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1 Introduction

The growth of ridesharing and delivery platforms over the last decade has motivated regulatory efforts to

reclassify independent contractors as employees, with the intent of improving their wellbeing. The most

prominent early regulation, AB5 in California (2019), covered independent contractors who have relatively

little control over their own terms of work, such as drivers who do not set their own prices. More recent

proposals, like the PRO Act that passed the US House of Representatives in early 2021, would expand

labor market regulation to the work arrangements of the estimated 1% of the US workforce currently

working as independent contractors in the online platform economy (Collins, Garin, Jackson, Koustas, and

Payne, 2019). Such regulation would potentially also apply to the remainder of the estimated 160 million

service providers on online labor markets worldwide (Kässi and Lehdonvirta, 2018; Kässi, Lehdonvirta,

and Stephany, 2021). In the public debate about these proposals, few studies have evaluated the welfare

implications of applying the regulatory policies that govern employment in traditional labor markets to

the work conducted in the gig economy. Using data from an online platform, we study demand and supply

of knowledge work contractors, allowing us to estimate the distribution of surplus between buyers and

providers. We then evaluate how surplus would vary under different hypothetical regulatory institutions.

Our approach is based on a model we construct of an online labor market for short-term tasks that

features buyers who post jobs (the demand side) and providers who bid hourly wages when applying to

posted jobs (the supply side). There are three key features of the model. First, the number of jobs posted by

an individual buyer is determined by an arrival process that depends on a buyer’s type and her past history

using the market. Second, given a job posting, a buyer determines whom to hire (if anyone) as a function

of each applicant’s characteristics, their wage bids, the buyer’s own type, and, potentially, the buyer’s

past history of hiring. Third, providers’ hourly wage bids are set strategically based on their individual

opportunity cost of work and the buyer’s residual demand elasticity.1 We estimate the model using data

from January 2008 to June 2010 that tracks sequences of activities for individual market participants over

time. We account for wage bid endogeneity with two instrumental variables (described below), which allow

us to recover credible demand elasticities. From the estimated model, we characterize the magnitude and

distribution of static consumer and producer surplus on each job opening and buyers’ present value of

using the market based on the arrival rate of jobs.

Our first main finding is that the participants in the online labor market receive significant surplus.

Both buyers and providers gain from trade. This result is far from obvious because there are many more

providers than buyers active in the market, and most job openings receive numerous applications (Pallais,

2014; Stanton and Thomas, 2016). Despite the relative abundance of providers, their wage bids contain

1This supply side flexibility is also important because while some platforms curate prices using algorithmic matching, the
pricing in this platform is decentralized and equilibrium wage bids reflect changes in providers’ costs and market power.
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markups over their outside options that average around 26%. Based on average wages paid, this implies

surplus to providers of around $2 per hour upon landing a job. Hired providers have market power, in part,

because of a positioning advantage of being an early applicant to a job, as early applicants are far more

likely to be hired.2 Patterns in the data from outside the model suggest the estimated provider markups

are reasonable.

Based on their estimated demand elasticities, buyers gain an average of $3 of surplus per hour when

they hire for a posting.3 We identify these elasticities by instrumenting for wage bids with two separate

instruments. The first instrument exploits the global nature of the platform and uses exchange rate

fluctuations that vary relative prices among applicants. This instrument is consistent with recent evidence

from Brinatti, Cavallo, Cravino, and Drenik (2021) documenting significant exchange rate passthrough

into wages in online labor markets. The second instrument captures variation in prices as a function of

market tightness, based on the average number of applicants to similar job postings. These instruments

allow us to identify relative demand elasticities across provider applicants and demand elasticities relative

to not hiring. We calculate consumer surplus for buyers by integrating demand over changes in wage bids.

We can also simulate counterfactuals where only a subset of the applicants would be affected by policy

changes, as would be the case if a minimum wage were introduced to the market.

