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In many traditional labor markets, women earn less on average compared to men. However, it is unclear
whether this discrepancy persists in the online gig economy, which bears important differences from the
traditional labor market (e.g., more flexible work arrangements, shorter-term engagements, reputation systems).
In this study, we collected self-determined hourly bill rates from the public profiles of 48,019 workers in the
United States (48.8% women) on Upwork, a popular gig work platform. The median female worker set hourly
bill rates that were 74% of the median man’s hourly bill rates, a gap than cannot be entirely explained by
online and offline work experience, education level, and job category. However, in some job categories, we
found evidence of a more complex relationship between gender and earnings: women earned more overall
than men by working more hours, outpacing the effect of lower hourly bill rates. To better support equality in
the rapidly growing gig economy, we encourage continual evaluation of the complex gender dynamics on
these platforms and discuss whose responsibility it is to address inequalities.
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1

INTRODUCTION

Across the globe, 655 million fewer women than men take part in the paid labor force [46]. In the
United States (US), only 57% of the female population take part [20]. If more women participated,
gross domestic product would increase by 5 to 10% [20]. Not only do women participate in the paid
labor force at lower rates than men, women also earn less on average than men [72].
The US Bureau of Labor Statistics (BLS) estimated that the median female worker made only 82%
of the median man’s weekly earnings in 2016 [72]. Of workers who were paid on an hourly basis,
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the median female worker made only 87% of the median man’s hourly earnings [72]. Among other
factors, gender differences in the desire for flexibility contribute to these gender gaps in pay and
participation: women tend to hold more domestic responsibilities than men, discouraging them
from participating in the paid labor force and disproportionately reducing their pay when they
seek more flexible work options (e.g., [17, 19]).
The growing gig economy has the potential to mitigate both of these concerns. While the gig
economy may decrease the demand for working class jobs that employed women often hold (e.g.,
administrative positions) [47, 72], it also has the potential to increase female participation and pay
in the paid labor market by providing more flexible employment opportunities and transparent pay
rates [50]. The gig economy is a labor market in which employers post millions of short-term jobs
through online platforms such as Upwork [10], Amazon Mechanical Turk (MTurk) [1], and Uber
[5]. In some marketplaces, workers are assigned to tasks with platform-determined pay rates (e.g.,
Uber [5]). On others, independent workers can view and choose jobs that match their schedules,
skills, and financial needs [29, 46]. For example, a young mother with a master’s degree in English
can choose to edit an article for USD$30/hour after her child goes to bed and a daughter with an
associate’s degree in medical transcription can ask for USD$15 to transcribe a 20-minute audio file
while supervising her elderly father’s meal preparation. Online labor marketplaces that provide
flexible work arrangements where workers can set their own rates after seeing others’ rates [50]
may allow women to earn more equal pay to men.
In this research, we evaluated this equal-pay hypothesis. Specifically, we asked: Are the wide
gender pay gaps that occur in many offline labor markets still reflected in self-determined bill rates
in the online gig economy? In asking this question, this paper presents the first analysis of the role
of gender in rate-setting in a single online labor marketplace in which workers set hourly bill rates.
We examined data for 48,019 workers in the United States (US) on Upwork [10], one of the largest
online labor marketplaces in both the US and the world [50].
We found that key offline inequalities in pay also exist on Upwork. The median woman on
Upwork requested only 74% of what the median man requested in hourly bill rate. Controlling
for job category, offline and online work experience, and highest level of education, the average
treatment effect of being a woman was a $6.28 reduction in hourly bill rate. However, despite this
gap in hourly bill rate, when taking into account the total number of hours worked, we found
that the total earnings of women and men on Upwork were roughly equal. Women worked more
hours in total (median = 48.8) than men (median = 32.5), indicating that some women may have
successfully attracted employers with their lower bill rates to earn more revenue. It also means
that the cost of the bill rate gap across genders is borne in time, not in money. We discuss future
qualitative work to explore these dynamics, as well as important sociotechnical interventions that
leverage the transparency of online work platforms to improve gender equality in expected online
bill rates.
2
2.1

