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ABSTRACT
The growing online gig economy provides ways for women to
participate in a fexible, remote workforce and close the ofine
gender pay and participation gap. While women in online labor
marketplaces earn about as much overall as men, women set lower
bill rates suggesting gender diferences in pricing strategies. In this
study, we surveyed 392 freelancers in the United States (US) on the
popular marketplace platform, Upwork, to understand strategies
used to set hourly bill rates. We did not fnd gender diferences in
pricing strategies that were signifcantly related to bill rate. Instead,
we found that other factors, such as full-time freelancer status and
level of self-esteem, may help explain gender diferences in bill rates.
To better support equity and fairness in the growing gig economy,
CHI researchers must identify, assess, and address the complex
interaction between societal conditions in online labor markets.
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INTRODUCTION

Across the world, women continue to receive lower pay and participate in the workforce at lower rates than men, which can lead to
losses in productivity and diversity in leadership [121]. Two important factors that contribute to lower pay and participation include
women taking breaks from the workforce to start their families and
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women doing unpaid household labor [11, 16, 46]. These factors
make it more challenging for women to participate in paid labor,
especially if jobs disproportionately reward workers for their ability
to work long hours in person [19, 46].
The growing online gig economy could provide new ways for
women to participate in a fexible and remote freelance workforce
[39, 74]. In marketplaces such as Upwork [108] and Fiverr [1], freelancers can apply and be hired to complete hundreds of short-term
projects in a variety of domains, such as web development, writing,
and graphic design [113]. Compared to the ofine labor market, freelancers construct online profles to attract potential clients, which
can include their history of work on and of the platform, customer
reviews, and bill rates for services. These bill rates are publicly
displayed on freelancers’ profles allowing for clients, as well as
freelancers, to easily compare their rates with other freelancers,
and for women to set comparable wages to men.
Despite this new opportunity for women to see other’s bill rates
and set comparable wages to men, women do not. In one study,
the median woman in an online labor marketplace in the US set
a bill rate that was 13.5% lower than the median man’s bill rate,
a gap that could not be entirely explained by diferences in work
experience, education level, and job category [39]. Nevertheless,
women also earned about as much as men after factoring in their
total hours worked, suggesting that they may be using lower bill
rates as a pricing strategy for attracting work opportunities [39].
To understand potential gender diferences in the pricing strategies freelancers use to choose their bill rates, we surveyed 392
freelancers in the US on the popular marketplace platform, Upwork.
The freelancers rated and ranked the importance of diferent pricing
strategies for choosing bill rate.
We contribute to an ongoing conversation on ethical online work
(e.g., [64, 107]) by providing the frst overview of pricing strategies
for rate-setting in online labor marketplaces. While prior work
hypothesized that pricing strategies contribute to gender diferences
in rate-setting online, we show that multiple variables (e.g., parttime status, importance of freelancing as a source of income)–and
not just pricing strategies–could contribute to gender rate gaps
[39, 123]. We build on prior work in human-computer interaction
(HCI; e.g., [67, 105]) by showing how freelancers adapt to platform
constraints when pricing their services by considering both ofine
(e.g., expertise, expected profts) and online (e.g., on-platform work
experience) contexts. To better support equity and fairness in the
growing gig economy, CHI researchers must identify, assess, and
address the complex interaction between societal conditions in
online labor markets.
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BACKGROUND

Below we describe research on gender inequities in the ofine and
online labor markets, the lack of research on freelancer’s pricing
strategies, and features of the labor marketplace, Upwork, on which
this study is based.

2.1

Focus on Binary Gender Diferences

In the current work, we focus on binary gender diferences in pricing behavior, as decades of prior work have suggested biases in how
men and women behave and are perceived based on binary gender
roles [29, 34]. Nevertheless, it is important to acknowledge here
the marginalization of non-binary and/or transgender perspectives
more broadly in the labor market [17, 65]. For example, in a 2015
survey by the National Center for Transgender Equality, about 30%
of transgender respondents who held a job were fred or denied
promotions in the workplace due to their gender identity [65]. On
Upwork, non-binary and/or transgender freelancers could similarly experience pricing diferently from binary gender freelancers.
However, given our study’s focus and, as described later, our ability to recruit only a small number of participants who described
themselves as non-binary and/or transgender, we could not draw
conclusions about this population. We urge future research to address these limitations by contrasting the current fndings with the
pricing behaviors and experiences of workers who are non-binary
and/or transgender.

2.2

Gender Inequities Exist In The Ofline And
Online Labor Market

2.2.1 Gender Inequities Exist In The Ofline Labor Market. Across
the world, including the US, women are being paid less than men in
part because they lack fexible work opportunities [121]. In 2016, the
median woman in the US earned only 82% as much as the median
man’s weekly earnings [109].
Multiple institutional, social, and psychological factors contribute to these gender disparities, despite legal eforts to stem
workplace discrimination [16, 48]. For example, the lack of fexible work opportunities contributes to gender pay gaps by disproportionately rewarding workers with continuous years of work
experience (e.g., without breaks, for example to start a family) or
who can commit to long hours of face-to-face work [47]. Men also
tend to have higher salary expectations than women because they
perceive bringing more value to the labor market [88, 99] and have
an elevated sense of entitlement to wages [81, 88]. Men are also
more likely than women to base their salary expectations on their
level of self-esteem [88], which could lead to gender pay disparities given that higher self-esteem predicts higher salary and job
satisfaction [94]. Moreover, women may have lower salary expectations because they may sense backlash when advocating for higher
pay [115]. The lack of the transparency in pay rates within organizations also makes it more likely for gender to infuence pay by
making it more difcult for workers to advocate for themselves
(e.g., [15, 18]). Besides that, women tend to be over-represented in
lower-paying job categories, such as education [60].
Other factors, such as age, part-time status, and location, could
also relate to gender inequities in pay in the ofine labor market.
Research suggests that women of childbearing age (i.e., 20-40 years
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old) earn signifcantly less relative to men due to increased childcare
responsibilities [46]. In addition, women may be more likely than
men to work part-time for more fexible working hours [21, 87],
which leads to lower pay rates due to perceptions of poorer productivity [76]. Diferences in location could also infuence expected
income levels by infuencing living costs and access to job opportunities [111]. Together, these factors contribute to complex gender
dynamics in pay in the ofine marketplace.
2.2.2 Online Gig Economy Provides Flexible Ways To Participate
In Paid Remote Work. The online gig economy could provide new
ways for women to join the fexible and remote workforce by lowering barriers to participating in paid work [59]. The gig economy
consists of online and location-based applications that distribute opportunities for short-term labor to tens of millions of project-based
freelancers [9]. In this paper, we focus on platforms that ofer a
range of occupational contexts and skills (e.g., Upwork), compared
to platforms with fxed rates and contexts (e.g., Uber [2]), as these
platforms provide workers with opportunities to develop professional skills. On these platforms, freelancers convey their skills
through work profles, select bill rates for their services, apply to
jobs, and browse the profles of other freelancers [9]. For example,
a mother caring for her young child at home could post her profle
and bill rate on Upwork soliciting work as a freelance writer, while
another woman caring for her aging mother could post her profle
soliciting work as a graphic designer.
2.2.3 Gender Inequities Persist In The Online Gig Economy. Despite
these new opportunities for women to participate in the online gig
economy, gender disparities persist online. For example, in online
labor marketplaces such as Fiverr and TaskRabbit, women receive
fewer customer reviews than men, infuencing their appearance
in search results on the platform [52]. Similarly, Jahanbakhsh and
colleagues [64] found that low-performing women in a simulated
online work task received lower performance ratings than men,
while Ge and colleagues [44] found evidence of gender discrimination of ridesharing passengers, in which women were ofered longer
and more expensive rides than men. Some online tools that automate recruiting, such as Amazon’s artifcial intelligence recruiting
tool, have also been shown to prefer the resumes of men compared
to women [28]. Cook and colleagues [24] found that female drivers
on Uber earned signifcantly less than male drivers because of differences in their driving activity, such as driving at less lucrative
times of the day (e.g., in the daytime). In contrast, Thebault-Spieker
and colleagues [107] did not fnd evidence that workers on Amazon
Mechanical Turk were evaluating fellow workers diferently based
on gender or race. Together, these studies suggest a need for more
critical engagement with gender dynamics in online labor platforms
(e.g., [98]).
Most recently, researchers suggest that diferences in pricing
strategies in online labor marketplaces could contribute to specifc
gender gaps in the bill rates workers set for themselves online [39].
In one study of Upwork, where workers set hourly bill rates on their
profles, the median woman set a bill rate that were 13.5% less than
the median man’s bill rate, a gap that could not be entirely explained
by work experience, education level, or job category [39]. However,
women may have been using lower bill rates as a strategy to attract
potential clients, as they also worked enough hours to earn as much
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revenue as men. This suggests that freelancers’ pricing strategies
may play a critical role in explaining gender rate gaps online.

