Male minus Female.
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dimensions of YouTubers’ profiles. While demographic and educational characteristics

are broadly comparable, male YouTubers tend to operate larger and more established

channels, often in higher-CPM categories such as Gaming and Technology. Female

YouTubers are more concentrated in lifestyle-oriented content such as Beauty & Fashion

and Kids & Family, and generally produce shorter but more frequent uploads. Overall,

gender disparities in the sample are more evident in channel scale, content specialization,

and engagement metrics than in background characteristics.

2.6 Empirical strategy

2.6.1 Model specification

The empirical analysis aims to quantify the gender income gap among the top individual

YouTubers in the United States, ranked by subscriber count. We estimate a series of

regression models in which the dependent variable is the estimated annual income of

YouTubers, obtained from Social Blade. The key explanatory variable of interest is a

binary indicator, Female, equal to one if the primary operator or main on-screen figure

of the channel is female, and zero otherwise. The baseline specification is formulated as

follows:

ln(𝑌𝑖) = 𝛼 + 𝛽 Female𝑖 + 𝑋′
𝑖 𝛾 + 𝜀𝑖 (2.4)

where log(𝑌𝑖) denotes the natural logarithm of the estimated annual income for YouTu-

ber 𝑖. 𝑋𝑖 represents a vector of control variables capturing five major categories of ob-

servable characteristics detailed in Section 5. The coefficient 𝛽 measures the average

percentage difference in income between female and male YouTubers, conditional on

observable characteristics.
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2.6.2 Frameworks for interpreting the gender gap

Sequential inclusion: To identify which types of characteristics contribute most to the

observed gender income gap, we adopt a sequential inclusion framework. The general

model can be expressed as:

ln(𝑌𝑖) = 𝛼 + 𝛽𝑘 Female𝑖 + 𝑋
(𝑘)
𝑖

𝛾𝑘 + 𝜀𝑖 (2.5)

where 𝑋
(𝑘)
𝑖

denotes the cumulative set of control variables included up to stage 𝑘 ,

and 𝜀𝑖 is an idiosyncratic error term. The coefficient 𝛽𝑘 captures the conditional gender

income gap after controlling for all variables up to block 𝑘 . The difference 𝛽𝑘−1 − 𝛽𝑘

thus represents the proportion of the baseline gap explained by the newly added covariate

group. Specifically, variables are introduced in the following order:

M0 (Baseline): gender only
⇓ + G1 Demographic Characteristics (age, race, marital status, number of children, education

level, dropout of school)

M1: gender + G1
⇓ + G2 Channel Basic Characteristics (channel age, total subscribers, language (English), on-

screen presence)

M2: gender + G1 + G2
⇓ + G3 Content Category (18 content-type dummies)

M3: gender + G1 + G2 + G3
⇓ + G4 Yearly Production (annual uploads, annual video length)

M4: gender + G1 + G2 + G3 + G4
⇓ + G5 Content Frequency (average upload interval, inactivity indicator)

M5: gender + G1 + G2 + G3 + G4 + G5
⇓ + G6 Audience Engagement (average likes, average comments)

M6: gender + G1 + G2 + G3 + G4 + G5 + G6

The empirical framework begins with a baseline specification that includes only the

gender indicator (Female) and then gradually adds six additional groups of explanatory

variables one by one to how the estimated coefficient on Female (𝛽Female) changes as ad-
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ditional information is incorporated. This approach allows us to account for progressively

richer sources of heterogeneity and provides insight into which dimensions explain the

largest share of the income differential between male and female YouTubers.

Gelbach decomposition: The stepwise design of the sequential inclusion framework

allows us to trace how different dimensions of observable characteristics contribute to

narrowing or widening the estimated gender income gap. However, the approach remains

path-dependent, as the contribution attributed to each group may vary with the order

in which variables are introduced. To address the path dependence of the sequential

inclusion, we implement the Gelbach decomposition (Gelbach, 2016), which provides an

exact and order-invariant decomposition of how each covariate group contributes to the

change in the estimated gender coefficient between the baseline and full models:

𝛽1 − 𝛽0 =

𝐺∑︁
𝑔=1

𝛿𝑔 (2.6)

Each 𝛿𝑔 represents the marginal contribution of group 𝑔, computed as the product of

the gender-covariate association and the group’s partial effect on income, conditional on

the full model. Positive values indicate factors that widen the gap when controlled for,

whereas negative values indicate groups that help explain it.

Blinder–Oaxaca decomposition: While the Gelbach method attributes changes in

the gender coefficient to covariate groups, it does not distinguish whether disparities

stem from different endowments or different returns to those endowments. To capture

this distinction, we employ the Blinder–Oaxaca decomposition (Blinder, 1973; Oaxaca,

1973), which decomposes the total gender income gap into an explained component

(differences in observable characteristics) and an unexplained component (differences

in returns to those characteristics). The former reflects compositional effects, while

the latter captures structural or unobserved mechanisms such as discriminatory audience

preferences, unequal sponsorship opportunities, or algorithmic visibility biases. Formally,

the decomposition can be expressed as:
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𝑌𝑚 − 𝑌 𝑓 = (𝑋𝑚 − 𝑋 𝑓 )𝛽 𝑓 + 𝑋 𝑓 (𝛽𝑚 − 𝛽 𝑓 ) (2.7)

where 𝑌𝑚 and 𝑌 𝑓 denote the mean (log) incomes of male and female YouTubers,

respectively; 𝑋𝑚 and 𝑋 𝑓 are the mean vectors of characteristics; and 𝛽𝑚 and 𝛽 𝑓 are the

estimated return coefficients from gender-specific regressions. The first term represents

the explained component, capturing the part of the gap attributable to differences in

characteristics, while the second term represents the unexplained component, associated

with differences in returns.

Together, these three frameworks provide complementary perspectives: the sequen-

tial inclusion analysis illustrates how the gender gap evolves as controls are progres-

sively introduced; the Gelbach decomposition offers an order-invariant assessment of the

marginal contribution of each covariate group; and the Blinder–Oaxaca decomposition dis-

tinguishes between differences in characteristics and differences in returns. Collectively,

these complementary approaches provide a comprehensive and robust understanding of

the mechanisms underlying the gender income gap among YouTubers.

2.7 Empirical Results

2.7.1 Persistent gender income gap

Table 2.4 reports the ordinary least squares (OLS) estimates of the YouTuber income

equation, separately for male, female, and pooled samples under the full specification that

controls for all observable characteristics. The OLS result of the pooled sample indicates

that the coefficient on Female remains negative even after full specification (𝛽 = −0.23,

𝑝 < 0.10), suggesting that female YouTubers earn roughly 23% less than their male

counterparts. Among demographic variables, age is the only factor that is significantly

associated with income (𝛽 = −0.017, 𝑝 < 0.10), whereas variables capturing channel

characteristics and video uploads are more strongly related to income.
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Newer (younger) channels exhibit higher income levels, total subscribers displays a

large elasticity (about 0.89), and producing in English is positively related to income

(0.323, 𝑝 < 0.10), consistent with greater market reach. Production intensity correlates

positively with earnings: more uploads and larger annual content volumes are associated

with higher income. By contrast, longer average upload interval (in days) are negatively

associated with earnings (−0.056, 𝑝 < 0.01), and inactivity is penalized. Engagement

measures are also informative: average likes are strongly, positively associated with income

(0.268, 𝑝 < 0.01), while average comments are weakly negative, suggesting that not all

interactions translate into monetizable attention.

Columns (1)–(2) reveal asymmetric returns to the same characteristics across gender.

The age premium is more negative for women than men (−0.048 vs. −0.010), and ”face

showing” is associated with a significant penalty for only female YouTubers (−0.828, 𝑝 <

0.10) but not for males. Larger subscriber bases are associated with higher income for both

groups (0.92 for men, 0.83 for women), but the advantage of producing content in English

appears to be concentrated among men, as the coefficient is positive and significant only in

the male and pooled samples. Returns to content categories also differ by gender: relative

to the reference category People & Blog, where women are most represented, female

YouTubers earn higher returns in Education, Finance, Technology, and Travel & Outdoor,

with the coefficients positive and often statistically significant. These niches typically

feature higher average CPMs, yet women remain markedly underrepresented in these

profitable domains (see Figure 2.4). In contrast, men perform relatively worse in Beauty

& Fashion and Gaming compared with the People & Blog baseline. Posting frequency has

similar effects across gender, with shorter intervals between uploads associated with higher

income in both groups. Average likes are strongly predictive of earnings for both men and

women. Taken together, these results indicate not only a persistent gender income gap,

but also systematic differences in the returns to visibility, language, and niche positioning,

highlighting that men and women do not benefit equally from comparable observable

characteristics.
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Table 2.4. OLS regression results by gender

Variables Male Female Combined
(N=374) (N=144) (N=518)

Demographic Characteris-
tics
Female –0.228∗ (0.132)
Age –0.010 (0.002) –0.048∗∗ (0.024) –0.017∗ (0.010)
Race:Black –0.088 (0.241) 0.261 (0.843) –0.067 (0.228)
Race:Asian 0.239 (0.193) 0.270 (0.377) 0.216 (0.172)
Race:Latino 0.142 (0.230) –0.862∗∗ (0.383) –0.209 (0.203)
Race:Other 0.021 (0.200) 0.275 (0.369) 0.089 (0.171)
Marriage status:Married 0.028 (0.188) –0.379 (0.277) –0.158 (0.153)
Marriage status:Divorced 0.214 (0.509) 1.601∗∗ (0.670) 0.402 (0.384)
Number of chidren –0.139∗ (0.082) 0.237∗∗ (0.115) –0.003 (0.068)
Edu attainment:Bachelor 0.075 (0.159) 0.418 (0.315) 0.137 (0.131)
Edu attainment:Master 0.214 (0.289) –0.619 (0.699) 0.131 (0.295)
Edu attainment:Doctoral 0.400 (0.362) –0.949 (0.891) 0.003 (0.387)
Drop out of school –0.249 (0.168) –0.150 (0.404) –0.207 (0.152)
Channel Basic Characteris-
tics
Channel age –0.083∗∗∗ (0.018) –0.144∗∗∗ (0.048) –0.096∗∗∗ (0.016)
Total subscribers 0.920∗∗∗ (0.115) 0.825∗∗∗ (0.310) 0.893∗∗∗ (0.104)
Language(english) 0.443∗∗ (0.206) –0.120 (0.333) 0.323∗ (0.177)
Face showing –0.235 (0.214) –0.828∗ (0.490) –0.292 (0.189)
Category:Entertainment –0.161 (0.543) 0.330 (0.367) 0.371 (0.286)
Category:Education –0.501 (0.595) 2.260∗∗ (1.093) 0.489 (0.377)
Category:Animation_Film –0.179 (0.635) 0.483 (0.673) 0.455 (0.385)
Category:Beauty& Fashion –1.958∗∗∗ (0.703) 0.877∗ (0.503) –0.072 (0.439)
Category:Cars –0.447 (0.584) (omitted) 0.215 (0.431)
Category:DIY&Arts –0.053 (0.784) –0.537 (0.919) –0.013 (0.609)
Category:Finance –0.701 (0.899) 1.785∗∗∗ (0.526) 0.641 (0.771)
Category:Food 0.074 (0.587) 0.342 (0.550) 0.669∗ (0.342)
Category:Gaming –0.957∗ (0.555) –0.028 (0.581) –0.248 (0.312)
Category:Interviews –1.153 (0.781) (omitted) –0.506 (0.632)
Category:Music 0.430 (0.657) 0.733 (0.496) 0.988∗∗∗ (0.373)
Category:News& Commen-
tary

–1.235 (1.081) (omitted) –0.734 (0.954)

Category:Pets&Animals 0.285 (0.664) 1.027∗∗ (0.450) 1.028∗∗ (0.458)
Category:Sports&Fitness –0.068 (0.620) 0.462 (0.488) 0.558 (0.384)
Category:Technology 0.259 (0.592) 0.897∗∗ (0.382) 0.382 (0.340)
Category:Travel&Outdoor –0.816 (0.580) 1.978∗∗ (0.969) 0.115 (0.416)
Category:Kids&Family –0.128 (0.680) 0.008 (0.935) 0.425 (0.490)
Yearly Production
Number of yearly uploads 0.001∗∗∗ (0.000) 0.001 (0.001) 0.001∗∗∗ (0.000)
Length of yearly uploads 0.116∗∗ (0.058) 0.094 (0.116) 0.101∗∗ (0.051)
Content Frequency
Average upload interval(in
days)

–0.055∗∗∗ (0.010) –0.051∗∗∗ (0.017) –0.056∗∗∗ (0.009)

Inactive –0.876 (0.598) –0.515 (1.251) –0.913∗ (0.528)
Audience Engagement
Average likes 0.257∗∗∗ (0.042) 0.254∗∗ (0.100) 0.268∗∗∗ (0.039)
Average comments –0.098∗ (0.051) –0.028 (0.136) –0.081 (0.050)
constant 11.298∗∗∗ (0.921) 13.037∗∗∗ (1.297) 11.266∗∗∗ (0.694)

Note: Channel categories Cars, Interviews, and News & Commentary are omitted in the female sub-
sample regressions because no female YouTubers are present in these categories. Heteroskedasticity-
robust (HC2) standard errors are reported in parentheses. *, **, and *** denote significance at the
10%, 5%, and 1% levels, respectively. Heteroskedasticity-robust standard errors in parentheses.
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To further examine whether the gender income gap persists across the entire income

distribution, we estimate conditional quantile regressions7 that provide a more comprehen-

sive view beyond the mean association captured by OLS. Figure 2.6 plots the estimated

coefficients on Female from conditional quantile regressions at different points of the

income distribution (𝜏 = 0.10–0.90), together with the OLS estimate and the correspond-

ing 95% confidence intervals for reference. The quantile estimates remain consistently

negative across the distribution, indicating the gender income gap persists at all levels of

YouTuber income. The gap is most pronounced at the lowest quantile (𝛽0.10 = −0.31),

narrows toward the middle (𝛽0.50 = −0.19), and reaches its smallest magnitude around the

75th percentile, before slightly widening again at the top end.

Figure 2.6. Gender income gap across the distribution: Quantile and OLS estimates

Notes: This figure plots the estimated Female coefficient (𝛽) from quantile regressions at the 0.10, 0.25,
0.50, 0.75, and 0.90 quantiles of the conditional income distribution, along with the corresponding OLS

estimate (red dashed line). Shaded areas indicate 95% confidence intervals.

This pattern suggests that female YouTubers face larger income disadvantages at the

lower end of the distribution, where channels typically have limited reach and more

fluctuating viewership. At higher quantiles, the smaller gap may reflect convergence in

ad-revenue returns once channels attain large and stable view volumes. Overall, both OLS

and quantile regression results indicate that gender differences in predicted advertising
7Detailed results are summarized in Appendix 2.8 (Table B3).
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income persist even after controlling for demographic, educational, and platform-related

heterogeneity.

2.7.2 Explaining the gap

Sequential model specification

To identify which observable characteristics account for the estimated gender income gap,

we begin by examining how the coefficient on Female evolves as additional groups of

covariates are introduced sequentially. The results are summarized in Table 2.5. This

stepwise specification traces the incremental explanatory power of each covariate block

defined in Section 6, allowing us to assess which dimensions of creator heterogeneity most

attenuate the raw gender difference in log income. The analysis begins with a baseline

specification including only the gender dummy, in which the coefficient on Female is

negative but not statistically significant (−0.193, 𝑝 > 0.1). This initial model captures the

unconditional income difference between male and female YouTubers before accounting

for any observable characteristics.

In Column (2), adding demographic controls (age, race, marital status, number of

children, and education) increases the magnitude of the coefficient to −0.441 and renders

it statistically significant at the 5% level. This indicates that once observable demographic

differences are taken into account, the adjusted gender income gap becomes even larger,

implying that female creators’ lower earnings cannot be explained by simple demographic

composition effects. After incorporating channel-level characteristics (Column 3), the gap

further widens to −0.466, suggesting that channel fundamentals such as channel age, total

subscribers, and language do not account for the observed disparity, and may even amplify

it.

As additional groups of covariates are introduced sequentially, namely content niche

(Column 4), yearly content production (Column 5), uploading frequency (Column 6),

and audience engagement (Column 7), the estimated gap gradually narrows from −0.466
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Table 2.5. Sequential inclusion of covariate groups and the evolution of the gender
income gap

(1) (2) (3) (4) (5) (6) (7)

Female −0.193 −0.442∗∗ −0.466∗∗∗ −0.291∗ −0.284∗∗ −0.341∗∗ −0.228∗

[0.187] [0.194] [0.163] [0.168] [0.145] [0.140] [0.132]

Covariate groups included:
Demographics (G1) Yes Yes Yes Yes Yes Yes
Channel Basics (G2) Yes Yes Yes Yes Yes
Content Category (G3) Yes Yes Yes Yes
Yearly Content Production (G4) Yes Yes Yes
Uploading Frequency (G5) Yes Yes
Audience Engagement (G6) Yes

Observations 518 518 518 518 518 518 518
𝑅2 0.002 0.088 0.338 0.366 0.550 0.595 0.644

Note: The dependent variable is the logarithm of annual income. The estimation begins with a baseline
model that includes only the gender dummy (Female), and subsequently adds covariate groups sequen-
tially across columns. Specifically, Columns (2)–(7) incrementally introduce demographic, channel,
content, production, activity, and engagement controls as described in Section 2.6. Heteroskedasticity-
robust (HC2) standard errors are reported in parentheses. *, **, and *** denote significance at the
10%, 5%, and 1% levels, respectively.

to −0.228. This systematic reduction indicates that a substantial portion of the gender

income gap is associated with differences in production behavior and engagement metrics.

In other words, part of the observed disparity reflects differences between male and

female YouTubers in content production intensity and in the ways audiences respond to

their content. Nevertheless, even in the fully specified model, the coefficient on Female

remains negative and statistically significant (𝑝 < 0.10), implying that observable factors

alone do not fully explain women’s earnings disadvantage.

Taken together, these stepwise estimates reveal two key insights. First, demographic

and basic channel characteristics do not explain the gender income gap and, in some

cases, even amplify it. Second, although performance-related factors, particularly posting

activity and audience engagement, help narrow the gap, they are not sufficient to close

it entirely. The persistence of a negative coefficient after controlling for all observable

characteristics points to the presence of unobserved mechanisms such as gendered audience

biases, unequal sponsorship opportunities, or algorithmic visibility asymmetries.

Nevertheless, the stepwise approach has an inherent limitation: the contribution at-
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tributed to each covariate group is path-dependent. In other words, the observed changes

in the Female coefficient depend on the order in which variables are introduced, and al-

ternative inclusion sequences could yield different magnitudes of attenuation. To address

this issue, we next employ the Gelbach decomposition, which provides an exact, order-

invariant decomposition of the change in the gender coefficient when moving from the

baseline to the fully specified model. This method allows us to quantify how much each

block of variables contributes to the explained reduction in the estimated gender gap. We

then complement this analysis with the Blinder–Oaxaca decomposition, which directly

partitions the overall income gap into explained and unexplained components.

Decomposition and extended analyses

Gelbach decomposition: Table 2.6 reports the Gelbach decomposition of the gender

income gap. This method decomposes the change in the gender coefficient between the

baseline and the fully specified models into additive contributions from each group of

covariates, while remaining invariant to the order in which variables are introduced. It

thereby identifies how much of the observed reduction (or increase) in the estimated gender

gap can be attributed to specific sets of explanatory variables.

Table 2.6. Gelbach decomposition of the gender income gap

Group Coefficient Std. Err. 𝑝-value [95% CI]

G1: Demographics 0.113∗∗ (0.050) 0.025 [0.014, 0.211]
G2: Channel Basics 0.066 (0.072) 0.359 [-0.075, 0.208]
G3: Content Category -0.003 (0.078) 0.972 [-0.156, 0.150]
G4: Yearly Content Production -0.067 (0.053) 0.206 [-0.171, 0.037]
G5: Uploading Frequency 0.068 (0.076) 0.374 [-0.082, 0.217]
G6: Audience Engagement -0.142∗∗ (0.060) 0.018 [-0.260,

-0.024]

Total change (
∑

G1–G6) 0.034 (0.165) 0.835 [-0.289, 0.358]

Note: The dependent variable is the logarithm of annual income. Each row reports the contribution
of a covariate group to the change in the gender coefficient when the group is added to the baseline
model. Positive coefficients indicate that the group increases the estimated gender gap, while negative
coefficients indicate that it reduces the gap. Heteroskedasticity-robust (HC1) standard errors are
reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Consistent with the stepwise results, demographic factors (G1) contribute positively
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and significantly to the explained share of the gap (0.1126, 𝑝 < 0.05), suggesting that

observable demographic differences widen rather than narrow the estimated disparity. In

contrast, audience engagement (G6) exhibits a significant negative contribution (−0.1421,

𝑝 < 0.05), indicating that differences in audience interaction metrics, such as likes and

comments, help reduce the gender gap. Other covariate groups, including channel basic

characteristics, content niche, and yearly content production (G2–G5), show statistically

insignificant effects, implying that these structural or behavioral factors play a limited

independent role when demographic and engagement variables are accounted for. Overall,

the Gelbach decomposition results reinforce the earlier findings: demographic composition

amplifies the gender gap, while engagement-related variables partially offset it, although

the total explained change remains statistically insignificant.

Blinder–Oaxaca decomposition: While the Gelbach decomposition attributes the

change in the gender coefficient to specific groups of covariates in an order-invariant man-

ner, it mainly captures how each set of variables statistically explains the attenuation of the

gender effect as additional controls are introduced. However, this approach remains de-

scriptive: it does not distinguish whether the observed gap arises because men and women

differ in their characteristics or because these characteristics yield different economic

returns. To address this issue, we further perform the Blinder–Oaxaca decomposition re-

sults, which explicitly separates the total gender income gap into an explained component

(differences in observable endowments) and an unexplained component (differences in

returns to those endowments).

As shown in Table 2.7, the explained portion (−0.037, 𝑝 > 0.8) is negative and

statistically insignificant, indicating that differences in observable endowments such as

demographics, channel characteristics, or behavioral factors, jointly explain little of the

gender income gap. In contrast, the unexplained component (0.231, 𝑝 > 0.2) is substan-

tially larger, suggesting that most of the observed disparity arises from differential returns

to these characteristics as well as from unobserved or structural mechanisms such as bi-

ased audience preferences, unequal sponsorship opportunities, or algorithmic visibility
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that systematically favor male YouTubers.