BACKGROUND
Factors Influencing the Gender Pay Gap in the Offline Labor Market

In the US, women and men have not historically participated nor been treated equally in the paid
labor market [80]. As noted in the introduction, female workers in the US earned just 82% of male
workers’ median weekly earnings and 87% of median hourly earnings in 2016 [72]. Three major
factors that contribute to this gender pay gap include women working fewer hours in a day than
men, employers penalizing flexible work arrangements, and differences in pay expectations (e.g.,
[19, 38, 61]).
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With only 24 hours in day, women can work for pay during those hours when they are not
working (without pay) for their families. Because women tend to do more of this unpaid labor than
men [72], men have the capability to work more hours for pay in a day. Furthermore, given the often
sporadic and unpredictable demands of domestic responsibilities on their time and location, women
tend to need more flexibility about when and where they work for pay (e.g., [17, 19, 38, 61, 79].
Unfortunately, workers who work fewer hours and/or have more flexible work arrangements
are disproportionately penalized by their employers. For example, part-time workers can expect
to receive lower compensation per hour than full-time workers in the same job [56]. Researchers
speculate that this may be due in part to differences in productivity; working full-time may be
related to higher productivity [56]. Within certain job categories, workers who desire flexibility may
receive significantly less pay than their colleagues because workers are less easily substituted with
one another in these professions [38]. For example, business and finance jobs disproportionately
reward workers who are able to work more than 50 hours per week on average throughout the
year [38]. This is because such workers are costly to replace. With each hour worked, they accrue
institution-specific work experience and increase in value to their employer. If women initially
work such long hours, but take temporary leave from full-time work before and after childbirth,
they can still fall behind their male peers. Indeed, before and immediately after childbirth, the pay
gap between a woman and her spouse can double owing to this reduction in total work experience
[27]. As workers become older, the gap in earnings between women and men increases, partially
owing to these differences in family responsibilities [38].
However for jobs in other industries such as pharmacy, where workers are more easily substituted
with one another, those who work more hours and continuously over time are not disproportionately
rewarded [38]. Consequently, the pay between men and women is almost equal [39] and workers
can work part-time without leaving the workforce and reducing their earning ability [38]. In short,
employers in certain job categories that place a disproportionately higher value on work experience
reward workers who have the ability to continuously work longer hours at a full-time job, putting
women at a disadvantage for earning equal pay. Factors such as number of hours worked, job
category, total work experience, and age are covariates with these differences in pay.
2.1.1 Differences in Pay Expectations. The gender pay gap may also be explained by differences
in pay expectations that are influenced by job category, negotiation behaviors, and perceptions of
ability. Women are more likely to choose undergraduate majors that lead to roles in lower-paying
job categories such as education [24] , while men are more likely to choose majors that lead to roles
in higher-paying job categories, such as computing and engineering [47, 72]. Aside from differences
in major selection and resulting job category, women are less likely to ask for as much pay as men
because they fear such asks will result in negative workplace evaluations. And their fear is real;
experiments have shown that women who negotiate their salaries are seen as less hireable by men
[15, 16, 21]. Women also often have lower expectancies than men in their ability to complete tasks
(e.g., [28]) and hence undervalue their work. An online marketplace for technology jobs, Hired.com,
showed professionals on its website the ranges of earnings for various job categories, women were
more likely to set their own expected salary at the lower end of the range on the site, increasing
the gender pay gap [43]. In short, gender differences in job category, negotiation behaviors, and
perceptions of ability may also influence women’s pay expectations and the gender pay gap.
2.2

Women’s Participation and Pay in the Online Gig Economy

2.2.1 The Growing Online Gig Economy. Tens of millions of men and women take part in the
growing online gig economy [50]. The online gig economy supports online marketplaces for shortterm labor. Platforms act as marketplaces for transactions of short-term labor, such as remote staffing
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(e.g., Freelancer [11]) and on-demand location-based jobs (e.g., Uber [5]) [53, 54, 71]. The World
Bank estimated that workers’ earnings aggregated across online labor marketplaces would reach
USD$4.8 billion worldwide in 2016 [53]. Moreover, job growth in the six largest English-speaking
online labor marketplaces increased by 25.5% from July 2016 to July 2017 [50].
While the online gig economy cannot solve the challenge that women engage in more unpaid
labor than men, it offers women the opportunity to arrange when and where they work, and
earn more equal pay to men. Online platforms allow workers to seek short-term gigs when they
are able to, providing more flexible paid labor opportunities [50]. In the US, most women who
participate in the gig economy report that the flexible gigs allow them to more easily attend to
domestic responsibilities than conventional jobs [44]. Because workers can be hired quickly and
on demand (e.g., [73]), online gigs may also make workers more substitutable with one another
over time [38], which may reduce gaps in pay rates between those who take leave from short-term
labor and those who do not. Online gigs also draw on a range of knowledge and skills, making
them accessible to workers regardless of gender. Gigs can range from routine tasks, such as doing
laundry on TaskRabbit [9] and transcribing an audio recording on MTurk [1], to creative tasks,
such as developing a new product on InnoCentive [4] or creating a business plan on Upwork [10].
2.2.2 Women’s Participation and Treatment in the Online Gig Economy. Despite the initial promise
of allowing more women to participate in the paid labor force, emerging evidence of equal femaleto-male participation in the online gig economy is mixed [44, 66]. On MTurk, a popular gig work
platform specializing in routine tasks for small pay, more than 50% of American workers are female
[66]. In contrast, a recent survey of all US freelancers, including those who may not have used gig
work platforms, estimated that only 41% of freelancers were female, compared to 47% of workers in
the entire US economy [48].
Moreover, gender inequalities in pay and workplace evaluation in the offline labor market
may persist in online labor marketplaces. Researchers have found gender inequalities in both: 1)
marketplaces that offer a fixed occupational context with platform-determined rates (e.g., driving
for Uber [5]) and 2) marketplaces that offer a range of occupational contexts and varied rates
determined by individual clients or workers (e.g., web development fees negotiated by workers on
Upwork [10]). In marketplaces with platform-determined rates (i.e., Uber [5]), women still earn less
than men overall due to behavioral differences in completing the work, such as how quickly they
drive [29]. In some marketplaces with varied rates, such as Fiverr [3] and TaskRabbit [9], women
receive fewer client reviews, influencing their position in search rankings and their employability
[3, 29, 41].
While we are beginning to understand the dynamics of female participation in the gig economy,
we still lack a key understanding about gender differences in pay outcomes, specifically in marketplaces where workers are able to determine their pay rates. Such marketplaces are increasingly used
in social computing research and applications to crowdsource creative tasks (e.g., [73]), making it
critical for us to better understand gender dynamics on these gig work platforms.
2.2.3 Platform Experience and Performance Affect Pay Rates in the Online Gig Economy. In
contrast to the offline labor market, pay rates in the online gig economy may also be subject
to additional factors, such as specific platform experience and performance. While workers on
platforms such as iStockphoto [12] and MTurk are primarily motivated to earn discretionary income
[22, 23, 49, 64], workers may be willing to work for lower pay to build platform work experience or
be given more time to complete a task [58, 81]. Highly rated reviews from past clients on platforms
such as Fiverr [3] and TaskRabbit [9] can also influence workers’ visibility to future clients and their
earning abilities [41]. On Upwork [10], workers can take skill tests that may improve their prospects
of winning clients [7]. The platform also displays workers’ feedback ratings; the difference between
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positive and negative feedback ratings is used to calculate a worker’s Upwork Job Success Score
[6]. These additional factors increase the complexity of predicting online gender-pay dynamics
based on our current limited understanding of the offline gender pay gap.
2.3 Research Questions
The above related work informed two specific research questions that we sought to explore:
• RQ1: How do the hourly bill rates that women in the US set for themselves in online
labor marketplaces compare to men’s hourly bill rates? This question seeks to examine
hourly bill rates (and resulting overall revenue) at a high level, allowing us to understand if
the gender-pay dynamics in online labor marketplaces are similar or different to those in the
traditional US economy.
• RQ2: How do gender representation and discrepancy in hourly bill rate compare
across job categories in online labor marketplaces? As noted above, prior work has
found that job categories are an important consideration in gender-pay dynamics [19, 38,
47, 61]. Hence, we sought to repeat RQ1, but focusing individually on each job category in
online labor marketplaces. For instance, are there different discrepancies in hourly bill rates
in Information Technology (IT) and Networking jobs versus Administrative Support jobs?
We additionally seek to put these numbers in the context of the equivalent statistics in the
traditional US economy as defined by job categories surveyed by the US BLS [72].
3