2.3

Lack of Research on Freelancers’ Pricing
Strategies

Despite the potentially critical role of pricing strategies, scholars
currently have limited insight into how freelancers choose their bill
rates online. While some researchers have described diferent structures that freelancers can use to receive payment for their services
(e.g., a fxed or fat rate, an hourly rate) as well as diferent strategies
for freelancers to increase their competitiveness in the marketplace
(e.g., forming partnerships with other freelancers, lowering rates)
[13, 102, 114], none have investigated the prevalence of diferent
strategies nor whether gender diferences in pricing strategies exist.
Practitioner guides on online businesses and freelancing further
urge individuals to consider the value of their services to potential
clients when pricing themselves, but the merits of this approach
have yet to be empirically verifed [14, 45, 66, 78, 90, 101]. Moreover,
prior work suggests that multiple factors, such as work experience,
time spent on platform, and employer feedback, predict hiring behavior (e.g., [3, 10, 120]), and therefore could also be critical to
freelancers’ pricing decisions. In this novel study, we seek to understand the variety of factors that could infuence freelancers’ pricing
strategies online and test the hypothesis that gender diferences in
strategies contribute to gender rate gaps online.

2.4

Studying Pricing Strategies on Upwork

In line with prior work [39], we focus on the experiences of freelancers in the US on Upwork, one of the largest English-speaking
online labor marketplaces in the world [6]. On Upwork, freelancers
create public profles that display information such as their hourly
bill rate in US Dollars, a self-description, education and work history, and projects in their portfolio. To be considered for work,
freelancers submit proposals or bids to jobs using “connects,” a
virtual currency that regulates the number of freelancers who can
apply for a job [33]. At the time of the study, freelancers were given
60 free connects each month and could purchase more through a
premium subscription plan (USD$49.99/month as of January 2021).
Depending on the nature of the job, freelancers may either be
asked by a client to propose an hourly or a fxed rate to complete a
project. Clients can then choose to interview and hire freelancers
who submitted proposals. In short, the Upwork platform provides
an appropriate setting to examine freelancers’ pricing strategies.

3

RESEARCH QUESTIONS

To better understand the freelancers’ pricing strategies in online
labor marketplaces, we asked the following research questions:
RQ1: What pricing strategies do freelancers use to determine their
hourly bill rate in online labor marketplaces?
RQ2: How do gender and job category relate to the importance of
diferent pricing strategies?
RQ3: How do the importance of pricing strategies and other factors
(e.g., age, education) relate to bill rate?
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FORMATIVE STUDY

To identify pricing strategies, we triangulated between prior literature, blogs for freelancers, and survey data with a convenience
sample of freelance graphic designers. Below, we describe the formative, open-ended survey we developed to understand pricing
strategies freelancers use to determine their bill rate.

4.1

Formative Survey Method

We recruited seven freelance graphic designers (3 men, 3 women, 1
non-binary) in the US via Upwork. All participants were freelance
graphic designers who had taken part in a prior study we conducted
on Upwork. At this stage, we were less concerned about the diversity of the sample, as freelancers regardless of focus share similar
approaches to freelance work [105]. We asked participants the following open-ended questions: 1) why they chose their hourly bill
rate on their Upwork profle, 2) why they did not choose a higher
and lower bill rate, and 3) if they had ever proposed a rate diferent
than the one on their profle (and if so, why). To elicit concrete
moments in participants’ lives [117], we asked participants to refer
to the current bill rate on their profle page while completing the
survey. We also asked about freelancers’ work experience and their
demographic background (see Method for Large Survey). Once we
began to uncover patterns in freelancers’ answers, we stopped recruiting participants and began developing statements to describe
these pricing strategies by integrating participants’ phrases and
concepts from the literature. More details on the development of
each of these strategies can be found in the Supplemental Materials.

4.2

Formative Survey Data Analysis

As we collected the survey data, we compiled participants’ answers
on a spreadsheet and began to notice similarities between the answers and strategies from strategic marketing that companies use
to price their products and services [25]. For example, some companies price their products based on the costs for making those
products (cost-based pricing), while others choose prices based on
the value the products will bring to customers (value-based pricing)
[25]. Therefore, applying Strauss’s constant comparison method
[103], we compared themes from our data to relevant literature in
strategic marketing, practitioner guides on pricing for freelancers,
resources on gender diferences in negotiation, and peer-reviewed
articles on online labor marketplaces to form pricing strategies
[8, 14, 25, 45, 52, 78, 101].

