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Who Benefits from Online Gig Economy Platforms?†

By Christopher T. Stanton and Catherine Thomas*

Online labor platforms for short-term remote work have many more 
job seekers than available jobs. Despite their relative abundance, 
workers capture a substantial share of the surplus from transactions. 
We draw this conclusion from demand estimates that imply workers’ 
wages include significant markups over costs and a survey that val-
idates our surplus estimates. Workers retain a significant share of 
the surplus because demand-side search frictions and worker differ-
entiation reduce direct competition. Finally, we show that applying 
traditional employment regulations to online gig economy platforms 
would lower job posting and hiring rates, reducing aggregate sur-
plus for all market participants, including workers. (JEL C83, F31, 
J22, J23, J31, J64, M51)

An estimated 160 million global workers are registered on online labor market 
platforms (Kässi and Lehdonvirta 2018; Kässi, Lehdonvirta, and Stephany 2021). 
As in other gig settings, there are many more workers than jobs at any point in 
time (Autor 2001; Prassl 2018; Fisher 2022). While numerous studies have explored 
the economics of alternative work arrangements (Katz and Krueger 2019; Collins 
et al. 2020; Mas and Pallais 2020), little is known about the overall surplus gen-
erated by online labor markets or the distribution of these benefits. Despite this, 
concerns about excessive competition have prompted policy proposals aiming to 
reclassify freelancers as employees, including those using online labor markets. In 
this paper, we contribute to this debate by using data from a large online market to 
quantify market surplus and understand how it is distributed among participants.

Our analysis addresses three main questions: How much surplus do buyers and 
workers each receive from online labor markets? If workers receive surplus despite 
their relative abundance, what prevents competition from pushing workers to their 
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reservation wages? Would traditional labor market regulation increase worker sur-
plus in these markets?

We start by briefly summarizing our findings: First, total surplus—roughly anal-
ogous to the sum of producer and consumer surplus—is approximately $4.24 per 
hour worked. About 46 percent of this total goes to workers, a substantial share 
when compared to traditional employment arrangements (Card et al. 2018).

Second, both worker differentiation and limited buyer search allow workers to 
earn positive surplus even in the face of intense competition. Although workers are 
numerous, buyers view them as imperfect substitutes. For example, we estimate that 
a standard deviation change in an index of workers’ characteristics has an impact on 
labor demand that is equivalent to a 38 percent change in wages. However, worker 
differentiation alone does not ensure that workers capture meaningful surplus. A 
second force—buyers’ limited attention while hiring—also contributes. The aver-
age buyer considers only 18 workers before making a hiring decision, and early 
applicants are the most likely to be considered, limiting head-to-head competition 
between similar workers.

Third, policy counterfactuals demonstrate that employment regulations that raise 
buyers’ labor costs lead to lower surplus for both sides of the market. The reason is 
that job posting and hiring rates decline, offsetting any gains that could be reallo-
cated to workers.

To arrive at these conclusions, we set up a structural model of supply and demand 
in an online labor market for short-term tasks. As is typical in these markets, wage 
setting is decentralized, and workers submit job-specific wage bids. A survey we 
conducted in 2023 shows that workers tailor bids to job openings. In the model, we 
allow workers to choose their bids strategically in response to buyers’ hiring elas-
ticities. We estimate the model with a sample of 170,000 competitive job openings 
spanning January 2008 to June 2010 from the administrative data of a large online 
labor market platform.

The model contains three key components. First, a buyer’s demand on a job post—
whom to hire, if anyone—is a function of applicants’ characteristics, wage bids, and 
buyer attributes. These attributes are the buyer’s privately known value of the demand 
parameters (buyer type), her past hiring experience, and her search costs, which affect 
the number of applicants she considers prior to hiring. Second, workers’ hourly wage 
bids are based on markups over their costs. Markups are determined by the perceived 
demand elasticity they face on a job opening. Third, buyer job posting follows an 
arrival process that depends on her type and past hiring experience.

We use two instruments for workers’ wage bids to recover credible estimates of 
demand elasticities. The first instrument exploits exchange rate fluctuations. For 
workers with currencies that float relative to the US dollar, a shifting exchange rate 
varies the benefit of working online for US dollars relative to local alternatives. This 
instrument generates bid variation between workers from different countries. The 
second instrument exploits supply-side competition on similar jobs that are posted 
by other buyers. A bidder who observes little competition for similar alternative jobs 
infers a greater likelihood of being hired for another online job, increasing the value 
of the outside option and reducing the incentive to submit a low bid on the focal job. 
On the other hand, when there are many applicants for similar jobs, the bidder antic-
ipates heightened competition for alternative online positions. In addition, a worker 
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choosing a bid on the focal job anticipates that other applicants will shift their bids 
in response to their own perceived likelihood of competition for other positions. We 
measure competition using the mean number of applications in the first 24 hours 
for jobs in the same category and week but posted by other buyers. To isolate idio-
syncratic variation, we then use fixed effects to remove persistent variation at the 
job category level and aggregate shocks at the week level. This instrument shifts all 
workers’ bids, not just those in countries with exchange rate variation, and allows us 
to identify buyers’ price elasticity relative to the option of not hiring on the platform.

Our survey results confirm that workers consider both local exchange rates and 
the number of prior applicants when determining their bids. Several tests indicate 
that exclusion restriction violations are limited. For example, applicant résumé 
characteristics vary little with the instruments, suggesting the instruments primarily 
affect wage bids rather than the distribution of worker quality. The instruments are 
also unrelated to a proxy for worker application effort, and all of our estimates are 
similar when we control for worker application quantity.

Our results show there are gains from trade for both sides of the market. We estimate 
that buyers gain an average of $2.27 of surplus per hour when they hire. Buyer surplus 
upon hiring is defined as the dollar amount that would yield indifference between 
hiring the chosen worker at the wage paid and the outside option of not hiring on the 
platform. We estimate worker surplus assuming that wage bids are optimal responses 
to buyers’ demand elasticities. Hired workers have surplus of about $1.97 per hour. 
Workers’ markups over their costs average 28 percent. Over our 30 months of data—
from an era when online labor markets were smaller than today—total surplus to hired 
workers was about $4.52 million. The total surplus to buyers was about $5.71 mil-
lion.1 These figures represent net gains rather than total revenues or wage bills because 
the surplus is relative to each party’s outside option or reservation utility / wage.

Moving beyond hires, aggregate worker surplus remains positive, at about 
$2.05 million dollars, if we assume that each application takes about 5 minutes and 
we net out a per application cost of $0.59, which comes from our estimates of work-
ers’ hourly costs. We estimate that buyers’ search costs average about $1.21 per 
applicant considered, which we infer from the model as a function of how expected 
surplus changes when we alter each buyer’s consideration set. Subtracting their 
search costs leaves buyers with $1.97 million in net surplus.

We validate the model in two ways. First, our model is primarily about the bid 
markups that come from the demand-side elasticities. We can assess model fit by 
examining whether bid variation maps to model-predicted markup variation. One 
clear prediction relates to how bids change with applicant order: Because buyers 
are observed to evaluate applications in the order they are received, a later appli-
cant knows he will face more competition given that a buyer considers him. The 
model, hence, prescribes that optimal markups fall with applicant order. In a regres-
sion of log bids on applicant order dummies and worker-by-week and job category 
fixed effects, we find that a worker submits bids that are about 3.6 percent lower 
as the sixtieth job applicant compared to when he is among the first 10 applicants. 

1 The platform collects 10 percent of all revenues, which, at average wage bids, yields platform revenues of 
$1.14 per hour. We do not observe the platform’s marginal costs of servicing transactions, and platform surplus is 
excluded from our surplus calculations.
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Model-predicted markups fall by more than 2 percent between the first 10 applicants 
and the sixtieth. Second, in our 2023 survey, reported markups range from 23 per-
cent to 38 percent, depending on the markup construct described in how we elic-
ited responses. These estimates are broadly consistent with the 27 percent average 
markup from the model.

Finally, we use the estimates to assess whether traditional employment regula-
tions can redistribute surplus toward the supply side of the market. We study the 
counterfactual introduction of an additional 10  percent tax paid by buyers when 
hiring workers on the platform. This policy illustrates how payroll taxes, such as 
the employer portion of Federal Insurance Contributions Act (FICA) contributions 
for W-2 employees, would impact the market. When participants do not receive any 
benefit from the tax, there is a large reduction in both buyer and worker surplus. 
Hiring rates on posted jobs fall, with no increase in net wages to workers, and job 
posts fall significantly. Rebating the tax revenue to workers in a lump sum amelio-
rates the workers’ surplus loss, but the overall change remains negative because of 
the smaller market size.2

Our work contributes to the growing literature on gig economy work arrange-
ments. We use microdata to underscore how surplus varies in nonstandard work 
arrangements, complementing research on workers’ valuations for these alternatives 
(Mas and Pallais 2017). We add to a literature that examines how platform design 
can impact information frictions (Pallais 2014; Moreno and Terwiesch 2014; Ghani, 
Kerr, and Stanton 2014; Agrawal et al. 2015; Horton, Kerr, and Stanton 2017; Kässi 
and Lehdonvirta 2018; Cullen and Farronato 2021) by showing that these frictions 
can limit competition and shift surplus.3

There are two potential external validity limitations in interpreting our results. 
First, not all online labor markets use hourly wages as the contract form. The most 
common alternative is fixed price procurement auctions, where buyers set a max-
imum budget and workers bid a price to deliver work. To offer some evidence 
that our conclusions apply to these types of jobs, we surveyed workers about their 
perceived surplus on fixed price jobs. Survey responses show worker surplus is 
positive in these arrangements.4 Second, the data we use to estimate the model 
come from an era where online labor markets were relatively new. Improvements 
in platforms’ technology or matching procedures may have impacted surplus, par-
ticularly if search frictions have declined in importance. However, our survey of 
current users validates our markup estimates. Along with comparisons to other 

2 We do not find evidence that surplus in online labor markets arises because buyers of online labor have sub-
stituted away from regulated offline employment. In Supplemental Appendix D, difference-in-differences estimates 
show there is no change in online job posts or hiring in US states that raised the local minimum wage during 
our sample period compared to control states. In addition, Horton, Johari, and Kircher (2021) reports that only 
15 percent of surveyed platform buyers would have hired locally if the platform were not available. This suggests 
a limited substitution elasticity between online and offline work, in which case any lost online jobs would be net 
surplus destroying.

3 Related work focusing on ride-sharing platforms has quantified demand and supply (Hall, Horton, and 
Knoepfle 2021), analyzed surplus from surge pricing (Castillo 2020), measured the value of flexibility and drivers’ 
support for regulation (Chen et  al. 2019; Katsnelson and Oberholzer-Gee 2021), and assessed offline spillover 
benefits (Gorback 2020).

4 Online labor markets for microtasks, like Mechanical Turk, use a contract form that is closer to the fixed price 
contract, but there are some meaningful differences. For further details, see Benson, Sojourner, and Umyarov (2020) 
and Dube et al. (2020).
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papers’ descriptions of how platforms have evolved, the survey responses provide 
confidence that the structural assumptions of our model capture meaningful and 
persistent features of gig economy contracting.

Finally, our results are relevant for the ongoing debate about how to regulate the 
gig economy. Legislative proposals, such as the PRO Act, which passed the United 
States House of Representatives before dying in the Senate, could extend traditional 
labor regulations to online labor platforms, potentially altering surplus distribution. 
Prior work has shown how labor demand responds on a range of margins in response 
to regulation (Clemens, Kahn, and Meer 2018).5 We show that regulatory changes 
to online labor markets would reduce static surplus, but the main negative welfare 
impact would be due to missing jobs.

The paper proceeds as follows. Section I describes our worker survey, introduces 
the administrative data, and provides summary statistics that guide our modeling 
choices. Section II presents the model and estimation strategy. Section III presents 
the main results and calculations of buyer and worker surplus. Section IV contains 
the counterfactual analysis. Section V concludes.

I.  The Setting, Data, and Descriptive Statistics

A. Empirical Setting

Our data come from an online platform where buyers contract with workers 
selling labor services. This platform, along with several leading others, facilitates 
search and matching, task management, and payments. All jobs are done remotely, 
and work output is delivered electronically. To purchase online labor services, a 
buyer must first create an account on the platform. She then posts a job, which 
requires selecting the work category and its expected duration, gives the job a title, 
and describes the work to be done and the skills required. Once the posting is live, 
potential applicants learn about it by searching on the site or receiving emails about 
new jobs. Buyers also have the option of searching worker profiles directly and 
inviting applications.

Job postings tend to be for short-term, spot transactions. There are two main 
types of contracts on the platform. Hourly contracts, where workers are paid hourly 
wages for time billed, are the most common job type, accounting for over 80 percent 
of workers’ earnings during our main data sample. The typical hourly job requires 
16 hours of work per week, and 61 percent of postings are for jobs expected to 
last less than three months. On average, hired workers bill about 71 total hours. 
Buyers may alternatively choose fixed price contracts, where workers are paid a set 
amount only upon successful completion of the project. Fixed price jobs tend to be 
shorter in duration than hourly jobs. Our main analysis focuses on hourly contracts 
because fixed price jobs vary in length and complexity in unobserved ways. We 

5 The closest work answering a regulatory question about online labor markets is Horton’s (2025) study of a $3 
wage floor. His experiment was carefully designed to measure hiring responses holding fixed preexisting job open-
ings and applicants. Our work uses data on buyers’ decisions over time to show how their experiences affect future 
job postings. This allows us to estimate the dynamic response margins to policy counterfactuals. Horton (2025) also 
shows that buyers exposed to the minimum wage treatment subsequently posted fewer jobs.
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later supplement our analysis of hourly contracts with survey evidence on workers’ 
perceptions of the surplus they earn on fixed price contracts.