METHODS

3.1 Studying Upwork as an Online Labor Marketplace
Upwork [10], formerly oDesk, is a useful platform for studying gender differences in hourly bill
rates and earnings across diverse job categories and experience levels. Upwork is one of the largest
online labor marketplaces by earnings in the world [14]. It attracts workers across the US with a
variety of skills in areas such as writing, web and software development, and law [52, 73], allowing
us to observe gender-pay dynamics across many job categories. In comparison to other gig economy
platforms, such as Uber [5], workers have significant control of their hourly rates, which allows
us to observe differences in rate-setting behaviors. Given the popularity of Upwork and that the
majority of demand for online gig work originates from the US [50], we focus our study on US
workers on the Upwork platform.
3.1.1 Expected Pay and Actual Pay on Upwork. While workers have control over parts of their
profile, workers’ actual pay on Upwork may differ from their expected hourly bill rate. On Upwork,
workers either bid on individual job assignments that pay on a fixed or hourly basis, or are solicited
directly by clients who find them through search. During the bidding and interview process with
clients, workers may negotiate the terms of their contract. However, past research suggests that
fierce competition in online labor marketplaces encourages workers to underbid and accept rates
without bargaining [40]. Hence, it is likely that workers are being paid less than their expected
hourly bill rate. However, due to the limitations of the data we are able to collect publicly from
Upwork [10], we are only able to examine workers’ expected bill rates, rather than their actual
pay. Therefore, we focused our current study to examine only workers’ rate-setting behaviors on
Upwork.
3.2

Analyses Conducted on Upwork Data

To address RQ1, we used a combination of descriptive and causal analysis techniques to compare
male and female workers’ hourly bill rates, controlling for potential covariates. The covariates we
considered were Upwork job category, work experience (including work experience outside of
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Upwork), and highest level of education. We also attempted to detect workers’ age range and use
this as a potential covariate. However, age range was not used in our analyses due to low precision,
which we explain below. To address RQ2, we compared median bill rate and gender representation
in Upwork job categories to equivalent BLS job categories [72].
3.3

Data Collection

Adopting the approach of key prior work on the gig economy discussed above (e.g., [41, 76]),
we used information gathered from publicly available user profiles to form our primary dataset.
Specifically, we collected data from 55,518 public profiles of US workers on Upwork from December
13-31, 2017. This data includes information such as first name, requested hourly bill rate in US
Dollars, employment history on and off Upwork, and education history. We also estimated how
much workers have earned in total hourly revenue given the total number of hours they have
worked on Upwork and their stated hourly bill rate. Our final sample included 48,019 workers
(48.8% whom we identified as women) after removing 13.5% of the sample (7,499 workers) for whom
we could not identify either gender or at least one of the key covariates listed in the next section.
3.4