By covariate group, content niche (0.1448) and audience engagement (0.1624) make

the largest positive contributions among the explained components, implying that gender

differences in these dimensions slightly favor male YouTubers and help explain part of

the income gap. In contrast, demographic characteristics (−0.1881) and channel basic

characteristics (−0.1599) exhibit substantial negative contributions, suggesting that if

males and females had identical characteristics in these groups, the gender income gap

would be even larger. The effects of yearly content production (0.0650) and uploading

frequency (−0.0613) are comparatively minor. However, the overall explained component

remains statistically insignificant, implying that observable characteristics between male

and female YouTubers explain little of the income disparity. Most of the gap arises from

the unexplained component, particularly differences in channel basic and demographic

characteristics, pointing to potential structural or behavioral factors beyond measured

characteristics.

Overall, compared with the Gelbach decomposition results, the Blinder–Oaxaca de-

composition reinforces two main conclusions. First, demographic and basic channel

characteristics contribute little to explaining the gap and, in fact, appear to generate

asymmetric returns that benefit men (as indicated by the large positive coefficients in

the unexplained component for demographics and channel basics, 1.0506 and 1.8962,

respectively). Second, content niche and performance-related factors help narrow the

disparity but cannot eliminate it. Together, these findings confirm that the gender income

gap among YouTubers is not primarily driven by compositional differences, but rather

by asymmetric economic returns to similar observable characteristics and by unobserved

structural or behavioral factors that systematically favor male YouTubers.

Explained contributions across analytical frameworks

Figure 2.7 synthesizes the explained contributions across the three analytical frameworks:

sequential inclusion, Gelbach decomposition, and the explained component of the Blinder–
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Table 2.7. Detailed Blinder–Oaxaca decomposition of log income by gender

Component Coefficient Std. Err. 𝑝-value [95% CI]

Explained (Endowments)
Demographics -0.188
Channel Basic -0.160
Content Category 0.145
Yearly Content Production 0.065
Uploading Frequency -0.061
Audience Engagement 0.162
Subtotal Explained -0.037 0.220 0.866 [-0.469, 0.394]

Unexplained (Coefficients)
Demographics 1.051
Channel Basic 1.896
Content Category -0.807
Yearly Content Production 0.198
Uploading Frequency -0.057
Audience Engagement -0.311
Subtotal Unexplained 0.231 0.192 0.230 [-0.146, 0.606]

Total Gap (Male – Female) 0.193 0.159 0.225 [-0.119, 0.505]

Note: The dependent variable is the logarithm of annual income. Group-level coefficients are aggre-
gated contributions obtained by summing the corresponding covariate effects from the decomposition
output. Bootstrap standard errors are reported for subtotal and total terms. *, **, and *** denote
significance at the 10%, 5%, and 1% levels, respectively.

Oaxaca decomposition. The results exhibit a high degree of consistency in signs of group

contributions, although the magnitudes vary across methods. The most notable difference

concerns content niche, where the Gelbach decomposition yields a substantially smaller

contribution than the other two approaches. This difference likely arises from the distinct

logic of the Gelbach decomposition. Unlike the sequential inclusion approach, Gelbach

method eliminates path dependence by providing an exact, order-invariant decomposition

of the change in the gender coefficient. At the same time, it attributes each covariate

group’s effect to its incremental contribution conditional on the full specification, rather

than to the group’s total explanatory share, as in the Blinder–Oaxaca decomposition.

Consequently, the Gelbach method often yields more conservative estimates for groups

that are highly collinear, or whose explanatory power overlaps substantially with other

covariates.

Among the six covariate groups, content niche and audience engagement consistently

emerge as the strongest positive contributors to the gender income gap, suggesting that
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male YouTubers’ concentration in more profitable content domains and stronger audience

interactions account for a substantial share of the observed disparity. In contrast, demo-

graphic and channel basic characteristics display large negative contributions across all

frameworks, suggesting that female YouTubers tend to possess relatively more favorable

demographic or channel-related characteristics, which would otherwise narrow the gender

gap if men and women were rewarded equally for similar traits.

Figure 2.7. Explained contributions to the gender income gap across analytical
frameworks

Note: The vertical axis reports the proportion of the baseline gender income gap explained by
each covariate group (%), where positive values indicate that the inclusion of a covariate group
reduces the gender gap, while negative values indicate that it widens the gap. Stepwise share:
calculated as 100 × (|𝛽𝑘−1 | − |𝛽𝑘 |)/|𝛽0 |, where 𝛽𝑘 denotes the gender coefficient at model 𝑘
from sequential inclusion. Gelbach share: derived from 100 × 𝑔𝑘/𝛽0, where 𝑔𝑘 is the Gelbach
contribution of covariate group 𝑘 . Oaxaca (Explained, Adjusted) share: computed as +100 ×
𝐸𝑘/|𝛽0 |, where 𝐸𝑘 represents the group’s explained (endowment) component from the detailed
Oaxaca output. G1–G6 correspond to demographic, channel, content, production, activity, and
engagement characteristics, respectively.

Building upon the group-level comparison, Figure 2.8 further disaggregates the ex-

plained contributions to the gender income gap at the variable level across the three

analytical frameworks. In contrast to broadly consistent patterns observed at the group

level, several individual variables display opposite signs across methods, reflecting differ-

ences in how each framework attributes overlapping explanatory power among correlated

covariates. Nonetheless, focusing on variables that exhibit relatively large and consistent

effects provides a clearer picture of robust contributors to the observed disparity. Specifi-
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cally, age, education attainment, channel age, uploading frequency, and average comments

per upload all exhibit both stable and significant negative effects across methods, which

appear to widen the gap. This suggests that women, despite tending to be younger, bet-

ter educated, and operating new-established or more regularly updated channels, do not

translate these advantages into comparable income gains. In contrast, content niche and,

particularly average likes per upload, stand out as strong positive contributors across

frameworks, underscoring that men’s higher income is closely linked to concentration in

more monetizable niches and their ability to generate stronger audience engagement. Over-

all, the variable-level analysis reinforces the view that gender disparities among YouTubers

are driven less by observable human-capital or structural channel attributes, but more by

asymmetries in content niche and how engagement-related outcomes are rewarded.

Figure 2.8. Explained contributions to the gender income gap across analytical
frameworks

Note: Each point represents the standardized contribution of an individual variable to the explained
component of the baseline gender income gap (in percent). Positive values indicate that the variable
helps reduce the gender income gap, while negative values indicate that it widens the gap.
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2.7.3 Robustness and validation

Beyond the sequential inclusion framework, the two decomposition methods discussed

above (the Gelbach and Blinder–Oaxaca decompositions) can be regarded as forms of

model structure robustness tests, as they validate the consistency of our results under

alternative formulations of how the gender gap is decomposed and interpreted. To further

ensure that our main findings are not driven by the choice of income measures, sample

composition, or estimation assumptions, we conduct a series of complementary robustness

checks. These results are summarized in Table 2.8, which groups robustness tests into

three dimensions: alternative income measurement (Panel A), sample structure robust-

ness (Panel B), and estimation robustness (Panel C). Propensity score matching (PSM),

which specifically addresses potential sample selection bias, is reported separately later in

Table 2.9.

Alternative income measurement

Panel A of Table 2.8 evaluates the sensitivity of the baseline result to alternative income

definitions. In addition to log income, we consider two alternative outcome measures: (i)

raw income in levels and (ii) CPM-weighted income, which adjusts for heterogeneity in

advertising rates across content categories.

Across specifications, the estimated Female coefficient remains negative, although

statistical significance varies. Using log income yields a coefficient of −0.228 (𝑝 < 0.10),

consistent with the baseline. When using raw income in levels, the gender coefficient

remains negative (−282, 386 USD) but becomes statistically insignificant, reflecting sub-

stantial noise associated with extreme right–tail income values. Under the CPM–weighted

specification, the gender coefficient remains negative and becomes more pronounced

in magnitude (−0.316), representing an increase of approximately 39% relative to the

log–income estimate8. This finding indicates that adjusting for systematic differences in

monetization rates across content categories leads to an even larger estimated disadvantage
8Computed as (0.316 − 0.228)/0.228 approximately 0.386 approximately 39%.
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for female creators. One interpretation is that female creators are disproportionately con-

centrated in content categories with lower CPMs, once CPM pricing is equalized across

categories, the remaining gap reflects an amplified underlying income disparity rather than

improved parity.

Taken together, these results indicate that the gender gap is not driven by a particular

income transformation, and that adjusting for heterogeneous monetization conditions

reinforces the qualitative conclusion.

Table 2.8. Robustness summary: Alternative income measures, sample structure,
and estimation methods

Obs. Female Coef. Std. Error Sig. 𝑅2/Fit

Panel A. Alternative Income Measurement

(1) Log Income 518 −0.228 (0.132) ∗ 0.644
(2) Level Income (USD) 518 -282386.1 (225494.6) 0.447
(3) CPM-Weighted Income 518 −0.316 (0.356) 0.948

Panel B. Sample Structure Robustness

B1. Alternative Sample Definitions
(4) Baseline 518 −0.228 (0.132) ∗ 0.644
(5) + Celebrities 699 −0.087 (0.109) 0.586
(6) + Outliers 531 −0.273 (0.134) ∗∗ 0.665
(7) Full Sample 712 −0.128 (0.112) 0.607

B2. By Creator Type
(8) Entertainment (Male-Dominated) 196 −0.325 (0.174) ∗∗ 0.181
(9) People & Blogs (Female-Dominated) 30 −0.165 (0.234) 0.614
(10) Large Channels (> Median Subs) 162 −0.315 (0.072) ∗ 0.383
(11) Small Channels (< Median Subs) 356 −0.243 (0.159) ∗ 0.075

Panel C. Estimation Robustness

(12) OLS–HC3 518 −0.228 (0.138) 0.644
(13) UQR (Unconditional Quantile Regression)

Q10 518 −0.312 (0.181) ∗∗ 0.514
Q25 518 −0.216 (0.192) 0.476
Q50 518 −0.213 (0.175) 0.438
Q75 518 −0.057 (0.148) 0.422
Q90 518 −0.187 (0.196) 0.422

Note: Female = 1 for female creators. Panel A compares log income, raw income (USD), and CPM-
weighted income. Panel B evaluates robustness to sample structure, including alternative inclusion
rules, content type, and channel size. Panel C reports OLS with HC3 standard errors and UQR
estimates with bootstrap standard errors. All specifications include demographic and channel-level
controls (G1–G6). Standard errors are reported in parentheses. *, **, and *** denote significance at
the 10%, 5%, and 1% levels, respectively.
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Sample structure robustness

Panel B of Table 2.8 examines whether the main results are sensitive to sample definition

and creator heterogeneity.

Inclusion of celebrities and outliers (Panel B1) We sequentially expand the sample by

including (i) celebrity creators, (ii) outliers, and (iii) both groups. Across all specifications,

the Female coefficient remains negative. When outliers are included, the coefficient

becomes more significantly negative (−0.273, 𝑝 < 0.05), suggesting that including outliers

strengthens the estimated gender gap. Overall, changes in sample definition do not alter

the baseline conclusion.

Subgroup analysis: By channel type and size (Panel B2) We then estimate regressions

across narrower subsamples. The gender gap is economically and statistically meaningful

in entertainment channels (−0.325, 𝑝 < 0.05), where male creators are dominant. A

weaker and statistically insignificant gap is observed in the People & Blogs category,

a female-dominant content niche, consistent with within-category audience preferences.

When splitting by channel size, the gap is larger among large creators (−0.315, 𝑝 < 0.10),

while smaller creators face a weaker, but still negative penalty. These patterns suggest

that monetization asymmetries are more pronounced in competitive or male-dominated

content environments.

Sensitivity to estimation procedures

Panel C of Table 2.8 examines whether the coefficient estimates are robust to alterna-

tive estimation procedures. First, we re-estimate the baseline specification using HC3

(heteroskedasticity-consistent) standard errors, which are robust to influential observa-

tions. The Female coefficient remains nearly unchanged (−0.228).

Then, we implement unconditional quantile regressions (UQR) at the 10th, 25th, 50th,

75th, and 90th percentiles of the income distribution. The estimates remain negative
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across all quantiles, with the largest magnitude appearing at the lower tail (−0.312 at

Q10, 𝑝 < 0.05), suggesting that relatively lower–earning female creators face the strongest

income penalty. The estimated gap remains economically relevant but becomes statistically

weaker toward the upper tail of the distribution, where income is highly dispersed. It is

worth noting that, because the analytical sample focuses on the top U.S. YouTubers,

”lower–earning” creators in this context should be interpreted in a relative sense, that is,

within an already high–income subset of the platform. Therefore, the results indicate that

even within the upper tier of the creator economy, women in the lower portion of the

earnings distribution experience a comparatively larger disadvantage.

Sample selection robustness

To further address potential sample selection bias, we implement a Propensity Score

Matching (PSM) analysis that pairs female and male YouTubers with similar observable

characteristics (e.g., subscriber size, activity, and channel age). Mean differences in log

income before and after matching are reported in Table 2.9.

Before matching, female creators earn on average 0.193 log points less than compa-

rable male creators. After nearest–neighbor matching, the estimated average treatment

effect on the treated (ATT) becomes more negative (−0.334), suggesting that, conditional

on observables, female creators earn substantially less than otherwise similar males. This

increase in magnitude relative to the unmatched estimate indicates that observable char-

acteristics mask part of the underlying gender disparity, once these factors are equalized,

the gender gap becomes more pronounced.

The estimated average treatment effect (ATE) is mildly positive (+0.140), reflecting

that, on average, female creators would earn slightly more if they were male. Meanwhile,

the estimated average treatment effect on the untreated (ATU) is also positive, suggesting

that comparable male creators (control group) would earn more if they were female, though

these latter estimates should be interpreted cautiously given the limited support structure

for counterfactual assignment.
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Balance statistics confirm successful matching: mean standardized bias falls to 8.7%

(median: 5.3%), and the post-matching pseudo-𝑅2 drops to 0.110, while the associated

likelihood ratio test fails to reject joint insignificance (𝑝 = 0.168), indicating that pre-

treatment covariates no longer predict treatment assignment. The matched sample remains

substantial, consisting of 144 female creators and 374 male creators.

Table 2.9. Sample selection robustness: Propensity score matching (PSM)

Treated Mean Control Mean Difference Std. Error

Unmatched 12.864 13.058 −0.193 0.178
ATT (Matched) 12.864 13.198 −0.334 0.298
ATU (Matched) 13.058 13.380 +0.323
ATE – – +0.140

Covariate Balance After Matching

Mean Bias (%) 8.7
Median Bias (%) 5.3
Pseudo-𝑅2 0.110
LR 𝜒2 44.03
𝑝 > 𝜒2 0.168

Matched Sample Size

Treated (Female) 144
Control (Male) 374
Total (On Support) 518

Note: This table reports robustness results using propensity score matching (PSM) to address potential
sample selection bias. Propensity scores are estimated using a logit model with all observed charac-
teristics. One-to-one nearest-neighbor matching without replacement is used. The outcome variable is
log income. ATT refers to the treatment effect for female creators, ATU to the effect for male creators,
and ATE to the population-average treatment effect. Standard errors are matching-based and do not
adjust for first-stage estimation.

Taken together, the PSM results suggest that the gender income gap persists, and

even widens, after balancing on detailed demographic, educational, channel, content, and

engagement characteristics. This pattern implies that observable differences between male

and female creators do not explain the gap. Instead, the fact that the ATT becomes more

negative after matching indicates that sample selection bias is unlikely to be the source

of the estimated disparity. If anything, suppressing observable heterogeneity reveals

a larger underlying income penalty faced by female creators. These results support the

conclusion that female YouTubers experience systematic income disadvantages that cannot
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be explained solely by observable characteristics.

2.8 Conclusion

This paper examines the gender income gap among top YouTubers in the United States, with

the aim of identifying the key drivers of this disparity. Based on a empirical specification,

we find a persistent gender income gap: female YouTubers earn approximately 22.8% less

than male YouTubers, even after controlling for a set of demographic, channel, content,

and engagement-related variables.

To understand the explanatory factors underlying this gap, we draw on a set of comple-

mentary empirical approaches that yield broadly consistent results. Sequential inclusion

and Gelbach decomposition consistently show that demographic attributes such as age,

marital status, and education, do not explain the income gap. Instead, they widen the

gap. In contrast, three dimensions of characteristics account for a meaningful share of the

difference: (i) content niche, (ii) yearly content production, and (iii) audience engagement.

Among these, audience engagement, particularly average likes per upload, explains the

largest share. The Blinder–Oaxaca results further confirm that endowment differences

alone cannot account for the overall gap, but again highlight the explanatory power of con-

tent niche, production, and engagement. Taken together, these findings suggest that while

observable characteristics can partially explain the gender income gap, most of the dis-

parity remains unexplained, consistent with unequal access to monetization opportunities

and other unobserved constraints faced by female creators.

We then implemented a series of robustness checks, which reinforce the main finding

that female YouTubers consistently earn less than their male counterparts. First, alter-

native income measures including log income, raw income, and CPM-weighted income,

all produce negative gender coefficients, indicating that the estimated gap is not driven

by income transformation. Notably, CPM weighting increases the magnitude of the gap

by approximately 39%, implying that differential monetization intensifies underlying dis-

89



parities. Second, various sample structure tests show that results remain stable when

expanding the sample to include celebrities and outliers, as well as when examining sub-

group heterogeneity by creator type or channel size. Third, estimation robustness checks

using HC3 standard errors and unconditional quantile regression confirm that the gender

gap persists throughout the distribution and is relatively more pronounced among lower-

earning creators within the top-tier sample we focused on. Finally, Propensity Score

Matching yields even a more negative treatment effect for female creators, demonstrating

that the gap cannot be attributed to sample selection on observables.

Our findings challenge the conventional emphasis on demographic factors as one

of the primary explanations for gender income inequality. In traditional labor markets,

demographic characteristics such as gender, age, and marital status can partly explain

income differences, but in the creator economy, these variables have almost no explanatory

power. At the same time, our results also reveal notable continuities with traditional

labor markets. In both settings, human capital variables such as education and work

experience can hardly explain gender income disparities, while occupational and industry

segregation (reflected on YouTube by channel category) remains a major determinant of

earnings. Beyond these continuities, however, the creator economy introduces distinctive

mechanisms shaped by digital and platform dynamics. Audience engagement, particularly

average likes per upload, emerges as the second most important factor explaining income

differences, underscoring the growing role of algorithmic visibility, user interaction, and

attention-based rewards in shaping earnings outcomes. Taken together, these findings

suggest that while emerging digital labor markets differ from conventional ones in form,

they may reproduce many of the same structural inequalities in substance, now reinforced

by platform-specific dynamics. By quantifying the gender income gap within this new

form of labor market, this study fills an important empirical research gap and provides one

of the first systematic analyses of inequality in the creator economy.

While this study provides new insights into gender inequality in the creator econ-

omy, several limitations should be acknowledged. First, the estimated income data from
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Social Blade may not perfectly reflect actual earnings, although we verified its strong cor-

relation with self-reported figures whenever possible. Likewise, personal demographic

information collected from public sources may contain inaccuracies. Second, potential

endogeneity remains a concern. Differences in preferences, personality traits, or gender-

role attitudes may lead women to sort into less monetized content niches, while men may

be more likely to enter higher-paying fields. Such unobserved self-selection could bias

the estimated gender income gap if not properly addressed. Third, the relatively limited

sample size reduces the precision of some regression and decomposition estimates and

may weaken statistical significance in certain specifications. Despite these limitations,

this paper provides an empirical foundation for understanding gendered income dynamics

in the digital labor market and opens new avenues for interdisciplinary research at the

intersection of digital platforms, algorithmic governance, and gender economics.