4.3

Formative Survey Findings

Our analysis revealed seven types of pricing strategies that freelancers use to determine their bill rate (Table 1). Similar to how
a company might consider several factors (e.g., cost, strategic positioning, value proposition) to diferentiate their products and
services [25, 89], a freelancer considers several factors (e.g, overhead costs, potential business value to clients) when setting their
bill rate. While some of these pricing strategies are similar to those
in the strategic marketing (e.g., cost-based, value-based, dynamic
pricing), others are unique to the Upwork platform. For example,
freelancers might consider platform features, such as platform fees,
when choosing their bill rate (platform-based pricing). Based on
these seven pricing strategy categories, we developed a full survey
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Table 1: Our formative study revealed seven types of pricing strategies that freelancers use to determine their hourly bill
rate in an online labor marketplace. Based on prior literature, we expected to fnd gender diferences in two of these pricing
strategies–value-based and cost-based pricing.

instrument with survey items that corresponded to each strategy
(see Method for Main Survey).

10 years of work experience used value-based pricing to justify his
$45/hour bill rate:

4.3.1 Pricing Strategies with Predicted Gender Diferences. Although our analysis revealed seven types of pricing strategies, our
literature review suggested gender diferences in only two of these
strategies (Table 1); we encourage readers to view the Supplemental Materials for a full overview of the pricing strategy categories
not listed here. First, we predicted that men (H1) and freelancers
with higher levels of self-esteem (H2) would perceive value-based
pricing strategies as more important than women and freelancers
with lower self-esteem. We also predicted that women would perceive cost-based pricing strategies as more important than men
(H3). Below, we describe these hypotheses and strategies in greater
detail.

“I feel that I am an accomplished designer that would
command a premium rate.” (PSP1, man)

Value-based Pricing. Value-based pricing is pricing based on: 1)
the value that a product or service would bring to customers, or 2)
the value of one’s unique qualities over competitors [25, 45, 54, 78,
101]. For instance, when setting her bill rate, a freelance designer
could consider how much a frm would beneft from having their
logo redesigned and set a rate that is commensurate with that
potential business value. Another freelance writer might consider
his unique expertise in writing for older audiences and set his bill
rate based on that unique value. A graphic designer with more than

Men and freelancers with higher levels of self-esteem may fnd
value-based pricing strategies more important to determining their
bill rate [37, 99]. Research on negotiation suggests that the ability
to take the perspective of an opponent while considering one’s own
goals predicts the likelihood of negotiating a deal [42, 43]. However,
women tend to feel less competent about their abilities than men in
negotiations unless the task is framed in terms of more “feminine”
qualities, such as the ability to manage interpersonal relationships
[37]. Moreover, men tend to have higher salary expectations than
women because they perceive bringing more value to the labor
market [56, 99]. Therefore, we predict that:
H1: Men will fnd value-based pricing more important
than women when setting their hourly bill rate.
We also expect that self-esteem, or global feelings of self-worth,
may predict the use of the value-based pricing strategy. Researchers
have hypothesized that self-esteem can infuence salary expectations [55, 99]; in one study, men were more likely to relate their
self-pay to their self-esteem or self-worth, while women were more
likely to relate their pay to their performance on a specifc task
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[88]. As discussed earlier, these diferences could lead to gender
pay disparities given that higher self-esteem predicts higher salary
and job satisfaction [94]. Moreover, women may have lower salary
expectations because they may sense backlash when advocating
for higher pay [115]. Hence, we also predict that:
H2: Freelancers with higher self-esteem will fnd
value-based pricing more important to setting their
bill rate than freelancers with lower self-esteem.
Cost-based Pricing. Cost-based pricing is pricing based on the
costs of providing a product or service. For example, a freelance web
developer might consider the costs of their computer equipment
and software subscriptions when choosing how much to bill a client.
One digital content creator in our formative survey considered the
cost of living expenses when choosing her bill rate on Upwork:
“...since I run my own business, I have to set a rate that
is high enough to cover my living expenses.” (PSP6,
woman)
We predict that women will be more likely than men to consider the costs of providing their services when choosing a bill rate.
Women tend to be more risk averse than men, choosing options that
minimize losses, rather than maximize gains [95]. Hence, women
may be more sensitive to costs they incur as freelancers (e.g., paying for insurance, equipment). For online freelancers, cost-based
pricing could also include costs related to job fexibility, such as the
amount of time it takes to complete a project. HCI research suggests
that workers are willing to lower their rates in exchange for more
time to complete a job [123]. Women may be further infuenced by
fexibility-related costs due to their increased time spent on unpaid
household labor [110]. Therefore, we predict that:
H3: Women will fnd cost-based pricing, such as pricing based on their needs for job fexibility, more important to determining their hourly bill rate than men.
Again, we encourage readers to view the Supplemental Materials
for a full overview of the pricing strategy categories not listed here.

5

METHOD FOR LARGE SURVEY

Next, we conducted a large survey of freelancers in the US on
Upwork. Below we describe the recruitment methods, the survey
instrument, and our approach to data analysis.

5.1

Recruitment

We recruited participants via two job postings on Upwork between
April 1 and April 20, 2020. Based on prior work, we recruited freelancers in two job categories with similar median bill rates: “Writing”
(with a gender rate gap) and “Design and Creative” (without a rate
gap) [39]. We advertised the task as completing a general survey
about pricing behavior. To attract participants with a variety of
bill rates, we compensated participants beyond the median rates
for these job categories (i.e., $28-$30/hour, [39]). Participants were
paid $18.75 for completing the 20-minute survey, after accounting
for Upwork’s 20% fee, for a proft of approximately $45/hour. In
addition to receiving proposals from interested participants, we
sent individual invitations to freelancers by using search flters provided by Upwork (e.g., “content writing” and “design”). We hired a
representative sample by reviewing all freelancers who applied to
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our post and hiring those within a certain strata (e.g., estimated age,
work experience, gender), based on their profle pages, to create a
balanced sample [30, 32].

5.2

Survey Instrument

We measured participants’ pricing strategies by asking them to
rate and rank the importance of 27 diferent survey statements
(see Supplemental Materials).1 We asked participants to rate on a
scale of 1 (not very important) to 5 (very important) how important
or unimportant each statement was in determining their hourly
bill rate on their Upwork profle. Participants could also answer
that they did not know the meaning of a statement. To prevent
question order efects [32], we randomized the order in which we
displayed the pricing strategy categories. To mitigate ceiling efects,
participants also chose and ranked the top fve statements.2 We also
asked participants to explain why they ranked these statements in
this way, any other factors that infuenced their pricing behavior,
and how efective they perceived their pricing strategies to be on a
scale of 1 (“very inefective”) to 5 (“very efective”).
In line with best practices in HCI [97], we captured participants’
gender by providing checkboxes and several options (i.e., “Man,”
“Woman,” “Non-binary,” “Prefer Not to Disclose,” and “Prefer to
Self-Describe”). We also asked participants for their primary job
category, current hourly bill rate, approximately when they joined
the platform, their earnings on the platform, and demographic
variables that could be potential covariates to pay, as discussed
in the Background (e.g., highest level of education, years of work
experience, marital status, age range, number of children, and zip
code as a proxy for location). Participants were also asked whether
they were freelancing part-time (i.e., less than 35 hours/week) or
full-time, in addition to rating the importance of freelancing as a
source of income [80]. Based on prior work, we also presented a
modifed four-item self-esteem measure [88].3