Approach to Gender and Covariate Detection

Below, we describe our approach to detecting gender and its potential covariates with expected bill
rate. We also report the number of workers for whom we could not identify either gender or a key
covariate and excluded from the causal analysis.
3.4.1 Gender. Because Upwork does not collect information on gender, we inferred gender
using the name-based technique implemented in the genderComputer Python package [74]. This
is a technique and a software package that is widely used in social computing, computational
social science, and beyond (e.g., [26, 37, 41, 57, 78]), with a reported precision of 0.95 (recall =
0.88) [8, 74]. genderComputer compares an input first name against lists of first names that are
highly likely to belong to men and to women, and does so on a country-by-country basis. In
our case, genderComputer compared workers’ names to a list of baby names from the 1990 US
Census. If a name was given to a woman in at least twice as many cases as it was given to a man,
genderComputer assumes the name belongs to a woman, and vice versa. Names that fell in between
these two thresholds were assigned the label of unisex, whereas names not in the database were not
assigned a gender (see below for more details). As in prior work (e.g., [37]), we did not include in
our primary analysis workers whose gender was labelled as unisex (1.48% of sample, 821 workers)
or could not be identified by genderComputer (5.04% of sample, 2,800 workers).
To verify that the genderComputer package did not have specific issues with the names in our
dataset, we did an additional back-of-the-napkin verification of its results in which two independent
raters labeled the perceived gender of 200 randomly selected workers in the dataset using profile
pictures (Kappa = 0.99) [30]. Due to the high agreement of the raters, we chose one of the sets of
labels as our ground truth dataset. The genderComputer classifier achieved similar average precision
(0.92) and recall (0.89) against our ground truth dataset as it did for Vasilescu and colleagues [74],
giving us additional confidence in its results.
While this name-based approach implemented in genderComputer is well established in the
literature, gender identification is a challenging problem and this approach presents a necessarily
limited view. Key limitations of studies that rely on this approach include an ignorance of non-binary
genders (a particularly important limitation) and the inability to incorporate people with more
ambiguous names. We mitigated some of these concerns by comparing the bill rates of workers
who were identified as women on Upwork with those whose names were labeled as unisex or could
not be identified (see below). We discuss these issues further in the Limitations section.
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3.4.2 Job Category. To capture workers’ job category, we used their primary job category as
indicated on Upwork. We removed from further analysis the 507 (0.91%) of workers who did not
indicate a primary job category.
3.4.3 Work Experience. In our analyses, we accounted for both the offline and online work
experience of Upwork users using different measures. We estimated offline work experience using
years of offline work experience and number of skills listed on a worker’s profile. We calculated
years of offline work experience by measuring the total, non-overlapping years of work completed
as reported on the worker’s employment history. Because workers are not required to fill out this
section of their profile, we were careful not to classify workers who did not report work experience
as having no work experience at all. Therefore, we removed workers who did not report any work
experience from our analysis (0.09% of sample, 48 workers). One possible limitation of taking this
approach is excluding workers who may legitimately have no prior work experience off Upwork,
although that number would be very small and unlikely to affect our overall conclusions.
Given that users of a gig economy platform may need to build an online reputation to find online
work [58, 81], online reputation may be especially important, so we use an array of signals to
quantify online work experience. To account for online work experience, we additionally captured
the following factors: number of skill tests completed through the Upwork platform (e.g., tests of
English grammar, XML), number of portfolio items listed by the worker, average feedback rating,
total number of feedback ratings received, number of hours worked on hourly assignments, number
of assignments completed total, and tenure (in days) on Upwork. Unfortunately, Upwork’s public
API does not allow us to collect information on workers’ Job Success scores; nevertheless, we expect
that average feedback rating will capture at least some of the effects of these scores.
3.4.4 Level of Education. We inferred highest level of education based on the education history
reported on workers’ profiles. For each item in workers’ education history, we extracted the
institution name, degree, and any comments added by the worker, and classified workers into four
levels of education determined by the US BLS [72] using a set of rules (see Table 1 for a summary).
We could not identify the education history for 3.04% of the sample (1687 workers) and 3.90% of the
sample (2167 workers) did not specify any education history. These workers were removed from
consideration for our final analyses. We were also unable to determine education level for overseas
institutions whose names and degrees conferred may be in a different language. For the remaining
workers, our simple keyword-based classifier outlined in Table 1 obtained high average precision
(0.93) and recall (0.94) compared to a ground truth dataset of 200 randomly sampled workers. This
dataset was created by one independent rater who looked at workers’ profile descriptions and
determined highest level of education using four levels determined by the US BLS [72].
3.4.5 Age Range. It is possible age has an influence on pay gaps; as noted in Background, as
workers age, women tend to earn less on average than men of the same age [38]. We sought to
determine workers’ age ranges as a potential covariate for our analyses, but the data and methods
available were insufficiently reliable. We used Microsoft’s Face API to determine age based on
workers’ public profile photos, an emerging approach to estimating age ranges when other data is
not available (e.g., [55]). The API returns an estimated age based on the face detected in a photo.
To ensure faces were large enough to be detected, we resized photos using the OpenCV Python
package. Unfortunately, the average performance of the age classifier was very low (precision =
0.31, recall = 0.27) on an initial ground truth dataset. This dataset was created by one independent
rater who looked at workers’ profile descriptions and determined perceived age range using ranges
determined by the US BLS [72]. As such, we did not include age as a covariate in our causal analysis.
Our expectation is that years of work experience will capture at least some of the effect of age.
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Table 1. A description of keywords used to infer level of education for items in workers’ education history.

3.5

Causal Analysis

To investigate possible causal relationships between gender and requested hourly bill rate, we
used causal analysis techniques [45]. Causal analysis has frequently been used to approximate the
effect of a treatment variable on an outcome variable in non-experimental settings by comparing
data points that have similar covariate values (e.g., [34, 75]). As noted above, we focused on four
groups of variables that have been identified as particularly important covariates of earning rates
in traditional labor markets (see Background section): job category, number of years of offline
work experience, highest level of education, and measures of online work experience through the
Upwork platform.
3.5.1 Propensity Score Stratified Regression. We used the open source Causalinference [2] Python
package to run a matched propensity-score-stratified regression [45]. Propensity scores reflect how
likely a worker in the dataset is to "receive treatment" (i.e., be female) based on the values of the
worker’s covariates. To account for possible imbalance in covariates in the dataset, we trimmed
the sample of workers with very high propensity scores, which would prevent us from finding
equivalent workers who did not "receive treatment" (i.e., were not female; [33]). In other words,
the final regression did not include workers with propensity scores very close to 0 or 1, because
these workers cannot be compared fairly to workers from the opposite treatment status. Following
Rosenbaum and Rubin’s [65] original approach to propensity score stratification, we stratified our
dataset into five subsets based on similar propensity scores to simulate a randomized blocked trial.
Through blocking, we compared male and female workers with similar propensity scores (and
therefore similar covariate values) to estimate the average "effect" of being female on requested bill
rate. In total, our dataset for the causal inference analysis included 47,396 workers (49.5% female),
after removing workers for whom we could not identify work experience, job category, or education
and trimming workers with extreme propensity scores.
3.5.2 Validity Checks. To check the validity of our causal analysis, we also repeated the analysis
with different modeling choices: we performed an analysis without trimming extreme propensity
workers and also performed an analysis by matching workers one-to-one using nearest neighbor
covariate matching instead of propensity score stratification. In each case, we verified that observed
effects were roughly consistent in direction and scale to that which we report below. This suggests
our results are robust to small model changes (including extreme propensity workers) and large
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model changes (matching directly on covariates with replacement). For each analysis, we also
inspected the covariate balance after matching: in each case, the standardized bias (the difference
in means divided by the pooled standard deviation for a single covariate), a quantitative measure
for assessing covariate balance, was substantially reduced, and no covariates in any strata had
a standardized bias of greater than 0.25, a recommended threshold for "large" differences [69].
We report results from the propensity score blocked regression with extreme propensity scores
trimmed, as this method strikes a balance between minimizing covariate bias without removing
many workers from the analysis.
3.6