91



Appendix A: Supplementary figures

Figure A1. Timeline of the data collection and sample construction process

Figure A2. Four-stage demographic data collection process
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Appendix B: Supplementary tables

Table B1. Comparison between YouTube videos and shorts

Videos Shorts

Duration Long-form Under 3 min
Ad Revenue Tied to specific video Shared from collective pool
Music Usage May disable monetization Allowed with adjusted revenue

share
Ad Types Various ad formats Post-view and skippable ads
CPM Generally higher Lower (pooled system)
Impact on Income Studies Reflects ad engagement Challenges in income estimation

Table B2. Online sources for average CPM by channel category

No. Website Name URL

1 Tasty Edits https://www.tastyedits.com/most-profitable-you
tube-niches/

2 First Growth Agency https://firstgrowthagency.com/blog/youtube-cpm
-rates-by-niche/

3 Uppbeat https://uppbeat.io/blog/youtube/most-profitabl
e-youtube-niches

4 Yoola https://yoola.com/blog/12-best-and-most-profi
table-youtube-niches-for-2024

5 Is This Channel Monetized https://isthischannelmonetized.com/data/youtub
e-cpm/

6 StartUp Growth Guide https://startupgrowthguide.com/10-profitable-y
outube-niches-with-high-cpm-for-maximum-earni
ngs/

7 TubeBuddy https://www.tubebuddy.com/blog/profitable-youtu
be-niches/

8 Teachable https://teachable.com/blog/most-profitable-you
tube-niches

9 Soundstripe https://www.soundstripe.com/blogs/top-10-most-p
rofitable-youtube-niches-ranked-by-cpm
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Table B3. Full-specification conditional quantile regression (CQR) results

Conditional Quantile Regressions (CQR)

10th 25th 50th 75th 90th

Demographic Characteristics:
Female −0.312 (0.212) −0.216 (0.184) −0.213 (0.171) −0.057 (0.170) −0.187 (0.167)
Age −0.011 (0.019) −0.019 (0.014) −0.020 (0.013) −0.020 (0.013) −0.023 (0.015)
Race:Black −0.191 (0.307) −0.363 (0.285) −0.148 (0.408) 0.030 (0.282) −0.145 (0.289)
Race:Asian −0.164 (0.346) 0.382 (0.293) 0.379∗ (0.204) 0.158 (0.198) 0.138 (0.210)
Race:Latino −0.233 (0.347) −0.166 (0.323) −0.128 (0.229) 0.009 (0.251) −0.085 (0.326)
Race:Other 0.210 (0.231) 0.198 (0.208) −0.093 (0.196) −0.192 (0.245) 0.055 (0.334)
Marriage status:Married 0.067 (0.219) −0.095 (0.204) −0.004 (0.189) −0.065 (0.185) −0.177 (0.204)
Marriage status:Divorced 0.682 (0.494) 0.385 (0.422) −0.093 (0.475) −0.418 (0.828) 0.893 (0.900)
Number of children −0.062 (0.106) −0.042 (0.095) −0.052 (0.099) 0.100 (0.097) 0.049 (0.104)
Edu attainment:Bachelor 0.195 (0.251) 0.166 (0.242) 0.057 (0.169) 0.010 (0.155) 0.094 (0.200)
Edu attainment:Master 0.320 (0.458) 0.197 (0.452) −0.003 (0.458) 0.238 (0.460) 0.576 (0.635)
Edu attainment:Doctoral 0.532 (0.869) 0.537 (0.434) 0.203 (0.481) −0.094 (0.651) −0.296 (0.660)
Drop out of school 0.048 (0.252) −0.204 (0.238) −0.244 (0.198) −0.196 (0.176) −0.162 (0.217)

Channel Basic Characteristics:
Channel age −0.139∗∗∗ (0.031) −0.115∗∗∗ (0.027) −0.074∗∗∗ (0.020) −0.059∗∗∗ (0.018) −0.055∗∗ (0.021)
Total subscribers 0.931∗∗∗ (0.195) 0.750∗∗∗ (0.152) 0.871∗∗∗ (0.119) 0.965∗∗∗ (0.129) 0.998∗∗∗ (0.139)
Language(english) 0.188 (0.254) 0.267 (0.247) 0.340∗ (0.200) 0.431∗∗ (0.199) 0.383 (0.283)
Face showing −0.316 (0.315) −0.319 (0.261) −0.248 (0.240) −0.209 (0.245) −0.429 (0.362)
Category:Entertainment 0.469 (0.361) 0.775∗∗ (0.375) 0.439 (0.456) −0.221 (0.421) −0.090 (0.341)
Category:Education 0.369 (0.437) 0.555 (0.427) 0.273 (0.606) −0.019 (0.740) 0.490 (0.766)
Category:Animation_Film 0.956∗∗ (0.485) 0.943∗ (0.503) 0.259 (0.596) −0.488 (0.610) −0.902 (0.588)
Category:Beauty& Fashion −0.297 (0.531) −0.119 (0.566) −0.206 (0.645) −0.256 (0.780) 0.063 (0.525)
Category:Cars 1.004∗ (0.603) 0.853 (0.585) 0.194 (0.699) −1.034 (0.652) −0.978 (0.688)
Category:DIY&Arts −0.606 (0.760) 0.028 (0.960) −0.064 (0.868) 0.364 (0.716) 0.034 (0.519)
Category:Finance 0.647 (1.020) 0.103 (1.035) 0.699 (0.992) 0.144 (0.812) −0.112 (0.772)
Category:Food 0.826∗ (0.433) 0.929∗∗ (0.467) 0.497 (0.518) 0.058 (0.526) 0.411 (0.531)
Category:Gaming −0.381 (0.398) 0.116 (0.404) 0.008 (0.494) −0.547 (0.452) −0.331 (0.431)
Category:Interviews −0.269 (1.000) −0.550 (1.084) 0.452 (1.303) −0.122 (1.198) −0.530 (1.111)
Category:Music 1.329∗∗ (0.626) 1.955∗∗∗ (0.560) 0.689 (0.566) 0.286 (0.601) 0.617 (0.550)
Category:News& Commentary −1.464 (1.274) −0.724 (1.569) 0.454 (1.742) −0.450 (1.598) −0.136 (1.579)
Category:Pets&Animals 0.532 (0.633) 1.138 (0.746) 0.873 (0.677) 0.157 (0.522) 0.213 (0.465)
Category:Sports&Fitness 0.303 (0.511) 0.910∗ (0.553) 0.385 (0.566) 0.005 (0.610) 0.397 (0.564)
Category:Technology 0.404 (0.636) 0.999∗ (0.519) 0.443 (0.524) −0.547 (0.493) −0.840∗ (0.447)
Category:Travel&Outdoor 0.396 (0.508) 0.575 (0.495) 0.096 (0.627) −0.896 (0.694) −0.610 (0.714)
Category:Kids&Family 0.783 (0.932) 0.730 (0.623) 0.939 (0.715) 0.129 (0.615) −0.000 (0.680)

Yearly Production:
Number of yearly uploads 0.001∗∗∗ (0.000) 0.001∗∗ (0.000) 0.001∗∗ (0.001) 0.002∗∗∗ (0.001) 0.002∗∗ (0.001)
Length of yearly uploads 0.259∗∗∗ (0.067) 0.195∗∗∗ (0.072) 0.018 (0.066) −0.157∗∗ (0.067) −0.125∗ (0.076)

Content Frequency:
Average upload interval(in days) −0.061∗∗∗ (0.012) −0.065∗∗∗ (0.012) −0.069∗∗∗ (0.012) −0.060∗∗∗ (0.011) −0.043∗∗∗ (0.014)
Inactive 0.627 (0.806) −0.143 (0.811) −1.760∗∗ (0.714) −3.550∗∗∗ (0.726) −3.145∗∗∗ (0.821)

Audience Engagement:
Average likes 0.374∗∗∗ (0.071) 0.350∗∗∗ (0.057) 0.299∗∗∗ (0.049) 0.270∗∗∗ (0.052) 0.195∗∗∗ (0.049)
Average comments 0.007 (0.092) −0.056 (0.068) −0.099∗ (0.060) −0.106 (0.067) −0.090 (0.086)

Constant 7.878∗∗∗ (1.128) 9.616∗∗∗ (1.013) 12.017∗∗∗ (0.961) 14.411∗∗∗ (0.893) 14.821∗∗∗ (1.034)

Observations 518 518 518 518 518
Pseudo-𝑅2 0.514 0.476 0.438 0.422 0.422

Notes: Bootstrap standard errors in parentheses. *, **, and *** denote significance at 10%, 5%, and 1% levels, respectively.
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Chapter 3

Do Words Matter? Explaining the Gender Income Gap on

YouTube through Top Content

3.1 Introduction

The creator economy has become an increasingly important segment of platform-based

labor markets. Digital creators’ earnings are shaped not only by advertising revenue

itself, but also by a broader ecosystem of platform visibility, audience engagement, and

monetization strategies (Sanyoura and Anderson, 2022; Rieder et al., 2023; Meisner,

2023). Yet, despite the rapid growth of this sector, earnings remain highly unequal, and

there is still a limited understanding of what drives success. In particular, while the

broader labor-market literature has long documented persistent gender inequality in pay,

evaluation, and career advancement (Dohmen, 2004; Lyness and Heilman, 2006; Blau and

Kahn, 2017; Rivera and Tilcsik, 2019), much less is known about how such inequality

emerges in the digital platform-based and audience-driven environment of the creator

economy.

This question is especially salient in platform-based creator economies such as

YouTube, where economic outcomes depend not only on what creators produce, but

even more on how their content is discovered, evaluated, and circulated by audiences

(Veletsianos et al., 2018; Rieder et al., 2023; Joseph and Bishop, 2024). In this set-

ting, creators’ most visible and top-popular uploads are especially relevant: they are the

product most likely to attract attention, engagement, and monetizable opportunities, and

therefore make them especially useful for understanding which forms of content and audi-

ence response matter most for income. Prior research showed that women in public-facing

digital work often face gendered vulnerability, harassment, and unequal forms of visibility
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(Döring and Mohseni, 2020; McCarthy, 2021; Duffy et al., 2023). Related evidence from

YouTube suggests that audience discourse and comment sentiment vary systematically by

the presenter’s gender (Veletsianos et al., 2018). These findings suggest that inequality

in the creator economy may be shaped not only by creators’ personal characteristics or

observable channel and production features, but also by how audiences respond to their

content.

Textual data are particularly well-suited to studying these mechanisms. Recent ad-

vances in text-as-data and natural language processing (NLP) have made it increasingly

feasible to extract systematic measures of tone, emotion, and evaluation from large vol-

umes of unstructured language (Németh and Koltai, 2023; Bittermann and Fischer, 2024).

This is particularly valuable in platform settings such as YouTube, where titles, descrip-

tions, captions, and comments capture both how creators present their content and how

audiences respond to it. More specifically, these textural measures reflect not only how

creators frame and present their content through style, tone, and self-presentation, but also

audience-side reactions such as support, approval, criticism, and hostility. Existing studies

already showed that online discourse and comment sentiments can vary systematically by

gender (Thelwall and Más-Bleda, 2018; Veletsianos et al., 2018), suggesting that language

may be an important channel through which gendered evaluation is shaped online. How-

ever, there is still little quantitative evidence on whether such textual and audience-side

measures help explain gender differences in creator income.

We address this question by building on our previous income gap analysis, which

documented a 22.8% residual gender income gap even after conditioning on observable

creator-, channel-, and non-textual video-level characteristics. Because advertising income

is mechanically determined by views and CPM, as discussed in detail in Chapter 2, this

chapter does not interpret the residual gap as evidence of direct platform discrimination.

Instead, it examines which observable factors help explain gender differences in the

underlying margins that ultimately determine earnings. We enrich that baseline with

newly collected video-level data from YouTube-related APIs for a final sample of 485
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U.S. creators, constructing measures from each creator’s up to 50 most popular long-form

videos and up to 50 most popular shorts1, including general top content2 characteristics,

creator-generated text, audience comments, and commercial and interaction measures.

Using sequential inclusion regressions and a Gelbach decomposition (Gelbach, 2016), we

show that the residual gap can be fully explained once these richer video-level measures

are taken into account. General top content characteristics explain an important part of the

gap, but they do not explain it on their own. Rather, the broader pattern of results indicates

that audience-side measures are more informative than creator-side features. In particular,

audience comments emerge as the most informative text-source dimension, sentiment-

related measures are the most informative linguistic dimension, and two variable-level

factors stand out most clearly: unequal audience endorsement of top content, captured

by average likes, and the evaluative tone of audience response, captured by comment

sentiment. By contrast, commercial signals such as sponsorship, self-promotion, and

interaction prompts add little explanatory power.

Our study contributes in three main ways. First, it provides, to our knowledge, one of the

first systematic quantitative analyses of gender differences in estimated advertising income

among top U.S. YouTube creators, addressing an important gap in labour economics

and platform studies. Second, it contributes a uniquely large-scale text-based dataset,

combining information from 41,180 most popular videos and 17.4 million comments.

To our knowledge, it is among the first studies to use text-based measures at this scale to

examine how creator-side language and audience-side discourse relate to gender inequality

in creator income. Third, it contributes a substantive empirical result by showing that the

residual gender income gap can be fully explained once a much richer set of observable
1YouTube distinguishes between shorts and longer standard videos not only by format and duration,

but also by how they are distributed and monetized. Under YouTube’s current rules, vertical or square
videos of up to three minutes may be classified as shorts, which are monetized through the Shorts Feed
revenue-sharing model, whereas longer standard videos are monetized in the long-form model on the watch
page. We therefore analyse the two formats separately and use the term long-form videos whenever we refer
specifically to videos that are not shorts, in order to avoid confusion with the broader term videos, which
could otherwise include both formats.

2Throughout this chapter, top content refers collectively to creators’ most popular long-form videos and
most popular Shorts.
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top content, textual, and audience-response variables is taken into account.

The remainder of the chapter is organized as follows. Section 3.2 reviews the related

literature. Section 3.3 describes the data, sample construction, and variable design.

Section 3.4 outlines the empirical strategy. Section 3.5 presents the main results, including

the sequential specifications, Gelbach decomposition, separate block inclusion analysis,

variable-level evidence, and robustness checks. Section 3.6 concludes.

3.2 Literature review

This study relates to four closely connected strands of literature: (1) the economics of the

creator economy and platform monetization, (2) gender inequality in platform labor, (3)

language as an economically relevant signal in digital markets, and (4) gendered audience

discourse on YouTube. For the purposes of this thesis chapter, the broader literature on

gender gaps in labor and platform markets is discussed in Chapter 2, the review here

therefore focuses only on the strands most directly relevant to this chapter’s additional

contribution.

A first strand of the literature examines how creators generate income and visibility

in platform-based digital markets. Recent work emphasizes that creator income is shaped

less by any single revenue source than by the degree of visibility creators achieve within

platform ecosystems. On platforms such as YouTube, monetization depends not only on

direct advertising revenue, but also on audience development, engagement, and, to some

extent, the additional visibility generated through cross-platform linking to channels such

as Instagram and Twitter/X. For example, Rieder et al. (2023) showed that YouTube creators

use linking practices to strengthen their online presence, while Sanyoura and Anderson

(2022) documented how membership platforms such as Patreon can convert follower

attention into recurring financial support. More fundamentally, however, this literature

stresses that monetization depends heavily on platform visibility and engagement metrics.

Duffy et al. (2021) argued that quantified indicators such as likes, favorites, subscribers,
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and shares are widely treated as pathways to professional success in the creator economy,

even as they deepen insecurity and dependence on platform systems. Taken together,

this strand clarifies why creator labor is both economically meaningful and structurally

precarious, but it says much less about whether earnings are systematically stratified by

gender.

A second strand examines inequality in platform labor more directly. This literature

shows that visibility and monetization are not distributed neutrally across creators. Duffy

et al. (2023) argued that public visibility in the influencer economy carries distinctive

vulnerabilities, especially for women and other marginalized creators, while Glatt (2023)

emphasized that creators’ careers depend on relational labor with audiences and that this

labor is shaped by broader structural inequalities. Related work also shows that unequal

opportunities in creator markets need not arise solely through formal employment rela-

tionships. For instance, Christin and Lu (2023) documented an influencer pay gap shaped

by racialized market processes, and McCarthy (2021) shows how online misogyny in

YouTube comment spaces structures women’s experiences of public-facing digital work.

This literature is highly relevant to the present study, but it focuses mainly on precar-

ity, harassment, branding, and sponsorship markets. Much less is known about whether

comparable gaps arise in YouTube advertising income, and about which observable mech-

anisms account for them once standard creator- and channel-level characteristics are held

constant.

A third strand concerns language itself. In economics and related social sciences,

recent advances in text-as-data methods have made it increasingly feasible to convert large

volumes of unstructured language into systematic measures of sentiment, evaluation, sim-

ilarity, and topical content (Gentzkow et al., 2019; Ash and Hansen, 2023). As Ash and

Hansen (2023) emphasize, textual data often provide rich, and sometimes unique, infor-

mation about economically important concepts that are difficult to observe in structured

variables alone. This insight is particularly relevant in digital markets, where much of

the economically meaningful interaction among producers, platforms, and audiences is
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recorded in textual form. In creator markets, language is not merely descriptive. It is

integral to how creators construct personal brands and cultivate audience relationships,

how viewers evaluate content through comments and sentiment-laden feedback, and how

attention is coordinated and amplified across platforms (Tur-Viñes and Castelló-Martínez,

2019; Catalina-García and Suárez-Álvarez, 2022; Joshi et al., 2023; Kim, 2024). At the

same time, many related empirical works on creators, influencers, and platform partici-

pation has tended to measure success and engagement primarily through platform-visible

indicators, such as views, likes, subscribers, retention, or linking behavior, rather than

through systematic measures of textual tone or audience discourse (Yang et al., 2022;

Sanyoura and Anderson, 2022; Rieder et al., 2023). Although recent studies have begun

to analyze creator- and audience- generated text directly, including comments, sentiment,

and discursive interaction (Tur-Viñes and Castelló-Martínez, 2019; Poecze et al., 2019;

Catalina-García and Suárez-Álvarez, 2022), these approaches remain less central than

metric-based analyses in the broader empirical literature on creator markets, especially in

economics.

A fourth strand focuses more specifically on gendered audience discourse on YouTube.

Veletsianos et al. (2018) analyzed sentiment in comments on YouTube TEDx and TED-Ed

videos and showed that comment environments vary with presenter gender, video format,

and threading structure. Similarly, Thelwall and Más-Bleda (2018) studied YouTube

science channels and asked whether the surrounding comment environment is female-

friendly or still marked by sexism. These studies are important because they establish

that audience comments are a meaningful site of gendered evaluation on the platform.

They also suggest that comment sentiment may capture more than noise: it may reflect

systematic differences in how audiences react to male and female presenters. However, this

literature stops short of connecting those audience-side textual environments to creators’

economic outcomes. In other words, we know that online discourse can differ by gender,

but we know much less about whether those differences help explain gender differences

in income.

100



The present study brings these strands together. From the creator economy literature,

it takes seriously the idea that visibility, engagement, and monetization are jointly deter-

mined and that the most economically relevant part of a creator’s output may be the part

that becomes most visible. This motivates our focus on each creator’s most popular con-

tent rather than on a random or purely recent sample of videos. From the labor inequality

literature and gendered evaluation literature, it draws the insight that audience response

itself may be an important mechanism through which inequality is reproduced online.

From the text-as-data literature, it adopts the view that language can be measured sys-

tematically and linked to economic outcomes. Our contribution is to bring these insights

together by examining whether richer video-level measures from creators’ top content,

especially creator- and audience-side textual measures, help explain the residual gender

gap in YouTube advertising income after conditioning on observable creator, channel, and

non-text video-level characteristics.

3.3 Data

3.3.1 Data sources

We begin by assembling a multi-level dataset from two primary data sources, Social Blade

and YouTube, supplemented with creator demographic characteristics that we manually

collect and cross-validate across multiple online platforms, including public databases,

social media profiles, and publicly available interviews. Our dependent variable is the

logarithm of estimated annual advertising income for creator, proxied by the midpoint of

Social Blade’s reported annual income range. This income measure was introduced and

discussed in detail in Chapter 2. Together, these data allow us to examine gender disparities

in creator income using observable creator-, channel-, and video-related characteristics,

including annual upload measures and aggregates based on the 50 most recent videos

covering both long-form videos and shorts. Figure 3.1 provides an overview of the data

sources, data enrichment process, and construction of the final analytical dataset.
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Figure 3.1. Data sources and construction of the analytical dataset

To further enrich the dataset, particularly for the textual analysis, we collect additional

video-level textual and contextual information3 from a bounded set of best performing

content, consisting of up to 50 most popular long-form videos and 50 most popular shorts

of each creator. These data are retrieved through several data access tools and interfaces.

Specifically, we use the YouTube Data API v3, the YouTube Transcript API, and the

SponsorBlock API to retrieve video titles, descriptions, captions, comments, and other

video-level commercial and audiance- interaction metadata, while the Google Translate

API is used to automatically translate non-English textual content (although such cases are

rare). These enriched measures are then merged with the baseline dataset to support the

construction of the final analytical sample. Detailed information on realized data coverage

is reported later in Table 3.1.

3.3.2 Sample construction

Figure 3.2 summarizes the sample construction process. We begin with the top 2,000

U.S. YouTube channels ranked by subscribers from Social Blade and restrict attention to

channels operated by individuals only. Among these channels, we identify those with veri-
3Here, “contextual information” refers to non-textual video-level attributes, including metadata such as

publication timing, video duration, views, likes, and comment counts, as well as sponsorship, monetization
indicators and measures of audience interaction.
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fiable gender and demographic information through manual collection and cross-validation

across multiple public sources. Following this verification process, the broader creator-

level sample contains 518 non-celebrity individual YouTubers with reliable demographic

information and valid income estimates. These 518 creators constitute the baseline sample

used in the income gap analysis and provide the foundation for the present study.

Figure 3.2. Sample construction

To construct the final analytical sample for textual analysis, we impose several ad-

ditional restrictions on the baseline sample. First, we exclude 25 channels operated by

minors and ¨made-for-kids¨ channels4, because comments are typically disabled for such

content, making audience-text analysis infeasible. Second, we exclude 1 channel for which

no video-level data were available at the time of collection5. Third, we exclude 3 channels

for which the sampled long-form videos and shorts contain no valid observations in at least

one of the four text categories used in our measures: titles, descriptions, captions, and
4Here, “made-for-kids” refers to channels classified under YouTube’s official audience setting as primarily

directed to children, whether designated by the creator or identified by the platform.
5This may occur when a creator has removed or hidden previously public content for personal or strategic

reasons, or when videos become unavailable because of platform enforcement actions, including copyright-
or policy-related removals.
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comments. After these exclusions, the final analytical sample consists of 485 YouTube

channels, including 367 male creators and 118 female creators. The next subsection

describes how, based on these 485 channels, we identify the top long-form videos and

shorts and collect the corresponding video-level textual and contextual information for the

empirical analysis.

3.3.3 Text analysis

Building on the final sample of 485 creators, we construct the enriched video-level dataset

used for textual analysis. For each creator, we identify a bounded set of most popular

content, including both long-form videos and shorts, based on their observed popularity at

the time of data collection. This sampling strategy improves comparability across creators

while focusing on content that is most representative of audience engagement. Figure 3.3

summarizes the overall data collection and feature construction workflow, which proceeds

in three stages.

Figure 3.3. Workflow for top-popular video data collection and feature construction
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Stage 1: Raw-data collection. In the first stage, we collect up to 50 most popular

long-form videos and up to 50 most popular shorts6 for each creator using the official

YouTube Data API v3, between November and December 2025. We adopt popularity-

based rather than recency-based sampling because the most viewed and most engaged

uploads are more likely to capture a creator’s economically relevant content style and

effective audience reach. For each selected upload, we retrieve the title, description, up

to 500 most recent comments7, and metadata such as publication date, video duration,

view count, like count, and comment count. Because captions are not directly available

through the official YouTube Data API, transcripts are collected separately via the YouTube

Transcript API. Meanwhile, any non-English text is automatically translated into English

using the Google Translate API to ensure a consistent measurement framework applied

across channels, although such cases are rare. Notably, to ensure comparability of long-

form video- and shorts-level measures across creators, time-sensitive metadata such as

views, likes, and comments, were extracted within 2 days using multiple API accounts.

By contrast, other metadata like captions, are large in volume but fixed once the video is

published. Thus, these data were extracted gradually afterwards.

Table 3.1 summarizes the realized coverage of the collected upload sample for the

final set of 485 creators. The dataset contains 41,180 uploads in total, including 23,084

(long-form) videos and 18,096 shorts. Title coverage is complete for the full sample,

yielding 41,180 valid titles (100.0%). We obtain 34,054 valid descriptions (82.7%) and

37,215 valid transcripts (90.4%). Comments are available for 40,178 uploads (97.6%),

from which we collect a total of 17,398,194 comments, averaging 433 comments per

upload with comments available. Because data availability differs across uploads and

formats, the realized number of observations varies by text source. In particular, while
6We use “up to” because not all creators have at least 50 publicly available long-form videos or 50

publicly available shorts at the time of data collection. Some creators specialize in only one format, while
others have smaller or incomplete archives.