5.3

Overview of Data Analyses

In this section, we describe our data preparation, validity and reliability checks, and data analysis approach.
5.3.1 Data Preparation and Formating. We received a total of 399
responses and removed participants who were younger than 18
years old (n=3, 0.8%) and who did not disclose their gender (n=4,
1%). Therefore, the sample we report in our description and RQ1
sections consisted of 392 participants (60% women, 38.8% men, 1.2%
self-described or non-binary). To format our data, we estimated
the number of years participants had been on the platform given
their approximate month and year of joining Upwork. Following
1 To

better capture the meaning of one of our survey items (i.e., “I considered that
Upwork limits the number of jobs I can submit a proposal to on Upwork”), we added an
extra platform-based strategy item halfway through the study (n=226; i.e., “I considered
that I have to pay for “connects” to submit more proposals on Upwork”). We included
both statements to capture the experiences of as many freelancers as possible.
2 Due to technical limitations, we were unable to add the additional platform-based
strategy survey item to this ranking task. However, our analysis suggested that freelancers did not rank a similar survey item (i.e., “I considered that Upwork limits the
number of jobs I can submit a proposal to on Upwork.”) very highly in comparison to
other survey items; only 6.9% of participants (n=27) had named this statement as one
of their top fve strategies. Therefore, omitting this additional item would likely not
have had a signifcant impact on the rankings of the top strategies.
3 An example of an item on this measure is: “I wish I could have more respect for myself
as a freelancer.”
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prior work, we assigned urban-rural classifcation codes to each
participant based on their zip code [69, 93]. To prepare the data
for validity and reliability checks (n=319), we further removed
participants who said their hourly bill rate was exactly $0 (n=2), did
not disclose information to at least one survey item (i.e., “Prefer not
to disclose”) (n=23), set their freelancer status as “I used to freelance,
but I do not currently freelance” or “I have never freelanced before”
(n=34), had a self-described or non-binary gender (n=5), or reported
a job category other than “Writing” or “Design & Creative” (n=22).
To prepare the data for the linear regressions in RQ2 and RQ3
(described later, n=314), we further removed outliers whose hourly
bill rate was 1.5 times above the interquartile range (n=5; m=$99,
max=$125).
5.3.2 Validity and Reliability of Survey Items. To determine a factor
structure of pricing strategies for RQ2 and RQ3, we conducted
confrmatory factor analyses (CFA). An initial CFA using the Lavaan
package in R [92] found that the survey items did not load well
onto the original pricing strategy categories (Comparative Fit Index,
CFI=0.55, Tucker-Lewis Index, TLI=0.48, root mean square error of
approximation, RMSEA=0.10, p<0.05; see Supplemental Materials).
Following best practices [71], we ran another CFA after dropping 15
low-loading items, which showed an improved model ft (CFI=0.96,
TLI=0.92, RMSEA=0.06, n.s.; see Supplemental Materials). Although
dropping items is expected for exploratory research such as this
[32], we discuss plans to improve the survey instrument later in
this paper.
Next, we computed Cronbach’s alpha to determine the reliability of the remaining survey items [26]. First, we dropped one
platform-based pricing item due to the high number of missing
values (i.e., “I considered that I have to pay for connects to submit
more proposals on Upwork,” n=192). We then computed Cronbach’s
alpha for the four remaining strategy categories containing at least
two survey items [26]. For three of the pricing strategy categories
(i.e., strategic positioning, demand-based, and value-based pricing)
with moderate levels of reliability (i.e., α>0.65), we averaged the
ratings of the items into a composite rating [32]. Because the two
survey items under cost-based pricing had low reliability (α=0.57),
we considered each item as a separate measure. Finally, because the
three remaining categories (i.e., competition-based, platform-based,
and dynamic pricing) contained a single survey item each, we added
three additional individual survey items as separate measures for
comparison. Table 2 summarizes the survey items included in the
regressions to address RQ2 and RQ3 (discussed later).
5.3.3

Approach to Data Analyses.

Describing the Sample and the Prevalence of Pricing Strategies.
First, we used descriptive statistics and non-parametric tests (e.g.,
Mann-Whitney [83], Chi-square [84]) to describe the characteristics
of our sample. To address RQ1, we used descriptive statistics to
understand which individual survey items were the top strategies
chosen by participants. We then reviewed the open-ended responses
of participants who gave these survey items high ratings (i.e., 4 or
5).
Understanding Gender’s Relationship to Pricing Strategies. Following prior survey research in HCI [27, 86], we conducted a multivariate linear regression in R [106] to predict the ratings of the
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importance of the diferent pricing strategies based on factors such
as gender, Upwork job category, and work experience (n=314). A
multivariate linear regression allowed us to compare coefcients
across separate regression models to understand gender’s overall
relationship to pricing strategies [5]. We included the pricing strategy categories and survey items in Table 2 as dependent variables,
as well as several predictors (e.g., gender, job category, gender by
job category interaction, age, work experience).456
Predicting Bill Rate. To address RQ3, we conducted a fve-step
hierarchical linear regression in R [106] to understand how sets
of predictors (e.g., pricing strategies, control variables) separately
contributed to the variance in bill rate (n=314) [70, 77]. In the frst
step of the regression, we did not include any predictors. In the
second step, we included control variables (e.g., age, work experience). In the third step, we added gender, while in the fourth step,
we added the gender and Upwork job category interaction. In the
ffth step, we added the ratings of the pricing strategy categories
and survey items (Table 2). We log transformed hourly bill rate to
better approximate a normal distribution. The Variance Infation
Factors for each predictor were below 4, which did not suggest
multicollinearity issues in the dataset [41]. We then conducted an
ANOVA of the models to compare the infuence of each additional
set of predictors.

6

FINDINGS

Below we describe our sample, the prevalence of pricing strategies, the relationship between gender and job category and pricing
strategies, and the relationship between pricing strategies and other
factors and bill rate.