Online and Offline Comparisons

To compare gender representation and hourly bill rate discrepancy in online and offline work
settings, we first matched job categories on Upwork to job categories surveyed by the BLS [72]. Job
categories on Upwork are not automatically aligned with categories surveyed by the BLS, which
are classified according to the 2010 Standard Occupational Classification (SOC) system. Following
prior work in epidemiology that also involved labeling large occupational datasets, we mapped
job categories on Upwork to equivalent SOC job categories using the Standardized Occupation
Coding for Computer-assisted Epidemiologic Research (SOCcer) tool [32, 67]. This tool returns
the 10 closest SOC job categories for each Upwork job title and job description given. Each of the
returned SOC categories is given a probability score that reflects how close the Upwork job title
and description is to the matched category. In this case, we used as job titles the names of the 12
primary job categories on Upwork. The input job descriptions were the names of the sub-categories
within each Upwork job category.
Not all of the top matched job categories had complete reported earnings data in the BLS survey.
Therefore, when earnings data was not available for the top match, we took the subsequent match
with data available and were able to find matches for all job categories except for the Translation
category. For example, the Customer Service job category on Upwork was matched to "customer
service representative occupations" in the SOC system and Accounting and Consulting on Upwork
matched to "accountants and auditors" in the SOC system.
4

RESULTS

In this section, we discuss the gender differences in hourly rate-setting overall (RQ1) and between
occupations (RQ2) for independent workers in the US in the online labor marketplace, Upwork.
4.1

RQ1: Measuring Gender Differences in Hourly Rate-Setting Across All
Occupations

We began our analyses by examining the distribution of hourly rates in our dataset. Bill rates
showed positive skewness (7.52, z = 213.12, p < 0.001) and a high kurtosis (131.18, z = 140.41, p <
0.001). About 3.8% of our sample (1797 workers) set bill rates at least 2 standard deviations above
the mean; among these outliers, the majority were male (70.6%) and the median bill rate was $150.00
per hour. Given these results, we either performed non-parametric tests or normalized our data in
the remainder of our analyses.
4.1.1 Women Asked for Lower Median Hourly Bill Rates. Without taking other covariates into
account, female workers asked for lower median hourly bill rates overall ($26.00, mean (M) = $35.61,
standard deviation (SD) = $31.77) than male workers in our dataset ($35.00, M = $46.35, SD = $44.16;
Table 2 shows more details). In other words, female workers in the US on Upwork asked for 74.3%
of what male workers asked for in median hourly bill rate and 76.8% in mean hourly bill rate. By
(loose) comparison, in the broader economy, the US BLS estimated that female wage and salary
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Table 2. Women in our final sample asked for $9.00 less in median and $10.74 less in mean hourly bill rate
than men.

workers who were paid by the hour earned 87% in median hourly earnings relative to those of male
workers in 2016 [72].
The results of our causal analyses also suggest a marked difference in expected Upwork hourly
bill rate based primarily on gender. After matching workers on job category, years of offline work
experience, highest level of education, and online work experience, our causal analysis showed an
average treatment effect on the control estimate (i.e., male workers) of $6.28 (p < 0.001). This means
that in a counterfactual world in which male workers were instead female, they would experience
a $6.28 or 13.6% reduction on average in mean hourly bill rate (M for male workers included in this
analysis = $46.08).
We verified that the above results were not driven entirely by outlier hourly rates by rerunning
our analysis with outliers removed (i.e., workers with bill rates at least 2 standard deviations above
the mean). Given that there were male users with outlier bill rates (70.6% of outliers were male)
that drove up the mean bill rate, we might expect to see a diminished effect size when removing
outliers. The overall results were as expected: we saw a moderate decline in average treatment
effect on the control ($3.46, p < 0.001). This is equal to an 8.8% reduction in mean hourly bill rate of
male workers included in this analysis (M = $39.21). The presence of a non-trivial and significant
negative effect suggests that outliers were responsible for only a portion of the pay discrepancy we
observed.
4.1.2 No Significant Evidence of Women Using Unisex or Unidentifiable Names to Set Higher
Hourly Rates. We also explored the possibility that some women were using unisex or unidentifiable
names as a strategy for setting higher bill rates. Workers with a unisex or unidentifiable name had
a $2.26 higher mean bill rate than female users on average. However, when we used a propensityscore blocked regression, which is the same approach described above in the Methods, but with
female users as the control and unknown gender users as the treatment group, the estimate did not
show a statistically significant difference in hourly bill rate compared to having a female name (p
= 0.413). Therefore, we found no significant support for the notion that women are using unisex
or unidentifiable names as a way to ask for substantially higher hourly bill rates on Upwork. We
discuss future qualitative work to further explore this possibility in the Discussion.
4.1.3 Hourly Bill Rates versus Overall Earnings. While the above analyses show that women ask
for less per hour than their male counterparts, this does not necessarily mean that they earn less
overall on Upwork. In particular, women could earn less per hour but work more hours, translating
at least some of the hourly rate difference into time costs rather than financial costs and/or perhaps
implementing an undercutting strategy. Indeed, comparing workers who had worked more than
zero hours on the platform (9747 workers, 52.5% female), the median total number of hours worked
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by women was 48.83 hours (M = 436.55, SD = 1,325.70), while the median total number of hours
worked by men was 32.50 hours (M = 335.42, SD = 1049.90).
To understand the impact of these increased hours worked on overall revenue, we estimated
the total hourly revenue workers have earned by multiplying each worker’s hourly bill rate with
their total number of hours worked on hourly assignments on Upwork. Looking again at workers
who have logged more than zero hours of work on the platform (9747 workers, 52.5% female), the
median US woman appears to have earned slightly more than the median US man on Upwork. The
median hourly revenue women earned was $1,386.67 (M = $13,382.39, SD= $40,896.30), while the
median hourly revenue men earned was $1,278.08 (M = $15,276.44, SD = $52,900.29). However, a
Mann-Whitney U test did not find a significant difference between these distributions (z = 1.18 x 107 ,
p = 0.23). Additionally, transforming the data to a normal distribution using Box-Cox transformation
and running a t-test did not show a significant difference between male (M = 6.73, SD = 1.96) and
female (M = 6.74, SD = 1.94) transformed total hourly revenue (z = 0.27, p = 0.79).
These results suggest that, in general, the cost of the Upwork hourly rate gap for women may
not be money, but rather time. We observed that women earn less per hour, but work more hours,
leading to approximately the same overall earnings between the genders.
4.2