7We use the most recent comments rather than “top comments” because the latter are shaped by YouTube’s
ranking and moderation mechanisms, which may systematically downweight or filter harmful content such
as abusive or gender-targeted comments. As a result, recent comments provide a more natural and less
curated view of audience responses.
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title coverage is universal, descriptions and transcripts are missing for a subset of uploads,

and comment coverage depends on whether comments are enabled and retrievable at the

time of collection.
Table 3.1. Coverage of YouTube top content and textual data

Long-form
Videos

Shorts Total Presence rate
(%)

Panel A. Upload counts
Total uploads collected 23,084 18,096 41,180

Panel B. Text-field coverage
Uploads with valid titles 23,084 18,096 41,180 100.00
Uploads with valid descriptions 22,750 11,304 34,054 82.70
Uploads with valid transcripts 21,574 15,641 37,215 90.37

Panel C. Comment coverage
Uploads with comments available 22,404 17,774 40,178 97.57
Total comments collected 10,421,204 6,976,990 17,398,194
Mean comments/upload with comments 465.15 392.54 433.03

Note: This table reports the coverage of uploads and associated textual data in the collected sample. The
presence-rate column reports the share of uploads with the corresponding valid field among all uploads in
the full sample of 41,180 uploads.

Stage 2: Text processing, additional signals, and feature construction. Based on

the raw inputs collected in Stage 1, we construct measures separately from four text

sources: titles, descriptions, captions (transcripts), and comments. The processing of the

collected textual data was conducted between December 2025 and January 2026. These

textual measures are grouped into three broad categories. The first captures (1) Basic

text features, including length, the use of emojis and hashtags as indicators of expressive

style and topic engagement, the presence of URLs (primarily in descriptions) as signals of

external linking and cross-platform or commercial redirection, and selected pronoun-use

ratios derived mainly from captions (transcripts) to characterize speech style and audience

orientation. The second captures (2) Emotion and sentiment, which analyzed textual data

using the most established and widely used natural language processing (NLP) tools.

Specifically, NLTK supported text processing and VADER sentiment (polarity) analysis,

together with NRCLex for lexicon-based emotion analysis to distinguish more positive,

neutral, and negative tones from both the creator and the audience sides. The third captures
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(3) Gender bias and harmful language, which analyzed textual data using well-established

NLP tools available, including GenBiT for gender bias, Detoxify for toxicity, identity

attack, and distilbert-sexism-detector for sexist language. Constructing these measures

separately by text source allows us to distinguish creator-generated text from audience-

generated text and to identify which textual dimensions are most closely associated with

the residual gender income gap.

In parallel, we collect an additional set of video-level commercial and interaction

signals using the SponsorBlock API. For each upload, we record both the duration and

the count of labeled segments in three categories: sponsor content, self-promotion, and

explicit interaction prompts, such as reminders to like, subscribe, comment, or follow.

Although these signals may not map directly into advertising revenue package, they

capture the extent to which creators embed brand-oriented promotion, self-marketing, and

audience-activation strategies in their content, all of which may indirectly shape visibility,

engagement, and ultimately income.

Stage 3: Composite variable construction. Most measures constructed in the previous

stages are obtained separately for long-form videos and shorts. To reduce dimensionality

while retaining information from both formats, we aggregate each paired long-form video

and shorts measure into a single creator-level composite variable using a weighted mean.8

The weights are variable-specific and depend on the number of valid observations available

for each format. For general content-level measures, the weights are based on the numbers

of long-form videos and shorts collected for each creator. For text-based measures, they

are based on the numbers of valid observations for the corresponding text source, such

as titles, descriptions, captions, or comments. This procedure places greater weight on

the format contributing more usable information for a given measure and allows us to

retain both long-form video and shorts information without including two highly collinear

versions of the same characteristic.
8For creator 𝑖 and characteristic 𝑘 , the composite measure is computed as 𝑥𝑖𝑘 = 𝑤𝑖𝑘𝑥

𝐿
𝑖𝑘
+ (1 − 𝑤𝑖𝑘)𝑥𝑆𝑖𝑘 ,

where 𝑥𝐿
𝑖𝑘

and 𝑥𝑆
𝑖𝑘

denote the long-form video and shorts measures, respectively, and 𝑤𝑖𝑘 = 𝑛𝐿
𝑖𝑘
/(𝑛𝐿

𝑖𝑘
+ 𝑛𝑆

𝑖𝑘
).
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3.3.4 Descriptive statistics

This subsection introduces the main variables used in the empirical analysis and summa-

rizes their distributions in the final analytical sample. As described above, the dataset

combines multiple layers of information, which can be grouped into two broad compo-

nents. The first consists of the baseline controls carried over from our previous income

gap analysis: (1) Creator-level demographic and identity characteristics, (2) Channel-level

characteristics and content category, and (3) Video-level measures of production, activity,

and engagement9. The second consists of newly constructed video-level variables based

on each creator’s top content, including (4) General characteristics, (5) Textual features,

and (6) Commercial and interaction signals.

Table 3.2 summarizes these newly constructed variables derived from each creator’s top

content used in the main analysis. While Table 3.3 further reports descriptive statistics for

these variables by creator gender. The table presents sample means for the full sample and

separately for male and female creators, together with the corresponding mean differences.

Several broad patterns emerge.

From the creator side, male creators tend to have larger values on several general

measures of top content. In particular, they exhibit significantly longer average upload

duration and higher average likes, whereas gender differences in average comments and

upload recency are small and statistically insignificant. Female creators, by contrast, tend

to use longer and more positive titles and make greater use of emojis and hashtags in titles.

In descriptions, they also display more positive sentiment and greater use of emojis, while

gender differences in description length, URLs, and hashtags remain limited. In captions,

female creators again appear more positive on average and use a higher first-person pronoun

ratio, consistent with a somewhat more personal and affective communication style. At

the same time, female creators also score slightly higher on the sexism-related language
9These measures combine annual and recent information. Annual production and one activity measure

are based on yearly upload data, whereas upload frequency and engagement are based on the creator’s 50
most recent videos. Activity is captured both by whether any video was uploaded during the year and by the
average gap between consecutive recent uploads.
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Table 3.2. Description of newly added top content variables

Variable Description

General Characteristics (metadata)
Duration Duration of long-form videos and shorts.
Likes Likes on long-form videos and shorts.
Comments Comments on long-form videos and shorts.
Recency Days since upload for long-form videos and shorts.

Textual Features (by four text sources)
1. Title

Length Title length.
Sentiment Title sentiment score.
Emojis and hashtags Number of emojis and hashtags used in titles.
Bias & harm indicators Gender bias, identity attack, severe toxicity, and sexualized-content mea-

sures.
2. Description

Length Description length.
URLs, emojis, and hashtags Number of URLs, emojis, and hashtags used in descriptions.
Sentiment Description sentiment score.
Bias & harm indicators Gender bias, identity attack, severe toxicity, and sexualized-content mea-

sures.
3. Caption/Transcript

Length Caption/transcript length.
Pronoun use First-, second-, and third-person pronoun-use ratios.
Sentiment and emotions Sentiment and emotion-related measures derived from captions/transcripts.
Bias & harm indicators Gender bias, identity attack, severe toxicity, and sexualized-content mea-

sures.
4. Comments

Length Comment length.
Sentiment and emotions Comment sentiment score.
Emojis and hashtags Number of emojis and hashtags used in comments.
Bias & harm indicators Gender bias, identity attack, severe toxicity, and sexualized-content mea-

sures.

Commercial and Interaction Signals
Sponsor segment duration Duration of sponsor segments identified through the SponsorBlock API.
Self-promotion duration Duration of self-promotional segments identified through the Sponsor-

Block API.
Interaction segment duration Duration of segments encouraging likes, subscriptions, comments, follows,

or related audience actions.

Note: This table reports newly added video-level variables from creators’ top content used in the main
analysis. Measures are aggregated to the creator level using each creator’s long-form videos and shorts with
available text or comment data, following the weighting procedure described in Section 3.3.3. Baseline
controls are omitted for brevity. The full set of regression variables, including baseline controls and newly
constructed measures, is reported in Appendix B, Table B1.
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Table 3.3. Descriptive statistics by gender: Aggregated top content variables

Variables Mean Male Female Difference
(N=485) (N=367) (N=118) Male–Female

General Characteristics
Average duration (seconds) 596.811 628.458 498.384 130.074∗∗

Average likes 575,000 612,000 462,000 149,000∗

Average comments 12,058.241 12,312.099 11,268.701 1,043.398
Average days since upload 1,669.968 1,671.945 1,663.819 8.126

Title Variables
Title length 7.248 7.028 7.933 −0.905∗∗∗

Title sentiment 0.008 -0.003 0.042 −0.045∗∗∗

Title emojis 0.198 0.158 0.320 −0.162∗∗∗

Title hashtags 0.253 0.205 0.402 −0.197∗∗∗

Title gender bias ratio 0.010 0.022 -0.027 0.049∗∗∗

Title identity attack 0.001 0.002 0.001 0.001∗∗

Title severe toxicity 0.000 0.000 0.000 0.000∗∗∗

Title sexism 0.015 0.014 0.017 −0.003∗∗∗

Description Variables
Description length 112.310 111.722 114.142 −2.420
Description sentiment 0.500 0.455 0.642 −0.187∗∗∗

Description URLs 5.249 5.229 5.312 −0.083
Description emojis 1.457 1.321 1.878 −0.557∗

Description hashtags 1.478 1.461 1.530 −0.069
Description gender bias ratio 0.090 0.112 0.021 0.091∗∗∗

Description identity attack 0.001 0.001 0.000 0.000
Description severe toxicity 0.000 0.000 0.000 0.000
Description sexism 0.017 0.014 0.028 −0.014∗∗∗

Caption / Transcript Variables
Transcript length 1,538.062 1,621.766 1,277.727 344.039∗∗

Transcript sentiment 0.613 0.595 0.669 −0.073∗∗∗

Transcript 1st-person pronoun ratio 0.063 0.062 0.070 −0.008∗∗∗

Transcript 2nd-person pronoun ratio 0.035 0.035 0.034 0.001
Transcript 3rd-person pronoun ratio 0.037 0.037 0.036 0.001
Transcript NRC positive emotion 0.194 0.190 0.206 −0.016∗∗∗

Transcript NRC negative emotion 0.142 0.145 0.132 0.013∗∗∗

Transcript VADER positive sentiment 0.671 0.669 0.677 −0.009
Transcript VADER negative sentiment 0.148 0.159 0.114 0.045∗∗∗

Transcript gender bias ratio 0.278 0.330 0.118 0.212∗∗∗

Transcript identity attack 0.005 0.006 0.002 0.004∗∗∗

Transcript severe toxicity 0.003 0.003 0.002 0.002∗

Transcript sexism 0.025 0.024 0.027 −0.003

Comment Variables
Comment length 12.131 12.339 11.484 0.855∗

Comment sentiment 0.108 0.093 0.156 −0.063∗∗∗

Comment emojis 1.073 0.977 1.371 −0.395∗∗∗

Comment hashtags 0.003 0.003 0.004 −0.001
Comment gender bias ratio 0.287 0.428 -0.154 0.582∗∗∗

Comment identity attack 0.004 0.004 0.002 0.002∗∗∗

Comment severe toxicity 0.003 0.003 0.001 0.002∗∗∗

Comment sexism 0.985 0.986 0.984 0.002∗∗∗

Commercial and Interaction Signals
Sponsor segment duration (seconds) 4.119 5.009 1.350 3.659∗∗∗

Self-promotion duration (seconds) 1.645 2.004 0.531 1.472∗∗∗

Interaction segment duration (seconds) 0.998 1.219 0.310 0.910∗∗∗

Note: This table reports descriptive statistics for creator-level measures obtained by aggregating video-level
content variables across each creator’s long-form videos and shorts with available underlying data. The last
column reports the male–female mean difference. *, **, and *** denote significance at the 10%, 5%, and
1% levels, respectively. Baseline-variable statistics are reported in Appendix B, Table B2.
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measures in titles, descriptions, and captions. We interpret this pattern cautiously: rather

than indicating more hostile gender discourse, it likely reflects a greater use of gender-

salient self-presentational language. For example, related research (Duffy and Hund, 2015;

Toffoletti and Thorpe, 2018) suggests that language related to femininity, relationships,

embodiment, or empowerment, is common in gendered self-branding under platform

visibility and attention pressures. Male creators, by contrast, score higher on several bias-

and toxicity-related indicators in creator-generated text, especially in captions, and they

also devote substantially more time to sponsor, self-promotion, and audience-interaction

segments.

From the audience side, the comment measures reveal systematic differences in the

discourse surrounding male and female creators. Comments on male creators are longer on

average and score higher on the bias, identity-attack, severe-toxicity, and sexism measures,

whereas comments on female creators are more positive in sentiment and contain more

emojis. One possible interpretation, consistent with prior research, is that different forms

of online harm are distributed differently across gendered publics. Existing studies show

that women in visible online roles are especially exposed to gendered harassment, including

misogynistic, sexualized, or appearance-based attacks, rather than merely higher levels

of general toxicity or adversarial language (Chen et al., 2018; Boulianne et al., 2019;

Cambronero-Saiz et al., 2023). By contrast, male-dominated or male-centered publics

may be more likely to generate openly confrontational, polarized, and profane discussion

styles, which are more directly captured by our retained comment measures.

This interpretation is also consistent with research on YouTube and other social plat-

forms showing that highly active commenters tend to be more polarized and more toxic,

and that contentious content ecosystems can foster cascades of hostile interaction (Lewis

et al., 2021; Locatelli et al., 2022; Miyazaki et al., 2024). In addition, the platform litera-

ture suggests that attention-based systems often amplify content that generates controversy,

repeated commenting, and sustained engagement, thereby increasing the visibility of ad-

versarial discussion (Tuters and Burton, 2021; Kovacheva et al., 2022; Ringrose et al.,
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2024). In our setting, male creators also exhibit higher average likes and longer uploads,

which may expose them to larger and potentially more conflict-prone audiences. Taken

together, these mechanisms suggest that the higher levels of harmful language observed in

comments on male creators may reflect not lower risk for women, but rather a difference

in the form of online hostility: women may face more gendered or objectifying abuse,

whereas male creators may attract more broadly toxic, polarized, and adversarial comment

environments.

3.3.5 Emotion disaggregation

The descriptive table reports broad sentiment differences across titles, descriptions, cap-

tions, and comments, and in all four sources the aggregate measures suggest that female

creators use or receive more positive language on average. While useful, those summary

indicators necessarily compress multiple emotional dimensions into a single polarity score.

Recent research in economics emphasizes that text can capture economically meaningful

concepts that are difficult to observe in structured variables alone (Gentzkow et al., 2019;

Ash and Hansen, 2023). In the present setting, disaggregating sentiment into finer emo-

tional categories is useful because it shows which emotions underlie the broader sentiment

differences and whether a more positive average sentiment masks offsetting patterns across

specific emotional dimensions.

For this reason, this subsection examines the distribution of emotion specific variables

across text sources. Notably, these measures are not included directly in the main regres-

sions. The reason is mainly econometric: within each text source, the emotion scores

are highly collinear with one another and overlap substantially with the broader sentiment

measures already used in the empirical analysis. Adding the full set of emotion categories

would therefore expand the dimensionality of the model while making coefficient inter-

pretation unstable. We therefore treat the emotion variables as supplementary descriptive

evidence. Their purpose is not to replace the sentiment measures used in the regressions,

but to clarify what those aggregate indicators are summarizing.
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The main text focuses on the eight emotion categories that exhibit the most meaningful

variation in the current data. The neutral category is reported separately in Appendix Fig-

ure A1. This separation is substantively useful. In particular, title text is overwhelmingly

classified as neutral for both male and female creators, so the title-level emotional profile

outside the neutral category is necessarily sparse. Reporting neutral separately therefore

prevents the main figures from being dominated by a category that mainly reflects the

absence of emotionally distinctive wording rather than variation across specific emotions.

Figure 3.4. Gender differences in emotion profiles: Titles

Figure 3.4 shows that emotional variation in titles is limited overall. Most title obser-

vations are concentrated near zero for the non-neutral categories, which is consistent with

the evidence in Figure A1 that titles are predominantly neutral for both genders. Within

that limited variation, female creators show somewhat higher mass in anger, disgust, and

joy, while male creators appear slightly more represented in anticipation and trust. How-
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ever, these differences are small relative to the much larger neutral component of titles, and

the distributions overlap heavily. The main implication is therefore not that title emotions

differ dramatically by gender, but that title language contains relatively little emotionally

distinctive content once neutral wording is set aside. This helps explain why title text is

unlikely to be a dominant mechanism in the later regression analysis.

Figure 3.5. Gender differences in emotion profiles: Descriptions

Figure 3.5 reveals a much richer pattern in descriptions. The most pronounced female-

skewed category is joy, whose distribution is clearly shifted upward for female creators.
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By contrast, male creators are more represented in anger and trust, and they also show

somewhat higher values in fear. Differences in anticipation are more modest, while

disgust, sadness, and surprise remain comparatively small and concentrated near zero.

This pattern matters because it shows that the more positive average description sentiment

among female creators is driven mainly by stronger joyful language rather than by a uniform

reduction in all negative emotions. At the same time, some seemingly favorable categories,

especially trust, are actually more prevalent among male creators. The aggregate sentiment

gap in descriptions therefore masks meaningful heterogeneity in the underlying emotional

composition.

Figure 3.6 is particularly informative because captions contain richer language than

titles or descriptions. Here again, joy is substantially more prevalent for female creators,

which is consistent with the more positive aggregate caption sentiment reported in the

descriptive statistics. However, the finer decomposition also shows that male creators are

more represented in fear and trust, while anticipation is broadly similar across genders.

The remaining categories, such as anger, disgust, and especially sadness, are small in

absolute magnitude even when one side appears somewhat more concentrated in the upper

tail. This is exactly the type of heterogeneity that a single sentiment score obscures: cap-

tions can be more positive on average for female creators while still exhibiting dimensions,

most notably trust and fear, that are more prevalent among male creators.
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Figure 3.6. Gender differences in emotion profiles: Captions

Figure 3.7 is especially important because comments capture audience-side evaluation

rather than creator-side self presentation. The strongest difference is in joy: female creators

receive comment environments with much higher joyful content. At the same time, male

creators receive comments with substantially higher trust, and also clearly higher fear,

anticipation, and anger. By contrast, sadness and disgust remain small and are much less

central to the overall pattern, while surprise is also limited in magnitude. This result is

substantively useful because it shows that comment sentiment is not summarizing a simple
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opposition between “positive” and “negative” reactions. Rather, audience responses differ

in their emotional composition: female creators appear to receive more joyful comment

environments, whereas male creators receive comment environments characterized by

more trust but also more fear, anticipation, and anger. In this sense, the aggregate

sentiment gap masks important heterogeneity in the underlying emotional structure of

public response.

Figure 3.7. Gender differences in emotion profiles: Comments

Taken together, Figures 3.4–3.7 convey three main points. First, the more positive

aggregate sentiment measures observed for female creators do not imply that women score
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higher on every favorable emotional category or lower on every unfavorable one. Rather,

the differences are selective and source-specific. Second, the clearest and most system-

atic female-skewed category is joy, particularly in descriptions, captions, and comments.

Third, male creators tend to be more represented in categories such as trust, fear, antici-

pation, and in some contexts anger, particularly on the audience side. This is consistent

with the broader interpretation of comments as a gendered evaluative environment rather

than just another text field(Veletsianos et al., 2018).

At the same time, these figures remain descriptive. They do not show whether any

specific emotional category matters for income once baseline creator-, channel-, and video-

level controls are included, nor do they resolve multicollinearity among emotion variables.

The analysis therefore relies on more aggregated sentiment measures, while treating these

emotion-specific distributions as complementary evidence on what the broader indicators

capture.

3.4 Empirical strategy

This study examines the extent to which differences in creator language, audience com-

ments, and related video-level features from top content help account for the gender

gap in YouTubers’ income. The empirical strategy is organized around two main steps.

First, we estimate a sequence of nested regression models that progressively incorporate

newly constructed variables derived from each creator’s most popular content. Second,

we implement a Gelbach decomposition to quantify the contribution of different groups

of variables to the change in the estimated gender coefficient in a way that is invariant

to the order of inclusion. In addition, we conduct supplementary block-inclusion and

alternative-ordering analyses to assess the stand-alone explanatory power of each variable

group and the sensitivity of sequential attenuation to specification order. These analyses

complement the main evidence from the nested regressions and Gelbach decomposition.
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3.4.1 Model specification

We begin with a baseline model that relates creator income to gender and the set of controls

used in our previous income gap study. Specifically, we estimate:

ln(Y𝑖) = 𝛼 + 𝛽 female𝑖 + X′
𝑖𝜸 + 𝜀𝑖, (3.1)

where ln(Y𝑖) is the logarithm of estimated annual income for creator 𝑖, proxied by the

midpoint of Social Blade’s reported annual income range. female𝑖 is an indicator equal

to one for female creators and zero for male creators. X𝑖 is a vector of baseline controls,

including creator-level demographic characteristics, channel-level characteristics and con-

tent category, and video-level measures of production, activity, and engagement. 𝜀𝑖 is an

idiosyncratic error term.

To assess whether newly constructed content-based measures help explain the residual

gender gap, we augment the baseline specification with variables derived from each

creator’s top content. The enriched specification is:

ln(Y𝑖) = 𝛼 + 𝛽 female𝑖 + X′
𝑖𝜸 + Z′

𝑖𝜹 + T′
𝑖𝜽 + C′

𝑖𝝀 + 𝜀𝑖, (3.2)

where Z𝑖 denotes general characteristics of top content, T𝑖 denotes textual measures con-

structed from titles, descriptions, captions, and comments, and C𝑖 denotes commercial and

interaction signals, such as sponsor, self-promotion, and audience-engagement prompts.