Combining the provider and buyer surplus estimates indicates significant gains from trade on the

platform. Over our 30-months of data—from an era when online labor markets were handling much lower

volumes of work compared to today—total surplus to providers was about $6 million and total surplus to

buyers was about $9 million. Averaging over the approximately 36, 000 jobs with a hire indicates that each

filled post generated total surplus of about $415 for the participants. These figures represent net welfare

gains rather than total revenue or wage bills because they are estimates of buyers’ consumer surplus and

providers’ markups over their application costs and their opportunity costs of working. That is, they are

estimates of surplus relative to each party’s outside option or reservation utility/wage.4

Our second main finding underscores the distinction between static surplus versus lifetime surplus for

buyers. We find that lifetime surplus is much higher than initial surplus for buyers who successfully break

into the market. As a result, early experiences that deter buyers from successfully hiring serve to reduce

the size of the market and limit total surplus.5 We arrive at this conclusion by separating buyer lifecycle

2While each posting tends to receive a large number of applications, the probability of being hired falls with applicant
order. This reduces the expected surplus from applying for later applicants, such that the estimated expected surplus to the
marginal applicant is nearly zero (below $0.02). Earlier applicants are infra-marginal, with positive expected surplus.

3The expected surplus from a job posting, rather than the surplus conditional on the job being filled, is about $0.70 per
hour before accounting for any sunk costs of posting a job.

4The platform collects 10% of all revenues, which, at average wage bids, yields platform revenues of $1 per hour. Platform
marginal costs of servicing transactions are unobserved, and platform surplus is excluded from our surplus calculations.

5This is similar to the intuition in Nosko and Tadelis (2015), who show that buyers may draw conclusions about the quality
of a platform from their early transactions, deterring or accelerating future use.
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dynamics on the platform from unobserved heterogeneity through the use of a finite mixture model that

allows an unobserved buyer type to influence both the baseline arrival rate of jobs and the parameters

governing the choice to hire. After accounting for this heterogeneity, we allow flexibility in the model to

capture changes in the arrival rate of job posting as a function of past hiring and average wage bids on

past posted jobs.

Gaining hiring experience in the market is estimated to substantially increase buyer surplus. Greater

surplus with experience arises for two reasons: past hiring accelerates the frequency of future job postings

and buyers with experience have greater utility conditional on hiring. To illustrate the implications of

these dynamics, the ex-ante present value of the market for a new buyer is estimated to be $412, while an

experienced buyer has a present value for the market of $8, 340. Aggregating over all buyers from this time

period and assuming a stable job arrival rate into the future, we find that the market generates surplus

to buyers totalling $30 million dollars in present value. Since the time of our data, online labor markets

have grown significantly, consistent with buyers, and providers, realizing gains from trade through these

markets.

We next turn to several results related to policy experiment counterfactuals that mimic different regula-

tory environments. In these counterfactuals, we distinguish between the static change in surplus conditional

on the set of jobs and applications that we observe in the data and the dynamic change in surplus after

allowing the rate of job postings to change. These changes arise through two potential channels: first,

fewer buyers gain experience, and, second, because job posting frequency responds to past average wage

bids, higher prices deter more intensive market use.6 After accounting for dynamics, we consider how the

present value of aggregate surplus would change for both buyers and providers under the counterfactuals.7

The first policy we evaluate is the introduction of an additional 10% tax paid by buyers when hiring any

provider on the platform. This policy is intended to capture how the introduction of payroll taxes, such

as the employer portion of Federal Insurance Contributions Act (FICA) contributions for W2 employees,

would impact the market. In this scenario, hiring rates on posted jobs fall by around 26%, the static value

of buyer surplus falls by around 24%, and the static value of provider surplus falls by 28% because fewer

jobs are filled. After accounting for dynamics related to the number of jobs posted, the present value of

provider surplus falls by about 50% and buyer surplus falls by 57% for experienced buyers and 69% for

inexperienced buyers. The large losses to providers and buyers are mostly due to the fact that the number

of jobs posted on the platform falls by 34% in the 30 months of the sample.

6Given that buyers are scarce relative to providers, the limiting factor for market size appears to be job openings rather
than provider applicants. Our baseline dynamics calculations focus on the buyer side of the market, while sensitivity checks
allow provider composition to respond to policy changes.

7The structure of the counterfactual analysis 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.
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The second policy we evaluate is the imposition of a wage floor of $7.00 per hour. In this scenario, even

those providers who would have otherwise bid above $7.00 increase their optimal bids to reflect reduced

low-price competition. Employers respond to the higher wage bids by hiring on posted jobs far less often,

while the number of jobs posted falls by 40%. Reductions in the present value of provider and buyer

surplus exceed 40% for all parties. The incidence of this surplus reduction is disproportionately borne by

the providers who submit low wage bids.