As shown in the examples in Figure 1, workers observe information about the buyer 
and the job before applying, including the date of posting and the number of workers 
who have already applied. Interested workers submit applications, and each appli-
cant proposes (bids) the hourly wage at which they are willing to work. Workers are 
located worldwide, but all bids are denominated in US dollars. Workers’ profiles con-
tain information about their skills, education, location, prior offline work experience, 
experience on the platform, and feedback scores from past work. Information from past 
jobs has been shown elsewhere to influence workers’ attractiveness and future career 
prospects on the platform (Ghani, Kerr, and Stanton 2014; Pallais  2014; Agrawal, 
Lacetera, and Lyons 2016; Stanton and Thomas 2016; Barach and Horton 2021).6

6 Supplemental Appendix Figure A1 presents some initial evidence that workers are differentiated, showing 
that on openings with a hire, buyers choose applicants in the lowest bid decile only slightly more than 10 percent 
of the time.

Figure 1. Two Examples of Job Postings

Notes: The first job post is a screenshot from the platform for a nontechnical job posting, taken in July 2014. The 
second job posting is for a technical job during our administrative data sample, taken from the WayBack Machine 
(with the name of the platform in top right corner hidden). The job was posted on December 3, 2008. Applicants can 
see the job has received five applications. Screenshot adapted with permission from the platform.
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Before hiring, buyers may request interviews with any candidate, although an 
interview is not required. After hiring, buyers monitor work via software that the 
platform provides. The platform manages all payments for completed work and 
guarantees workers are paid for hours billed, which means that payment risk is unre-
lated to buyer reputation or experience. When a contract ends, buyers and workers 
leave feedback for one another.

We have two data samples: responses from a detailed survey of 113 workers con-
ducted in 2023 and a much larger historical administrative dataset of applications 
and hiring processes from 2008 to 2010. Many core platform features, and the insti-
tutions governing contracting, remained largely unchanged between 2008 and 2023 
and are shared by other large platforms (Kässi and  Lehdonvirta  2018). We later 
discuss some platform features that have evolved from the time of our administrative 
sample.

The survey was designed to supplement the main analyses using the adminis-
trative data and to assess the relevance of our findings in a different time period. 
In particular, the survey elicited information about workers’ bidding decisions and 
perceptions of surplus on the platform. To the best of our knowledge, no other data 
source contains similar information. Workers’ responses were matched to the infor-
mation in their online profiles.

The administrative data were obtained from the platform and allow us to ana-
lyze buyer responses to worker bids and to follow buyer and worker careers on 
the platform. We observe every buyer’s hiring choices among candidates for all 
their job postings. For each job posting, the data contain information about the 
entire applicant pool; which candidate(s), if any, are interviewed or hired; buyers’ 
stated reasons for not hiring individual workers (available for a subset of openings 
where buyers opted to provide this information); and the feedback that the buyer 
and the hired worker leave for one another. These data cover the 30 months from 
January 2008  to June 2010, a period when the matching process between buyers 
and workers was decentralized and did not involve algorithmic recommendations. 
During this time, 67,566 potential buyers posted 170,556 hourly jobs and received 
more than 4.4 million applications from 192,627 unique workers.

Figure 2 documents a striking feature of the market: There are many more job 
seekers than openings in any given month. On average, around 16,600 unique work-
ers applied to just over 5,600 hourly jobs per month, and only 1,100 workers were 
hired. The majority of applicants were not hired at all during a typical month, moti-
vating concerns that worker competition would have driven down their surplus. 
Hires are scarce relative to job seekers in both technical and nontechnical job cate-
gories, which make up approximately equal shares of all job posts.7

B. Survey Evidence

In fall 2023, we posted jobs on the platform with the aim of surveying workers 
across a range of job categories and backgrounds. Sample inclusion required that 

7 The technical job categories are web development, software development, and networking and information 
systems. The nontechnical job categories, in order of frequency, are administrative support, writing and translation, 
design and multimedia, sales and marketing, business services, and customer service.
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workers had been hired at least once before. Supplemental Appendix A contains 
details about the recruitment and survey instrument. The 113 workers who com-
pleted the survey came from 39 countries and had a median of 6 prior jobs, with a 
range from 1 to 144. When asked about their sources of income, 41 percent reported 
that “work through platforms is my exclusive source of income,” and 35 percent 
reported, “I also have a traditional job where I am an employee.” These figures 
are comparable to the responses in a 2012 survey of workers on a similar platform 
(Kuek et al. 2015), where 48 percent said that freelancing full-time was their sole 
source of income and 38 percent had either a full-time or part-time job as well.8 
This suggests that, on average, the way workers interact with these platforms now is 
much the same as it was in 2012.

We then asked survey respondents how often they varied their hourly wage bids 
during a typical week. The majority reported that they did so at least sometimes, 
with 45 percent of workers saying that they always submitted different bids or tai-
lored bids to different openings. A further 45 percent indicated they sometimes did. 
Only 10 percent selected the option, “I always submit the same bid,” which was the 
first option among those presented in the question.

8 In our data, 28 percent of respondents said, “I also work as an independent contractor outside of platforms.” 
This response option doesn’t correspond well with prior surveys’ options. Other studies have attempted to capture 
online workers’ alternatives to platform work. For example, Gray and Suri (2019) document that online workers 
often spend time doing nonpaid work, such as caring for dependents. They focus on microtask workers who are paid 
for immediate task completion, which is not a category of work on the platform we study. Kässi, Lehdonvirta, and 
Stephany (2021) estimate that microtask and contest-based platforms make up a relatively small share of the overall 
online labor gig economy, and workers on these platforms are outnumbered by more than six to one by those on 
online labor markets of the type we study.

Figure 2. Job Posts, Applicants, and Hires, 2008–2010

Notes: This figure shows the total count of workers submitting at least one application in a month, the number of 
new job postings in a month for hourly contracts, and the number of filled hourly job openings in a month, averaged 
across the 30 months of the administrative data. The left-hand columns are for all hourly jobs, the center columns 
are for nontechnical job openings, and the right-hand columns are for technical job openings. Because some appli-
cants apply for both technical and nontechnical jobs in a month, the number of unique applicants in nontechnical 
and technical jobs sums to more than the total number of unique applicants.
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The next set of questions explored why workers vary bids. Ninety-six percent 
of workers said the skills they would need to complete a job were somewhat or 
very important when deciding what bid to submit. When asked whether variation 
in their opportunity costs affected their bids, 89 percent said they considered other 
on-platform work opportunities, and 70 percent said they considered off-platform 
worker opportunities when forming bids. To preview our identification strategies: 
82 percent of respondents from countries that do not use the US dollar indicated that 
the value of the dollar relative to their local currency affects their bids; 83 percent of 
all respondents said they varied their bids based on how many people applied to the 
job before them. Our model will allow workers’ bids to vary based on the extent of 
perceived competition for a position, as captured by the number of prior applicants, 
and shocks to the value of their local versus online opportunities.9

C. Administrative Data

Table 1 presents descriptive statistics about the 67,566 buyers and 192,627 work-
ers in the 2008 to 2010 administrative data sample. Buyers range from private indi-
viduals to employees or owners of small firms to the occasional individual who hires 
on behalf of a large enterprise. The first two columns show that most buyers are from 
the United States, and 75 percent are located in G10 countries with high levels of 
per capita income. Only 6 percent of buyers come from India or the Philippines.10 

9 Gee (2019) finds that observing the number of prior applicants increases the probability a worker applies for a 
job on LinkedIn compared to when this information is hidden. Relative to Gee’s (2019) experiment, the number of 
applicants was always shown on this platform, allowing us to examine differences in competition holding fixed that 
workers observe the number of prior applicants.

10 Eighty-nine percent of the transactions in the market span international borders, with the worker typically 
located in the lower-wage country. See Horton (2010) for an overview of how online labor markets work and 
Agrawal et al. (2015) and Horton, Kerr, and Stanton (2017) for stylized facts about patterns of contracting between 
different countries. This market has evolved similarly to other prominent platforms (Stanton and Thomas 2020). 
Key features of the time period we study remain in later periods. For example, the distribution of job categories and 

Table 1—Descriptive Statistics about Buyers and Workers

Buyers Workers

Mean SD Mean SD

In the United States 0.58 0.49 0.26 0.44
In another G10 country 0.17 0.38 0.05 0.22
In India or Philippines 0.06 0.24 0.42 0.49
First posting or application is in tech 0.56 0.50 0.28 0.45
Number of postings or applications 2.52 4.50 23.15 81.20
Hires or is hired at least once 0.27 0.44 0.08 0.27
Number of hires 0.52 1.40 0.18 0.95

Number of buyers or workers 67,566 192,627

Notes: The sample includes buyers and workers active on the platform from 
January 2008 to June 2010. Buyers and workers classified as being in other 
G10  countries include those in Belgium, Canada, France, Germany, Italy, 
Japan, the Netherlands, Sweden, Switzerland, and the United Kingdom. 
Technical jobs are those in networking and information systems, software 
development, and web development. Nontechnical jobs are those in adminis-
trative support, business services, customer service, design and multimedia, 
sales and marketing, and writing and translation.
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Roughly half of buyers (56 percent) post their first job in a technical job category, a 
share that is similar for platforms today (Stephany et al. 2021).

The average buyer posts 2.52 jobs during the sample, while the standard devia-
tion is nearly twice the mean, at 4.50 job posts. The variability in buyer engagement 
with the platform, which we allow for in our model, potentially reflects different 
types of buyers or different, idiosyncratic experiences when engaging with workers. 
To the extent that buyers are heterogeneous, job applicants may observe signals of 
buyer type, but these signals are likely to be relatively coarse. For example, workers 
do not observe buyer identities or their line of business, but they do observe the 
country where a buyer is located and past platform activity, as illustrated in Figure 1.

The third and fourth columns of Table 1 present descriptive statistics about work-
ers. Consistent with other studies, 42 percent are in India or the Philippines, while 
31 percent are located in high-income countries. The average worker applies for 
23.15 jobs over the 30 months of data, and there is a very large standard deviation. 
Despite this high average level of platform engagement, only 8 percent of all work-
ers are hired over the time period studied, and the mean number of hires per worker 
is 0.18.

Table 2 presents descriptive statistics about the 170,556 job postings that form 
our main sample.11 The statistics relate to the mean characteristics of the applicant 
pools. Column 1 shows that posts receive an average of 26 applications, the majority 
of which arrive within 24 hours of posting. The mean hourly wage bid is $11.43, 
with a standard deviation of $6.54.

In the model, we allow for differences in both demand and job posting frequency 
by buyer experience. Columns 2 and 3 of Table 2 split the sample by buyer expe-
rience. Column 2 first shows that posts by inexperienced buyers, who have made 
zero prior hires, receive slightly fewer applications and also receive slightly higher 
wage bids. The applicants to these jobs have received slightly worse feedback, or no 
feedback, when they have been hired in the past. Applicants to inexperienced buy-
ers have also been hired slightly fewer times before, although they received higher 
mean wages on these jobs. Despite these and other minor differences, however, the 
table shows there is substantial overlap in applicant characteristics for inexperienced 
versus experienced buyers.

the geographic concentration of buyers and workers has remained stable over the last 15 years (Kuek et al. 2015; 
Kässi, Lehdonvirta, and Stephany 2021). Our data show around 8 percent of workers were hired at least once, which 
is in line with the 10 percent share of workers who had positive earnings on large online labor markets in 2013 
(Kuek et al. 2015) and the 9.6 percent documented by Kässi, Lehdonvirta, and Stephany (2021) for 2020. Since the 
time of our administrative data, there have been some changes in the way platforms curate buyers and workers to 
increase the share of filled postings (e.g., using algorithmic recommendations). Some platforms now allow buyers 
to state a worker quality preference or impose a minimum hourly wage. These changes may have raised market 
efficiency overall, but they likely reduce the number of workers a buyer considers, increasing the market power of 
those who are considered.

11 The sample includes hourly billed, public job postings that do not entail repeat hires from prior online jobs 
and that receive more than three applications. The filtering rule based on a minimum number of applications selects 
competitive openings, preventing us from picking up jobs that go to a worker whom the buyer may have targeted 
from an offline source or a preexisting, unobserved online relationship (2,211 jobs). Such noncompetitive openings 
involve buyers making hiring choices with different information about workers (Kahn 2013). Any job that was 
declared to have been posted by mistake was also excluded. We drop spam job postings, which are defined as those 
where the buyer sends over 60 interview requests. In addition, applications that buyers themselves flag as obvious 
spam are dropped. When we do not apply these filters, we find larger surplus estimates for both buyers and workers.