More specifically, Z𝑖 includes creator-level aggregates of genral characteristics such

as average duration, likes, comments, and recency among top content. T𝑖 includes textual

measures grouped along two dimensions: (1) by text source (title, description, caption,

and comments) and (2) by feature type (text length, emotion and sentiment, text structure

and style, and gender-related and harmful-content indicators). C𝑖 captures additional

non-textual signals extracted from top content segments, including sponsor content, self-

promotion, and explicit interaction prompts directed at the audience.
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The coefficient of primary interest is 𝛽, which captures the conditional gender gap in

advertising income after accounting for observable characteristics included in the base-

line specification. Because estimated advertising income is mechanically determined by

views and CPM, the coefficients in this chapter should be interpreted as capturing factors

associated with those underlying margins rather than direct platform discrimination. The

newly introduced textual and audience-response measures are likely to operate primarily

through the visibility, engagement, and circulation of content, and therefore more plausi-

bly through the views margin, whereas some of the broader channel- and category-level

characteristics examined earlier may also reflect differences in CPM.

To examine how these additional factors relate to the residual gender gap, we estimate a

sequence of nested models that progressively add richer video-level information. We first

add general top content characteristics, followed by textual measures and then commercial

and interaction signals. Within the textual block, we also consider alternative groupings

by text source and linguistic attribute. This approach allows us to track how the estimated

gender coefficient changes as richer information on creator content is introduced, and to

assess which types of video-level features are most closely associated with advertising in-

come and the residual gender income gap. In addition, we report supplementary exercises,

including alternative sequential orderings and separate block inclusion analyses, to assess

the robustness of these patterns and the sensitivity of the sequential results to specification

order.

3.4.2 Gelbach decomposition

Although sequential inclusion is informative, the estimated contribution of a given block of

variables can depend on the order in which regressors are added. To address this issue, we

complement the inclusion specifications with a Gelbach decomposition (Gelbach, 2016).

In our application, the decomposition compares a reduced specification including only

the female indicator with the full model in equation (3.2), thereby providing an exact and

order-invariant decomposition of the change in the estimated gender coefficient.
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Let 𝛽𝑅 denote the coefficient on Female𝑖 from the reduced specification, and let 𝛽𝐹

denote the corresponding coefficient from the full model. The Gelbach decomposition

expresses the difference as:

𝛽𝑅 − 𝛽𝐹 =
∑︁
𝑘

Δ𝑘 , (3.3)

where each Δ𝑘 captures the contribution of a particular group of regressors to the overall

change in the estimated gender coefficient.

In principle, the decomposition can be applied to all groups of variables included

in the full specification, including both the baseline controls and the newly constructed

video-level measures. In the main text, however, we focus on the contribution of the newly

added variables, since these are the central objects of interest in this chapter. Accordingly,

in the next section we report decomposition results for broad blocks such as general video

characteristics, textual measures, and commercial and interaction signals, and, where

informative, further decompose the textual measures by text source and feature type.

3.5 Results

This section presents the main empirical results by tracing how the coefficient on Female

evolves across sequentially augmented specifications and by reporting the corresponding

order-invariant Gelbach decompositions. These results speak directly to the paper’s cen-

tral question of whether video-level textual and audience-side patterns help account for the

gender gap in creators’ estimated advertising income. The analysis therefore begins with

the sequential and decomposition results, which most clearly show where the explanatory

power is concentrated. A separate-block inclusion analysis is then presented as a supple-

mentary check between the decomposition results and the variable-level analysis. Finally,

the full-specification OLS estimates for the male, female, and pooled samples are used

more selectively to interpret the main correlates of the gap and the gender heterogeneity

in those associations.
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3.5.1 A persistent baseline gender income gap

Table 3.4 establishes the baseline empirical benchmark for the analysis. The specifica-

tion begins with demographic and identity characteristics, then adds channel basics and

content category controls, and finally incorporates annual production, activity, and en-

gagement measures. These are exactly the controls used in our previous study, in which

the estimated gender gap was reduced but not eliminated, thereby motivating the present

extension to richer top content measures. This ordering is deliberate. Together, these

variables capture the most immediate observable correlates of creator success in platform

labor markets—who the creator is, what type of content the creator produces, how large

and visible the channel is, and how actively the creator sustains audience attention and

interaction (Christin and Lu, 2023; Glatt, 2023). Related work on YouTube and influencer

cultures further suggests that creators are sorted across gendered content niches and modes

of self-presentation, implying that channel category and creator profile are not incidental

controls but central dimensions of platform inequality (Pattier, 2021; Jorge et al., 2023;

Gioia and Morabito, 2025).

Table 3.4. Baseline gender income gap in estimated annual YouTube advertising income

(1) (2) (3)

Female −0.545∗∗ −0.445∗∗ −0.270∗∗

[0.227] [0.184] [0.137]

Basic control blocks (G0)
Demographics & identity Yes Yes Yes
Channel basics & content category Yes Yes
Annual production, activity & engage-

ment
Yes

Observations 485 485 485
𝑅2 0.096 0.415 0.689

Note: The dependent variable is estimated annual income. The key variable is an indicator for female
creators. Columns (1)–(3) sequentially add the baseline control blocks shown in the table. Robust standard
errors are reported in brackets. *, **, and *** denote significance at the 10%, 5%, and 1% levels,
respectively.

The results show that the estimated income gap persistent and remains statistically

significant in every column. Although the coefficient on Female declines as additional
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baseline controls are introduced, it remains around −0.270 in the fullest baseline specifi-

cation, indicating that those observables combined xplain only part of the gender income

gap.

The persistence of this residual gap motivates the next step of further analysis. Research

on creator labor emphasizes that platform success depends not only on scale or activity,

but also on self-branding, relational labor, and the ability to cultivate and maintain an

audience community (Glatt, 2023). In YouTube and influencer settings, these processes

are inherently communicative: creators compete through titles, descriptions, and spoken

presentation, while audiences respond through visible engagement and comment-based

evaluation (Jorge et al., 2023; Glatt, 2023). This suggests that part of the remaining

disparity may lie in the textual and interactional environment through which creator content

is presented and received. The next step is therefore to examine whether the residual

gender gap can be further explained by richer video-level information not captured by the

baseline controls, especially textual features derived from creators’ titles, descriptions,

and captions, as well as from audience comments.

3.5.2 Sequential model specification

The sequential specifications in this subsection are used to trace how the coefficient on

Female changes as additional blocks of video-level variables are introduced. We organize

the same full set of covariates in two complementary ways. The text-source path groups

variables by where the text comes from, allowing us to distinguish between creator-side

and audience-side sources. The linguistic-attribute path groups the same variables by what

kind of linguistic information they capture, allowing us to assess whether the remaining

gender gap is more closely associated with verbosity, sentiment, style, or harmful-content

indicators. Taken together, the two paths provide a compact view of how the residual

gap responds to alternative but substantively meaningful ways of organizing the same

information. At the same time, these sequential paths should be interpreted cautiously. As

emphasized in the literature on Gelbach decomposition, sequential attenuation is inherently
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order-dependent, so the exact path of coefficient changes cannot by itself establish which

block matters most (Gelbach, 2016; Cools et al., 2020). For that reason, the sequential

results are best understood as descriptive illustrations, while the main assessment of relative

explanatory importance is provided by the Gelbach decomposition and complemented by

the separate block inclusion results.

Figure 3.8. Female coefficient paths across sequential specifications
Note: The figure plots the estimated coefficient on Female across seven sequential specifications under

two grouping schemes: text source and linguistic attribute. M0 includes baseline controls only; M1

adds general top-video characteristics; M2–M5 add, respectively, title, description, caption/transcript,

and comment features in the text-source path, and length and verbosity, sentiment polarity, style

and structure, and Bias & harm indicators in the linguistic-attribute path; M6 additionally includes

sponsor, self-promotion, and interaction signals. Point estimates are labeled next to each marker, with

significance indicated by asterisks; shaded areas denote 95% confidence intervals. Exact estimates and

robust standard errors are reported in Appendix B, Table B4 and Table B5.

Figure 3.8 summarizes both coefficient paths and serves as the main reference for this

subsection. Three patterns stand out. First, in both paths the largest early compression

occurs when general top content characteristics are added in Model 1, indicating that an

important part of the baseline female penalty is associated with observable differences
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in the performance profile of creators’ most visible videos. In the baseline ordering

shown here, the coefficient on Female is no longer statistically significant from that point

onward. This is an important result, but it should not be read too strongly as evidence that

general top-content characteristics uniquely explain the remaining gap, because alternative

orderings reported in the robustness checks show that audience-side textual variables can

also reduce the coefficient to zero before performance metrics are introduced. Second,

the two paths diverge in the middle of the sequence. Under the text-source grouping,

the largest later shift occurs when comment variables enter in Model 5, whereas under

the linguistic-attribute grouping the decisive movement occurs earlier, when sentiment

variables are introduced in Model 3. Third, the two paths converge mechanically in the

final specification because both ultimately include the same full set of controls. Since

Figure 3.8 already reports the estimated coefficients and significance levels, the discussion

below focuses only on the main turning points in each path. The exact regression outputs

are reported in Appendix B, Tables B4 and B5.

Sequential inclusion by text source

The text-source path shows that the largest single reduction in the coefficient on Female

occurs between Model 0 and Model 1, where the estimate falls from −0.270 to −0.128.

Under the baseline ordering, this indicates that a substantial part of the residual gap is

associated with top content general characteristics rather than with gender itself. However,

this early compression should be interpreted as the result of one particular ordering rather

than as definitive proof that performance metrics are the sole or dominant channel. After

that point, creator-generated text contributes relatively little to further attenuation. Moving

from Model 1 to Models 2–4, the coefficient remains in a fairly narrow range, indicating

that title, description, and caption features are relevant for income overall but do not

substantially reduce the remaining gender gap in this ordering.

The main source-specific shift occurs only when audience comments are added in

Model 5. At that point, the coefficient declines sharply from −0.155 to −0.032, while

125



model fit also improves noticeably. This suggests that, conditional on creator and channel

characteristics, the most informative textual signal lies less in how creators frame their

content than in how audiences respond to it. Adding sponsor, self-promotion, and in-

teraction signals in Model 6 changes the coefficient only minimally, implying that these

variables provide little additional explanatory power once top-content characteristics and

audience comments are already taken into account.

Sequential inclusion by linguistic attribute

The linguistic-attribute path conveys the same broad message at the beginning and end of

the sequence, the key difference lies in the middle of the path. Adding length and verbosity

in Model 2 produces almost no additional movement, suggesting that text volume itself

is not central to the residual gender difference. The decisive shift occurs in Model 3,

when sentiment variables are introduced and the coefficient falls from −0.124 to −0.016.

Under this ordering, sentiment-related features are therefore the most informative linguistic

margin for explaining the remaining gap.

Subsequent additions are less monotonic. Style and structure variables in Model 4

move the coefficient somewhat away from zero, while bias & harm indicators in Model 5

partially attenuate it again. Even so, the overall pattern remains clear: among linguistic

attributes, sentiment contributes the strongest reduction in the residual Female coefficient,

whereas the other linguistic dimensions are more modest or offsetting in their contribution.

Taken together, the two sequential paths point to a common conclusion. Under the

current cumulative ordering of variable groups, the residual female income gap narrows

most sharply when general top-content characteristics are introduced. Beyond this initial

attenuation, the text-source path shows that audience comments are the most important

textual source, while the linguistic-attribute path shows that sentiment is the most important

textual dimension. These patterns should be interpreted cautiously, however, because

sequential inclusion is inherently order-dependent. The robustness checks using alternative

orderings in Section 3.5.6 show that the exact attenuation path changes with the order in
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which variable groups are added. The broader conclusion is therefore not that any single

block, such as general top-content characteristics, uniquely “kills” the effect, but rather

that the remaining disparity is explained by the joint contribution of richer top-content,

textual, and audience-response measures. In this sense, the two sequential specifications

are complementary rather than definitive: one shows where the most informative textual

signal comes from, and the other shows what kind of textual information matters most,

while the order-invariant decomposition in the next section provides the main basis for

assessing relative explanatory importance.

3.5.3 Gelbach decomposition results

Table 3.5 reports the Gelbach decomposition results, which reallocates the change in

the coefficient on Female in an order-invariant way. Because the non-text blocks are

identical under both grouping schemes (by text source / by linguistic feature), the common

components are reported only once in Panel A. The textual variables are then reorganized

in two complementary ways, by text source in Panel B and by linguistic feature in Panel C.

The decomposition both confirms and qualifies the sequential evidence. In the se-

quential specifications, the coefficient on Female falls sharply when general top-content

characteristics are introduced early in the model. The Gelbach decomposition provides a

more cautious interpretation: the contribution of video-level general features is negative,

as expected, but smaller and not statistically significant. This suggests that these variables

help attenuate the gender income penalty, but their apparent importance in the sequential

path partly reflects the order in which variables are added. Sponsor, self-promotion, and

interaction signals contribute essentially nothing to the change in the coefficient once the

full set of variables is considered.

Panel B shows that, when textual features are grouped by source, comment text has the

largest negative contribution among the text blocks. This is consistent with the sequential

results, where the main source-specific attenuation occurs when audience comments are

added. However, the estimate is imprecise, and the confidence interval is wide. Title,
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description, and caption text do not provide a consistent attenuation pattern: title and

caption text have positive coefficients, while description text is close to zero. The source-

based decomposition therefore supports the idea that audience-side text is more informative

than creator-side text, but it does not by itself provide strong evidence that any single text

source dominates.
Table 3.5. Gelbach Decomposition of the Change in the Female Coefficient

Group Coefficient Std. Err. 𝑝-value 95% CI

Panel A. Common Blocks across Both Decompositions
G1: Video-level general features −0.057 (0.069) 0.409 [−0.192, 0.078]
G6: Sponsor / self-promo / interaction 0.000 (0.021) 0.997 [−0.041, 0.041]

Panel B. Textual Features Grouped by Text Source
G2: Title text 0.022 (0.059) 0.706 [−0.093, 0.138]
G3: Description text −0.004 (0.051) 0.932 [−0.105, 0.096]
G4: Caption text 0.044 (0.127) 0.730 [−0.205, 0.293]
G5: Comment text −0.129 (0.236) 0.585 [−0.592, 0.334]

Panel C. Textual Features Grouped by Linguistic Feature
G2: Length & verbosity −0.015 (0.035) 0.667 [−0.084, 0.054]
G3: Sentiment polarity −0.238∗∗∗ (0.080) 0.003 [−0.396, −0.080]
G4: Style & structure 0.108∗ (0.062) 0.081 [−0.013, 0.229]
G5: Bias & harm indicators 0.078 (0.206) 0.706 [−0.326, 0.481]

Total change (
∑

G1–G6) −0.324 (0.271) 0.231 [−0.855, 0.207]

Note: The dependent variable is estimated annual income. The Gelbach decomposition is performed
relative to a restricted specification including only the indicator for Female. Common blocks G1 and G6
are identical across the two decompositions and are reported once. Panel B groups textual variables by text
source, while Panel C groups the same variables by linguistic feature type. Each coefficient reports the
contribution of the corresponding block to the change in the coefficient on Female. Negative coefficients
indicate that the block attenuates the female income penalty. Robust standard errors are reported in
parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Panel C provides the clearest refinement. When the same textual variables are grouped

by linguistic feature, sentiment polarity emerges as the largest and only statistically signif-

icant contributor to the attenuation of the coefficient on Female. By contrast, length and

verbosity contribute little, while style and structure and bias and harm indicators move

the coefficient in the opposite direction. This pattern suggests that the relevant textual

margin is not simply text volume, textual structure, or harmful-language markers, but the

evaluative and sentiment-related tone of the language associated with creators.

Taken together, the sequential regressions and the Gelbach decomposition point to
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a common conclusion, but with different emphases. The sequential paths show where

attenuation occurs under a given ordering, while the Gelbach decomposition provides an

order-invariant assessment of relative contributions. The results therefore should not be

read as showing that any single block, such as general top-content characteristics, uniquely

explains the gap. Rather, the remaining female income penalty is accounted for by the

joint contribution of richer video-level and textual measures, with the strongest textual

evidence coming from audience-side sentiment-related variables.

3.5.4 Separate block inclusion results

Table 3.6 complements the cumulative sequential specifications and the Gelbach decom-

position by asking a simpler question: how much does the coefficient on Female change

when each block is added on its own to the baseline-controls specification? Because

these models are not cumulatively nested beyond the common baseline, they should not

be interpreted as marginal contributions in the same sense as the sequential paths. In-

stead, they show the stand-alone explanatory power of each block relative to the residual

female income penalty that remains after the baseline controls are included. Appendix

Table B8 reports the same exercise relative to the gender-only baseline and helps place the

baseline-controls results in a broader perspective.

The clearest common result remains the role of top content genral metrics. Added

on their own to the baseline-controls specification, they reduce the coefficient on Female

from −0.270 to −0.128, corresponding to a 52.6% attenuation. The difference relative

to the baseline-controls coefficient is only marginally significant (𝑝 = 0.080), but the

economic reduction is substantial. By contrast, sponsor, self-promotion, and interaction

variables leave the coefficient essentially unchanged and show no meaningful explanatory

role (𝑝 = 0.944).

Among the text-source blocks in Panel B, comments again produce the largest attenu-

ation, reducing the coefficient to −0.242, but the change relative to the baseline-controls

specification is small and far from statistically significant (𝑝 = 0.884). Title and caption
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blocks move the coefficient further away from zero, while description text generates only

a very small attenuation. Taken together, these results suggest that, when considered in

isolation, creator-side and audience-side text blocks have limited stand-alone explanatory

power once the baseline controls are already included. This is weaker than in the cumula-

tive sequential results, where comments become more informative after other creator- and

content-side differences are taken into account.
Table 3.6. Separate block inclusion results relative to the baseline-controls specification

Group
Coefficient
(Female)

Robust
SE

% change
vs. baseline

𝑝-value
vs. baseline 𝑅2

Baseline controls only −0.270∗∗ (0.137) 0.689

Panel A. Common blocks
Base + Top content general metrics −0.128 (0.128) 52.59 0.080 0.758
Base + Sponsor & self-promo & interac-
tion

−0.271∗∗ (0.138) − 0.37 0.944 0.691

Panel B. Grouped by text source
Base + Title text features −0.319∗∗ (0.142) −18.15 0.308 0.700
Base + Description text features −0.257∗ (0.143) 4.82 0.833 0.705
Base + Caption text features −0.364∗∗ (0.154) −34.82 0.295 0.723
Base + Comment text features −0.242 (0.228) 10.37 0.884 0.731

Panel C. Grouped by linguistic attribute
Base + Length & verbosity −0.265∗ (0.137) 1.85 0.836 0.693
Base + Sentiment polarity −0.137 (0.161) 49.26 0.068 0.719
Base + Style & structure −0.347∗∗∗ (0.134) −28.52 0.256 0.728
Base + Bias & harm indicators −0.028 (0.232) 89.63 0.210 0.720

Observations 485

Note: The dependent variable is estimated annual income. The main independent variable is an indicator for
female creators. All models include baseline controls. Each model adds one block separately to the baseline-
controls specification. Panel A reports common blocks that are identical across both grouping schemes. Panel
B groups textual variables by text source, while Panel C groups the same variables by linguistic attribute. The
column “% change vs. baseline” reports the percentage attenuation in the absolute value of the coefficient on
Female relative to the baseline-controls specification, computed as 100 × (|𝛽base | − |𝛽 𝑗 |)/|𝛽base |. Positive values
indicate attenuation, while negative values indicate amplification. The column “𝑝-value vs. baseline” reports
post-estimation tests of equality between the coefficient on Female in each specification and that in the baseline-
controls specification. Robust standard errors are reported in parentheses. *, **, and *** denote significance at
the 10%, 5%, and 1% levels, respectively.

Panel C sharpens the interpretation by reorganizing the same information by linguistic

attribute. Length and verbosity are essentially uninformative. Sentiment polarity, by

contrast, reduces the coefficient from −0.270 to −0.137, implying a 49.3% attenuation,

and this difference is marginally significant relative to the baseline-controls specification
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(𝑝 = 0.068). Style and structure move in the opposite direction, amplifying the female

coefficient, while bias-and-harm indicators reduce it sharply to −0.028. However, this

large numerical attenuation is not statistically distinguishable from the baseline-controls

coefficient at conventional levels (𝑝 = 0.210). It is therefore better interpreted as strong

stand-alone explanatory power than as evidence of a clean and independent channel.

Table B8 in Appendix B helps clarify this pattern. Relative to the gender-only baseline,

the results are more polarized. Demographic controls, title text, caption text, style and

structure, and bias-and-harm indicators all produce statistically significant changes in the

coefficient on Female, while comments and sentiment reduce the raw gap more modestly.

Most notably, the bias-and-harm block yields a positive coefficient when added on its own

to the gender-only specification, indicating over-correction rather than simple attenuation.

This suggests that these variables capture a broader set of gender-sorted differences in

the raw data. Once the richer baseline controls are introduced, that stronger pattern is

substantially muted.

Overall, the separate block inclusion exercise refines the interpretation of the earlier

results in two ways. First, it confirms that top-video performance metrics remain the

most important common block. Second, it shows that stand-alone explanatory power is

weaker and less stable than the cumulative sequential results might suggest. In particular,

sentiment emerges as the most informative linguistic block once the baseline controls

are included, whereas comments and bias-and-harm indicators appear more sensitive to

whether other correlated blocks have already been partialled out. The contrast between

the two tables therefore reinforces a simple point: what a block explains on its own need

not coincide with what it explains incrementally once other related dimensions are already

in the model.

3.5.5 Variable-level contributions

Figure 3.9 reports variable-level contributions to the change in the coefficient on Female

using two complementary approaches: sequential one-by-one inclusion and Gelbach de-
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composition. This helps identify which specific variables drive the block-level patterns

documented above. Tables 3.7–3.9 then report the corresponding full-specification ordi-

nary least square (OLS) coefficients, split by mechanism. This sequence is useful because

the figure identifies which variables matter most for the Female coefficient, while the

regression tables show how those same variables are associated with income in the male,

female, and pooled samples.

Figure 3.9. Variable-level contributions to the gender income gap
Note: The figure reports variable-level contributions to the coefficient on Female under two approaches:
sequential one-by-one inclusion and Gelbach decomposition. All values are scaled by the absolute value
of the coefficient on Female in the gender-only regression. Positive values indicate that the variable
attenuates the baseline female income penalty, while negative values indicate that it enlarges it. Variables
are grouped into general features, commercial and interaction signals, and textual features derived from
titles, descriptions, captions/transcripts, and comments.