In both counterfactual scenarios, static surplus losses are magnified by reductions in the total number of

job postings. When we assume that job posting frequency is unrelated to past wage bids, surplus changes to

providers and buyers remain negative, but the magnitude of the dynamic surplus loss shrinks as future job

postings are less sensitive to market prices. An additional simulation allows for changes in the composition

of applicants, which is most relevant under the hourly wage floor. In this scenario, we replace applicants

whose observable characteristics are associated with wage bids below the wage floor with applicants whose

characteristics are consistent with wage bids above the wage floor. This change does little to offset the loss

in total surplus to providers. Overall, the counterfactuals suggest that attempts to redistribute surplus to

the supply side by increasing the costs of hiring would reduce the total surplus generated by the platform

and also reduce the surplus earned by each group of market participants.

The analysis described so far has only considered the loss of surplus from online opportunities, but it is

possible that implementing these policies would lead to substitution to offline alternatives, increasing offline

economic activity.8 At one extreme, if online contract work and traditional work were perfect substitutes,

increasing the price of online tasks would result in employment flows to local contract workers or W2

employees. At the other extreme, online labor markets may simply expand the set of tasks done by others

so that, in the absence of these work arrangements, a buyer would undertake the task him or herself or

would not do it at all.

Although our data do not reveal buyers’ alternative sources of labor—that is, their options outside

the platform—it is possible to infer whether platform use responds to regulations that impact offline labor

markets. If buyers considered online and offline sources of labor to be substitutes, we would expect changes

in the price of local offline labor, in the form of exogenous changes to offline minimum wages, to affect

online demand from locations with increases in the local minimum wage. To address this question, we

study how online transactions respond in US states that did and did not increase the minimum wage in

July of 2009, which is about half way through the time period we study. The July 2009 date corresponds

to the effective data of a US Federal minimum wage increase of 10.6% (to $7.25 per hour), which caused

8The literature on alternative work arrangements tends to assume implicitly that traditional and alternative arrangements
are considered to be substitutes by workers. For example, recent papers estimate workers’ preferences for flexibility versus
more rigid traditional jobs (Mas and Pallais, 2017; Datta, Giupponi, and Machin, 2018), comparing the costs and benefits of
each arrangement. There is little evidence on how buyers substitute between contract and traditional employment (or online
and offline labor) and how the costs and benefits of each compare.
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some states to raise their minimum wage at the same time as the Federal increase (even if the Federal

minimum did not bind) or to raise the effective minimum wage because the Federal minimum was binding.

We estimate difference-in-differences regressions of platform use for states that raised the minimum wage

compared to those that did not. We find no differential platform use when outside labor costs increase.

The number of jobs posted and the hiring rate rate for states with and without minimum wage increases

are no different for affected and unaffected states around the event date. There are also no differences in

the number of non-technical job postings or hiring rates, for which offline wages are more likely affected

by local minimum wages, or in specifications with buyer fixed effects.

The evidence shown here suggests the substitution elasticity between online and offline tasks is relatively

limited. The fact that online job postings fall in response to online hiring costs, hence, implies that the

“lost” postings would not be completed, rather than shifted to offline labor markets. The flexibility

the platform offers buyers appears to fit their heterogeneous and idiosyncractic needs, and the majority

of missing jobs in the counterfactual appear to be for one-off gigs or tasks that likely would not be

staffed offline. A large fraction of the job postings and accompanying surplus that are lost online in the

counterfactuals would therefore be net losses.

Our work is related to a growing literature about the foundations of the gig economy and the new work

arrangements that it allows. Despite the ongoing debate about how to measure the number of workers in

the gig economy (Katz and Krueger, 2019; Collins, Garin, Jackson, Koustas, and Payne, 2020), relatively

little is known about the surplus generated from these work arrangements or how surplus is distributed

among market participants. The closest work focuses on ridesharing, where recent papers quantify demand

and supply (Hall, Horton, and Knoepfle, 2021), analyze changes in surplus from surge pricing (Castillo,

2020), and assess offline benefits (Gorback, 2020) and the value of flexibility to drivers (Chen, Rossi,

Chevalier, and Oehlsen, 2019). More general labor economics research underscores how different workers

have heterogeneous demands for different working arrangements, including flexibility, which can influence

job choice (Mas and Pallais (2017)).