Xu HUANG



Xu HUANG





1867STANTON AND THOMAS: WHO BENEFITS FROM ONLINE GIG ECONOMY?VOL. 115 NO. 6

To motivate allowing demand and job posting frequency to vary by buyer expe-
rience, Table 2 then shows that experienced buyers’ probability of filling a job is 
26 percent compared to 15 percent for experienced buyers. Experienced buyers also 
post jobs more frequently, making them responsible for around half of all postings 
on the platform. Only 27 percent of buyers are observed to hire at all. If hiring rates 
and / or job posting rates increase with experience (rather than arising due to buyer 
selection), then policies that alter whether buyers gain experience will potentially 
affect the size of the market.

D. Stylized Facts Motivating the Model

In this section, we tie together motivating data features and stylized facts that 
guide how we model buyers’ hiring choices and worker responses.

Buyer Consideration.—Buyers are likely to consider only a subset of applicants 
rather than the entire applicant pool. An advantage of our setting is that the data 

Table 2—Descriptive Statistics about Job Postings by Buyer Hiring Experience

 
All 

postings

Postings by 
buyers with zero 

prior hires

Postings by 
buyers with 1+ 

prior hire

Number of applicants 26.14 23.52 28.74
(32.85) (26.67) (37.83)

Number of applicants in first 24 hours 18.55 16.46 20.63
(22.54) (18.27) (25.94)

Mean applicant wage bid 11.43 11.86 11.00
(6.54) (6.68) (6.35)

Mean applicant share with good feedback 0.37 0.35 0.38
(0.18) (0.18) (0.17)

Mean applicant share with no feedback 0.43 0.45 0.41
(0.21) (0.22) (0.20)

Mean prior hires per applicant 6.60 6.10 7.09
(4.94) (4.63) (5.19)

Mean applicant wage on last hire (if applicable) 10.18 10.57 9.79
(5.39) (5.34) (5.40)

Mean applicant share in the United States 0.11 0.11 0.11
(0.15) (0.15) (0.15)

Mean applicant share with a BA+ degree 0.35 0.35 0.35
(0.15) (0.15) (0.15)

Probability of filling job 0.20 0.15 0.26
(0.40) (0.35) (0.44)

Months between postings 1.15 1.53 0.89
(2.58) (3.24) (1.97)

Number of posts 170,556 84,999 85,557

Notes: This table presents job posting–level averages (standard deviations) of posting patterns, application charac-
teristics, and hiring rates. The mean wage bid is inclusive of a 10 percent ad valorem platform fee. Statistics about 
applicant characteristics display averages by job posting. These characteristics are the share of applicants with good 
feedback (defined as a feedback score of at least 4.5 out of 5, autopopulated in the profile), the share of applicants 
with no feedback, the average number of prior hires on the platform at the time of application, the average hourly 
rate on the last hire (for those with prior hires), the share of applicants in the United States, and the share with a 
bachelor’s or higher degree listed in their profile. Job filling is defined as hiring one of the applicants. The sample 
period is from January 2008 to June 2010. Standard deviations are in parentheses.
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allow us to measure the size of a buyer’s consideration set based on the actions 
they take. In other settings, consideration sets are often unobserved, necessitating 
computationally expensive procedures to simulate them (Abaluck and Adams-
Prassl  2021). In our setting, we say the buyer interacts with an applicant if the 
buyer messages them, hires them, or selects a reason for not choosing them. We can 
observe buyer-applicant interactions for 81 percent of the openings in the data.

Interactions and Applicant Order.—At the time of our sample, the default when 
presenting applicants to buyers was to display them in the order in which they sub-
mitted the application. Supplemental Appendix Table A.2 shows that ordering based 
on application timing strongly explains the likelihood of interaction (messaging, 
hiring, or selecting a reason for not choosing the worker).12 The baseline probabil-
ity of an interaction is 17.5 percent. Every 10 positions an applicant falls reduces 
the probability of an interaction by 0.57 percentage points (column 3), or 3.3 per-
cent. Application order is far more important than wage bid ranking for determin-
ing whether a buyer interacts with an applicant. Supplemental Appendix Figure A.2 
shows that this bias toward early applicants means applicant 45 receives an inter-
view or hire request with less than 5 percent probability, a substantial reduction from 
the more than 20 percent probability for the first few applicants.13

Inferring Consideration Sets.—Interacting with an applicant or extracting infor-
mation from their profile appears costly for buyers because they do not interact with 
everyone. Part of their search costs are likely the time costs of any hiring delay. 
Based on the strong ordering of the interaction measures in the data, we main-
tain that a consideration set consists of all applicants who applied prior to the last 
applicant the buyer interacts with explicitly. This concept is consistent with recent 
empirical work on costly browsing behavior in online settings.14 Figure 3 shows the 
distribution of consideration set sizes observed in the data.

Worker Responses.—In the administrative data, 74 percent of worker-months and 
61 percent of worker-week-job category cells have bid variation when workers sub-
mit multiple bids. For the median worker-week-job category cell, the maximum bid 
is 18.6 log points greater than the lowest bid. In technical job categories, workers 
who lack bid variation submit bids that are 5 percent higher, on average, than those 
who vary their bids. The gap is even larger in nontechnical job categories. The survey 

12 The data record the calendar date when a buyer messages a worker, often for the purpose of requesting an 
interview. We do not observe whether an interview actually occurred because it would usually have taken place via 
an off-platform messaging or conferencing system. However, we do see buyers sending messages after only a subset 
of applications have arrived. This evidence suggests buyers’ search is targeted toward the subset of applicants who 
apply early, with a higher probability of “meeting” these applicants (Wright et al. 2021).

13 Since the time of our sample, many platforms have attempted to leverage algorithmic recommendations to 
reduce matching frictions. These recommendations typically supplement the pool of organic applicants that arrive 
according to the same processes that we document here (Horton 2017).

14 Consumers in other online markets are more likely to purchase products displayed first in their search results, 
explaining why advertising auction prices decline with slot position (Varian 2007). Other papers that observe dig-
ital browsing behavior find that display order determines whether or not a product is considered. For example, 
Dinerstein et al. (2018) assume a buyer considers all the listings seen up through the last one observed to be browsed 
in a search query on eBay. In a recent working paper, Yu (2023) studies ranked advertisements on Amazon, where 
the data show that buyers search in order of rank.













Xu HUANG
Text Box
buyer-applicant interactions



1869STANTON AND THOMAS: WHO BENEFITS FROM ONLINE GIG ECONOMY?VOL. 115 NO. 6

suggests one source of bid variation over this narrow time window is that applicants 
set their bids taking into account how many workers have already applied for a job. 
In the model, we allow potential bidders to tailor their bids to the number of prior 
applicants because the probability they are considered by the buyer depends on their 
application order.

II.  A Model of Online Labor Services Demand and Supply

This section presents our model of demand and supply for remote, online gig 
jobs. Buyers post hourly jobs with a frequency that depends on their type and past 
market experience. Workers observe open job posts and submit applications includ-
ing tailored wage bids. Buyers choose how many candidates to consider for each 
job, inspect applications from the candidates they consider, and make a discrete 
choice about which, if any, applicant to hire.

We describe market participants’ decisions, starting with a buyer’s hiring deci-
sion on a posted job. We then focus on workers’ bidding strategies, and, finally, 
specify the process for how buyers post jobs. As we proceed, we set out how market 
participants may have heterogeneous preferences or alternatives to online contract-
ing. We then discuss our identification strategy and model estimation. Finally, we 
describe how the model estimates are used to calculate surplus for each side of the 
market. Further details about the model setup and estimation approach are given in 
Supplemental Appendix B.

A. Setup and Timing

A job posting, or opening, denoted ​o​, contains a work description and some 
information about the buyer, including their past experience hiring on the platform, 
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Figure 3. Cumulative Distribution of Consideration Set Sizes

Notes: This figure plots the empirical CDF of the size of buyers’ consideration sets for openings where the consid-
eration set is observed. The consideration set size is computed based on the last applicant the buyer messaged, hired, 
or indicated a reason for not hiring. Consideration set sizes are unobserved for about 19 percent of all openings.
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which we denote ​χ​. We assume that each buyer is one of ​k  ∈  K​ types, where type is 
not directly observed in a job posting but may be partially inferred from the buyer’s 
past experience or the job details.

Potential applicants observe the job posting some time after it opens and know 
that buyers will potentially hire a single candidate for the position. The platform 
automatically displays how many workers have already applied to the job (Figure 1). 
When applying, applicant ​j​ selects an hourly wage bid, ​​w​oj​​​, while taking into account 
her costs, ​​c​oj​​​.

The buyer considers a subset of applicants to the job at some time after the first 
applicant has applied. We denote the set of all applicants as ​​​o​​​ and the subset of 
considered applicants as ​​J​o​​​. If she considers applicant ​j​, the buyer observes ​​w​oj​​​, her 
work history and résumé characteristics, denoted ​​X​j​​​, and an idiosyncratic preference 
shock, ​​ε​oj​​​. The buyer hires one of the considered applicants or chooses not to hire 
on the platform for the job. The hired worker completes the work, and payments are 
made through the platform. Buyers then go on to post additional jobs, and the job 
arrival process can depend on past market conditions the buyer has encountered.

To accommodate buyers choosing from a subset of the applicant pool, we draw 
from the marketing and industrial organization literature on consideration sets (see 
the survey in Honka, Hortaçsu, and Wildenbeest 2019). Our general model does not 
specify the exact search process governing consideration set formation. We simply 
model buyer choices given an observed consideration set. However, when we esti-
mate buyers’ search costs, we implicitly assume a fixed sample size search process 
where each buyer chooses the number of applicants to consider ex ante.

The distribution of consideration set size by buyer type and experience is known 
to all market participants, but applicants do not observe an individual buyer’s exact 
consideration set size or their type. We allow each applicant’s market power to 
depend on their application order and the probability they will be considered, where 
workers may have signals about buyer type that provide inferences about consider-
ation probability and buyer demand.

We make two more assumptions about the nature of bids and the availability of 
applicants to fit our setting. First, workers’ prices (wage bids) are assumed to be 
take-it-or-leave-it offers.15 Second, although workers apply for multiple jobs over 
a short time period (and the relative abundance of alternative jobs may affect their 
optimal bids), we assume that applicants are available when buyers are making a 
choice.16

15 In preparing the data on the company’s servers, we investigated the extent to which wages change between 
first bids and contracted rates after hiring. We found very little change from the initial offer to the wage paid when 
beginning to work, but we did not download the raw data behind this analysis.

16 Workers may be selective when choosing whether or not to apply, which is a possibility we address when 
discussing our identification strategy. Applying to multiple jobs also means they may receive several job offers 
within a short time interval, but only 0.66 percent of workers have more than 2 requests to interview or start a job on 
any one day. There are also only very few cases where the buyer or worker reports a scheduling conflict or lack of 
availability as a reason a worker was not hired. When buyers or workers explicitly report a realized conflict or lack 
of availability, we exclude the application from the buyer’s choice set.
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B. Demand: Hiring Decisions on Posted Jobs

A buyer of type ​k​ with past online hiring experience ​χ​ considers a subset of all 
applicants to opening ​o​, ​​J​o​​  ⊆ ​ ​o​​​. She hires the considered applicant who yields 

the highest indirect utility per unit of wage, which is ​​ 
exp​(​X​ j​ ′ ​ ​β​kχ​​ + ​ε​oj​​)​

  __________ ​​(​w​oj​​)​​​ ​α​k​​​ ​​ for each ​j  ∈ ​
J​o​​​ , or she chooses the outside option of not hiring for the opening. ​​X​j​​​ is a vector of 
worker j’s observable characteristics that also contains a constant. ​​β​kχ​​​ is a vector of 
buyer type- and experience-specific preferences for worker characteristics and for 
on-platform hiring. The term ​​α​k​​​ measures the buyer’s type-specific wage disutil-
ity. The term ​​ε​oj​​​ is an idiosyncratic utility shock. Hiring requires that the preferred 
considered applicant yields greater indirect utility than not hiring on the platform, 
denoted option 0.