6.1

Description of the Sample

In general, participants were representative of writers and designers
in the US, and as expected [16], men and women difered on some
characteristics, such as work experience and part-time freelancer
status.
6.1.1 Participants Representative of Writers and Designers in the US.
Participants were representative of writers and designers in the
US [7, 112]. About half identifed “Writing” (n=191) and “Design &
Creative” (n=178) as their primary job category.7 The gender distribution of the writers (62.3% women, 36.1% men, 1.6% self-described)
and designers (57.3% women, 42.1% men, 0.6% self-described) in the
sample was representative of the population of writers and designers on Upwork [7, 39, 112]. More than a third of participants had
more than 10 years of work experience (38.5%), and about half (54%)
had less than three years of experience working as freelancers. The
4 To reduce the complexity of this model, we transformed several categorical predictors
(e.g., work experience, age range, hours worked on Upwork) into binary variables.
For example, we divided participants into those who had self-esteem above and at or
below the median on a four-point scale (Mdn=3.5).
5 To provide an adequate sample size, we imputed missing values for the pricing
strategy ratings (n=91) and Upwork tenure in years (n=14) to equal the median for
each respective measure.
6 We additionally dropped urban-rural classifcation as a predictor due to a high number
of missing values (n=96).
7 Henceforth, we will refer to participants as “writers” and “designers” for simplicity,
although participants in the “Design & Creative” category included various types of
creative professionals. Participants also identifed other primary job categories on
Upwork, such as “Sales & Marketing” and “Administrative Support” (n=23).
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Table 2: A summary of the fnal 11 strategy categories and survey items included in the linear regression models to address
RQ2 and RQ3. We averaged the ratings of the survey items in the strategic positioning, demand-based pricing, and valuebased pricing categories that showed moderate reliability (α>0.65). The cost-based pricing survey items (*) were considered
as separate measures in regression models due to low reliability. We included three additional individual survey items in the
regression models, even though they did not initially load highly onto factors in our confrmatory factor analysis.

majority of the sample were part-time freelancers (70.7%), between
25-34 years of age (39.6%), had a bachelor’s degree (49.1%), were
single (49.6%), had no children (69.5%), lived in metropolitan areas
(90.7% of participants who provided zip code), and had worked
more than 0 hours on the platform (65%, n=137). Among workers who provided the information (n=374), almost a third (n=117)
had started working on the platform within the past month. A
correlation matrix is provided in the Supplemental Materials.
6.1.2 Gender Diferences in Median Bill Rate as Expected. As anticipated, we found a gender gap in median bill rate for writers, but not
designers. Female writers asked for 83.3% (Mdn=$25.00, M=$31.25,
SD=$21.09) of what male writers asked for in median hourly bill
rate (Mdn=$35.00, M=$35.86, SD=$20.64), U =3424.5, p<0.05. In comparison, self-described or non-binary writers asked for $20.00 in
median hourly bill rate. We did not fnd any gender disparities in the
median hourly bill rate for male and female designers (Mdn=$35.00),

U =3539.5, n.s. The self-described designer in this sample asked for
$40.00 in hourly bill rate.

6.1.3 Women More Likely to Freelance Part-Time and Had Less
Work Experience than Men. Signifcantly more women reported
freelancing part-time and having between one and three years of
work experience compared to men. Using Chi-square analyses [84],
we found that a signifcantly higher proportion of women reported
freelancing part-time (80.4% of women) compared to men (55.8%
of men, χ 2 =24.48, p<0.001). Signifcantly more women also had
between one and three years of work experience (24.3% of women)
compared to men (11.2% of men, χ 2 =12.18, p<0.05). While most
freelancers reported fnding freelance work as at least somewhat
important as a source of income, female writers (Mdn=5) found it
relatively less important at the time of the survey compared to male
writers (Mdn=5), U =3466.5, p<0.05, but this was not a signifcant
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diference for designers, U =3707.5, n.s. We did not include selfdescribed or non-binary participants in the Chi-square analyses
due to the small size of these participants in the sample (n=5).
By running a Mann-Whitney test, we found no signifcant gender
diferences in overall self-esteem for women (Mdn=3.25) or men
(Mdn=3.5), U =16288.5, n.s. Chi-square analyses found no other
signifcant gender diferences in earnings on Upwork (χ 2 =6.92,
n.s.), importance of freelancing at the moment (U=16377.5, n.s.),
years of work experience as a freelancer (χ 2 =5.2, n.s.), age range (χ 2
= 3.5, n.s.), education level (χ 2 =9.43, n.s.), marital status (χ 2 =2.26,
n.s.), number of children (χ 2 =0.51, n.s.), or location (χ 2 =3.36, n.s.).

6.2

RQ 1: What Pricing Strategies Do
Freelancers Use Online?

Our results suggest that freelancers considered multiple pricing
strategies choosing their hourly bill rate. Most survey items (78%,
n=21) were at least somewhat important (Mdn=4) to determining
bill rate and the survey items received an average rating of 3.56
(SD=1.16). Freelancers found their pricing strategies to be somewhat
efective (M=3.46, SD=0.93, Mdn=4).8 Below, we discuss participants’
top strategies (see Supplemental Materials for full list of survey
items).
6.2.1 Freelancers Considered Their Expertise On and Outside of Upwork. Freelancers across various stages of their careers considered
their work experience on and of Upwork when pricing themselves.
More than half of participants said their level of expertise was one of
the top fve factors (60.5% of participants, n=237, mean rank=2.52),
with 17.9% (n=70) saying it was their top factor. For example, a
female writer between the ages of 45-54 who had worked less than
100 hours since joining Upwork two months earlier tried to fnd a
balance between her extensive work experience and her inexperience on Upwork:
“I chose my hourly rate based on my more than 20
years of work as a full-time journalist while also taking into consideration the fact that I’ve only been
freelancing for a few months...” (P227)
Many participants felt the need to make these trade-ofs because
they wanted to attract new clients. One female writer between the
ages of 18 and 24 explained:
“I’m relatively new to Upwork...I chose a lower hourly
pay to attract actual jobs and prove my worth. My
plan is to attract people who want small jobs for little
pay, put in a lot of efort, get splendid reviews, and
then move my game up to higher-pay gigs.” (P220)
This occasionally frustrated freelancers who felt their expertise
entitled them to higher rates. One male writer between the ages of
18 and 24 said:
“I’m just starting my career out on Upwork...I price
my rates like this because I know how to write. I just
don’t have the experience needed to charge the prices
I want. I’d like to portray the value to my potential
clients but nothing I seem to do works for me.” (P193)
8 Across