In the public discourse about the degree of surplus generated for the supply side by the online platform

economy, a core feature of many curated markets is that the platform itself can greatly influence who

receives value from transactions and who instead may be nearly indifferent between participating or not.9

Some common themes that emerge from the literature on online labor markets include that there are many

more suppliers than buyers, that contracting flows are predictable, and that information frictions can be

significant in these markets (Pallais, 2014; Agrawal, Horton, Lacetera, and Lyons, 2015; Horton, Kerr, and

Stanton, 2017; Kässi and Lehdonvirta, 2018). Our paper is among the first to examine how these features

interact to explain how surplus is distributed among market participants when pricing is decentralized

9See Jin, Kominers, and Shroff (2021).
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rather than set by a platform.

Although the alternative work settings where contractors set their own prices are currently outside the

remit of recent regulation, proposed extensions would apply to this part of the gig economy. Our work

is thus related to studies that examine the welfare consequence of labor market regulation by considering

a range of employer response margins (Clemens, Kahn, and Meer (2018)). One such paper is Horton

(2017b), who studies hiring choices in an online labor market under a $3 wage floor. His experiment

was carefully designed to measure quantity responses to higher wages conditional on job posting and on

applicant composition, which he was able to do because the treatment was a surprise to buyers after a job

posting went live. In contrast, our study combines data on buyers’ job posting decisions over time as well

as their hiring decisions in order to explore how buyers’ past experience affects their future actions.

Considering the estimated surplus losses shown in the regulatory counterfactuals and together with the

limited substitutability to offline workers, our estimates suggest that policies designed to help workers will

instead raise the cost of online hiring and will likely fail to meaningfully redistribute economic surplus to

either online providers or to offline workers. This conclusion reflects the facts that providers are able to

extract surplus when hired, and that the task-based, or gig, nature of labor demand implies that increases

in hiring costs shrink future market size significantly.

The rest of the paper proceeds as follows. Section 2 describes the data and presents descriptive statis-

tics that guide our modeling choices. Section 3 presents the model of hiring probability, job-posting

frequency, the provider’s bidding problem, model identification, estimation, and surplus calculations. Sec-

tion 4 presents the estimation results and the calculations of buyer and provider surplus. Section 5 is the

counterfactual analysis. Section 6 examines online-offline wage elasticities. Section 7 concludes.

2 The Setting, Data, and Descriptive Statistics

2.1 Empirical Setting

The labor market studied in this paper is an online platform that allows buyers to contract with remote

providers who sell labor services. The platform facilitates search and matching, remote task management,

and payments. Job types vary, but a key feature is that they include tasks for which the output can be

delivered electronically. The most frequently observed task categories during the time period studied are

Web Development and Administrative Support. Job postings tend to be short-term spot transactions, and

the typical job requires 17 hours of work per week, with 58% of postings lasting less than three months.

Filled jobs average around 75 total hours worked. 89% of the transactions in the market span international

borders, with the provider typically located in the lower-wage country.10

10See 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, especially between different countries, in these markets. This
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To purchase online labor services, a buyer first needs to create an account on the platform. She must

then post a job, which requires selecting the task’s work category and its expected duration, giving the job

a title, and describing the work to be done and required skills. Once the posting is live, potential applicants

learn about it by searching on the site or through email notifications about new jobs. Like the example in

Figure 1, the postings contain information about the buyer and the job that providers can observe before

applying.

Interested providers submit applications to an opening, bidding an hourly wage to work on the specific

task. Buyers also have the option of searching provider profiles directly and inviting applications. Provider

profiles contain information about their skills, education, prior offline work experience, and experience

on the platform. Providers are located worldwide, and the profiles of those with prior experience on the

platform include summary feedback scores received from past work.

After receiving applications and inviting providers to apply, buyers can request interviews with any

number of candidates for the job. During the time period studied, if the applicant agreed to an interview,

it would usually take place via an off-platform messaging or conferencing system.11 A buyer may choose

to hire a provider with or without interviewing her first.

After hiring a provider for the posting, the buyer can monitor work via software provided by the

platform, and the platform also manages all payments for completed work. When a task is complete, the

buyer is asked for feedback about the provider and about whether the task was completed successfully.

The provider is also asked for feedback about the buyer. The platform guarantees providers are paid for

the hours billed and so payments and payment risk are unrelated to buyer reputation or experience.

The data used in this paper are administrative data obtained from the platform. Crucially, for incor-

porating buyer dynamics in the model, every buyer’s posting-specific hiring process is observed in each of

her earlier successive postings. For each vacancy, the data contain information about the entire applicant

pool; which candidate, if any, is hired; and the feedback and success measures that the buyer leaves for

the hired provider, and vice versa.