After taking logarithms, the buyer’s choice, given ​​J​o​​​, can be expressed as an 
inequality such that applicant ​j​ is hired when

(1)	 ​​X​ j​ ′ ​ ​β​kχ​​ − ​α​k​​ log​(​w​oj​​)​ + ​ε​oj​​  ≥ ​ X​ l​ ′ ​ ​β​kχ​​ − ​α​k​​ log​(​w​ol​​)​ + ​ε​ol​​​

for all ​l  ∈ ​ {​J​o​​, 0}​​. The right-hand side of inequality (1) consists only of ​​ε​o0​​​ when 
comparing applicant ​j​ to the outside option of not hiring. We assume ​​ε​oj​​​ is a loca-
tion- and scale-normalized type 1 extreme value distributed idiosyncratic shock, so 
the probability applicant ​j  ∈ ​ J​o​​​ is hired takes the conditional logit form

(2)	 ​p​(j | ​J​o​​, k, χ)​  = ​  
exp​(​X​ j​ ′ ​ ​β​kχ​​ − ​α​k​​ log​(​w​oj​​)​)​   __________________________    

1 + ​∑ j∈​J​o​​​ 
  ​​ exp​(​X​ j​ ′ ​ ​β​kχ​​ − ​α​k​​ log​(​w​oj​​)​)​

 ​.​

We now characterize the distribution of consideration sets ​​J​o​​​, which enters the 
probability that ​j​ is hired for job ​o​ accounting for all possible consideration sets. We 
let ​j​ index the application order so that applicant 1 is the first applicant and applicant ​
|​​o​​|​ is the last applicant, where ​| ⋅ |​ denotes the number of elements in a set. Because 
buyers encounter applicants in order, applicant ​j​ is in the buyer’s consideration set ​​
J​o​​​ only if this set is sufficiently large, that is, only if ​j  ≤  |​J​o​​|  ≤  |​​o​​|​. Let ​​η​kχ​​​(|​J​o​​|)​​ 
denote the probability that the set of considered applicants is exactly ​|​J​o​​|​. The prob-
ability that applicant ​j​ is considered is then ​​∑ |​J​o​​|=j​ 

|​​o​​| ​​ ​η​kχ​​​(|​J​o​​|)​​.
The probability that applicant ​j​ is hired for job ​o​ by a type ​k​ buyer with expe-

rience ​χ​ is the consideration-weighted sum of the conditional hiring probabilities 
given in equation (2),

(3)	 ​p​(j | k, χ)​  = ​  ∑ 
|​J​o​​|=j

​ 
|​​o​​|

 ​​ ​η​kχ​​​(|​J​o​​|)​p​(j | ​J​o​​, k, χ)​.​

When taking this to the data, we assume an exponential distribution for consid-
eration set sizes, where the exact probability for a set of size ​|​J​o​​|​ is ​​η​kχ​​​(|​J​o​​|)​  =  
exp​(− ​λ​ kχo​ Consider​ |​J​o​​|)​ − exp​(− ​λ​ kχo​ Consider​​(|​J​o​​| + 1)​)​​. We let the parameter ​​λ​ kχo​ Consider​​ 
be a function of buyer type, experience, and whether the job is a technical or 
nontechnical posting.
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C. Supply: Workers’ Optimal Wage Bids

If worker ​j​ is hired for job ​o​, the buyer pays ​​w​oj​​​, and the worker receives ​ 
​w​oj​​/​(1 + τ)​  =  exp​(log ​w​oj​​ − log​(1 + τ)​)​​, which is her wage bid net of the ad 
valorem platform fee, ​τ​. When bidding, worker ​j​ takes into account the opportunity 
cost of her time if she is hired, ​​c​oj​​​, and her expectation of how the probability she is 
hired depends on ​​w​oj​​​. She chooses her bid to maximize

(4)	 ​E​[​U​oj​​​(​w​oj​​)​]​  = ​​  E​[​p ̃ ​​(j)​]​ 
⏟

 ​​ 
Pr​(Hired)​

​ 
 
 ​ × ​​exp​(log ​w​oj​​ − log​(1 + τ)​)​   


​​  

Net Wage

​ 
 
  ​ + ​(1 − E​[​p ̃ ​​(j)​]​)​ × ​ ​​c​oj​​ 

⏟
 ​​ 

Opp. Cost

​   ​,​

where ​E​[​p ̃ ​​(j)​]​​ is her best forecast of ​p​(j | k, χ)​​, the hiring probability in equation (3).17

The worker uses the information she has to form ​E​[​p ̃ ​​(j)​]​​. She knows buyer expe-
rience, ​χ​, her own characteristics, ​​X​j​​​, and also her applicant order, ​j​. She has imper-
fect information about buyer type ​k​ and the size of the buyer’s consideration set. 
Specifically, she is aware of the overall buyer type distribution, where we denote the 
population probability that a buyer is of type ​k​ by ​​ρ​k​​​. She is also aware of the dis-
tribution of consideration set size conditional on type ​k​ and experience ​χ​. A worker 
may conjecture the buyer’s type from the information in a job post. We assume the 
conjecture is a noisy signal over each type, which we denote by ​​​ρ  ̃​​k​​​ for all ​k​.

Imagine that the applicant knows buyer type with certainty: Because she knows 
her application will be the ​j​’th received, the relevant hiring function from equa-
tion (3) would be ​E​[p​(j)​]​  = ​ ∑ |​J​o​​|=j​ 

|​​o​​| ​​ ​η​kχ​​​(|​J​o​​|)​p​(j | ​J​o​​, k, χ)​​, where the summation is 
over all possible consideration sets that include her. However, if she does not know 
the buyer’s type with certainty, she uses the signals ​​​ρ  ̃​​k​​​ together with her knowledge 
of the population buyer-type distribution to form an optimal bid. We assume she 
places some weight, denoted by the parameter ​b​, on the signal she receives, so that 
her expected hiring function is

(5)	 ​E​[​p ̃ ​​(j)​]​  =  b ​∑ 
k
​ 

 
 ​​ ​​ρ ̃ ​​k​​ ​ ∑ 

|​J​o​​|=j
​ 

|​​o​​|

 ​​ ​η​kχ​​​(|​J​o​​|)​p​(j | ​J​o​​, k, χ)​

	 + ​(1 − b)​​∑ 
k
​ 

 
 ​​ ​ρ​k​​ ​ ∑ 

|​J​o​​|=j
​ 

|​​o​​|

 ​​ ​η​kχ​​​(|​J​o​​|)​p​(j | ​J​o​​, k, χ)​.​

Substituting equation (5) into equation (4) gives worker ​j​’s expected payoff func-
tion. Her optimal wage bid from the first-order condition when maximizing this 
expected payoff is the fixed point of

(6)	 ​​w​ oj​ ∗ ​  = ​ c​oj​​​(1 + τ)​ ​​(
1 + ​ 

E​[​p ̃ ​​(j)​]​   _____________  
 ∂ E​[​p ̃ ​​(j)​]​/∂  log ​w​oj​​

 ​
)

​​​ 
−1

​,​

17 Note that although we label the worker’s costs as her opportunity cost of work, the first-order condition is the 
same if costs of effort or of supplying labor relative to leisure reduce the wage benefit. We use the opportunity cost 
label to reflect the source of variation in wage bids that we use for identification, but our later surplus calculations 
should be interpreted to be net of workers’ overall costs after landing a job. We later consider the costs of applying 
to jobs after recovering costs on the job.
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where ​​​(1 + ​ 
E​[​p ̃ ​​(j)​]​  ___________  

 ∂ E​[​p ̃ ​​(j)​]​/∂  log ​w​oj​​
 ​)​​​ 

−1

​​ is the optimal markup over costs that she includes 

in the wage bid. Worker ​j​’s costs can be recovered from bid data and estimates of  
semielasticities as 

(7)	 ​​c​oj​​  = ​  
​w​oj​​ _ ​(1 + τ)​

 ​ ​
(

1 + ​ 
E​[​p ̃ ​​(j)​]​   _____________  

 ∂ E​[​p ̃ ​​(j)​]​/∂  log ​w​oj​​
 ​
)

​.​

Net wages less costs equal the surplus earned by the worker per hour if she is hired.

D. Demand: Job Post Arrival Rates

We model buyers’ job posting decisions using an exponential arrival process 
that is a function of buyer type, hiring experience, and the wage bids they have 
encountered on prior job posts.18 We allow the relationship between job posts and 
past bids to depend on job category–level average log wage bids at the time of a 
buyer’s past job posts rather than the specific bids a buyer received. This guards 
against unobserved correlation between a buyer-specific factor, bids, and platform 
use. Specifically, we define ​​  log(​w​oj​​)​  = ​  1 _ O − 1 ​ ​∑ o=1​ 

O−1
 ​​​(​‾  log(​w​t,Category​​) ​ − ​t​Category​​  − 

​1​Category​​)​​ as the average log wage bid at the job category level when jobs ​1​ through ​
O − 1​ were posted, net of job category fixed effects and a time trend. A buyer who 
posts jobs when wages are higher than trend for a job category will, on average, be 
exposed to a higher value of ​​  log(​w​oj​​)​​.

The job posting arrival rate ​​λ​ kχ​ Arrival​​ is strictly positive, so we model the process as

(8)	 ​log​(​λ​ kχ​ Arrival​)​  = ​ δ​1k​​ + ​δ​2​​ ​1​​{χ>0}​​​ + ​δ​3​​ ​  log​(​w​oj​​)​​,​

where the vector ​​δ​1k​​​ contains buyer type-specific constants, ​​δ​2​​​ shifts the mean arrival 
hazard for experienced buyers, and ​​δ​3​​​ is experienced buyers’ posting frequency sen-
sitivity to past wage bids.

E. Instruments and Identification of Hiring Probabilities

Job applications potentially contain unobserved characteristics that are correlated 
with workers’ wage bids or with the quality of the match between a worker and a 
buyer, motivating an instrumental variables strategy. The expression for wage bids 
in equation (6) suggests a strategy based on finding instruments that shock workers’ 
costs, specifically workers’ opportunity costs. As confirmed in the survey responses, 
a worker’s opportunity cost comes from working in her offline local labor market or 
on another online job. Our first instrument provides exogenous variation in the value 
of her offline local labor market outside option, and our second instrument varies the 
value from working on another online job.

The first instrument provides bid variation between workers. It utilizes changes 
in the dollar-to-local-currency exchange rate for a worker’s country, varying the 

18 The dependence of posting frequency on experience and past observations of prices / wages is a reduced-
form way to capture, for example, how buyers resolve uncertainty about market features (Nosko and Tadelis 2015).
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opportunity cost of offline work.19 We assume that workers’ offline wages are paid 
in their local currency, whereas they receive US dollars for their platform work. 
Frictions limiting exchange rate pass-through to local wages mean offline oppor-
tunities adjust to exchange rates more slowly than online transactions. Applicants’ 
wage bids are predicted to increase when the local currency appreciates relative to 
the dollar (i.e., $1 earned on the site provides fewer local currency units). To account 
for level differences across countries and heterogeneous secular trends, each coun-
try’s exchange rate series is first detrended and then normalized to have zero mean. 
Supplemental Appendix Figure  A.3 illustrates the time series variation in mean 
residual log wage bids and exchange rates that underpins this instrument for India, 
the largest non-US worker source country. Bids and exchange rates move together.20

While the exchange rate instrument provides both relative price variation among 
applicants and price variation relative to the outside option for workers in countries 
with currencies that move relative to the US dollar, the second instrument shifts all 
bids relative to the buyer’s outside option. It does so by capturing variation in the 
intensity of competition for workers’ alternative online job opportunities. We need 
this second instrument because applicants living in countries with dollar-pegged 
exchange rates do not have any cost variation from the exchange rate instrument 
when evaluated against the buyer’s outside option of not hiring.

We construct the competition instrument by exploiting the fact that workers can 
observe the count of applications to each open job posting at any point in time, 
including other jobs that are similar to the focal job. The instrument is the log of the 
average number of applications received in the first 24 hours after posting for all 
jobs in the same job category and the same week, excluding jobs for the focal buy-
er.21 If workers see that similar jobs are attracting many applicants in a given week, 
they anticipate relatively intense competition for these other jobs, making it harder 
for them to find work on another online job. Workers’ ability to observe the extent 
of competition across similar open jobs varies the value of the part of their outside 
option that comes from different online jobs, causing them to tailor their bids on the 
focal job upward or downward.

We use Petrin and Train’s (2010) control function approach to account for 
unobservables in bids that are not explained by the two instruments, denoted ​​Z​oj​​​,  
or worker characteristics, ​​X​j​​​. This entails taking the residuals from the first-stage 
regression,

(9)	 ​log​(​w​oj​​)​  = ​ Z​ oj​ ′ ​ ​γ​1​​ + ​X​ j​ ′ ​ ​γ​2​​ + ​ν​oj​​,​

19 The exchange rate series is compiled using data from IMF (2007–2010) and Datastream International (2007–
2010) accessed in 2015–2016 .  

20 This potential source of variation was revealed in conversations with buyers. As part of the monitoring soft-
ware the platform provides to buyers, they are able to view screenshots from hired workers’ screens. Buyers com-
mented on the frequency with which exchange rate calculators appear in these screenshots.

21 To mitigate the potential for correlated shocks to violate the exclusion restriction, we residualize the raw 
instrument to net out time fixed effects and job category fixed effects. Time fixed effects remove market-wide 
shocks across all job categories. Job category fixed effects account for competition differences across types of work. 
The residuals after removing these fixed effects capture competition differences across job categories that would be 
known when a candidate applies, holding fixed the average competition level in the job category across time and the 
average competition level in other job categories at the same time.
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and including them as controls in the choice model. As described above, the matrix ​​
X​j​​​ includes all of the nonwage characteristics describing the opening and applicant 
in the hiring probability given in equation (2).

Table 3 shows that both instruments have a substantive and precisely estimated 
effect on applicants’ bids. Column 1 confirms that log bids increase when the local 
currency appreciates, and log bids decline when the log number of applicants to 
similar jobs increases.22

Some concerns about our instruments are that they change (i) the quantity or 
mix of workers applying or (ii) worker application quality or effort in unobservable 
ways conditional on applying. We investigate these potential exclusion restriction 
violations with three suggestive tests. All three indicate that exclusion restriction 
violations are unlikely to affect the conclusions from our estimates. We also dis-
play other diagnostics about how worker behavior changes with the instruments in 
Supplemental Appendix B.1.