RQ2: Gender Differences Within and Across Job Categories

Because job category plays such a large role in the gender pay gap offline (e.g., [38]), our second
research question seeks to explore these same dynamics in more detail on Upwork. As noted above,
for our second research question, we use as a baseline patterns of gender representation and pay
offline from a survey completed by the US BLS in 2016. At a high level, we find that more workers on
Upwork were female and attained higher education levels than those in the BLS survey. Compared
to the BLS dataset (N = 111,091,000, 44.3% female), our final sample (N = 48,019, 48.8% female) was
slightly closer to gender parity. Workers in our final sample were also more likely to have at least a
bachelor’s degree compared to individuals 25 years and older in the BLS dataset (N = 101,015,000);
nearly 80% of workers in our sample reported having at least a bachelor’s degree, while just more
than 40% of workers surveyed by the BLS had a bachelor’s degree. Because the BLS survey did not
collect data on work experience, we were not able to compare our datasets on this measure.
4.2.1 Women Were Overrepresented in Jobs With the Lowest Median Hourly Bill Rates. We found
that women on Upwork tended to participate most in job categories with the lowest median
hourly bill rates. We observed a strong negative correlation between female representation and
median hourly bill rate between job categories (r = -0.79, n = 12, p < 0.01). Additionally, women
outnumbered men in the four lowest-paying job categories: Writing, Translation, Administrative
Support, and Customer Service (see Figures 1 and 2). Additionally, men outnumbered women in the
highest-paying job categories (e.g., IT and Networking; Engineering and Architecture; and Web,
Mobile and Software Development).
4.2.2 Representation of Women in Job Categories on Upwork Aligns with BLS Dataset. Are the
differences in gender representation between job categories on Upwork reflected in the offline labor
market? Our data suggest that the representation of women in job categories on Upwork aligns with
the representation of women in equivalent occupations offline in the BLS dataset. We found a strong
positive correlation between percentage of women in job categories on Upwork and percentage
of women in the equivalent category in the BLS survey (r = 0.82, n = 11, p < 0.01, see Figure 3)).
In the BLS survey, women were most highly represented in Administrative Support (secretaries
and administrative assistants; 94.0%), Customer Service (customer service representatives; 64.1%),
Accounting and Consulting (accountants and auditors; 61.5%), and Translation (miscellaneous media
and communication workers; 61.0%). They were least represented in Engineering and Architecture
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Fig. 1. Representation of female workers varied across job categories on Upwork, with women being overrepresented in Administrative Support and underrepresented in IT and Networking and Engineering and
Architecture.

Fig. 2. The job categories with the lowest median hourly bill rate - Writing, Translation, Administrative
Support, and Customer Service - also had among the highest ratios of female to male workers on Upwork (r
= -0.79, n = 12, p < 0.01)
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Fig. 3. Across most domains, the percentage of women in job categories on Upwork reflected the percentage
of women in equivalent job categories in the BLS survey (r = 0.82, n = 11, p < 0.01). We were unable to find
equivalent BLS job category matches for Translation and did not include this in our analyses.

(engineers, all other; 12.8%), IT and Networking (computer and information systems managers;
25.3%), and Web, Mobile, and Software Development (computer programmers; 25.8%) categories.
4.2.3 Women Asked for Lower Hourly Bill Rates Compared to Men. Not only were women less
represented in higher-paying job categories on Upwork, they also asked for lower hourly bill
rates compared to men within job categories. Following the same approach as our causal analysis
described above, we used propensity score blocking and covariate nearest neighbor matching
with and without extreme propensity trimming to estimate the treatment effect on the control for
workers within each job category. When comparing workers within job categories in which women
were underrepresented, these analyses suggested that women still asked for significantly lower
rates. Specifically, after estimating the treatment effect within each job category, we found that in all
but two categories (Translation; Engineering and Architecture), at least one causal model suggested
there was a statistically significant negative treatment effect on the control. For example, within the
job category of Web, Mobile, and Software Development, our causal analysis estimated a treatment
effect on male workers of $6.14. We note that unlike our primary causal analysis with the full
dataset, which was extremely robust to model changes, the analyses within each job category were
not robust to model changes (i.e., sometimes blocking estimated a significant effect but matching
did not) and for some categories with especially imbalanced gender representation, blocking was
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Fig. 4. In all but two job categories, women asked for lower median hourly bill rates than men. The gender
bill rate gap was highest in Legal, Accounting & Consulting, and IT & Networking categories. There was no
gender gap in median bill rate in Translation and Design and Creative categories.