both job categories, women (Mdn=4) perceived their pricing strategies to be
about as efective as men (Mdn=3.5), U =16749.5, n.s.
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In summary, freelancers take into account their online and offine work experience when choosing their bill rate. This was understandable, given that almost a third (n=117) of the sample had
only started working on the platform within the past month, but
over half (n=209) had at least fve years of ofine work experience.
6.2.2 Freelancers Considered Upwork’s Fee. In addition to work experience, participants found it very important to consider Upwork’s
20% platform fee (M=4.46, SD=0.90, Mdn=5) and, consequently, how
much they would need to charge clients to earn a proft (M=4.27,
SD=0.98, Mdn=5). Across job categories, nearly two-thirds of participants said that Upwork’s fee was one of the top factors infuencing
their hourly bill rate (61.5%, n=241, mean rank=2.98). A female designer who has worked more than 100 hours in seven years on the
platform said:
“At $32 per hour, taking into account the 20% Upwork
takes, I will net approximately $25 per hour. After
estimated taxes, that is approximately $20 per hour,
which is approximately...$40,000 per year (at 40 hours
per week with two weeks of). This adds up to the
amount it will take to cover my expenses.” (P208)
Participants wanted to ensure that their profts made it worthwhile to engage in all the activities involved with working on Upwork, which include searching for jobs, paying for “connects” (i.e.,
platform currency that allows freelancers to submit job proposals),
and paying Upwork’s fee. As one graphic designer who set his rate
at $30, or $5 below the median for the designers, said:
“The frst thing I consider when determining my
hourly price is proft. If I’m spending a portion of
my time applying to jobs and paying for connects on
UpWork, and then UpWork takes a fee, I need to make
sure I have enough remaining at the end of the day
to make it worth my while.” (P7)
In short, many freelancers considered Upwork’s fee when choosing their bill rate, as this fee would substantially afect their profts.
For example, the median graphic designer on Upwork in the US
with a bill rate of $35/hour would pay Upwork $7 for each hour
they work, making their efective rate $28/hour. Considering this
fee was important to freelancers so that they could ensure proft
from their eforts.
6.2.3 Freelancers Wanted to Appear Approachable Given Competition from Other Freelancers. Freelancers said appearing approachable to clients was a top factor contributing to their bill rate (n=46,
11.7%). Some of these concerns stemmed from a desire to set competitive rates in a global market. For example, one female designer
chose a lower bill rate (i.e., $25, or $10 below the median) because
she wanted to appear approachable to new clients and be competitive with freelancers outside of the US, but did not fnd her strategy
efective:
“I chose my hourly rate mainly because clients don’t
want to pay much at all because of the freelance designers overseas that charge $5 an hour. If I charge too
low, I’m afraid clients think I’m not as experienced,
and I have over 20 years of extensive experience. I
keep changing my rate to appear approachable. Not
really thinking to raise my hourly rate, but to actually
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lower it. I have not gotten a single job as of yet on
Upwork. So far two scammers. I stopped applying for
projects. Now four years later I’m back to try it again.”
(P201)
In some cases, freelancers used their knowledge of the platform’s
features to orchestrate a favorable impression through their hourly
rate. For instance, a female designer who had worked between 10
and 99 hours on Upwork understood her $30 bill rate on her profle
did not have to refect the actual rate she listed in her job proposals.
She used this to her advantage by proposing rates that were slightly
lower than her listed bill rate so clients would feel they were getting
a “deal” for her services:
“...As a way to receive attention on my bids... I often
undercut myself by a dollar or two so the client will
see, after viewing both my bid and profle, that maybe
he is getting a deal of my usual rate...I feel that the
undercut price (the rate in my bid) might show them
that I want to do it for more than just their money, but
that I truly value my own knowledge and experience
as much as the next person...” (P160)
Across diferent types of work, freelancers considered similar
factors when choosing their bill rate, including their experience on
and outside the platform, Upwork’s fee, and their desire to appear
approachable yet knowledgeable to potential clients.

6.3

RQ 2: How do Gender and Job Category
Relate to Pricing Strategies?

While gender and job category separately predicted the importance of diferent pricing strategies to freelancers, the interaction between gender and job category did not. A multivariate linear regression predicting pricing strategy ratings found a signifcant relationship between gender, Upwork job category, and selfesteem, and freelancers’ pricing strategies. We found a statistically signifcant MANOVA efect for gender, Pillai’s trace=0.09,
F(11, 290)=2.54, p<0.01, Upwork job category, Pillai’s trace=0.07,
F(11, 290)=2.07, p<0.05, and self-esteem above the median, Pillai’s
trace=0.08, F(11,290)=2.26, p<0.05. However, we did not fnd a statistically signifcant efect for the interaction between gender and job
category, Pillai’s trace=0.05, F(11,290)=1.25, p=0.25 (full results in
the Supplemental Materials). Below, we report the pricing strategies
where there were signifcant diferences based on gender and job
category.9
6.3.1 Relationship between Gender and Pricing Strategies. Contrary
to our hypotheses, we did not fnd a signifcant relationship between gender and value-based pricing (H1) (Table 3). Controlling
for factors, such as work experience and education, women (M=3.75,
SD=1.01, Mdn=4.0) found value-based pricing strategies about as
important as men (M=3.86, SD=0.95, Mdn=4.0), b=0.10, t(300)=0.62,
n.s. We also did not fnd a signifcant relationship between gender
and either of the cost-based pricing survey items (H2) (Table 3).
Women said it was equally important to them (M=2.23, SD=1.32,
Mdn=2.0) to avoid getting ofered too many jobs as men (M=2.24,
9 Because we do not report on the survey items that were not included in this regression,
we present men’s and women’s average ratings all individual survey items in the
Supplemental Materials.
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SD=1.30, Mdn=2.0), b=-0.10, t(300)=-0.45, n.s. Women also found it
as important to consider how much fexibility they need to complete
their work (M=3.72, SD=1.24, Mdn=4.0) as men (M=3.49, SD=1.21,
Mdn=4.0), b=0.16, t(300)=0.79, n.s.
Instead, demand-based pricing was the only pricing strategy
with signifcant gender diferences after taking into account other
control variables. Being a woman predicted a signifcant 0.52-point
increase in the importance of demand-based pricing, which was
measured using two survey items on a 5-point scale (i.e., “I considered the types of clients I got when I set a higher or lower rate on my
Upwork profle in the past,” “I considered the number of clients I got
when I set a higher or lower rate on my Upwork profle in the past”).
On average, women rated the importance of these strategies signifcantly higher (M=3.46, SD=1.14, Mdn=3.50) than men (M=3.28,
SD=1.18, Mdn=3.50), b=0.52, t(300)=2.98, p<0.01. In addition, there
were signifcant gender diferences on the following platform-based
pricing strategy survey item: “I chose my rate so that I would appear
in as many search results on Upwork as I could”, b=0.34, t(300)=1.70,
p<0.1. Women reported the importance of this strategy as higher
(M=3.04, SD=1.25, Mdn=3) than men (M=2.89, SD=1.24, Mdn=3.0).
6.3.2 Relationship between Gender, Job Category, and Pricing Strategy. We did not fnd substantial evidence that gender diferences
within Upwork job categories accounted for signifcant diferences
in pricing strategy. As noted above, we did not fnd a signifcant
MANOVA efect of gender’s interaction with job category, Pillai’s
trace=0.05, F(11, 290)=1.25, n.s. Nevertheless, being a female writer
predicted a signifcant 0.54-point decrease on one of the platformbased survey items (i.e., “I chose my rate so that I would appear in
as many search results on Upwork as I could”), b=-0.54, t(300)=-1.92,
p<0.1. Being a female writer also predicted a 0.57-point decrease in
the importance of demand-based pricing strategies, b=-0.57, t(300)=2.32, p<0.05. Again, however, we did not fnd substantial evidence
overall that there were signifcant gender diferences in pricing
strategies between writers and designers.
6.3.3 Relationship between Self-Esteem and Value-Based Pricing
Strategy. In line with our hypothesis (H2), having more self-esteem
than the median freelancer on Upwork predicted signifcantly
higher ratings of the importance of the value-based pricing strategy (Table 3), b=0.33, t(300)=2.64, p<0.01. At the same time, higher
levels of self-esteem also predicted lower ratings for the following
dynamic pricing strategy: “I set a lower price than I normally would
have to attract more clients, but I plan to increase this over time”,
b=-0.33, t(300)=-2.00, n.s. In short, self-esteem seemed to have a
signifcant impact on predicting the importance of the value-based
pricing strategy.