Specifically, Figure 3.9 translates the variable-level results into signed percentage

contributions to the total change in the Female coefficient10. The two columns compare

the simple sequential metric with the Gelbach-based metric, so the figure should be read

as a compact summary of which individual variables account for more, or less, of the

attenuation in the residual female income gap. The figure points to a highly concentrated
10Variable-level contributions are normalized by the coefficient from the gender-only regression. In the

sequential approach, each contribution equals the incremental change in the Female coefficient when the
variable is added, expressed as a percentage of the absolute gender-only coefficient. In the Gelbach approach,
each contribution equals the corresponding decomposition component, scaled in the same way. Positive
values indicate attenuation of the female income penalty; negative values indicate amplification.
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structure of explanatory power. Two variables stand out above all others: average likes

among the best performing content and comment sentiment. The first is the dominant

non-textual contributor, while the second is the dominant textual contributor, especially

under the Gelbach decomposition. By contrast, most creator-side text variables have small

or offsetting effects, and the commercial&interaction signals contribute very little. This

pattern suggests a clear economic distinction: the residual female income gap is explained

less by how creators package their content in a narrow textual sense, and more by two

audience-facing margins: whether top content receives strong endorsement, and what kind

of evaluative environment surrounds it in the comment space.

At the same time, the contribution figure and the OLS tables (Tables 3.7–3.9) sum-

marize different quantities and should therefore be interpreted differently. The heatmap

tracks how controlling for a variable changes the estimated coefficient on Female, while

the OLS tables instead show the conditional association between that variable and income

within the full specification. A variable can therefore be strongly related to income yet

explain little of the gender gap, or vice versa. The most informative mechanism discussion

must combine both pieces of evidence with the gender differences in the raw distributions

documented earlier.

Non-textual variables: audience endorsement dominates. Table 3.7 shows that

among the non-textual variables, the most economically important and most consistent

predictor is average likes of creator’s most popular videos. Its coefficient is positive and

statistically significant in the male, female, and pooled regressions, and Figure 3.9 shows

that it is also the single largest non-textual contributor to the reduction in the Female

coefficient under both sequential inclusion and Gelbach decomposition. This alignment is

substantively important. Female creators receive fewer likes on their most popular videos

on average than male creators (Table 3.3), yet likes are strongly rewarded in the income

regressions. The female-subsample coefficient is, if anything, larger than the male coeffi-

cient, suggesting that the issue is not weaker returns to audience approval for women, but

lower exposure to that approval on the most visible content.
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Other general features are less robust. Average comments and average days since up-

load enter negatively in the pooled specification, but neither displays the same consistent

relevance for the gender gap as likes. Average duration is small and statistically weak

throughout. Commercial and interaction variables also play a limited role. Sponsor seg-

ment duration, self-promotion duration, and interaction-segment duration are close to zero

and statistically insignificant across specifications, and their contributions in Figure 3.9 are

negligible or slightly negative. Given that the dependent variable is an advertising income

proxy rather than total creator earnings, these variables should be interpreted as signals of

monetization oriented content design rather than direct measures of sponsorship revenue.

Their weak explanatory role therefore suggests that explicit commercial signaling does

not account for much of the advertising-income gap between male and female creators.

Table 3.7. Full-specification OLS Estimates: Non-textual Features

Variables Male Female Combined
(N = 367) (N = 118) (N = 485)

General Features
Average duration 0.000 (0.000) 0.001 (0.002) 0.000 (0.000)
Average likes 0.000∗∗ (0.000) 0.001∗∗ (0.000) 0.001∗∗ (0.000)
Average comments −0.007∗ (0.004) −0.035∗ (0.018) −0.009∗∗∗ (0.004)
Average days since upload −0.000∗∗∗ (0.000) −0.000 (0.000) −0.001∗∗∗ (0.000)

Commercial & Interaction Signals
Sponsor segment duration −0.005 (0.004) −0.042 (0.032) −0.004 (0.004)
Self-promotion duration 0.017 (0.014) 0.043 (0.143) 0.010 (0.014)
Interaction segment duration −0.006 (0.018) −0.091 (0.153) −0.001 (0.016)

Controlled groups
Baseline controls Yes Yes Yes
Textual features: title Yes Yes Yes
Textual features: description Yes Yes Yes
Textual features: caption Yes Yes Yes
Textual features: comments Yes Yes Yes
𝑅2 0.822 0.958 0.813

Note: The dependent variable is estimated annual income. The table reports selected rows from the
full-specification regressions for the male subsample, female subsample, and pooled sample. All columns
include the full set of baseline controls, which are omitted for brevity and reported in Appendix Table B3.
Robust standard errors are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and
1% levels, respectively.
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Creator-side text: income-relevant but diffuse. Table 3.8 shows that creator-side

textual features are related to income, but the pattern is heterogeneous across text sources,

linguistic attributes, and subsamples. In titles, the clearest patterns are that more positive

wording is associated with higher income in the male and pooled regressions, whereas

severe toxicity is associated with lower income in those same specifications. Most other

title features are small and statistically imprecise. In descriptions, the most stable predictor

is the number of URLs, which enters negatively and significantly in both the male and

pooled regressions. By contrast, other description measures are either weak or sample-

specific: for example, description hashtags and description sentiment are negative and

significant only in the female subsample, while description emojis are only weakly positive

for male creators. These results indicate that description fields contain some income-

relevant information, but not a common pattern that maps cleanly onto the pooled gender

gap.

Captions contain stronger signals, but these too are internally mixed. In the pooled

regression, caption sentiment is negatively associated with income, VADER positive

sentiment is positively associated with income, the caption gender-bias ratio is negatively

associated with income, and caption identity-attack language is positively associated with

income. In the female subsample, second-person pronoun use is negatively associated

with income, whereas in the male subsample, VADER positive sentiment and the caption

gender-bias ratio remain the clearest significant predictors. Thus, even within captions,

which emerged as the most informative creator-generated text source in the earlier block-

level results, the relevant mechanisms do not all point in the same direction. Some

measures suggest that more positive affect is rewarded, while others indicate that more

confrontational or identity-salient language can also be associated with higher income.

Figure 3.9 reinforces this interpretation. A few caption-based variables make signifi-

cant contributions to the attenuation of the Female coefficient, but most title and description

variables contribute only modestly, and several of them offset one another in sign. This

helps explain why the creator-side text blocks improve model fit without generating a large

135



or monotonic reduction in the coefficient on Female. Creator-controlled language clearly

matters for income, but it does not line up with a single dominant creator-side mechanism

behind the remaining gender gap. Substantively, this suggests that the residual disparity

is not primarily explained by a simple story in which women write systematically less ef-

fective titles, descriptions, or spoken text. Rather, creator-side language bundles multiple

signals: tone, style, confrontation, and presentation, whose effects partially offset one an-

other. Relative to the strongest non-textual and audience-side variables, creator-controlled

text therefore appears to be a secondary channel.

Audience-side text: comment sentiment stands out. Table 3.9 provides the clearest

variable-level evidence on the audience side. Among all comment variables, comment

sentiment stands out most clearly. In the pooled full specification, it is large, negative, and

highly statistically significant; it is likewise strongly negative in the male subsample and

remains negative and statistically significant in the female subsample as well. Figure 3.9

shows that comment sentiment is also the largest positive comment-side contributor to

the reduction in the coefficient on Female, especially under the Gelbach decomposition.

Taken together, these results indicate that the evaluative tone of audience comments is the

most important audience-side variable associated with attenuation of the residual gender

gap.

Other audience-side variables add nuance, but they do not provide the same degree

of clarity. Comment emojis are positively associated with income in the pooled and

male regressions, yet they make a negative contribution in Figure 3.9, indicating that they

do not reduce the coefficient on Female once their covariance with other audience-side

features is taken into account. Comment gender-bias ratios contribute positively in the

figure, especially under the Gelbach decomposition, but their direct OLS coefficients are

weak, suggesting that their role comes more from gender-sorted exposure than from a

stable within-sample association. Comment severe toxicity and identity attack both enter

negatively in the regressions, but neither is estimated precisely, and their contributions are
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Table 3.8. Full-specification OLS Estimates: Creator-side Textual Features

Variables Male Female Combined
(N = 367) (N = 118) (N = 485)

Textual Features: Title
Title length 0.007 (0.033) 0.132 (0.084) −0.015 (0.023)
Title emojis 0.178 (0.176) −0.516 (0.511) −0.180 (0.160)
Title hashtags −0.195 (0.193) −0.086 (0.281) −0.034 (0.111)
Title sentiment 1.231∗∗ (0.584) −0.280 (1.740) 0.960∗ (0.496)
Title gender bias ratio 0.009 (0.007) −0.002 (0.009) 0.002 (0.005)
Title identity attack 0.148 (0.212) 2.170 (1.611) 0.151 (0.222)
Title severe toxicity −2.079∗ (1.205) −10.819 (8.363) −3.008∗∗ (1.390)
Title sexism −0.015 (0.087) 0.016 (0.267) 0.029 (0.077)

Textual Features: Description
Description length 0.001 (0.001) 0.003 (0.002) 0.001 (0.001)
Description URLs −0.028∗∗ (0.014) 0.014 (0.030) −0.029∗∗∗ (0.011)
Description emojis 0.030∗ (0.015) −0.025 (0.051) 0.015 (0.016)
Description hashtags −0.010 (0.012) −0.131∗∗ (0.062) −0.005 (0.012)
Description sentiment −0.135 (0.169) −2.032∗∗ (0.967) −0.173 (0.157)
Description gender bias ratio −0.002 (0.003) −0.006 (0.007) −0.003 (0.003)
Description identity attack −0.289 (0.618) −6.526 (4.047) 0.074 (0.584)
Description severe toxicity −0.153 (1.029) 4.583 (8.872) −0.379 (1.077)
Description sexism 0.156 (0.104) −0.003 (0.048) −0.009 (0.023)

Textual Features: Caption
Caption length 0.000 (0.000) −0.000 (0.000) 0.000 (0.000)
Caption 1st-person pronouns −0.034 (0.041) −0.122 (0.128) −0.051 (0.035)
Caption 2nd-person pronouns 0.010 (0.053) −0.316∗∗ (0.141) 0.001 (0.043)
Caption 3rd-person pronouns −0.059 (0.068) −0.277 (0.179) −0.036 (0.056)
Caption sentiment −0.842 (0.594) 1.007 (1.697) −1.143∗∗ (0.534)
Caption NRC positive emotion 0.012 (0.025) 0.052 (0.059) 0.034 (0.022)
Caption NRC negative emotion −0.002 (0.018) 0.004 (0.062) 0.021 (0.014)
Caption VADER positive 0.015∗∗∗ (0.006) −0.011 (0.014) 0.009∗ (0.005)
Caption VADER negative 0.006 (0.012) −0.009 (0.046) −0.010 (0.011)
Caption gender bias ratio −0.011∗∗ (0.005) −0.007 (0.010) −0.010∗∗ (0.004)
Caption identity attack 0.163 (0.112) 1.643 (1.006) 0.349∗∗ (0.135)
Caption severe toxicity 0.016 (0.086) −0.864 (0.655) −0.136 (0.121)
Caption sexism 0.002 (0.028) 0.033 (0.094) −0.036 (0.030)

Controlled groups
Baseline controls Yes Yes Yes
General features Yes Yes Yes
Commercial & interaction signals Yes Yes Yes
Textual features: comments Yes Yes Yes
𝑅2 0.822 0.958 0.813

Note: The table reports creator-side textual variables from the same full-specification regressions used
throughout the analysis. All columns include the full set of baseline controls, which are omitted for brevity
and reported in Appendix Table B3. Robust standard errors are reported in parentheses. *, **, and ***
denote significance at the 10%, 5%, and 1% levels, respectively.
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not consistent across the two approaches. Relative to these measures, comment sentiment

is the only audience-side variable that is simultaneously large, economically meaningful,

and central in the decomposition of the gap.

Summary of variable-level evidence. Taken together, the variable-level evidence points

to two central correlates of the residual gender income gap. The first is unequal audience

endorsement of the top content, captured most clearly by average likes. The second is

the evaluative tone of audience response, captured most clearly by comment sentiment.

Both are audience-facing rather than purely creator-controlled factors. This suggests that

in the platform-based creator labour market, gender inequality is associated not only with

what creators produce, but also with how audiences reward and discuss the content that

becomes most visible.
Table 3.9. Full-specification OLS Estimates: Audience-side Comment Features

Variables Male Female Combined
(N = 367) (N = 118) (N = 485)

Textual Features: Comment
Comment length 0.016 (0.022) 0.070 (0.080) 0.011 (0.019)
Comment emojis 0.426∗∗∗ (0.122) 0.442 (0.280) 0.442∗∗∗ (0.091)
Comment hashtags 0.032 (0.100) 0.109 (0.239) 0.017 (0.106)
Comment sentiment −4.895∗∗∗ (1.353) −8.619∗∗ (3.745) −3.911∗∗∗ (1.208)
Comment gender bias ratio 0.004 (0.007) 0.017 (0.011) 0.002 (0.004)
Comment identity attack −0.153 (0.214) −4.156 (2.530) −0.085 (0.210)
Comment severe toxicity −0.515 (0.431) −0.840 (2.900) −0.484 (0.407)
Comment sexism 0.038 (0.359) −0.073 (0.932) 0.162 (0.318)

Controlled groups
Baseline controls Yes Yes Yes
General features Yes Yes Yes
Commercial & interaction signals Yes Yes Yes
Textual features: title Yes Yes Yes
Textual features: description Yes Yes Yes
Textual features: caption Yes Yes Yes
𝑅2 0.822 0.958 0.813

Note: The table reports audience-side comment variables from the same full-specification regressions used
throughout the analysis. All columns include the full set of baseline controls, which are omitted for brevity
and reported in Appendix B, Table B1. Robust standard errors are reported in parentheses. *, **, and ***
denote significance at the 10%, 5%, and 1% levels, respectively.
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3.5.6 Robustness check

We conduct seven robustness checks to assess whether the main results depend on mea-

surement choices, sample construction, or the ordering of variable groups. Across these

exercises, the central message remains unchanged: the residual female income penalty can

be fully explained by richer video-level measures from creators’ top content. Audience-

side variables remain more informative than creator-side textual features, and sentiment-

related measures continue to play an important explanatory role. Detailed results are

reported in Tables B6–B14 in Appendix B.

Alternative outcome definitions. First, we re-estimate the sequential specifications

using alternative income definitions, including the midpoint, lower bound, upper bound,

and winsorized versions of estimated annual income. As shown in Table B9 in Appendix

B, the main attenuation pattern is highly stable across all outcome definitions. Under the

baseline ordering, the female coefficient declines substantially after top content general

features are added, although this step should be interpreted as part of an order-dependent

sequence rather than as evidence that this block alone explains the gap. Comment-based

variables and sentiment measures continue to provide the strongest additional textual

explanatory power.

Heterogeneity by channel type and channel size. Second, we examine heterogeneity by

channel type and channel size. Table B10 shows that the main pattern is most pronounced

in male-dominated categories and among larger channels, where the baseline Female

coefficient is larger and declines strongly once audience-side variables are introduced.

By contrast, the coefficient is already small among smaller channels, and the female-

dominated People & Blogs subsample is too small to support stable inference. These

results suggest that the main mechanism is concentrated in the more commercially salient

parts of the sample.
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Alternative top-content constructions: long-form videos only and shorts only. Third,

we test whether the results depend on how the best performing content is constructed by

comparing the baseline mixed-format measure with long-form-videos-only and shorts-

only specifications. Table B11 shows that the main conclusions do not depend on the

mixed-format construction. Under the baseline ordering, the Female coefficient declines

markedly once top-content variables are introduced, although this attenuation should again

be interpreted as part of an order-dependent sequence rather than as evidence that this block

alone explains the gap. At the same time, the exact path of attenuation differs somewhat

by format, with sentiment appearing especially important for Shorts and comment-related

or adversarial language playing a stronger role for long-form videos.

Restricting to channels with sufficiently informative comment data. Fourth, we re-

strict the sample to channels with more informative comment data, using stricter thresholds

for comment depth, the number of the most popular videos with comments, and comment

coverage. As reported in Table B12, the main pattern remains visible across these re-

stricted samples. Top content general characteristics still account for a large share of the

gap, and sentiment-related variables continue to be the most robust audience-side margin.

This suggests that the main findings are not driven by sparse or low-quality comment data.

Alternative aggregation of general video-level features. Fifth, we replace mean-based

creator-level aggregation of top content general features with median-based aggregation.

Table B13 shows that this weakens the explanatory role of the top content somewhat, but

it does not overturn the main interpretation. The Female coefficient still declines after top

content variables are added, and sentiment remains the most informative textual margin.

This suggests that the baseline results partly reflect the influence of especially successful

videos, but not exclusively so.

Alternative aggregation and measurement of textual tone. Sixth, we test alternative

measures of textual tone by replacing mean-based polarity measures with median-based

polarity measures and, separately, with a higher-dimensional eight-emotion representation.
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Table B14 shows that the results are very similar when polarity is aggregated using

medians, confirming that the baseline findings are not driven by the choice between means

and medians. The eight-emotion specification produces weaker attenuation, which is

consistent with the greater dimensionality and likely multicollinearity of that approach.

Overall, the core conclusion remains the same: broad tone measures, especially sentiment

polarity, are more informative than simple text volume or packaging variables.

Alternative sequential ordering. Seventh, we test whether the sequential results depend

on the order in which variable blocks are introduced. In the baseline ordering, top content

general characteristics enter before the textual blocks. Figure 3.10 instead introduces

creator- and audience-side text before top content general metrics, with the corresponding

estimates reported in Tables B6–B7 in Appendix B. The final result is unchanged: once

the full set of top content variables is included, the residual Female coefficient is close

to zero. The substantive pattern is also similar: creator-side text remains relatively

weak, while audience-side text substantially attenuates the coefficient even before general

performance metrics are added. At the same time, although adding top content general

characteristics at the final step still makes the Female coefficient statistically insignificant,

their explanatory power is much weaker than in the baseline ordering. This confirms that

sequential attenuation is order-dependent, and that no single block should be interpreted

as uniquely driving the disappearance of the residual gender gap.
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Figure 3.10. Female coefficient paths under alternative sequential orderings
Note: The figure plots the estimated coefficient on Female across seven sequential specifications under

two grouping schemes: text source and linguistic attribute, using an alternative ordering in which

textual blocks enter before top-video general metrics. M0 includes baseline controls only; M1–M4

add, respectively, title, description, caption/transcript, and comment features in the text-source path,

and length and verbosity, sentiment polarity, style and structure, and harmful-content indicators in the

linguistic-attribute path; M5 additionally includes sponsor, self-promotion, and interaction signals; M6

finally adds general top-video characteristics. Point estimates are labeled next to each marker, with

significance indicated by asterisks; shaded areas denote 95% confidence intervals. Exact estimates and

robust standard errors are reported in Tables B6 and B7 in Appendix B.

3.6 Conclusion

This chapter addresses a simple but important question in the creator economy: why do

female YouTube creators still earn less advertising income than comparable male creators

even after accounting for the observable creator-, channel-, and non-textual video-level

characteristics emphasized in our previous analysis? The main finding is clear. Once

we account for richer to content variables, the residual gender gap in estimated YouTube

advertising income is no longer statistically significant. In other words, the remaining

female income penalty identified in Chapter 2 can be fully explained by the additional
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variables introduced here.

To reach this result, we build on the baseline dataset from the previous chapter and

enrich it with newly collected video-level information from YouTube-related APIs. For

the final analytical sample of 485 U.S. creators, we construct measures from each creator’s

most popular videos, using up to 50 long-form videos and up to 50 shorts. These additional

variables include general top-content characteristics, creator-generated text from titles,

descriptions, and captions, audience-generated text from comments, and commercial and

interaction signals. Empirically, we combine sequential inclusion regressions, Gelbach

decomposition, and separate block inclusion exercises to assess how these additional

measures account for the remaining coefficient on Female.

This main finding is supported by three related results. First, top content general

characteristics explain a substantial share of the residual gap, indicating that an important

part of the remaining disparity is linked to observable differences in the performance

profile of creators’ most visible videos. At the same time, the broader set of results

shows that this role should not be interpreted too strongly as a unique or independent

channel. In the baseline sequential ordering, the Female coefficient becomes statistically

insignificant once top content general characteristics are introduced, but the robustness

checks show that audience-side text can also reduce the coefficient to zero before general

performance metrics are added. The order-invariant Gelbach decomposition and the

separate block inclusion results therefore suggest a more cautious interpretation: top

content general performance is an important part of the explanatory set, but not the sole

driver of the result. Second, among the newly added textual variables, audience-side

measures are more informative than creator-controlled textual features. Creator-side text

explains relatively little on its own, whereas audience-side responses play a much larger

role. In particular, the sequential specifications show that the largest attenuation along the

text-source path occurs when comment variables are added, while the linguistic-attribute

results point to sentiment-related measures as the most informative textual dimension.

Third, at the variable and block levels, two factors stand out most clearly: unequal audience
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endorsement of the most popular videos, captured most strongly by average likes, and the

evaluative tone of audience response, captured most clearly by comment sentiment and,

more broadly, sentiment-related measures. The separate block inclusion results further

show that top content genral metrics remain the strongest common non-textual block, while

sentiment-related variables are the most stable textual dimension when considered on their

own. By contrast, explicit commercial signals such as sponsorship and self-promotion add

little once richer content and audience measures are taken into account. More broadly,

the comparison across the cumulative, alternative-ordering, and separate-block analyses

shows that the attenuation of the Female coefficient depends partly on how the variables

are grouped and ordered. Therefore, a large reduction at one step should not be interpreted

as evidence that this variable block alone explains the gap. This is why the sequential

results should be interpreted cautiously and read together with the order-invariant Gelbach

decomposition.

These findings carry a broader implication for the economics of platform-based creative

labour. Because advertising income is mechanically determined by views and CPM,

the results should not be interpreted as evidence of direct platform discrimination in

monetization. Instead, they show that gender differences in income are associated with

differences in the content, audience response, and visibility conditions that shape the

inputs to that formula. In this chapter, the evidence points most strongly to views-related

channels, especially those linked to audience evaluation and engagement, while some of

the broader channel-level differences documented earlier may also reflect CPM-related

variation. In this sense, gender inequality in the creator economy is not explained only

by what creators produce or how they package their content. It is also shaped by how

audiences respond to, reward, and discuss the content that becomes most visible. In a

labour market where visibility, engagement, and scalable attention are central inputs into

earnings, monetization depends not only on creator-side inputs but also on audience-side

evaluation and the performance profile of the content that rises to prominence.