Fig. 5. In eight Upwork job categories, women earned more in estimated hourly revenue than men. We
continue discussing these complex dynamics below.

impossible or resulted in increased covariate bias. However, the combination of our descriptive
analyses (i.e., comparison of median wages shown in Figure 4), our primary causal analysis, and
these job-specific causal estimates strongly suggests that the gender bill rate gap on Upwork is not
being driven by choices related to job category alone.
4.2.4 Women in Some Job Categories Earned More Revenue than Men. Importantly, we further
estimated the total hourly revenue workers earned in different job categories. Women worked
sufficiently more hours to surpass men in median total hourly revenue in eight job categories: Data
Science and Analytics; Customer Service; Administrative Support; Accounting and Consulting;
Writing; Translation; Sales and Marketing; and Engineering and Architecture. Men still earned
more in hourly revenue than women in four categories: Design and Creative; Web, Mobile, and
Software Development; Legal; and IT and Networking (see Figure 5). We examine this relationship
between hourly bill rates and revenue and its implications in the Discussion section.
5
5.1

DISCUSSION
Equal Pay for Equal Work in Online Labor Marketplaces?

Through our analyses, we identified a relationship between gender and hourly bill rates in the
online labor marketplace, Upwork; the median woman on Upwork asks for significantly less per
hour than the median man on Upwork. This difference persists even when controlling for key
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covariates such as offline and online work experience, highest education level, and job category.
Our results suggest that online labor marketplaces, though providing flexible, on-demand work
opportunities, may continue to be shaped in part by the same gender dynamics that we see in the
traditional offline labor market. By examining self-determined hourly bill rates, our results raise
the possibility that women on Upwork may be undervaluing their work compared to men, either
intentionally (to increase their prospects of employment) or unintentionally.
5.2

Lower Hourly Rates and Higher Overall Revenue?

We found that women’s lower hourly bill rates are coupled with a higher number of total hours
worked. Indeed, in eight of the 12 job categories, the differential in total hours worked on hourly
assignments across genders is sufficiently large that the median woman earns more total (estimated)
revenue than the median man. While these results are subject to limitations in our ability to
accurately approximate total revenue (see above), this finding raises the possibility that some
women may be deliberately setting lower prices for their time to increase their prospects of
employment, and are doing so sufficiently effectively that it increases their overall revenue earned.
Regardless of intent, these actions come at a cost. Women on Upwork are not selling products,
they are selling their time. More hours worked, therefore, equates to less time available for other
pursuits. And unlike the number of products that can be produced in many cases, the number of
hours available per worker is highly constrained. This is particularly concerning as research has
identified that one key attraction for women to gig work over traditional labor arrangements is
time to attend to family responsibilities [44]. Our results clearly indicate that future qualitative
research is needed to better understand workers’ decision-making processes when setting their
hourly bill rates and deciding how many hours to work.
The relationship between hourly rates and hours worked that we observed also presents another
intriguing possibility: men may be overestimating their value. Informally, we observed a higher
likelihood of embellishment in men’s self-descriptions of their work experience on their profile
pages. It is possible that this embellishment extends to hourly bill rates, and it may be hurting men
in online marketplaces. This is also a direction worthy of more study, and we expand on further
directions for future work below.
5.3