In the first test, we assess how the first-stage parameters (and, later, how the 
choice model estimates) change when we control for the number of applications 
an individual worker submits in a given month. For example, an appreciation of 
the local exchange rate may lead some workers to apply to fewer jobs. Column 2 
of Table 3 shows the results when including the number of applications by the 
worker as a control in equation (9). If a nonrandom subset of workers changes their 

22 The F-statistic clustering at the job posting level is 89.50. The F-statistic clustering at the worker level is 
48.17.

Table 3—First-Stage Regressions of log Hourly Wage Bids on 
Instruments

(1) (2) (3)
Exchange rate instrument 0.087 0.076 0.085

(0.010) (0.010) (0.011)
Competition instrument −0.067 −0.063 −0.086

(0.009) (0.009) (0.009)
Worker applications / month −0.001

(0.000)

​​R​​ 2​​ 0.613 0.614 0.552

Observations 4,458,737 4,458,737 4,458,737
F clustered on posting 89.50 74.24 92.18
F clustered on worker 48.17 41.63 47.62

Excludes résumé characteristics No No Yes

Notes: The exchange rate instrument is the log of the dollar to local currency 
exchange rate. The competition instrument is the log leave-buyer-out aver-
age number of applicants to openings in the same job category in that week 
to arrive within the first 24 hours after the initiation of a job posting. We then 
net out job category and week fixed effects via regression. Column 2 controls 
for the number of jobs a worker applies to in a given month. Column 3 omits 
worker résumé characteristics. Standard errors clustered by job opening are in 
parentheses. Partial F-statistics on the excluded instruments are also reported 
after clustering by job opening or by worker. Column 1 forms the basis of the 
main demand estimates reported in the paper. Columns 2 and 3 are the first-
stage estimates used for alternative models to assess sensitivity.
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applications in response to the instruments, including this control will alter the coef-
ficient on the main instruments. The parameter estimate on the exchange rate instru-
ment goes from 0.087 to 0.076 and is within the confidence interval of the original 
estimate. The competition instrument parameter goes from − 0.067 to − 0.063 and 
also remains within the original confidence interval. The relatively small magnitude 
of changes in the estimates suggests that our inferences are unlikely to be driven by 
changes in the composition of applicants.23 We later show that surplus estimates are 
qualitatively similar with or without controls for workers’ applications.

Our second test examines how applicants’ characteristics change with the instru-
ments. Column 3 of Table 3 shows that when we omit all worker résumé characteris-
tics from the regression, the first-stage coefficient estimate goes from 0.087 to 0.085 
for the exchange rate instrument, while the competition instrument estimate goes 
from − 0.067  to − 0.086. The change in the exchange rate instrument estimate is 
within the original confidence interval, while the movement in the competition 
instrument estimate is not. To understand if the mix of workers changes with the 
instruments, Supplemental Appendix Table  A.3 assesses how applicant charac-
teristics differ between top and bottom instrument terciles. Worker characteristics 
vary little with these large changes in the instruments. The only significant differ-
ence we find between the lowest and highest exchange rate tercile is a reduction in 
the good English skills indicator, from 0.912 to 0.893. For the competition instru-
ment, the only difference is for the agency affiliate indicator, which increases from 
0.319 to 0.323.24 There are no significant differences for other worker characteris-
tics, including log wage rates on past hires, past numbers of jobs, education, or the 
presence of prior feedback. These minor differences offer reassurance that worker 
selection likely varies little with the instruments.

A second concern is that the instruments may change workers’ effort on a given 
application, altering how buyers perceive their quality. Although we do not have a 
direct measure of workers’ effort, we do observe a proxy: the number of items work-
ers upload or examples to share in their résumés or with buyers directly. These items 
tend to include portfolios of past work, including writing samples, code, or graphics. 
Supplemental Appendix Table A.4 shows no evidence that the instruments change 
how many items workers share in their applications.

Finally, we also require that buyers do not base their job posting decisions on 
exchange rate movements or on how many workers are competing for posts by other 
buyers. Horton (2021) confirms that there is little demand-side response to currency 
fluctuations. In addition, buyers do not see any statistics about competing jobs when 
they enter the platform. It is thus unlikely that buyers make strategic decisions to 
post based on perceived competition from other job openings.

23 In a related analysis, Horton (2021) finds that the collapse of the Russian ruble (outside of our sample 
period) drove large changes in the number of applications. In a larger panel from more countries, however, Brinatti 
et al. (2021) find larger rates of pass-through of exchange rates to wages.

24 Agencies are groups of workers who share a common reputation score. See Stanton and Thomas (2016) for a 
discussion of the role of agencies on the platform.
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F. Estimation and Inference

This section outlines how we form the likelihood and estimate the model. We 
discuss the separate subparts of the likelihood in turn: the hiring probability given 
a consideration set in equation (2), the size of the consideration set in equation (3), 
and the job arrival process in equation  (8). We then discuss how we decompose 
wage bids into costs and markups, as in equation (6). Estimates of markups include 
the weights that workers put on signals of buyer type, ​b​; we discuss how we estimate 
these weights at the end of the section.

Demand Side Estimation.—We estimate the model by maximizing the likeli-
hood of the observed sequences of buyer job postings and hiring decisions. The 
step-by-step estimation approach is as follows: First, we calculate the residuals from 
the first stage in equation (9) to form control functions that account for unobserved 
worker quality, denoted ​C​F​oj​​  = ​​ ν ˆ ​​oj​​ .​ Second, we calculate choice probabilities con-
ditional on buyer type, ​k​, and the consideration set, ​​J​o​​​, as in equation  (2), while 
including ​C​F​oj​​​,

(10)	 ​p​(j | ​J​o​​, k, χ)​  = ​  
exp​(​X​ j​ ′ ​ ​β​kχ​​ − ​α​k​​ log​(​w​oj​​)​ + ​ψ​kχ​​ C​F​oj​​)​    ___________________________________     

1 +  ​∑ j∈​J​o​​​ 
  ​​ exp​(​X​ j​ ′ ​ ​β​kχ​​ − ​α​k​​ log​(​w​oj​​)​ + ​ψ​kχ​​ C​F​oj​​)​

 ​.​

We then form the joint likelihood for type ​k​, yielding

(11)	​ ​L​k​​  = ​ ∏ 
o
​ ​​​[p ​​(j | ​J​o​​, k, χ)​​​ 

​(​y​o​​=j)​​ × ​λ​ kχo​ Consider​ exp​(− ​λ​ kχo​ Consider​ |​J​o​​|)​]​​​​​ ​J​o​​Observed​​

	​ × ​​[p ​​(j | ​​J​o​​ ˆ ​, k, χ)​​​ 
​(​y​o​​=j)​

​]​​​ 
​J​o​​Unobserved

​​

	​ × ​​[​λ​ kχ​ Arrival​ exp​(− ​λ​ kχ​ Arrival​ t)​]​​​ 
o∈​{2, …, O−1}​

​​

	​ × ​​[exp​(− ​λ​ kχ​ Arrival​ T)​]​​​ 
o=O

​.​

The term ​p ​​(j | ​J​o​​, k, χ)​​​ 
​(​y​o​​=j)​​​ is the conditional probability of choosing ​j​ on posting ​o​ 

given a consideration set ​​J​o​​​. The first line of equation (11) is the joint likelihood of 
choices and consideration set size when the consideration set is observed.25 The sec-
ond line evaluates the conditional choice probability given a draw of the consider-
ation set size, ​​​J​o​​ ˆ ​​, for postings where the consideration set is unobserved.26 The third 
line captures the probability of waiting ​t​ months to post job ​o​ from the time when 

25 We right-censor the size of the consideration set in the likelihood to 250, which is the top 0.2 percent of the 
data. This entails replacing ​​λ​ kχo​ Consider​ exp​(− ​λ​ kχo​ Consider​ |​J​o​​|)​​ with ​exp​(− ​λ​ kχo​ Consider​ |​J​o​​|)​​.

26 ​​​J​o​​ ˆ ​​ is drawn from the exponential distribution given parameter guess ​​λ​ kχo​ Consider​​. We fix a set of uniform random 

draws, ​u​, and draw the consideration set size given the parameters as ​− ​ 1 _ 
​λ​ kχo​ Consider​

 ​   log​(1 − u)​​. We do not observe 

consideration sets for approximately 19 percent of the openings in the sample.
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the previous job, ​o − 1​, was posted.27 The last line is the waiting time for the final 
job post, which accounts for right censoring of the next arrival time at the end of the 
data. The type-specific likelihood contribution is the product over the sequence of 
choice probabilities for the chosen alternative, consideration set size, and densities 
of posting times across job openings.

The overall likelihood is the weighted sum of the type-specific likelihoods, with 
type shares, ​​ρ​k​​​, that are parameters to be estimated (Train 2009). We assume there 
are ​K  =  3​ distinct buyer types, which enables us to capture rich heterogeneity 
while keeping the model parsimonious.28 This yields

(12)	​ L  = ​  ∑ 
k=1

​ 
3

 ​​ ​ρ​k​​ ​L​k​​.​

The final likelihood has two different types of parameter heterogeneity: across buyer 
types and across buyer experience. To capture type heterogeneity, all features of 
the choice model, consideration set size, and job arrival rate are allowed to vary 
freely across types. To capture experience heterogeneity, we include an offset that 
shifts the type-specific résumé characteristic preferences, consideration set size, and 
arrival rate parameters by a common amount after a buyer has hired once before on 
the site.

Maximizing the likelihood requires an iterative procedure because guesses of ​​
λ​ kχo​ Consider​​ change the choice set discontinuously when the consideration set is unob-
served and must be simulated. Supplemental Appendix B.2 contains details about 
the iterative estimation algorithm. We compute standard errors for all estimates 
using a block-bootstrap procedure over buyers.

After estimating the parameters, we compute the posterior types for each buyer as

(13)	 ​​​ρ ˆ ​​ik​​  = ​  ​ρ​k​​ ​L​k​​ ______ 
​∑ k​   ​​ ​ρ​k​​ ​L​k​​

 ​.​

Because some types post more frequently than others, we compute market-level 
statistics by taking the mean of each posterior by job opening.

Examination of the posteriors and the likelihood provides intuition about the data 
features that identify the different buyer types and population type shares. In par-
ticular, the choice data contribute to identifying the population type shares when 
buyers take different actions in the face of similar choice sets. Consider a buyer 
who repeatedly hires when faced with low-quality applicants who submit high bids; 
this buyer is likely to be a type with a high valuation for the market, captured by 
a coefficient on price that is relatively small in absolute value. Another buyer who 
does not hire when faced with high-quality applicants and low bids is likely to be 
a type with a lower valuation. These patterns, combined with the joint distribution 
of posting frequency and consideration set size, contribute to identifying buyer type 
heterogeneity.

27 The first opening for every buyer, opening 1, does not have a lag prior to posting.
28 We stopped adding types at 3, as 1 of the 3 types is estimated to be only around 4 percent of the total buyers in 

the data. The model is computationally expensive to estimate, and adding further buyer types would likely represent 
very niche segments while potentially leading to overfitting in sample.
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Supply Side Estimation.—Worker markups and costs are computed using data on 
wage bids and the demand-side estimates, as set out in Section IIC, up to the weight 
that workers put on an individual buyer’s type, ​b​. This weight appears in the work-
er’s estimate of her hiring probability, ​E​[​p ̃ ​​(j)​]​​, in equation (5).

To estimate ​b​, we take logs of the bid equation in (6), which allows us to sep-
arate log markups from log costs. We assume that log costs are constant within a 
week by job category cell for each worker. Variation in a worker’s wage bids across 
openings within a cell then reflects differences in the worker’s perceptions of opti-
mal markups due to buyer type heterogeneity. We use an estimator that searches 
over ​b​ in equation (5) to find the value that minimizes the difference between the 
model-predicted markup variation within a week-job category cell and the wage 
variation observed in the data. To calculate the model-predicted markups for each 
possible ​b​, we substitute ​​ρ ˆ ​​ (the model’s estimate about the buyer’s type) for ​​ρ  ̃​​ (the 
worker’s information about the buyer’s type) in the hiring probability. We let ​b​ vary 
by buyer experience, reflecting that workers may have different information once a 
buyer has hiring experience on the platform.

Under this model, the weight that workers put on private information is small, 
at 0.09 when buyers are inexperienced and 0.08 when buyers are experienced. The 
worker’s perceived hiring probability in equation (5) puts over 90 percent of the 
weight on the average buyer type rather than on any signals they have about indi-
vidual buyers.

G. Buyer and Worker Surplus

Buyer Surplus.—Average buyer surplus conditional on hiring is defined as the 
wage bid change that would make the buyer indifferent between the chosen worker 
and not hiring on the platform (choosing option 0). One can think of this surplus 
concept as a measure of the realized gains from trade through the market, as it 
is the difference between the utility from the chosen alternative and not using the 
platform. To perform this calculation, we use the estimated parameters and sim-
ulate the unobservables that rationalize observed hiring decisions. Supplemental 
Appendix B.3 provides details.