The results also suggest several implications for platform design and policy. Greater
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transparency in recommendation, monetization, and engagement systems would make

it easier to assess whether platform structures amplify gendered differences in audience

response. More robust moderation and healthier comment environments may also matter,

not only for creator well-being but for economic opportunity, since audience discourse

appears closely tied to monetizable visibility. Likewise, creator-support strategies that

focus narrowly on content production or brand strategy may overlook an important part of

the problem if unequal audience evaluation remains unaddressed.

At the same time, the study has limitations. The income measure is an advertising-

income proxy rather than total creator earnings, and the analysis is observational rather

than causal. The results therefore identify explanatory factors and conditional associations

rather than definitive causal effects. Even so, the chapter makes the main empirical message

considerably clearer: for understanding gender inequality in YouTube advertising income,

the key question is not only what creators make, but also how top-content performance,

audience response, and platform-mediated visibility are jointly translated into income.

That is where a substantial part of the previously unexplained gap is resolved.
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Appendix A: Supplementary figures

Figure A1. Neutral emotion across text sources
Note: The figure reports raincloud distributions of the neutral emotion score across
four text sources: titles, descriptions, captions/transcripts, and comments. Each panel
compares the distributions for male and female creators.

Figure A2. Variable-level contributions to the gender income gap under the alternative
feature-based classification

Note: This figure reports variable-level contributions to the gender income gap under an alternative feature-
based classification of video-level variables.
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Appendix B: Supplementary tables

Table B1. Data description for complete variables

Variable Description

Demographic and Identity Characteristics

Female Indicator equal to one for female creators and zero for male creators.

Age Age of each creator, measured in years.

Race Racial identity indicators: Black, Asian, Latino, and Other; White is the

omitted reference group.

Marital status Marital-status indicators: Married and Divorced; unmarried is the omitted

reference group.

Number of children Number of children reported for the creator.

Education Educational-attainment indicators: Bachelor, Master, and PhD; below-

bachelor is the omitted reference group.

Dropout Indicator for whether the creator dropped out of school.

Language Indicator for whether the primary channel language is English.

Face showing Indicator for whether the creator appears visibly on screen.

Channel Basics and Content Category

Channel age Years since the YouTube channel was created.

Total subscribers Total channel subscribers for each creator.

Content category Channel-category indicators, such as Entertainment, Education, Gaming,

Technology, Beauty & Fashion, News & Commentary, Cars, and Inter-

views.

Production, Activity, and Engagement Controls

Yearly uploads Number of uploads posted over the previous 365 days.

Yearly upload length Total duration of uploads over the previous 365 days.

Average upload interval Average number of days between recent uploads.

Continued on next page
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Table B1. Data description for complete variables (continued)

Variable Description

Inactive Indicator for whether the channel had no uploads during the previous 365

days.

Average likes Average number of likes on the 50 most recent uploads.

Average comments Average number of comments on the 50 most recent uploads.

Top-Popular Video General Features

Average duration Average duration of the creator’s top-performing long-form videos and

Shorts.

Average likes Average likes on the creator’s top-performing long-form videos and Shorts.

Average comments Average comments on the creator’s top-performing long-form videos and

Shorts.

Average days since upload Average recency of the creator’s top-performing long-form videos and

Shorts, measured as days since publication.

Creator-Side Textual Features

Title features Measures derived from video titles, including length, sentiment score,

emojis, hashtags, gender bias, and harmful-content indicators.

Description features Measures derived from video descriptions, including length, URLs, emo-

jis, hashtags, sentiment score, gender bias, and harmful-content indicators.

Caption/transcript features Measures derived from captions/transcripts, including length, pronoun-use

ratios, sentiment score, emotion composition, gender bias, and harmful-

content indicators.

Audience-Side Textual Features

Comment features Measures derived from viewer comments, including length, sentiment

score, emojis, hashtags, gender bias, and harmful-content indicators.

Commercial and Interaction Signals

Sponsor segment duration Total duration of sponsor segments identified through the SponsorBlock

API.

Continued on next page
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Table B1. Data description for complete variables (continued)

Variable Description

Self-promotion duration Total duration of self-promotional segments identified through the Spon-

sorBlock API.

Interaction segment duration Total duration of segments encouraging likes, subscriptions, comments,

follows, or related audience actions.

Note: This table summarizes the definitions of all variables used in the analysis, including baseline creator-

and channel-level controls, activity and engagement measures, top-performing video/Short characteristics,

creator-side textual features, audience-side comment features, and commercial/intervention signals.

Table B2. Descriptive statistics by gender: Baseline controls

Variables Mean Male Female Difference

(N=485) (N=367) (N=118) Male–Female

Demographic and Identity Charac-

teristics

Age 33.060 33.270 32.407 0.863

Race: White 0.664 0.695 0.568 0.127∗∗

Race: Black 0.060 0.071 0.025 0.045∗

Race: Asian 0.111 0.093 0.169 −0.077∗∗

Race: Latino 0.070 0.057 0.110 −0.053∗

Race: Other race 0.095 0.084 0.127 −0.043

Marital status: Unmarried 0.614 0.629 0.568 0.062

Marital status: Married 0.357 0.346 0.390 −0.044

Marital status: Divorced 0.029 0.025 0.042 −0.018

Number of children 0.534 0.572 0.415 0.157

School dropout 0.233 0.253 0.169 0.084∗

Educational attainment: Low educa-

tion

0.489 0.520 0.390 0.131∗∗

Continued on next page
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Table B2. Descriptive statistics by gender: Baseline controls (continued)

Variables Mean Male Female Difference

(N=485) (N=367) (N=118) Male–Female

Educational attainment: Bachelor’s

degree

0.425 0.392 0.525 −0.133∗∗

Educational attainment: Master’s de-

gree

0.041 0.038 0.051 −0.013

Educational attainment: PhD 0.045 0.049 0.034 0.015

English-language channel 0.895 0.916 0.831 0.085∗∗∗

Face shown on screen 0.918 0.910 0.941 −0.031

Channel Basics and Content Cate-

gory

Channel age 11.590 11.779 11.000 0.779∗

Total subscribers (millions) 12.041 13.132 10.009 3.033

Content category: People & Blog 0.064 0.022 0.195 −0.173∗∗∗

Content category: Entertainment 0.406 0.425 0.347 0.078

Content category: Education 0.060 0.071 0.025 0.045∗

Content category: Animation / Film 0.023 0.022 0.025 −0.004

Content category: Beauty & Fashion 0.029 0.011 0.085 −0.074∗∗∗

Content category: DIY & Arts 0.023 0.016 0.042 −0.026∗

Content category: Finance 0.006 0.005 0.008 −0.003

Content category: Food 0.064 0.057 0.085 −0.028

Content category: Gaming 0.167 0.188 0.102 0.086∗∗

Content category: Music 0.029 0.027 0.034 −0.007

Content category: Pets & Animals 0.021 0.025 0.008 0.016

Content category: Sports & Fitness 0.041 0.049 0.017 0.032

Content category: Technology 0.029 0.033 0.017 0.016

Content category: Travel & Outdoor 0.010 0.011 0.008 0.002
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Table B2. Descriptive statistics by gender: Baseline controls (continued)

Variables Mean Male Female Difference

(N=485) (N=367) (N=118) Male–Female

Content category: News & Commen-

tary

0.010 0.014 0.000 0.014

Content category: Cars 0.008 0.011 0.000 0.011

Content category: Interviews 0.010 0.014 0.000 0.014

Production, Activity, and Engage-

ment

Yearly uploads 189.447 194.362 174.161 20.201

Yearly upload duration (hours) 31.670 36.401 16.581 19.820∗∗

Average upload interval (days) 8.890 9.308 7.590 1.718

Inactive 0.056 0.054 0.059 −0.005

Average likes 95.953 109.771 52.951 56.820∗∗

Average comments 170.821 170.049 173.250 −3.201

Note: This table reports descriptive statistics for all baseline control variables used in the regression

analysis. The final column reports the mean difference between male and female creators. Asterisks

indicate statistical significance from two-sample tests: *, **, and *** denote significance at the 10%, 5%,

and 1% levels, respectively.

Table B3. OLS regression results under the full specification: Male, female, and
combined samples

Variables Male Female Combined

(N=367) (N=118) (N=485)

Gender effect

Female −0.028 (0.218)

Baseline controls

Age 0.002 (0.012) −0.035 (0.031) 0.001 (0.009)

Continued on next page
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Table B3. OLS regression results under the full specification: Male, female, and
combined samples (continued)

Variables Male Female Combined

(N=367) (N=118) (N=485)

Black −0.131 (0.212) 0.875 (0.964) −0.193 (0.206)

Asian 0.179 (0.226) −0.193 (0.328) 0.029 (0.178)

Latino 0.205 (0.190) −0.860 (0.599) −0.001 (0.187)

Other race/ethnicity −0.195 (0.173) −0.022 (0.396) −0.074 (0.151)

Married 0.215 (0.156) −0.423 (0.407) −0.011 (0.129)

Divorced −0.013 (0.409) 0.980 (0.863) 0.233 (0.328)

Number of children −0.078 (0.066) 0.181 (0.172) 0.008 (0.055)

Dropout −0.193 (0.152) 0.319 (0.408) −0.260∗ (0.144)

Bachelor’s degree −0.041 (0.142) −0.150 (0.350) −0.131 (0.117)

Master’s degree −0.310 (0.230) −1.045 (0.923) −0.422∗∗ (0.214)

PhD −0.058 (0.361) −0.855 (1.158) −0.486 (0.336)

English-language channel 0.515∗∗ (0.218) 1.575∗∗∗ (0.555) 0.617∗∗∗ (0.180)

Face shown −0.076 (0.187) −0.626 (0.552) −0.011 (0.162)

Channel age −0.023 (0.017) −0.033 (0.048) −0.022 (0.016)

Log total subscribers 0.562∗∗∗ (0.162) −0.087 (0.382) 0.447∗∗∗ (0.145)

Category: Entertainment −0.007 (0.353) 0.928∗ (0.482) 0.346 (0.221)

Category: Education −0.086 (0.489) 1.042 (1.185) 0.504 (0.349)

Category: Animation/Film −0.292 (0.466) 0.553 (0.894) 0.160 (0.361)

Category: Beauty/Fashion −1.010∗∗ (0.510) 1.404∗∗ (0.521) 0.485 (0.355)

Category: DIY/Arts 0.539 (0.587) −0.711 (0.795) 0.248 (0.512)

Category: Finance −0.296 (0.601) 1.082 (0.787) 0.611 (0.556)

Category: Food 0.564 (0.407) 0.334 (0.664) 0.808∗∗∗ (0.276)

Category: Gaming −0.407 (0.403) 0.324 (0.729) 0.071 (0.278)

Category: Music 0.587 (0.423) 2.189∗∗ (1.058) 1.030∗∗∗ (0.302)

Category: Pets/Animals 0.721 (0.452) 0.603 (0.902) 1.014∗∗∗ (0.366)
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Table B3. OLS regression results under the full specification: Male, female, and
combined samples (continued)

Variables Male Female Combined

(N=367) (N=118) (N=485)

Category: Sports/Fitness 0.218 (0.451) 1.408 (1.302) 0.639∗ (0.337)

Category: Tech −0.016 (0.407) −1.079 (0.851) 0.307 (0.286)

Category: Travel/Outdoor −0.631 (0.388) 0.169 (4.125) −0.178 (0.325)

Category: News/Commentary −1.194 (0.975) omitted −0.784 (0.920)

Category: Cars 0.032 (0.512) omitted 0.368 (0.457)

Category: Interviews −0.798 (0.664) omitted −0.435 (0.561)

Number of annual uploads 0.001∗∗∗ (0.000) 0.001 (0.000) 0.001∗∗∗ (0.000)

Log total length of annual uploads 0.142∗∗ (0.055) 0.130 (0.145) 0.148∗∗∗ (0.049)

Average days between uploads −0.026∗∗∗ (0.006) −0.061∗∗ (0.022) −0.028∗∗∗ (0.006)

Inactive creator indicator −0.206 (0.526) 0.121 (1.315) 0.070 (0.475)

Log average likes 0.249∗∗∗ (0.041) 0.298∗∗ (0.130) 0.288∗∗∗ (0.037)

Log average comments −0.123∗∗ (0.056) −0.182 (0.178) −0.144∗∗∗ (0.050)

Video-level general features

Average duration 0.000 (0.000) 0.001 (0.002) 0.000 (0.000)

Average likes 0.000∗∗ (0.000) 0.001∗∗ (0.000) 0.001∗∗ (0.000)

Average comments −0.007∗ (0.004) −0.035∗ (0.018) −0.009∗∗∗ (0.004)

Average days since upload −0.000∗∗∗ (0.000) −0.000 (0.000) −0.001∗∗∗ (0.000)

Textual features: title

Title: length 0.007 (0.033) 0.132 (0.084) −0.015 (0.023)

Title: number of emoji 0.178 (0.176) −0.516 (0.511) −0.180 (0.160)

Title: number of hashtag −0.195 (0.193) −0.086 (0.281) −0.034 (0.111)

Title: sentiment score 1.231∗∗ (0.584) −0.280 (1.740) 0.960∗ (0.496)

Title: bias ratio 0.009 (0.007) −0.002 (0.009) 0.002 (0.005)

Title: identity attack 0.148 (0.212) 2.170 (1.611) 0.151 (0.222)

Title: severe toxicity −2.079∗ (1.205) −10.819 (8.363) −3.008∗∗ (1.390)
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Table B3. OLS regression results under the full specification: Male, female, and
combined samples (continued)

Variables Male Female Combined

(N=367) (N=118) (N=485)

Title: sexism −0.015 (0.087) 0.016 (0.267) 0.029 (0.077)

Textual features: description

Des.: length 0.001 (0.001) 0.003 (0.002) 0.001 (0.001)

Des.: number of URLs −0.028∗∗ (0.014) 0.014 (0.030) −0.029∗∗∗ (0.011)

Des.: number of emoji 0.030∗ (0.015) −0.025 (0.051) 0.015 (0.016)

Des.: number of hashtag −0.010 (0.012) −0.131∗∗ (0.062) −0.005 (0.012)

Des.: sentiment score −0.135 (0.169) −2.032∗∗ (0.967) −0.173 (0.157)

Des.: bias ratio −0.002 (0.003) −0.006 (0.007) −0.003 (0.003)

Des.: identity attack −0.289 (0.618) −6.526 (4.047) 0.074 (0.584)

Des.: severe toxicity −0.153 (1.029) 4.583 (8.872) −0.379 (1.077)

Des.: sexism 0.156 (0.104) −0.003 (0.048) −0.009 (0.023)

Textual features: caption

Caption: length 0.000 (0.000) −0.000 (0.000) 0.000 (0.000)

Caption: 1st-person pronouns −0.034 (0.041) −0.122 (0.128) −0.051 (0.035)

Caption: 2nd-person pronouns 0.010 (0.053) −0.316∗∗ (0.141) 0.001 (0.043)

Caption: 3rd-person pronouns −0.059 (0.068) −0.277 (0.179) −0.036 (0.056)

Caption: sentiment score −0.842 (0.594) 1.007 (1.697) −1.143∗∗ (0.534)

Caption: NRC positive emotion 0.012 (0.025) 0.052 (0.059) 0.034 (0.022)

Caption: NRC negative emotion −0.002 (0.018) 0.004 (0.062) 0.021 (0.014)

Caption: VADER positive 0.015∗∗∗ (0.006) −0.011 (0.014) 0.009∗ (0.005)

Caption: VADER negative 0.006 (0.012) −0.009 (0.046) −0.010 (0.011)

Caption: bias ratio −0.011∗∗ (0.005) −0.007 (0.010) −0.010∗∗ (0.004)

Caption: identity attack 0.163 (0.112) 1.643 (1.006) 0.349∗∗ (0.135)

Caption: severe toxicity 0.016 (0.086) −0.864 (0.655) −0.136 (0.121)
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Table B3. OLS regression results under the full specification: Male, female, and
combined samples (continued)

Variables Male Female Combined

(N=367) (N=118) (N=485)

Caption: sexism 0.002 (0.028) 0.033 (0.094) −0.036 (0.030)

Textual features: comment

Comment: length 0.016 (0.022) 0.070 (0.080) 0.011 (0.019)

Comment: number of emoji 0.426∗∗∗ (0.122) 0.442 (0.280) 0.442∗∗∗ (0.091)

Comment: number of hashtag 0.032 (0.100) 0.109 (0.239) 0.017 (0.106)

Comment: sentiment score −4.895∗∗∗ (1.353) −8.619∗∗ (3.745) −3.911∗∗∗ (1.208)

Comment: bias ratio 0.004 (0.007) 0.017 (0.011) 0.002 (0.004)

Comment: identity attack −0.153 (0.214) −4.156 (2.530) −0.085 (0.210)

Comment: severe toxicity −0.515 (0.431) −0.840 (2.900) −0.484 (0.407)

Comment: sexism 0.038 (0.359) −0.073 (0.932) 0.162 (0.318)

Commercial signals

Sponsor segment duration −0.005 (0.004) −0.042 (0.032) −0.004 (0.004)

Self-promotion duration 0.017 (0.014) 0.043 (0.143) 0.010 (0.014)

Interaction segment duration −0.006 (0.018) −0.091 (0.153) −0.001 (0.016)

Controls

Baseline controls included Yes Yes Yes

Constant −1.059 (35.403) 25.146 (92.402)−11.211 (31.553)

𝑅2 [0.822] [0.958] [0.813]

Note: The dependent variable is the logarithm of estimated annual YouTube advertising income, proxied

by the midpoint of Social Blade’s estimated annual income range. The table reports OLS estimates under

the full specification for the male subsample, the female subsample, and the pooled sample. Baseline

controls are reported explicitly in the table. Entries marked “omitted” indicate variables dropped because

of collinearity in the female subsample. Robust standard errors are reported in parentheses. *, **, and ***

denote significance at the 10%, 5%, and 1% levels, respectively.
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Table B4. Sequential specifications by text source

(1) (2) (3) (4) (5) (6) (7)

Female −0.270∗∗ −0.128 −0.168 −0.142 −0.155 −0.032 −0.028
[0.137] [0.128] [0.133] [0.140] [0.149] [0.218] [0.218]

Baseline controls
Baseline controls (G0) Yes Yes Yes Yes Yes Yes Yes

Video-level performance controls
Top-video general metrics (G1) Yes Yes Yes Yes Yes Yes

Video-level text blocks by source
Title text features (G2) Yes Yes Yes Yes Yes
Description text features (G3) Yes Yes Yes Yes
Caption / transcript text features (G4) Yes Yes Yes
Comment text features (G5) Yes Yes

Video-level commercial/interaction signals
Sponsor / self-promo / interaction (G6) Yes

Observations 485 485 485 485 485 485 485
𝑅2 0.689 0.758 0.764 0.772 0.793 0.812 0.813

Note: The dependent variable is estimated annual income. The main independent variable is an indica-
tor for female creators. All columns include the baseline controls reported in Table 3.4. Column (2) adds
video-level general characteristics. Columns (3)–(6) sequentially add text measures from titles, descriptions,
captions/transcripts, and comments. Column (7) additionally includes sponsor, self-promotion, and interaction
signals. Robust standard errors are reported in brackets. *, **, and *** denote significance at the 10%, 5%, and
1% levels, respectively.
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Table B5. Sequential specifications by linguistic attribute

(1) (2) (3) (4) (5) (6) (7)

Female −0.270∗∗ −0.128 −0.124 −0.016 −0.062 −0.032 −0.028
[0.137] [0.128] [0.126] [0.149] [0.148] [0.218] [0.218]

Baseline controls
Baseline controls Yes Yes Yes Yes Yes Yes Yes

Video-level performance controls
Top-video general metrics (G1) Yes Yes Yes Yes Yes Yes

Video-level text blocks by linguistic attribute
Length & verbosity (G2) Yes Yes Yes Yes Yes
Sentiment polarity (G3) Yes Yes Yes Yes
Style & structure (G4) Yes Yes Yes
Bias & harm indicators (G5) Yes Yes

Video-level commercial/interaction signals
Sponsor / self-promo / interaction (G6) Yes

Observations 485 485 485 485 485 485 485
𝑅2 0.689 0.758 0.760 0.774 0.790 0.812 0.813

Note: The dependent variable is estimated annual income. The main independent variable is an indicator for
female creators. All columns include the baseline controls reported in Table 3.4. Column (2) adds video-level
general characteristics. Columns (3)–(6) sequentially add text measures by linguistic attribute: length and
verbosity, sentiment polarity, style and structure, and bias and harm indicators. Column (7) additionally includes
sponsor, self-promotion, and interaction signals. Robust standard errors are reported in brackets. *, **, and ***
denote significance at the 10%, 5%, and 1% levels, respectively.
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Table B6. Alternative ordering of sequential specifications by text source

(1) (2) (3) (4) (5) (6) (7)

Female −0.270∗∗ −0.319∗∗ −0.280∗ −0.314∗∗ −0.000 0.009 −0.028
[0.137] [0.142] [0.146] [0.152] [0.234] [0.235] [0.218]

Baseline controls
Baseline controls (G0) Yes Yes Yes Yes Yes Yes Yes

Video-level text blocks by source
Title text features (G1) Yes Yes Yes Yes Yes Yes
Description text features (G2) Yes Yes Yes Yes Yes
Caption / transcript text features (G3) Yes Yes Yes Yes
Comment text features (G4) Yes Yes Yes

Video-level commercial/interaction signals
Sponsor / self-promo / interaction (G5) Yes Yes

Video-level performance controls
Top-video general metrics (G6) Yes

Observations 485 485 485 485 485 485 485
𝑅2 0.689 0.700 0.715 0.743 0.773 0.774 0.813

Note: The dependent variable is the logarithm of estimated annual advertising income. The main independent
variable is an indicator for female creators. All columns include baseline controls. Columns (2)–(5) sequentially
add text measures from titles, descriptions, captions/transcripts, and comments. Column (6) adds sponsor, self-
promotion, and interaction signals. Column (7) adds top-content general metrics. Robust standard errors are
reported in brackets. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table B7. Alternative ordering of sequential specifications by linguistic attribute

(1) (2) (3) (4) (5) (6) (7)

Female −0.270∗∗ −0.265∗ −0.135 −0.214 −0.000 0.009 −0.028
[0.137] [0.137] [0.162] [0.157] [0.234] [0.235] [0.218]

Baseline controls
Baseline controls (G0) Yes Yes Yes Yes Yes Yes Yes

Video-level text blocks by linguistic attribute
Length & verbosity (G1) Yes Yes Yes Yes Yes Yes
Sentiment polarity (G2) Yes Yes Yes Yes Yes
Style & structure (G3) Yes Yes Yes Yes
Bias & harm indicators (G4) Yes Yes Yes

Video-level commercial/interaction signals
Sponsor / self-promo / interaction (G5) Yes Yes

Video-level performance controls
Top-video general metrics (G6) Yes

Observations 485 485 485 485 485 485 485
𝑅2 0.689 0.693 0.720 0.748 0.773 0.774 0.813

Note: The dependent variable is the logarithm of estimated annual advertising income. The main independent
variable is an indicator for female creators. All columns include baseline controls. Columns (2)–(5) sequentially
add text measures by linguistic attribute: length and verbosity, sentiment polarity, style and structure, and bias and
harm indicators. Column (6) adds sponsor, self-promotion, and interaction signals. Column (7) adds top-content
general metrics. Robust standard errors are reported in brackets. *, **, and *** denote significance at the 10%,
5%, and 1% levels, respectively.