Future Work

5.3.1 Rate-setting Success in Online Labor Marketplaces. Future qualitative and quantitative work
is necessary to understand hourly rate-setting success and strategies in online labor marketplaces,
and whether those strategies are economically optimal for each individual. For example, although
our study suggests that women were unlikely to have used unisex names as a way to set higher
hourly bill rates, a future study should specifically interview male and female workers about the
factors they consider when determining their hourly rates. Such studies will ideally be collaborations
between social computing researchers (who understand the gig economy context), behavioral
economists (who understand the relationship between human choices and economic principles),
and industry collaborators (who can easily access data).
5.3.2 Understanding the Role of Online Work Experience. Our results also suggest that more
research is needed to understand the impact of online work experience on worker success. Despite
having higher levels of education compared to workers surveyed by the US BLS, women on Upwork
still asked for significantly less pay than men. This is intriguing, given that past research suggests
higher levels of education correlate with smaller gender pay gaps [61]. However, these results make
more sense when considered in the context of online work. Educational qualifications may play a
relatively small role in online labor marketplaces when compared to offline work performance [40].
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Perhaps success in these marketplaces is subject to different signals of work experience beyond
those used in the traditional labor market. Future work is needed to determine the extent to which
online work experience leads to work success compared to more "traditional" signals such as
education level and offline work experience.
5.3.3 Hourly Bill Rate Dynamics by Worker Status and Country. Future work should be devoted
to understanding these results in the context of workers’ full-time or part-time status and their
countries of origin, as these may also influence levels of pay. In offline labor markets, workers
can expect to receive significantly lower compensation per hour for the same job when they work
part-time compared to full-time [56]. Hence, we predict that workers who intend to use Upwork
as their primary source of income will set higher bill rates than those who do not. Furthermore,
because we limited the scope of this analysis to workers in the US, our results may not generalize
to workers in other countries. In most countries, women earn less on average than men, and gender
differences in pay vary by country [13] due in part to differences in women’s participation in the
labor force [60]. In countries such as Ireland and France where women earn almost as much as
men, fewer women participate in the labor force to begin with compared to countries with larger
pay gaps, such as the US and the United Kingdom [60]. More work is needed to understand gender
discrepancies in bill rate on Upwork across the globe, as well as how the transparent flow of work
between countries (i.e., workers working with international clients [52]) further influences these
discrepancies.
5.3.4 New Socio-Technical Interventions to Increase Equality. Our findings also highlight the
possibility for interesting new socio-technical interventions in online labor marketplaces. Although
independent contractors in online labor marketplaces may not be subject to the same legal protections as employees in the US, experiments have shown that they have similar expectations for
fair compensation [25] and may find value from tools that increase equality in pay. For example,
platforms could present data analytics to help employers understand their hiring practices for
men and women in online labor marketplaces and adjust these practices to increase equality. Researchers could also develop per-worker pricing strategies to help individuals maximize the value
of their work time while achieving other goals and responsibilities (e.g., preserving time for family
responsibilities and professional development) [51].
5.3.5 Gender Dynamics in Computer-Supported Cooperative Work (CSCW). Emerging research
suggests that women face barriers to participation in various socio-technical systems, including peer
production communities (e.g., Wikipedia) and social Q&A sites (e.g., StackOverflow) [31, 37, 42].
Yet, as feminist human-computer interaction (HCI) scholars point out, few socio-technical systems
are designed and studied with gender differences in mind [18, 62]. In this study, we find that gender
is a robust factor in predicting bill rate that needs to be considered in the design of future online
labor marketplaces. Gender influences workers’ bill rates partly by replicating patterns of gender
representation in offline job categories, but possibly also through more nuanced online mechanisms.
As mentioned earlier, previous qualitative research with workers in online labor marketplaces from
different countries has shown that workers often undervalue their services as a way of securing
employment[40]. Women on Upwork may be doing the same by underbidding as a strategy to
gain more employment online. As CSCW and HCI researchers, we must continue to study the role
of gender, not only as it relates to participation in socio-technical systems such as online labor
marketplaces, but also as it relates to strategies for success in these systems [59, 77].
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Questions of Responsibility

Our research raises a difficult question: whose responsibility is it to create more equal online labor
marketplaces? On the one hand, our results suggest that factors associated with the bill rate gap on
Upwork include structural differences in society (e.g., representation across job categories), the
choices made by men and women in pricing their time, and the amount of time men and women
work. All of these factors stand somewhat apart from the Upwork platform itself. However, our
work also highlights opportunities for data transparency that have not yet been leveraged by
Upwork. For instance, as noted above, Upwork could implement specific pricing guidelines for
women to increase visibility of the bill rate gap, and analytics for employers to understand hiring
practices. Trivially, Upwork could also show women what men with the most similar characteristics
in the most recent job are charging using approaches similar to our causal analysis.
Researchers interested in designing online labor marketplaces to support more equal bill rates
between men and women should consider intervening in workers’ bill rate decision making process.
For example, platforms could provide more explicit access to other workers’ bill rates. In prior
research, descriptive norms, or information about what others do [63], have been effectively used to
influence people’s eating [68] and pro-environment behaviors [35]. Nonetheless, industry research
suggests efforts must go beyond merely providing access to other workers’ bill rates, as women still
tend to place themselves at the lower end of the pay spectrum [43]. Workers may also be hesitant
to negotiate higher rates when they are compared against other workers [40]. Further qualitative
work is needed to understand differences in rate-setting and the frequency with which workers
update their rates based on experiences gained, particularly in categories where gender bill rate
gaps are the highest (e.g., Legal; IT and Networking; Accounting and Consulting).
6

LIMITATIONS

Although our quantitative analysis provides insight into hourly bill rates for US workers across
job categories on Upwork, we do not have insight into how many fixed-price jobs workers have
completed and at what rates. We also cannot see the outcome of any bidding processes. These data
could substantially affect our above results. However, access to these data are restricted on Upwork.
One of the major limitations of our approach is our reliance on perceived gender. True gender
is difficult information to capture, as Upwork does not collect information on workers’ genders
during registration. Furthermore, our approach to gender inference is limited to binary gender
identification, and may exclude non-binary genders that are more easily expressed in online systems
that allow for pseudonymous and nuanced identities (e.g., Archive of Our Own (AO3) [36]). Future
work should be devoted to verifying the current findings with surveys of smaller representative
samples of workers across online labor platforms who provide self-reported gender.
Lastly, while the gender pay gap differs based on age [38], we did not include age range as a
potential covariate in our analyses because of the low reliability of our age range classifier. Other
research on MTurk suggests that workers in online labor marketplaces in the US tend to be younger
(M = 33-35 years, [66]) than the population surveyed by the US BLS [72]. Therefore, the age of our
final sample may have also contributed to the observed bill rate gap between men and women.
7

CONCLUSION

As technology increasingly supports work across the globe, online labor marketplaces have been of
increasing interest to CSCW and social computing researchers (e.g., [70, 73]). Our results lead our
understanding of the relationship between gender, bill rate-setting, and earned revenue in these
marketplaces. In this study, we found that women ask for only 74% of what men ask for in median
hourly bill rate on Upwork, one of the largest online labor marketplaces in the world. However, we
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also found that by working more hours at these lower rates, women earn as much or more than men
overall. The current work contributes to a developing body of research by gender studies scholars
in CSCW and social computing who study barriers to participation in other social technologies,
such as peer production sites, online communities, social media, and blogs [31, 42, 59]. As scholars,
we must better understand how women decide on hourly rates and hours worked if online labor
marketplaces are to more equally engage women in the paid labor force.
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