Buyers’ expected surplus on a job opening uses the ex ante distribution of unob-
servables. Expected surplus is closely related to familiar notions of consumer sur-
plus, where we integrate over quantities as prices increase from the observed wage 
vector ​​w​0​​​. Expected surplus for each hour of work (which is the wage unit) on an 
opening is given by

(14)	 ​E​[​​(Surplus / Hour)​​kχ​​]​  = ​ ∫  ​w​0​​
​ 

 ∞
​​​[1 − p​(0 | ​J​o​​, k, χ)​]​ × ​(w − ​w​0​​)​dw.​

The expression ​1 − p​(0 | ​J​o​​, k, χ)​​ is the “inside” hiring rate (probability of any hire) 
and is a function of each considered worker’s wage bid. If inside hiring rates change 
little with wages (i.e., demand is relatively inelastic), buyers will enjoy substan-
tial surplus because they would be willing to hire at wages much in excess of ​​w​0​​​ . 
If, instead, demand across all workers is relatively elastic, buyer surplus will be 
lower because the inside hiring probability will fall rapidly as the wage increases. 
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Our model also allows us to distinguish between static and dynamic surplus. 
Supplemental Appendix B.3 contains details about how we compute dynamic sur-
plus given the estimated arrival rate of jobs.

Although our estimates do not take a stand on how buyers’ consideration sets 
are formed (the empirical distribution is all that is needed for workers to determine 
their markups), making a few additional assumptions allows us to calculate buyers’ 
search costs. The calculation in equation (14) fixes the size of a consideration set. If 
we assume that the buyer chooses an optimal consideration set size before starting 
to search, as in fixed sample-size search, the additional expected consumer surplus 
from adding a worker to the set should be lower than the buyer’s search cost (Honka, 
Hortaçsu, and Wildenbeest 2019). Similarly, the reduction in surplus from subtract-
ing a worker should be greater than the search cost. We use this insight to estimate 
buyer search costs based on how consumer surplus changes when we alter the con-
sideration set. We then net out search costs from buyer surplus.

Worker Surplus.—The surplus per hour worked for hired workers is the differ-
ence between their observed wage bid (net of platform fees) and their cost estimates 
from equation (7). Realized aggregate surplus to workers is the sum of hours worked 
across jobs multiplied by the per hour difference between net wages and costs on 
each job. The expected surplus for an applicant is the surplus per hour conditional 
on being hired, multiplied by the hiring probability in equation (3) and the expected 
number of hours conditional on hiring. We treat the surplus calculations as gross 
of application costs. We later net out an estimate of application costs to understand 
the extent to which the job-finding process reduces the estimated benefits from the 
market. To the extent that workers’ cost estimates include the hassle of applying or 
the sunk time costs of an interview, our on-the-job surplus calculation represents a 
lower bound for hired workers.

III.  Results

A. Demand Parameters, Arrival Rates, and Type Shares

Table  4 presents the parameter estimates related to buyer types, engagement 
with the platform, and demand elasticities. Most buyers (76 percent) are grouped 
together in one type, labeled Type 2, whose estimates are summarized in the sec-
ond column of Table 4. Type 2 buyers’ choice elasticity, defined as the elasticity of 
choosing an individual applicant in the consideration set with respect to that appli-
cant’s wage bid, is − 4.38. Their job fill elasticity is smaller, at − 3.24, because this 
elasticity assumes wage bids rise for all applicants, reducing substitution across 
considered applicants. Based on the parameter estimates on worker characteristics 
(see Supplemental Appendix Table A.5), the standard deviation in worker charac-
teristics scaled by the log wage coefficient, ​​X​ j​ ′ ​ ​β​kχ​​/​α​k​​​, is 0.38. Buyers appear to per-
ceive substantial worker differentiation. Type 2 buyers consider an average of 15.38 
applicants. Once experienced, they post 0.09 jobs per month. While they account for 
a large share of buyers in the sample, they post less often and are less likely to gain 
hiring experience than other types. At the job-opening level, they post 65 percent of 
the jobs by inexperienced buyers and only 38 percent of jobs by experienced buyers.
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The first and third  columns of Table  4 summarize the estimates for the two 
other buyer types, making up 4 percent and 20 percent of the buyers in the sample, 
respectively. The variation across columns in panels B to E of Table 4 confirms that 
buyer-type heterogeneity is an important factor in determining platform use. Type 1 
is the most wage elastic, with an elasticity of − 6.12 over applicants and − 4.53 at the 
job level. This type considers 20.51 applicants on average and, once experienced, 
posts 4.23 jobs per month. As a result, they account for nearly one-fifth of all posts 
by experienced buyers. Type 3 buyers are the intermediate group that posts much 
more often than Type 2s but less often than Type 1s. Type 3s post 43 percent of all 
jobs by experienced buyers.

Table 4—Estimates of Buyer Types, Demand Elasticities, and Platform 
Engagement

Type 1 Type 2 Type 3 Mean

Panel A. Buyer types
Buyer type share 0.04 0.76 0.20

(0.00) (0.01) (0.00)

Panel B. Elasticities and demand features
Job fill elasticity −4.53 −3.24 −3.80 −3.61

(0.99) (0.66) (0.74) (0.61)
Considered applicant elasticity −6.12 −4.38 −5.04 −4.84

(1.98) (1.22) (1.37) (1.16)
SD of ​​X ′ ​β​ (log wage units) 0.38 0.38 0.36 0.38

(0.03) (0.01) (0.01) (0.02)

Panel C. Applicant consideration
Mean applicants considered 20.51 15.38 21.29 18.09

(0.55) (0.21) (0.27) (0.08)

Panel D. Job posting frequency
Mean jobs per month (experienced) 4.23 0.09 0.70 1.11

(0.40) (0.00) (0.03) (0.05)
Sensitivity of posts to past bids −2.02

(0.42)

Panel E. Share of job posts by type
Share of inexperienced job posts 0.08 0.65 0.27

(0.00) (0.01) (0.00)
Share of experienced job posts 0.18 0.38 0.43

(0.01) (0.01) (0.01)

Notes: This table presents estimates of buyer types and behavior. The first three columns cor-
respond to individual types, while the last column is a weighted average across types at the 
job posting or application level. Panel A displays latent buyer types in the sample. The first 
two rows of panel B display estimated elasticities for filling a job and for hiring each individual 
applicant the buyer considers. The job fill elasticity assumes that all wage bids increase, while 
the applicant hire elasticity considers a price change for each considered applicant. The final 
row of panel B displays the log-wage scaled standard deviation of worker résumé characteris-
tics × the parameters on those characteristics. Panel C provides estimates of the mean number 
of applicants considered as implied by the estimated parameters of the exponential distribu-
tion. Because the consideration process is assumed to be exponential, the standard deviation for 
each type equals its mean, whereas the overall distribution is a mixture across types. Panel D 
provides estimates of average monthly job posting frequencies by buyer type. The row labeled 
“Sensitivity of posts to past bids” is an estimate of the elasticity of job posting frequency with 
respect to the level of bids that a buyer has historically experienced. As detailed in the text, this is 
estimated using deviations in aggregate bids from a time trend by job category based on the tim-
ing when a buyer has posted prior jobs. Standard errors are estimated from 20 block-bootstrap 
iterations of the entire estimation procedure (drawing buyers with replacement).
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The fourth  column of Table  4 shows the opening-weighted mean results. The 
wage bid elasticity for an applicant is − 4.84, the average consideration set size is 
18.09, and the average number of jobs posted per month is 1.11. The final row in the 
last column of panel D shows that the estimated sensitivity of job posting frequency 
to past wage bids received (​​δ​3​​​ in equation (8)) is − 2.02. Buyers are less likely to 
use the platform if they have been exposed to high wage bids in the past. The stan-
dard deviation of predicted average log wage bids is 0.037, so a standard deviation 
increase in past bids reduces future job posting rates by about 7.6 percent.

B. Buyer Surplus

Table  5 presents the results for buyer surplus. The first two  columns display 
the mean and standard deviation of surplus estimates in our baseline specification. 
Realized buyer surplus per hour conditional on hiring is shown in the first row. 
The mean weighted by buyers’ posterior types is $2.27 per hour, with a standard 
deviation of $4.03. Panel B gives the expected surplus per hour when posting a 
job, as defined in equation (14). Because we do not condition on hiring, the mean 
is lower, at $0.73, with a standard deviation of $0.84. Panel C takes into account 
the expected hours of work per posted job and the expected arrival rate of future 
jobs to find the present discounted value of lifetime surplus. Future benefits are 
discounted at an 8.7 percent annual rate (see Supplemental Appendix B.3 for calcu-
lation details). For the typical inexperienced buyer, the expected lifetime value of 
platform surplus is $381. Lifetime surplus for buyers that hire at least once is much 
higher, at $5,612. Experienced buyers post more frequently and hire more often, 

Table 5—Estimates of Buyer Surplus

Baseline App. control Full consideration

Mean SD Mean SD Mean SD

Panel A. Surplus on filled jobs
Surplus per hour 2.27 4.03 2.12 3.55 2.89 4.26

(0.73) (2.72) (0.65) (1.64) (0.84) (1.53)

Panel B. Surplus on all jobs
E (Surplus per hour) 0.73 0.84 0.67 0.77 0.49 0.45

(0.19) (0.21) (0.19) (0.21) (0.12) (0.11)

Panel C. Lifetime value
Lifetime surplus (inexper) 381 935 354 888 298 1,132

(101) (442) (100) (397) (77) (369)
Lifetime surplus (exper) 5,612 7,191 5,312 6,937 6,415 7,864

(2,377) (5,015) (2,164) (4,351) (1,685) (2,264)

Notes: This table presents estimates of buyer surplus. The first two columns correspond to the 
specification in our main model. The next two columns add a control for worker applications per 
month. The final two columns assume all applicants are considered. Means and standard devi-
ations are weighted by buyer posterior types. Panel A displays simulation estimates of surplus 
per hour for buyers who hire. Details of the simulation algorithm, including the accept-reject 
procedure used to rationalize hiring decisions, are included in Supplemental Appendix B.3. 
Panel B displays expected surplus per hour for all job openings. Panel C displays estimates of 
lifetime surplus after accounting for expected hours of work on each job, expected arrival rates 
of future jobs, and hiring rates conditional on future jobs. Future benefits are discounted at an 
8.7 percent annual rate. Standard errors are estimated from 20 block-bootstrap iterations of the 
entire estimation procedure (drawing buyers with replacement).
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increasing their surplus. These estimates are all gross of buyers’ search costs, which 
we return to in Section IIID.

Columns 3 and 4 of Table 5 summarize buyer surplus when the estimated hiring 
probability function includes a control for the number of applications the worker 
submits that month. This robustness test helps to address the concern that workers 
select nonrandomly in or out of applications in response to the instruments. Across 
all rows, the buyer surplus is slightly lower, but the magnitudes are similar.

The final two columns of Table 5 present estimates from a version of the model 
where buyers’ consideration sets include all applicants. This is equivalent to allow-
ing ​​J​o​​​ in equation (2) to be the entire set ​​​o​​​. Two different forces are at play: Relative 
to the baseline specification, chosen workers come from a larger pool of applicants, 
meaning the unobservables required to rationalize hiring a given worker must be 
larger. This increases buyer surplus on a hire. However, because the considered 
applicant pool is assumed to be larger but the hiring rate does not change, buyers, on 
average, must value each worker less than in the model with limited consideration. 
These opposite forces mean the estimated buyer surplus per hour upon hiring rises 
to $2.89, but expected surplus falls to $0.49.

C. Worker Markups, Surplus, Model Validation, and Application Costs

Model Estimates.—Table 6 presents worker surplus estimates. Panel A focuses 
on hired workers. The mean worker surplus per hour is $1.97, with a standard devi-
ation of $1.63. Hired workers’ markups average 28 percent over costs, and hourly 
costs average $7.08. Supplemental Appendix B.4 shows that we get qualitatively 
similar estimates of markups and surplus when we allow hired workers to rationally 
account for the possibility of wage growth after hiring. Panel B presents markup 
estimates of 27 percent for all applicants, regardless of whether they are hired, and 
costs of $7.06. The $9.08 estimated standard deviation in costs comes from the wide 
variation in offline opportunities for globally dispersed workers.

Figure 4 presents histograms of hired worker surplus for each of six large worker 
countries. Workers in the United States and United Kingdom have a larger mean 
value than those in other countries, consistent with markups multiplicatively mag-
nifying these countries’ relatively high offline opportunity costs. In contrast, the 
surplus in Bangladesh and the Philippines is more concentrated at low levels, 
reflecting both lower values of offline options and a job category mix weighted 
toward nontechnical skills. Russian workers earn relatively high surplus per hour 
when hired because they tend to specialize in technical job categories.

Figure 5 shows how expected total surplus, which includes the expected hours 
required on an opening, varies by applicant order for the baseline model. Applicants 
in the first 10 positions have an expected surplus of $2.18. Applicants 11 to 20 have 
a lower expected surplus, at $1.15, while these figures are $0.73 and $0.55 for appli-
cants 21 to 30 and 31 to 40, respectively. After applicant 40, the expected surplus is 
less than 5 percent of a worker’s estimated hourly cost.