159



Table B8. Separate block inclusion results relative to the gender-only baseline

Group
Coefficient
(Female)

Robust
SE

% change
vs. baseline

𝑝-value
vs. baseline 𝑅2

Gender only −0.352 (0.223) 0.006

Panel A. Baseline control blocks
Gender + Demographic characteristics −0.545∗∗ (0.227) −54.83 0.015 0.096
Gender + Channel feature & content cate-
gories

−0.169 (0.177) 51.99 0.255 0.395

Gender + Annual production, activity, &
engagement

−0.272∗ (0.155) 22.73 0.562 0.528

Panel B. Newly added common content-level blocks
Gender + Top-video general metrics −0.282∗ (0.144) 19.89 0.637 0.603
Gender + Sponsor & self-promo & interac-
tion

−0.349 (0.226) 0.85 0.909 0.012

Panel C. Newly added text-source blocks
Gender + Title text features −0.657∗∗∗ (0.226) −86.65 0.002 0.092
Gender + Description text features −0.322 (0.230) 8.52 0.785 0.118
Gender + Caption text features −0.795∗∗∗ (0.230) −125.85 0.012 0.207
Gender + Comment text features −0.083 (0.328) 76.42 0.375 0.351

Panel D. Newly added linguistic-attribute blocks
Gender + Length & verbosity −0.457∗∗ (0.226) −29.83 0.056 0.043
Gender + Sentiment polarity −0.199 (0.228) 43.47 0.191 0.170
Gender + Style & structure −0.605∗∗∗ (0.200) −71.88 0.048 0.282
Gender + Bias & harm indicators 0.366 (0.362) − 3.98 0.023 0.247

Observations 485

Note: The dependent variable is estimated annual income. The main independent variable is an indicator for
female creators. The first row reports the gender-only specification. Each subsequent model adds one block
separately to the gender-only specification. Panel A reports baseline control blocks. Panel B reports newly
added common content-level blocks. Panel C reports newly added text-source blocks. Panel D reports newly
added linguistic-attribute blocks. The column “% change vs. baseline” reports the percentage attenuation in
the absolute value of the coefficient on Female relative to the gender-only specification, computed as 100 ×
(|𝛽base | − |𝛽 𝑗 |)/|𝛽base |. Positive values indicate attenuation, while negative values indicate amplification. The
column “𝑝-value vs. baseline” reports post-estimation tests of equality between the coefficient on Female in each
specification and that in the gender-only specification. Robust standard errors are reported in parentheses. *, **,
and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table B9. Robustness check: Mechanism paths under alternative outcome definitions

Baseline Lower / upper
bound

Winsorized

log midpoint log income log income

Panel A. Common specifications
Baseline controls only (G0) −0.270∗∗ −0.270∗∗ −0.248∗

(0.137) (0.137) (0.132)
+ General video-level features (G1) −0.128 −0.128 −0.118

(0.128) (0.128) (0.126)
+ Commercial & interaction signals (G6) −0.028 −0.028 −0.021

(0.218) (0.218) (0.219)

Panel B. Sequential inclusion by text source
+ Title text features (G2) −0.168 −0.168 −0.145

(0.133) (0.133) (0.130)
+ Description text features (G3) −0.142 −0.142 −0.114

(0.140) (0.140) (0.135)
+ Caption / transcript text features (G4) −0.155 −0.155 −0.160

(0.149) (0.149) (0.152)
+ Comment text features (G5) −0.032 −0.032 −0.023

(0.218) (0.218) (0.220)

Panel C. Sequential inclusion by linguistic attribute
+ Length & verbosity (G2) −0.124 −0.124 −0.114

(0.126) (0.126) (0.125)
+ Sentiment polarity (G3) −0.016 −0.016 0.018

(0.149) (0.149) (0.134)
+ Style & structure (G4) −0.062 −0.062 −0.036

(0.148) (0.148) (0.136)
+ Bias & harm indicators (G5) −0.032 −0.032 −0.023

(0.218) (0.218) (0.220)

Observations 485 485 485
Full-specification 𝑅2 0.813 0.842 0.805

Note: The table reports the coefficient on Female from sequential OLS specifications under alternative
outcome definitions. The second column combines the lower- and upper-bound income specifications
because they yield the same estimates as the baseline midpoint specification. Robust standard errors are
reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table B10. Heterogeneity by channel type and channel size

Channel type Channel size

Entertainment People & Blogs Below-median Above-median
(male-dom.) (female-dom.) subscribers subscribers

Panel A. Common specifications
Baseline controls only (G0) −0.355∗∗∗ −0.335 −0.110 −0.389∗∗

(0.171) (1.096) (0.225) (0.191)
+ General video-level features (G1) −0.304∗∗ −0.811 0.149 −0.277∗

(0.158) (1.477) (0.206) (0.161)
+ Commercial & interaction signals
(G6)

−0.147 −0.241 −0.007 0.008

(0.326) (omitted) (0.417) (0.270)

Panel B. Sequential inclusion by text source
+ Title text features (G2) −0.321∗ −0.898 0.088 −0.314∗

(0.180) (omitted) (0.201) (0.166)
+ Description text features (G3) −0.287 1.383 0.180 −0.342∗

(0.205) (omitted) (0.221) (0.178)
+ Caption / transcript text features (G4) −0.413∗ 3.872 0.219 −0.306

(0.231) (omitted) (0.218) (0.216)
+ Comment text features (G5) −0.146 −0.265 −0.026 0.024

(0.319) (omitted) (0.414) (0.269)

Panel C. Sequential inclusion by linguistic attribute
+ Length & verbosity (G2) −0.294∗ −1.284 0.147 −0.262

(0.159) (1.666) (0.202) (0.163)
+ Sentiment polarity (G3) −0.237 −1.653 0.094 −0.148

(0.216) (omitted) (0.262) (0.184)
+ Style & structure (G4) −0.300 −0.265 0.077 −0.205

(0.234) (omitted) (0.232) (0.195)
+ Bias & harm indicators (G5) −0.146 −0.265 −0.026 0.024

(0.319) (omitted) (0.414) (0.269)

Observations 197 31 241 244
Full-specification 𝑅2 0.876 1.000 0.842 0.836

Note: The table reports the coefficient on Female from sequential OLS specifications estimated separately
by channel type and channel size. Robust standard errors are reported in parentheses. “omitted” indicates
cases where the corresponding standard error is not available. *, **, and *** denote significance at the 10%,
5%, and 1% levels, respectively.
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Table B11. Robustness check: Alternative top content constructions

Baseline Videos only Shorts only
(weighted
composite)

(𝑣_ variables) (𝑠_ variables)

Panel A. Common specifications
Baseline controls only (G0) −0.270∗∗ (0.137) −0.270∗∗ (0.137) −0.270∗∗ (0.137)
+ General video-level features (G1) −0.128 (0.128) −0.209∗ (0.115) −0.192 (0.146)
+ Commercial & interaction signals (G6) −0.028 (0.218) 0.032 (0.209) −0.046 (0.229)

Panel B. Sequential inclusion by text source
+ Title text features (G2) −0.168 (0.133) −0.220∗ (0.117) −0.210 (0.148)
+ Description text features (G3) −0.142 (0.140) −0.190 (0.126) −0.217 (0.143)
+ Caption / transcript text features (G4) −0.155 (0.149) −0.189 (0.135) −0.166 (0.152)
+ Comment text features (G5) −0.032 (0.218) 0.016 (0.210) −0.052 (0.227)

Panel C. Sequential inclusion by linguistic attribute
+ Length & verbosity (G2) −0.124 (0.126) −0.193∗ (0.116) −0.201 (0.139)
+ Sentiment polarity (G3) −0.016 (0.149) −0.192 (0.147) 0.048 (0.141)
+ Style & structure (G4) −0.062 (0.148) −0.202 (0.146) 0.034 (0.144)
+ Bias & harm indicators (G5) −0.032 (0.218) 0.016 (0.210) −0.052 (0.227)

Observations 485 478 390
Full-specification 𝑅2 0.813 0.792 0.811

Note: Column (1) uses baseline creator-level weighted composites that combine videos and shorts using
variable-specific valid-count weights. Columns (2) and (3) use long-form video variables only and shorts
variables only, respectively. Robust standard errors are reported in parentheses. *, **, and *** denote
significance at the 10%, 5%, and 1% levels, respectively.
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Table B12. Robustness check: Restricting to channels with sufficiently informative
comment data

Full sample Comment restrictions

(baseline) Depth Uploads Coverage
≥ 300 ≥ 50 ≥ 0.90

Panel A. Common specifications
Baseline controls only (G0) −0.270∗∗ −0.266∗ −0.252∗ −0.230∗

(0.137) (0.141) (0.134) (0.143)
+ General video-level features (G1) −0.128 −0.148 −0.084 −0.112

(0.128) (0.123) (0.123) (0.129)
+ Commercial & interaction signals
(G6)

−0.028 −0.135 −0.058 −0.071

(0.218) (0.221) (0.223) (0.225)

Panel B. Sequential inclusion by text source
+ Title text features (G2) −0.168 −0.165 −0.118 −0.133

(0.133) (0.128) (0.129) (0.136)
+ Description text features (G3) −0.142 −0.137 −0.092 −0.105

(0.140) (0.135) (0.133) (0.141)
+ Caption / transcript text features (G4) −0.155 −0.140 −0.146 −0.112

(0.149) (0.140) (0.149) (0.148)
+ Comment text features (G5) −0.032 −0.141 −0.064 −0.078

(0.218) (0.222) (0.223) (0.224)

Panel C. Sequential inclusion by linguistic attribute
+ Length & verbosity (G2) −0.124 −0.133 −0.089 −0.101

(0.126) (0.122) (0.123) (0.128)
+ Sentiment polarity (G3) −0.016 −0.072 0.054 0.037

(0.149) (0.147) (0.134) (0.152)
+ Style & structure (G4) −0.062 −0.117 −0.012 −0.016

(0.148) (0.149) (0.138) (0.156)
+ Bias & harm indicators (G5) −0.032 −0.141 −0.064 −0.078

(0.218) (0.222) (0.223) (0.224)

Observations 485 447 464 460
Full-specification 𝑅2 0.813 0.827 0.809 0.816

Note: Columns (2)–(4) restrict the sample by average comment depth, the number of top-content uploads
with comments, and comment coverage, respectively. Robust standard errors are reported in parentheses. *,
**, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

164



Table B13. Robustness check: Alternative aggregation of top content features

Mean-based aggregation Median-based aggregation
(baseline) (alternative)

Panel A. Common specifications
Baseline controls only (G0) −0.270∗∗ (0.137) −0.270∗∗ (0.137)
+ General video-level features (G1) −0.128 (0.128) −0.149 (0.126)
+ Commercial & interaction signals (G6) −0.028 (0.218) −0.128 (0.202)

Panel B. Sequential inclusion by text source
+ Title text features (G2) −0.168 (0.133) −0.150 (0.130)
+ Description text features (G3) −0.142 (0.140) −0.140 (0.128)
+ Caption / transcript text features (G4) −0.155 (0.149) −0.177 (0.137)
+ Comment text features (G5) −0.032 (0.218) −0.131 (0.201)

Panel C. Sequential inclusion by linguistic attribute
+ Length & verbosity (G2) −0.124 (0.126) −0.140 (0.125)
+ Sentiment polarity (G3) −0.016 (0.149) −0.002 (0.135)
+ Style & structure (G4) −0.062 (0.148) −0.094 (0.139)
+ Bias & harm indicators (G5) −0.032 (0.218) −0.131 (0.201)

Observations 485 485
Full-specification 𝑅2 0.813 0.805

Note: Column (1) uses mean-based creator-level aggregates for duration, likes, comments, and recency;
Column (2) replaces them with medians. Robust standard errors are reported in parentheses. *, **, and
*** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table B14. Robustness check: Alternative aggregation and measurement of textual tone

Baseline polarity Median-based
polarity

Eight-emotion

(mean aggregates) (median
aggregates)

(alternative tone
block)

Panel A. Common specifications
Baseline controls only (G0) −0.270∗∗ −0.270∗∗ −0.270∗∗

(0.137) (0.137) (0.137)
+ General video-level features (G1) −0.128 −0.128 −0.128

(0.128) (0.128) (0.128)
+ Commercial / interaction signals (G6) −0.028 −0.041 −0.107

(0.218) (0.206) (0.225)

Panel B. Sequential inclusion by text source
+ Title text features (G2) −0.168 −0.169 −0.135

(0.133) (0.133) (0.128)
+ Description text features (G3) −0.142 −0.140 −0.137

(0.140) (0.137) (0.127)
+ Caption / transcript text features (G4) −0.155 −0.129 −0.151

(0.149) (0.138) (0.135)
+ Comment text features (G5) −0.032 −0.045 −0.112

(0.218) (0.206) (0.225)

Panel C. Sequential inclusion by linguistic attribute
+ Length & verbosity (G2) −0.124 −0.124 −0.124

(0.126) (0.126) (0.126)
+ Sentiment / tone measures (G3) −0.016 0.007 −0.111

(0.149) (0.136) (0.124)
+ Style & structure (G4) −0.062 −0.058 −0.136

(0.148) (0.138) (0.126)
+ Bias & harm indicators (G5) −0.032 −0.045 −0.112

(0.218) (0.206) (0.225)

Observations 485 485 485
Full-specification 𝑅2 0.813 0.815 0.821

Note: Column (1) uses baseline mean-based polarity measures. Column (2) replaces them with median-
based polarity measures. Column (3) replaces the baseline polarity variables with an eight-emotion block
constructed separately for titles, descriptions, captions/transcripts, and comments. Robust standard errors
are reported in parentheses. *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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General conclusion

This thesis aims to examine how gendered earnings gaps persist and change as labour

markets become more flexible, more digitally mediated, and less tied to standard work

settings. Across three essays spanning the traditional labour market and the creator econ-

omy in the United States, one central conclusion emerges: labour market transformation

does not in itself eliminate gender inequality. Rather, it alters the institutional mechanisms

through which inequality is generated, sustained, and expressed. In this sense, the thesis

both extends and deepens the broader labour-economics literature by showing how the

mechanisms underlying gendered earnings gaps evolve as work itself is reorganized.

The first major finding is that changes in work organization can modify the magnitude

of gender gaps, but they do not remove the structural conditions under which those gaps

arise. Chapter 1 shows that the gender wage gap in the United States narrowed across the

wage distribution after the outbreak of the COVID-19 pandemic and that work-from-home

played a key role in this process. This finding is important because it suggests that greater

flexibility can ease some of the constraints historically associated with rigid schedules,

temporal inflexibility, and career discontinuity. At the same time, we found that the effects

of labour market change are not uniform. Once occupations are disaggregated into core

STEM, STEM-related, and non-STEM fields, substantial heterogeneity becomes visible.

The gender wage gap is smallest in core STEM occupations but largest in STEM-related

occupations, where a strong and persistent glass-ceiling pattern remains. Traditional

human-capital variables explain only a limited share of recent developments in the gap,

whereas job-related characteristics, and especially female devaluation, account for a much

larger share. Educational attainment is an important determinant only in STEM-related

occupations, where educational segregation is stronger, but it does not explain the gap in

core STEM and non-STEM occupations, where women tend to have higher educational

attainment than men. The broader implication is that flexibility may reduce part of the

gender wage gap, but occupational structure, valuation, and field-specific labour-market
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organization remain central to understanding why inequality persists.

The second major finding is that even labour markets built around flexibility, low

formal entry barriers, and digital intermediation do not automatically deliver more equal

outcomes. Chapter 2 turns to the creator economy to ask whether similar or stronger

equalizing dynamics emerge in a labour market where flexibility and digital mediation

are fundamental rather than incidental. The answer is no. We documented a substantial

and persistent gender income gap among top U.S. YouTube creators. Female creators

earn significantly less than comparable male creators even after controlling for a rich

set of demographic, channel, content, production, and engagement characteristics. As

expected, traditional human-capital explanations have little power. Instead, content niche,

annual content production, and audience engagement account for much of the explained

component of the gap, while a substantial unexplained component remains. These findings

challenge the idea that platform-mediated labour naturally leads to fairer outcomes simply

because it is more flexible, more transparent, or less tied to conventional organizational

structures.

The third major finding is that, in the creator economy, gender inequality is shaped

not only by monetization structures and content specialization, but more importantly,

by audience engagement, especially the linguistic and emotional forms through which

audiences evaluate, endorse, and respond to creators’ content. Chapter 3 demonstrated

that this additional dimension is crucial for understanding why a residual female income

penalty remains after controlling for standard creator and channel characteristics. In digital

labour markets such as YouTube, content is not only produced and consumed; it is framed

through language, distributed through platform mechanisms, and publicly evaluated by

audiences whose responses can affect engagement, visibility, and ultimately monetization.

By enriching the analysis with a richer set of video-level measures from each creator’s

top content, particularly textual features of the videos and audience responses expressed

through comments, we found that the residual gender gap can be fully explained with these

richer measures. General top content characteristics explain an important part of the gap,
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but they do not explain it on their own. Most importantly, the strongest explanatory role

is played not merely by creator-controlled textual features, but especially by audience-

side measures, in particular audience endorsement as reflected in likes and the evaluative

tone of comments. The chapter therefore moves the analysis of creator gender inequality

one step further, beyond platform organization and monetization structures to the role

of audience-mediated valuation. In doing so, it shows that language is not peripheral

to digital labour markets; it could be one of the potential key channels through which

economic outcomes are shaped.

Taken together, these findings point to several important conclusions. First, gendered

earnings gaps persist across both traditional and emerging labour-market settings. The

institutional form of work changes, but the presence of inequality does not disappear. Sec-

ond, traditional human-capital explanations are consistently limited. Across the thesis, the

evidence suggests that gender inequality reflects less a lack of qualifications among women

than the gendered ways in which labour markets value, organize, and reward work. Third,

what changes across labour-market settings is not the existence of gender inequality, but

the mechanisms through which it operates. Chapter 1 shows that in the traditional labour

market, gender inequality is tied mainly to occupational heterogeneity, work arrangements,

and female devaluation. Chapters 2 and 3 then shift to the creator economy, a distinct

platform-based labour market in which earnings depend less on employer-set wages and

more on monetization, content specialization, and audience engagement. Within this set-

ting, Chapter 2 identifies the main economic correlates of the gender income gap, whereas

Chapter 3 extends the analysis by showing that the large residual female income penalty

is further connected to textual framing, audience endorsement, and evaluative discourse.

The thesis therefore contributes not only by comparing traditional and emerging labour

markets, but also by showing, within the creator economy itself, how the analysis of gen-

der inequality can be pushed one step further, from broad platform-based determinants of

earnings to linguistic framing and audience-mediated evaluation.

The thesis also has limitations. All three chapters rely on non-experimental empirical
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data, which means that the analyses identify robust patterns and plausible mechanisms,

but do not permit the strongest causal claims. In Chapter 1, the IPUMS data make

it possible to trace how the gender wage gap evolved before and after the COVID-19

pandemic and to assess the role of work from home, but they cannot directly observe

all of the mechanisms through which remote work affects wage-setting. Chapters 2 and

3 rely on estimated advertising income and publicly observable platform data, which do

not capture all dimensions of creator earnings, such as sponsorships, affiliate income, or

other off-platform revenue streams. Nor do these data allow the analysis to fully observe

recommendation systems, advertiser demand, or the causal effects of audience bias.

Despite these limitations, the thesis points to several important policy implications. In

the traditional labour market, the results suggest that policies expanding flexibility, includ-

ing work-from-home and hybrid arrangements, can help narrow gender wage gaps, but

only if such arrangements do not generate new penalties in promotion, pay progression,

or occupational sorting. At the same time, the strong heterogeneity across occupational

fields indicates that one-size-fits-all interventions are unlikely to be sufficient. In partic-

ular, STEM-related occupations appear to require more targeted responses to educational

segregation, female devaluation, and glass-ceiling dynamics. In the creator economy, the

policy challenge is different but equally significant. The evidence suggests that reducing

gender inequality in platform labour cannot be approached solely through creator-side skill

development or entrepreneurial advice. Greater transparency in monetization systems,

closer scrutiny of recommendation and advertising structures, and more active modera-

tion of audience environments may all matter, especially when engagement and evaluative

discourse are themselves part of the process through which earnings are generated.

Looking ahead, these findings also open up a broader future research agenda. One

promising direction would be to combine platform-internal data with richer longitudinal

designs in order to better trace how visibility, engagement, and monetization evolve over

time. A second would be to incorporate more direct measures of sponsorship, recommen-

dation exposure, and off-platform revenue in order to understand the full earnings structure
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of creator labour. A third would be to use experimental or quasi-experimental approaches

to identify the causal effects of audience evaluation, platform response, and algorithmic

amplification. Finally, cross-platform and cross-country comparisons would help deter-

mine whether the patterns identified here are specific to YouTube and the United States or

instead reflect broader transformations in digital labour markets. More broadly, the thesis

suggests that as labour markets become more flexible, more platform-mediated, and more

dependent on visibility and audience response, future research on gender inequality must

also move beyond conventional employment frameworks and examine the new channels

through which economic inequality is produced and reproduced.
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