6.4

RQ 3: How do Pricing Strategies and Other
Factors Relate to Bill Rate?

The control variables (e.g., work experience, part-time or full-time
freelancer status), gender, job category, and ratings of the pricing
strategies were all helpful factors in predicting freelancers’ bill
rates on Upwork. Using a fve-step hierarchical linear regression
predicting log transformed bill rate, we found that several pricing strategies and control variables had a signifcant relationship
with freelancers’ hourly bill rate. Introducing the control variables
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Table 3: A summary of the multivariate linear regression with details for each individual regression predicting ratings of
diferent pricing strategy categories and survey items. Women found the demand-based pricing strategy signifcantly more
important than men. The number of observations (n=314), degrees of freedom of the residuals (i.e., 300) and the degrees of
freedom of the model (i.e., 13) were the same across all models. +p<0.1, *p<0.05, **p<0.01

to the baseline regression contributed signifcantly to the model,
F(11, 302)=12.40, p<0.001 and accounted for approximately 25% of
the variance in bill rate. Introducing gender improved the regression model, F(1, 301)=3.17, p=0.08, as did introducing the gender
and Upwork job category interaction, F(1,300)=3.42, p=0.07. At
the ffth step of the regression, the importance ratings of the pricing strategies contributed signifcantly to the regression model,
F(11,289)=9.82, p<0.001, explaining an additional 19% of the variance in bill rate beyond just the control variables. Together, these
variables accounted for 42% of the variance in bill rate (see Supplemental Materials for ANOVA).
6.4.1 Pricing Strategies and Factors that Predicted Higher Bill
Rates. Taking these variables into account, our regression model
showed that freelancers who found value-based, b=0.10, t(289)=3.46,
p<0.001, and strategic positioning pricing strategies, b=0.10,
t(289)=3.60, p<0.001, more important set signifcantly higher bill
rates than freelancers who did not fnd these strategies as important
(Table 4). Similarly, freelancers who found it more important to
choose their rates based on the rates of other similar freelancers
outside of Upwork also set signifcantly higher bill rates, b=0.05,
t(289)=2.19, p<0.05. The regression model also showed that having
at least a bachelor’s degree, b=0.13, t(289)=2.28, p<0.05, being a fulltime freelancer, b=0.13, t(289)=2.20, p<0.05, fnding freelance work
as at least somewhat important to covering one’s expenses, b=0.18,
t(289)=2.39, p<0.05, and having higher self-esteem than the median freelancer, b=0.14, t(300)=2.51, p<0.05, predicted signifcantly
higher bill rates.
6.4.2 Pricing Strategies and Factors that Predicted Lower Bill Rates.
In contrast, freelancers who found it more important to choose their

rates based on the rates of other similar freelancers on Upwork set
signifcantly lower bill rates, b=-0.06, t(289)=-2.51, p<0.05 (Table 4).
Likewise, freelancers who found it more important to temporarily
set a lower rate to attract clients (dynamic pricing), to appear in as
many search results on Upwork as possible (platform-based pricing),
to consider that Upwork limits the number of jobs they can submit
a proposal to, and to consider the amount of fexibility (i.e., time
needed to complete a job; cost-based pricing) to complete their
work set signifcantly lower bill rates (Table 4). We also found that
having a longer tenure on Upwork predicted signifcantly lower
bill rates, b=-0.02, t(289)=-2.16, p<0.05. As expected, we found a
signifcant interaction between gender and Upwork job category,
indicating that female writers set signifcantly lower bill rates than
other freelancers, b=-0.21, t(289)=-2.13, p<0.05.

7

DISCUSSION

Motivated to understand the potential for the growing online gig
economy to close the ofine gender participation and pay gap, we
found that the online gig economy cannot escape societal conditions. Below we summarize the major implications of this work
future labor research, on- and of-platform design interventions,
and policy.

7.1

Implications for Future Labor Research

7.1.1 Looking Beyond Pricing Strategies to Understand Gender Rate
Gaps. Future labor research must look beyond pricing strategies
to better understand gender rate gaps online. We hypothesized
that pricing strategies could help explain gender rate gaps online,
expecting that men would fnd value-based pricing strategies more
important than women (H1), while women would fnd cost-based
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Table 4: Results of the ffth step in the hierarchical linear regression model predicting log transformed bill rate. Several control
variables and pricing strategies predicted signifcantly lower and higher log transformed bill rates. +p<0.1, *p<0.05, **p<0.01,
***p<0.001

pricing strategies more important than men (H3). Instead, we only
found signifcant gender diferences in the importance of demandbased pricing, a strategy that did not signifcantly predict bill rate.
Other factors, such as full-time freelancer status, had a greater
impact on bill rates. For example, women were more likely than
men to be freelancing part-time or to fnd freelancing less important,
which predicted lower bill rates. Future work should investigate
why part-time workers, the majority of whom were women in our
study, set lower rates online. For example, if part-time workers set
lower rates because of how they think others will perceive them
for their part-time status, similar to how women hold lower salary
expectations than men [38], platforms may want to guide workers
to focus on other aspects, such as their work experience, during
rate-setting.