Returning to Table 6, columns 3 and 4 display estimates when we include the 
control for workers’ total applications in a month. Mean estimates of surplus and 
markups are similar. Finally, when we assume all workers are considered, in col-
umns 5 and 6, estimates of workers’ surplus and markups remain positive but are 
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smaller than the baseline estimates. Mean surplus per hour on a hire is about $1.53, 
and markups average 20 percent. Here, buyers are more elastic to help rationalize 
the limited hiring rates in the data. Taken together, buyers’ limited consideration 
appears to increase worker markups by about 8 percentage points (40 percent) rel-
ative to a simpler model that does not account for limited consideration. Still, in all 
models, workers benefit from the market.

Validation.—The model predicts that markups and bids fall with applicant order 
for the same worker. This prediction allows us to validate the model-implied mark-
ups against the actual bids observed in the data. To do so, we regress log bids or 
model-implied markups on applicant order dummies and worker by job category 
by week fixed effects. This strategy removes worker-level costs over a short inter-
val, isolating variation in how workers bid relative to model-implied markups. The 
red squares in Figure 6 plot the model-implied markups relative to those for the 
first 10 applicants. Markups decline with applicant order. Applicants 60 to 70 have 
model-implied markups that are around 2.4 percentage points lower than the earliest 
applicants. Driving these reductions is the fact that later applicants know they will 
only be considered in the event that the buyer also considers many other applicants, 
that is, when there is more competition. For applicants who apply early, there is a 
chance that competition will be more limited, which raises their optimal markup.

Workers’ log bids in the data also decline with applicant order. Applicants 61 to 70 
have log bids that are 3.5 percent lower than the first 10 applicants. Over half of the 
reduction in bids can be explained by changes in estimated markups with applicant 

Table 6—Surplus and Markups for Applicants and Hired Workers

Baseline App. control Full consideration

Mean SD Mean SD Mean SD

Panel A. Estimates for hired workers
Surplus per hour 1.97 1.63 1.85 1.52 1.53 1.27

(0.43) (0.36) (0.42) (0.35) (0.38) (0.32)
Markups 1.28 0.02 1.26 0.02 1.20 0.02

(0.08) (0.01) (0.07) (0.01) (0.07) (0.02)
Costs 7.08 5.71 7.20 5.82 7.52 6.08

(0.41) (0.37) (0.40) (0.35) (0.37) (0.31)

Panel B. Markups and costs for all applicants
Markups 1.27 0.01 1.24 0.01 1.19 0.02

(0.08) (0.01) (0.07) (0.01) (0.06) (0.00)
Costs 7.06 9.08 7.18 9.24 7.49 9.65

(0.41) (0.54) (0.40) (0.52) (0.37) (0.48)

Notes: Panel A displays estimates of surplus per hour, markups, and costs for hired applicants. 
Surplus per hour is the difference between the to-worker wage and the estimated cost for the hired 
worker. Markups and costs are recovered using the details in the text for the Baseline and App. 
control models that include consideration sets. Markups and costs estimates use a simple own-bid 
semielasticity in the model that assumes all applicants are fully considered. Estimates of mark-
ups and costs use the nonlinear least squares procedure to weight the semielasticities across dif-
ferent types, based on our estimate of a bidders’ private information. This procedure is described 
in Section IIF. Panel B displays estimated costs and markups over costs for all applicants. See 
Table 8 for aggregate surplus estimates that take into account hours worked on each job. Standard 
errors come from 20 block-bootstrap iterations (drawing buyers with replacement).
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order. Beyond the first 80 applicants, the raw bids decline at a faster rate than the 
model-implied markups, which likely arises from data sparsity; more than 97 per-
cent of job openings have consideration sets that consist of fewer than 80 applicants, 
as shown in Figure 3.

Survey-Based Estimates of Surplus on Hourly and Fixed Price Contracts.—We 
return to the survey data as another way to validate the model findings related to 
worker surplus. After asking respondents what factors led them to tailor their bids to 
different openings, we asked survey questions designed to elicit markups (the survey 
question wordings can be found in Supplemental Appendix A.2). These questions 
asked respondents to provide the lowest rate at which they would have been will-
ing to take their most recent job. We distinguish between markups at the time they 
accepted the job and after contract completion.29 Differences between actual hourly 
wages and willingness to accept are summarized in Table 7. Column 1 reports the 
raw data for the respondents who answered the question, and column 2 reweights 
observations to be representative of a random sample of 1,488 worker profiles.30

29 The first of these questions was, “From the information that you had in the job posting on your last hourly 
job, what would have been the lowest hourly rate you would have been willing to accept to do the job? For example, 
if the job paid you $10 US but you would have been willing to do the work for $9.00 but not $8.99, then $9.00 is 
the lowest hourly rate you would have been willing to accept.” The question about ex post willingness to accept is 
similarly worded and is given in Supplemental Appendix A.2.

30 The probability of being in the surveyed sample is computed using a logistic regression of survey participa-
tion on the log of the number of prior jobs and the log of the hourly rate displayed on each profile. Responses are 
then weighted by the inverse of this probability, ensuring that responses from workers who are underrepresented in 
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Figure 4. Distribution of Worker Surplus across Countries

Note: This figure plots the distribution of each workers’ estimated surplus per hour for every hire involving a worker 
from six large countries.
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The first row of Table 7 reports that workers earned an hourly wage that was 
24  percent higher than the lowest hourly wage they would have been willing to 
accept on the job ex ante. In the reweighted data, their wage was 38 percent higher 
than the lowest acceptable hourly wage. That is, at the time they accepted their last 
job, surveyed workers anticipated earning positive markups over their willingness 
to accept. The second row shows that the markups they actually earned were lower, 
at 16 percent in the raw data and 15 percent in the reweighted data, suggesting that 
they incurred costs that were higher than anticipated on their last jobs. Nonetheless, 
respondents still reported a large markup and positive surplus.

An alternative estimate of the markups included in workers’ bids comes from 
another set of questions related to how the wages earned on their last jobs compared 
to their next-best option off the platform. The average responses are given in the 
third row of Table 7. Markup estimates relative to off-platform options are again 
large, averaging 23 percent in the reweighted data.

Finally, to assess markups on fixed price contracts, we asked respondents to state 
the price they received, and the price they would have been willing to accept ex post, 
on their last fixed price job. Respondents reported very high markups relative to 
their willingness to accept, averaging 62 percent in the reweighted data.

In sum, the survey responses suggest the majority of workers are strategic in 
setting their wage bids above their reservation wages, consistent with them tailoring 
bids to their perceived market power. The reservation wages elicited directly, via 
questions about willingness to accept the job, or indirectly, via questions about their 

the survey are given more weight in the comparisons given in column 2. The random sample was hand-collected 
from the site for workers with past hires in administrative support, design, and web development job categories. 
Further details about the sampling procedure are given in the Supplemental Appendix A.1.

Figure 5. Expected Worker Surplus as a Function of Applicant Order

Notes: This figure plots workers’ average expected total surplus on a job application by applicant order. To compute 
expected total surplus, we take the hiring probability from the baseline model given the buyer’s observed or simu-
lated consideration set, multiply that probability by the worker’s wage bid less cost, and multiply by expected hours. 
The x-axis is truncated at 120 applicants, as expected surplus is approximately 0 for later applicants.
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next-best alternative wage, are substantially lower than the hourly wages or fixed 
prices workers actually earned on recent jobs.

D. Total Surplus, Worker Application Costs, and Buyer Search Costs

Table 8 shows that the total surplus earned by workers who are ever hired during 
our sample has a mean of $320 per worker and a standard deviation of $859. Workers’ 
aggregate gross surplus totals $4.52 million. The second row shows that mean sur-
plus per worker across all applicants, not just those who are hired, falls to $23.47. 
From Table 1, 8 percent of the workers in our sample were ever hired. Because many 
workers search for jobs compared to those who find them, we must also account for 
application costs to characterize workers’ total net surplus.

Aggregate worker surplus remains positive when we account for application costs. 
Our estimated hourly worker costs include the opportunity cost of time, allowing us 
to estimate application costs in dollars if we know the approximate time it takes to 
apply for a job. Based on our own experience applying to jobs and our assessments 
of the personalized messages in applications to jobs we have posted, we believe it is 
reasonable to assume that each application takes about five minutes. In dollar terms, 
this is about 8.3 percent of workers’ hourly cost. We believe this estimate is con-
servative, as Figure 5 shows that 8.3 percent of workers’ hourly costs correspond to 
the ratio of expected surplus to hourly costs for the fortieth applicant. The fact that 
many jobs receive more than 40 applications suggests our estimate of application 
costs likely overstates workers’ search costs. Using 8.3 percent of each worker’s 
estimated hourly costs and totaling the costs of all applications, we estimate that 
application costs for workers who are ever hired average $97.12 per worker, totaling 
$1.37 million in the aggregate. Across all workers, the average is $13.61 per worker, 

Figure 6. Worker Wage Bids and Applicant Order for Jobs in the Same Week

Notes: The first series in this figure plots the coefficients from a regression of log bids observed in the data on 
10 applicant order categorical dummies (e.g., positions 11–20,  21–30, … ,  91–100,  100+) while controlling for ​
worker × week × job category​ fixed effects. The excluded category is the first 10 applicants. Standard errors are 
clustered by worker. The second series plots model-implied markups relative to the first 10 applicants from a regres-
sion of markups on ​worker × week × job category​ fixed effects.
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Table 7—Estimates of Surplus from Survey Conducted in 2023

Raw statistics Reweighted

Markup relative to willingness to accept (WTA)
Mean 1.24 1.38
SD (0.57) (0.95)

Observations 84 84

Markup relative to ex post WTA
Mean 1.16 1.15
SD (0.50) (0.50)

Observations 84 84

Markup relative to outside wage
Mean 1.50 1.23
SD (1.27) (1.00)

Observations 46 46

Markup on fixed price contracts relative to ex post WTA
Mean 1.87 1.62
SD (2.55) (2.07)

Observations 99 99

Notes: This table presents surplus estimates from a survey of workers on a leading online plat-
form conducted between September and October 2023. There were 113 responses collected 
from a mix of direct invitations and applicants to jobs posted on the platform. Sample inclu-
sion required workers to have some prior experience, as questions about surplus were framed 
around their prior jobs on the platform. Respondents were paid $6 upon survey completion. 
The reweighted column reports inverse-probability-weighted statistics of survey participation 
relative to a random sample of 1,488 profiles with nonzero prior jobs collected from adminis-
trative support, design, and web development job categories. The probability of being in the 
sample is computed using a logistic regression of survey participation on the log of the number 
of prior jobs and the log of the hourly rate displayed on each profile. Markups are computed as 
the rate on the last job relative to either willingness to accept or the respondents’ typical out-
side wage. Willingness to accept for hourly jobs is taken from the question, “From the informa-
tion that you had in the job posting on your last hourly job, what would have been the lowest 
hourly rate you would have been willing to accept to do the job? For example, if the job paid 
you $10 US but you would have been willing to do the work for $9.00 but not $8.99, then $9.00 
is the lowest hourly rate you would have been willing to accept.” The ex post willingness to 
accept was elicited immediately afterward using the question, “From what you know about 
the job now that you’ve worked on it, what would have been the lowest hourly rate you would 
have been willing to accept to take the job? (Note: The lowest hourly rate may be higher than 
the rate at which you agreed to work).” Workers’ outside wages were elicited with two ques-
tions, depending on whether they work exclusively on platform or not. For those who do not 
have off-platform jobs, we used the question, “If you were working in your local labor market 
rather than online, what hourly wage (in US dollars) do you think you would be earning? If 
you would not be paid hourly, please convert your total pay into an hourly wage (in US dol-
lars) by dividing your US-dollar equivalent compensation by the typical hours worked over a 
pay period.” For workers with an outside job, we asked, “When you work outside of platforms, 
what hourly wage (in US dollars) do you earn on average? If you are not paid hourly, please 
convert your total pay into an hourly wage (in US dollars) by dividing your US-dollar equiva-
lent compensation by the typical hours worked over a pay period.” We elicit markups on fixed 
price contracts (contracts that pay for work delivered rather than billed by the hour) by divid-
ing the contract price by an ex post willingness to accept elicited with the question, “From the 
information that you have about the job now that you’ve worked on it, what would have been 
the lowest contract price you would have been willing to accept to take your last fixed price 
job? For example, if the contract price was $22 US dollars but you would have been willing to 
do the work for $20.00 but not $19.99, then $20.00 is the lowest total contract price you would 
have been willing to accept.”
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with a total of $2.62 million. Subtracting these application costs from gross surplus 
gives total net surplus of $3.15  million for hired workers and $1.90  million for 
all applicants. Although only 8 percent of workers are hired, their surplus is large 
enough to offset not just their own application costs but those of the 92 percent of 
applicants who do not find jobs.

Several other points suggest that these calculations are reasonable even if the 
average worker takes more than five minutes to apply for a job. First, workers’ 
costs come from model estimates that may entail portions of costs, like effort 
costs, that are not simply opportunity costs of time. If workers’ opportunity costs 
are lower than the estimated total costs, then we overestimate application costs. 
Second, estimated costs increase by about 20 percent from the first to the fifth hire 
on the platform (see Supplemental Appendix Figure  A.4). This suggests many 
workers’ alternatives are other online jobs. In the absence of the gains from trade 
enabled by the platform, these workers’ opportunity costs, and hence application 
costs, would be lower.

Next, we turn to estimating buyer search costs. We use the insight that for a 
buyer’s consideration set size to be optimal, the marginal benefit of adding the last 
applicant to the set must exceed the marginal search cost; adding an additional appli-
cant beyond the observed set must have marginal benefits below the search cost. To 
estimate buyer search costs, we calculate the average change in consumer surplus 
from adding an unconsidered applicant. We then calculate the absolute value of the 
change in consumer surplus from deleting the last considered applicant. These two 
numbers provide an upper and lower bound for buyers’ search costs. We average 

Table 8—Total Surplus Accounting for Application and Search Costs

Surplus Search costs

Mean SD Total (mil.) Mean SD Total (mil.)
Panel A. Workers
Workers with any hires 319.97 859.11 4.52 97.12 175.90 1.37

(93.85) (309.72) (1.02) (6.30) (10.91) (0.07)
All applicants 23.47 247.21 4.52 13.61 57.97 2.62

(6.04) (81.73) (1.02) (0.88) (3.55) (0.15)

Panel B. Buyers
Openings with hires 163.75 290.00 5.71 21.42 32.81 0.75

(52.29) (195.50) (1.84) (5.83) (8.78) (0.21)
All openings 33.49 146.83 5.71 21.92 32.63 3.74

(10.70) (90.15) (1.84) (5.88) (8.70) (1.01)

Notes: This table presents statistics on total surplus per worker and buyer gross of application and search costs (col-
umns 1–2) and gross surplus aggregated across all workers and buyers (column 3). Columns 4–6 in panel A provide 
estimates of application costs assuming they are proportional to 8.3 percent of worker’s estimated cost per hour, 
implying that a job application has a time cost of about 5 minutes. The first row considers workers who ever land 
a job on the platform, while the second row considers all workers. Total surplus and application costs are given in 
millions of dollars for the sample of jobs from January 2008 to June 2010. Panel B considers buyer total surplus and 
search costs. Total surplus is the surplus on a hire multiplied by the number of hours on a job. Search costs come 
from assuming a fixed sample size consideration set and calculating the average change in benefits when adding and 
subtracting a worker from the consideration set. We multiply these benefits from a change in search by the expected 
number of hours on a hire given the job category and expected duration of a posting, which we use as an estimate 
of the opportunity cost of not searching more intensely. We take that number and multiply by consideration set size.
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across these changes to get an estimate of buyers’ search costs as the midpoint of 
the bounds.31 We multiply the per hour consumer surplus by the expected job size 
to get an average dollar value of buyer search costs of $1.21 per considered appli-
cant. Panel B of Table 8 shows that buyers who hire have search costs per opening 
that total about $21.42, with a standard deviation of $32.81. In total, search costs 
for those who hire total about $0.75 million. When considering all openings, total 
search costs are $3.74 million, or $21.92 per opening. While search costs are mean-
ingful, a comparison of columns 3 and 6 of panel B shows that buyers’ gains net of 
these costs total $1.97 million.

IV.  Policy Counterfactual

Our estimates of gig economy worker surplus are informative for debates about 
regulatory changes targeting worker well-being. Proposals have varied but would 
typically raise hiring costs by imposing taxes—like payroll taxes—or introducing 
minimum wages to bring independent contractors closer in line with W-2 employ-
ees. We consider one such change here: an additional ad valorem tax on wage bids 
that mimics the FICA tax that is statutorily imposed on employers in traditional 
labor markets. An additional motivation for this analysis is to consider whether gov-
ernments could increase worker surplus by redistributing revenue raised from such 
a tax back to workers, in the form of benefits or other services.

We impose an additional counterfactual 10  percent tax on bids. Although the 
nominal incidence of the tax is on buyers, workers’ bids are determined in equilib-
rium, and the incidence will be split between buyers and workers. We assume that 
this tax is in place for the duration of the sample, which allows us to assess how 
surplus would evolve for buyers and workers in the market.32 We study two margins 
of adjustment: how surplus changes holding jobs fixed and how the number of jobs 
changes as a result of lower buyer posting rates. Supplemental Appendix C details 
the calculations.33

We find that imposing the tax leads to changes on both the hiring and job posting 
margins that significantly reduce market surplus when added together. In particular, 
workers pass through the tax to buyers in the form of higher wage bids. In response, 
buyers become less likely to hire on posted jobs, and fewer buyers gain hiring 
experience. As a consequence of both the higher wage bids and the reduced likeli-
hood of gaining experience, buyers post fewer subsequent jobs. To illustrate how 
higher wage bids directly reduce job postings, we contrast the main counterfactual 

31 The intuition for how to recover these search costs comes from a fixed sample size search process, but the 
approximation is likely to be a good one even if there are deviations from the fixed sample size model in practice. 
However, two pieces of evidence suggest that fixed sample size search likely fits the data well. First, the similarity 
between the search cost estimates for those that hire and those that do not suggests that consideration set sizes do not 
differ meaningfully based on whether a buyer hires. Second, buyer interview requests have date stamps that bunch 
together at early dates, whereas hiring happens with a lag. This suggests that it takes some time to set up interviews 
and make decisions out of a set of applicants who receive attention.

32 The structure of the counterfactual does not allow the platform to change any of its own policies. We also 
do not permit changes to the matching technology that the platform may incorporate under different regulatory 
environments. Hence, the counterfactual policy analysis should not be used to infer how regulatory changes would 
impact platform profitability.

33 Supplemental Appendix C.2 presents a second policy change: a wage floor of $7.00 per hour, which binds for 
the lowest-paid workers in the market.
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estimates with a second scenario that shuts down the direct effect of higher equilib-
rium wage bids on future job postings. Changes in surplus in this alternative come 
from differences in hiring decisions: Changes to job posting rates arise only because 
fewer buyers transition to being experienced.

Table 9 summarizes changes in market outcomes under the tax. Column 1 pres-
ents changes in surplus in the main scenario. Panel A gives the outcomes for inex-
perienced buyers, and panel B for experienced buyers. Bids to inexperienced and 
experienced buyers increase by 8.8  percent and 8.9  percent, respectively. Hiring 
rates on posted jobs fall by 27 percent and 24 percent. Surplus to buyers on each 
posted job (labeled “Static pct change in buyer surplus”) falls by over 20 percent 
for both groups.

The next rows in panels A and B show that the dynamic implications magnify 
the losses to buyer surplus. Because of the reduction in hiring rates on posted jobs, 
fewer buyers gain hiring experience. While the number of jobs posted by inexpe-
rienced buyers increases slightly for this mechanical reason (by 4  percent ), job 
postings by experienced buyers fall by 67 percent. The smaller number of buy-
ers that do become experienced post fewer jobs because of the negative relation-
ship between past bids and posting frequency. The reduction in the present value 
of experienced buyer surplus is much larger than their static loss, at 72 percent. 
Inexperienced buyers also see a 75 percent decrease in surplus because the value of 
gaining experience falls.

Column 2 of Table 9 presents the results when higher past bids do not affect 
the job arrival rate. The static results are the same as the base case in column 1. 
The number of jobs posted by inexperienced buyers increases relative to column 1 
because there is a larger stock of inexperienced buyers who are undeterred from 
posting by high past bids. For experienced buyers, total job postings relative to the 
status quo remain negative because the stock of experienced buyers falls. Dynamic 
surplus reductions remain substantial for both groups of buyers, but breaking 
the link between price increases and future job posts lessens the decline in buyer 
surplus.

The reductions in buyer hiring and posting rates have large detrimental effects 
on worker surplus. Panel C shows the surplus changes for workers before any tax 
rebate. In the main scenario in column 1, static surplus from a given job falls by an 
average of 26 percent due to lower job fill rates. The small increase in hired work-
ers’ wages is offset by lower hiring rates. The present value of total worker surplus 
falls by 59 percent due to the reduction in hiring rates and, in particular, the reduc-
tion in the number of postings. Comparing columns 1 and 2 of panel C shows that 
about half of the reduction in surplus to workers arises because of the decline in job 
postings.

Panel C also shows the net change in worker surplus when the entire value of 
the tax collected is rebated to workers. In the static case with no changes in the 
number of job posts, the value of a 10 percent tax on all hires is sufficient to more 
than offset the reduced hiring rate, making workers 16 percent better-off. However, 
the present value of net worker surplus remains negative after the rebate, falling by 
37.0 percent when accounting for the reduction in job postings. Column 2 shows the 
impact on net worker surplus if past bid-related buyer dynamics are shut down. In 
this scenario, the present value of net worker surplus increases by about 12 percent 
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because higher prices do not directly change the size of the market. To the extent 
that redistribution can raise workers’ surplus, comparing columns 1 and 2 shows 
that any distortion to market size must be limited for these proposals to benefit 
workers. Our model estimates, however, suggest that buyers are sensitive to past 

Table 9—Counterfactual Changes in Hiring Rates, Postings, and Surplus with a 
10 Percent Payroll Tax

 
Baseline

No price impact 
on job arrival

Panel A. Inexperienced buyers
Change in log bids to buyers 0.088 0.088

(0.003) (0.003)
Static pct change in hiring rates −0.269 −0.269

(0.054) (0.054)
Static pct change in buyer surplus −0.244 −0.244

(0.063) (0.063)
Pct change in jobs posted 0.036 0.120

(0.036) (0.035)
Pct change in P.V. of surplus −0.748 −0.372

(0.083) (0.137)

Panel B. Experienced buyers
Change in log bids to buyers 0.089 0.089

(0.003) (0.003)
Static pct change in hiring rates −0.238 −0.238

(0.049) (0.049)
Static pct change in surplus −0.230 −0.230

(0.060) (0.060)
Pct change in jobs posted −0.672 −0.144

(0.070) (0.038)
Pct change in P.V. of surplus −0.719 −0.292

(0.069) (0.080)

Panel C. Workers
Change in log bids to workers 0.001 0.001

(0.003) (0.003)
Static pct change in surplus −0.255 −0.255

(0.054) (0.054)
Pct change in surplus with tax rebate 0.155 0.155

(0.011) (0.011)
Pct change in P.V. of surplus −0.593 −0.281

(0.060) (0.058)
Pct change in P.V. of surplus with tax rebate −0.370 0.117

(0.066) (0.005)

Notes: Estimates of changes in log bids and percent changes in surplus (by buyer experience) 
under a 10 percent payroll tax counterfactual. The static percent changes in hiring rates and 
surplus are computed holding fixed the number of job openings. Surplus calculations for buy-
ers come from equation  (14). Present value calculations are described in the Supplemental 
Appendix. The percent change in the number of jobs is computed based on opening arrival 
rates simulating forward wage bids and buyers’ endogenous experience. Static worker surplus 
is the to-worker hourly wage less platform fees multiplied by hiring probabilities. The pres-
ent value of worker surplus is calculated as to-worker hourly wages ​×​ average hours ​×​ hir-
ing probabilities ​×​ the number of jobs posted monthly. We discount future surplus to the start 
of the sample. Rows that rebate taxes allocate tax revenue back to workers using lump-sum 
rebates. The second column holds fixed wage bids without accounting under the current regime 
without accounting for how higher bids change the arrival of future jobs. Standard errors come 
from 20 block-bootstrap iterations (drawing buyers with replacement).
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prices, suggesting attempts to redistribute surplus to workers through tax-like poli-
cies would be unsuccessful.34

Finally, regulatory policy may be motivated by the belief that access to global 
talent through platforms could erode traditional offline employment regulations or 
relationships. In Supplemental Appendix D, we consider whether offline workers are 
hurt by the advent of online labor platforms. To do so, we study whether minimum 
wage changes across US states drive jobs online. While the across-state design has 
power issues, we fail to detect any evidence that states that impose higher minimum 
wages experience differential growth in online buyer demand. These results hold 
for relatively low-wage nontechnical jobs and are consistent with survey evidence 
suggesting that platforms lead to new trade in tasks that otherwise would have been 
done by the hiring manager personally or not done at all (Ozimek and Stanton 2022; 
Horton, Johari, and Kircher 2021).

V.  Conclusion

This paper estimates the surplus that online gig economy labor markets create for 
workers and buyers. Despite the relative abundance of applicants, workers earn sig-
nificant surplus from the market due to perceived differentiation in their characteris-
tics and buyers’ limited search. Fears that intense competition among job applicants 
would limit surplus for workers using gig economy platforms do not appear to play 
out in this market.

Our analysis indicates that the platform generates gains from trade of $4.24 per 
hour worked, with hired workers capturing 46 percent of the surplus on average. 
Applicants have local market power, enabling them to charge markups of more than 
25 percent above their outside option when they bid for jobs. Even when taking into 
account the application costs of unsuccessful applicants, the net benefit to workers 
from the platform remains positive.

A recent survey of remote gig economy workers suggests the structural model setup 
is reasonable and provides evidence consistent with the models’ main findings. Based 
on several different constructs, surveyed workers are found to perceive significant sur-
plus from using online labor platforms on both hourly jobs and fixed price contracts.

Finally, we analyze the impact of counterfactual hiring taxes. Taxing buyers with 
the intention of redistributing surplus to workers would diminish value for each side 
of the market by reducing hiring rates and job posts.
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