Furthermore, future work should continue to investigate how
value-based pricing and self-esteem might infuence online pricing
behavior regardless of gender. As predicted, we found that selfesteem predicted the importance of value-based pricing strategies
(H2), which predicted higher bill rates. Although we did not fnd
gender diferences in value-based pricing or self-esteem, future
work should investigate these factors given their profound impact
on bill rate and the possibility that our survey was unable to capture
participants’ actual self-esteem or value-based pricing behaviors.
Additionally, it is important to note that these and other factors
included in the study explained at most only 42% of the variance
in bill rate and less than 7% of the variance in the importance of
pricing strategies, demonstrating the potential for studying other
possible predictors of rates and pricing strategies in future research,
such as race and socioeconomic status.
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7.1.2 Gendered Behavior Persists Online. Contrary to prior work
[104], our data suggest that being in a virtual environment does not
always reduce the salience of gender in interactions. We did not
expect to fnd gender diferences in demand-based pricing strategies
because all freelancers should be able to “test” the demand for their
rate on Upwork. Therefore, we speculate that women on Upwork
found demand-based pricing more important than men because
they may have placed more value on the quality of their clients.
We speculate that, with more limited time for paid work [110],
women on Upwork may be more motivated to fnd fexible and
valuable opportunities to grow their skills [72], and may set rates
based on demand to appear more competitive and be hired for high
quality jobs. With limited time, women on Upwork may also adopt
a demand-based strategy instead of fnding “referents” (i.e., other
freelancers with similar qualities) to which to compare their rates
[49].
Critically, this suggests that researchers must study the gig economy through the lens of gender and other dimensions of potential
inequity, such as age, race, and socio-economic status [31]. Users
in the gig economy already face unconscious biases [35, 52]; for
example, African-American names are more likely to be turned
down for short-term accommodations on the AirBnB platform [35].
This study demonstrates that not only discrimination, but pricing
strategies could perpetuate gender inequities online. By not taking
the lens of gender, age, race, and status in our research, we stand
to disregard valuable insights into workers’ motivations, behaviors,
and outcomes on these platforms [12].
7.1.3 Freelancers Must Develop Financial Gig Literacies to Adapt
to Online Work. We further build on prior work by showing how
freelancers develop fnancial “gig literacies” such as pricing strategies to earn a living online. Prior work suggests that freelancers
learn to adapt to the afordances of online work platforms by developing “gig literacies” [105], sharing knowledge within networked
communities [50, 51], and augmenting their work practices with
technologies [36]. Our work is the frst to show how freelancers
modify their pricing behavior to succeed as freelancers online. For
example, many freelancers in our study lowered their rates given
their limited on-platform work experience, despite having extensive
of-platform work experience. To extend these fndings, we aim to
explore the impact of accommodating these online factors on freelancers’ lives. For example, how does setting a lower rate than one
feels one deserves infuence job satisfaction? If a freelancer chooses
to lower their rate, how will they respond if they do not see an
increase in their number of clients? Understanding how freelancers
adapt to these platform constraints can help us design systems that
support the livelihoods of millions of workers [68, 74, 96, 105].

7.2

Implications for Design

7.2.1 On-platform Design Interventions. By intervening in processes like rate-setting, platforms can more directly support a diverse workforce, attracting and retaining high quality talent [62].
For example, platforms could encourage more women to increase
their rates and mitigate rate gaps by providing feedback and strategies for increasing workers’ rates [73, 116]. Platforms could nudge
workers (e.g., [4]) with below-average rates to raise their rates
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through value-based pricing, such as by reminding them to consider their unique qualities or value to businesses before setting
their rates, in line with prior work on gender and negotiation [8].
To encourage lower rates, these systems might consider reminding
users that they need “connects” to submit new job proposals. Additional research is needed to understand not only the efectiveness
of these strategies, but also the limitations of introducing these interventions on the platform (e.g., reducing freelancers’ autonomy).
Our work also suggests that, regardless of gender, freelancers
share similar concerns when choosing their bill rate, including balancing their level of expertise of and on the platform, and weighing
their expected profts given platform fees. These fndings echo prior
work in HCI, which suggest that gender can infuence participation
in some sociotechnical systems, such as peer production communities (e.g., Wikipedia) and social Q&A sites (e.g., StackOverfow)
[22, 40, 53], but may not always lead to biases in other systems (e.g.,
ratings on micro-task markets [107]). Based on these results, platforms should consider helping all freelancers, regardless of gender,
choose proftable bill rates based on their level of expertise and the
variety of costs of working on the platform (e.g., time and money
spent on proposals. Additionally, platforms could assign reputation
scores based on ofine work to support those who lack on-platform
work experience.
7.2.2 Of-platform Design Interventions. Following prior research
on ethical gig work [63, 82], we see opportunities for of-platform
tools to increase the transparency of rate gaps to online freelancers
[15], similar to how websites display average salaries for employees (e.g., Glassdoor). The tools could also encourage coordination
between gig workers [63]. We also imagine tools that help clients
price their tasks to avoid ofering lower rates for part-time jobs
[75, 118], as we found that part-time freelancers were more likely to
set lower bill rates than full-time freelancers. By existing outside of
online labor platforms, such of-platform interventions could utilize
more sensitive data (e.g., gender of freelancers) to ofer valuable
insights to freelancers and clients, much like how prior HCI interventions, such as Turkopticon, helped online workers exchange
honest reviews of past employers [63].

7.3

Implications for Policy

Our work also ofers implications for future policy on online labor marketplaces. As other scholars have argued [61, 119], steps
must be taken by governments to ofer legal protections on online
workers’ pay rates. These protections might include a minimum
rate for part-time jobs to ensure that part-time freelancers receive
commensurate pay as full-time freelancers, standardizing work
tasks and rates to improve transparency, and protecting workers
against bill rate discrimination based on gender to promote fairer
wages [58, 62]. Nonetheless, enacting these protections will be challenging. Regulating bill rates will require a concerted efort from
governments across the globe, given country-level diferences in
workers’ rates and tasks [57, 100]. Furthermore, it may be difcult
for governments to recognize online workers as employees worthy
of employment-based protections. In November 2020, California
passed a proposition that enables online labor platforms, like Uber,
to withhold valuable employment benefts, minimum wages, and
other income protections from workers [23, 85]. Nevertheless, there
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could be other promising ways to extend protections to freelancers;
for instance, through the CARES Act, the US provided fnancial
assistance to online workers during the COVID-19 pandemic [91].
Cooperative, worker-owned platforms and fair-trade certifcations
could also protect workers’ welfare by actively involving workers
in developing and enforcing minimum rates [20, 79, 119, 122]. We
believe that efective policy will require creative solutions that acknowledge the global nature of online work and extend protections
to all workers, regardless of their employment status.
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[4]

[5]
[6]

Limitations and Future Work

While this study overcomes the limitations of prior work by collecting self-reported data [39], we look forward to improving and
extending the study’s design. First, we plan to recruit participants
beyond the US and these job categories, as this may have caused
some pricing strategies to be more prevalent than others. Moreover, the reliability and validity of several survey items was only
moderate, indicating that future work can be done to improve the
survey instrument. For example, we imagine hosting a workshop
with freelancers to generate potential alternative survey items to
measure pricing strategies. Because the survey was conducted during a global pandemic, the sample may not accurately represent
freelancers on the Upwork platform. By only recruiting participants
who had applied to our job posting, we may have excluded freelancers who were unable to submit a proposal. Finally, we plan to
collect data on factors not captured in this survey, such as race,
ethnicity, and socioeconomic status [87]. These changes will allow
us to build a more robust survey instrument and extend our fndings
to other domains and countries.

[7]
[8]
[9]

[10]

[11]

[12]
[13]
[14]
[15]

8

CONCLUSION

Freelancers use multiple pricing strategies when choosing their bill
rates online. Nevertheless, gender diferences in pricing strategies
may not fully account for gender rate gaps online. Instead, gender
diferences in other factors, such as full-time freelancer status, selfesteem, and the importance of freelancing as a source of income,
predicted higher rates and may help explain gender rate gaps online.
To support equity in the online gig economy, CHI researchers must
identify and continue to assess the complex relationship between
gender and these factors in online labor marketplaces.
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