2.2 Descriptive Statistics

The data cover the 30 months from January 2008 to June 2010. During this time, 67, 292 potential buyers

posted 169, 578 jobs, and received more than 4.4 million applications. There are nine task categories in the

data. Web Development, the largest category, makes up 40% of all job postings; Software Development, the

market has similar features and characteristics to other prominent platforms. Most papers about online labor markets focus
on workers’ careers (Agrawal, Lacetera, and Lyons, 2016; Lyons, 2017; Ghani, Kerr, and Stanton, 2014; Pallais, 2014; Stanton
and Thomas, 2016). The main exceptions are Horton (2017a) and Horton (2017b), which examine matching under different
platform policies. See Stanton and Thomas (2020) for a discussion on the evolution of these markets over time.

11The data record interview requests and the applicant’s response to the request. Whether an interview actually occurs is
not recorded in the data.
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next largest technical category, makes up 9%. Administrative Support is the largest non-technical category,

with 15% of total postings.12 The sample includes all job postings for hourly-billed work after filtering for

spam job postings, which are defined as those where the buyer sent over 60 interview requests. Any job

that was later declared to have been posted by mistake was also excluded. We also drop applications that

buyers themselves flag as obvious spam.

Table 1 displays descriptive statistics about buyers. The first three rows show that most buyers in

the data are from the US, while 75% are located in G10 countries with high levels of income per capita.

Buyers range from private individuals and those working at small firms, to the occasional buyer who hires

on behalf of a large enterprise. Providers observe the country where the buyer is located and her past

platform activity when applying, as displayed in Figure 1.13 Only 6% of buyers are located in India or the

Philippines, which are two of the largest source countries for providers. The majority of buyers post their

first job in a technical job category.

The average buyer posts 2.52 jobs during the 30 months of data, but the standard deviation is large.

That is, there is shows substantial heterogeneity in buyer engagement with the platform. Later, our model

will attempt to distinguish between whether differences in engagement arise from innate type heterogeneity

or from different experiences while hiring. This distinction is relevant for understanding how transaction

volumes would change under different counterfactuals.

Table 2 presents descriptive statistics at the job posting level. Column 1 includes all postings, while

subsequent columns condition on buyers’ prior hiring experience. The first row displays the number of

months between job postings and is right-censored at the end of the data period. Buyers post an opening

every 1.15 months, on average. Average lags between job postings are shorter for experienced buyers, since

those with no prior hires post every 1.53 months and those with three or more prior hires post jobs every

0.67 months on average.

Postings receive an average of 26 applications, and this ranges from an average of 24 applications for

inexperienced buyers to 30 applicants for those with three or more hires. Applicant characteristics other

than wage bids vary little with buyer experience. Across all jobs, only 11% of applicants are based in the

US. Around 34% have good feedback scores from past work. The mean hourly wage bid is $10.88, but

bids are higher for those without experience (averaging $11.28 per hour) and lower for highly experienced

buyers (averaging $10.31 per hour). This suggests that similar providers submit lower hourly wage bids to

the jobs posted by experienced buyers. Later we will explore whether this is because providers face lower

costs when working for these buyers or because their wage bids include lower markups over their costs of

12Other task categories are, in order of frequency: Sales and Marketing, Writing and Translation, Design and Multimedia,
Networking and Information Systems, Business Services, and Customer Service.

13Specifically, they observe any feedback that the buyer has received from previous hires, as well as the number of past hires
she has made and the total hours billed.
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providing services.

In order to provide some context for counterfactual imposing a $7.00 per hour price floor, we note that

around one third of applicants to the typical posting submit an hourly wage bid of less than $7.00 per

hour. This statistic is relevant because in July 2009, around the middle of the time period studied, the

Federal minimum wage increased from $6.55 to $7.25 per hour. While this minimum wage did not apply

to online work, and providers were free to submit any non-zero hourly wage bid throughout our sample,

in the counterfactual analysis, we simulate the impact on equilibrium wage bids of a minimum wage bid

threshold of $7.00 to investigate the impact of such a wage floor on platform surplus.

The final row of Table 2 shows that an average of 21% of posted openings are filled on the platform,

and job fill rates for buyers with past hiring experience. The next section will consider buyers’ hiring

decisions more formally. However, a preliminary look at the data shows that hiring the provider who

submits the lowest hourly bid is relatively rare. Figure A.1 in the Appendix shows the distribution of the

wage bid decile within each posting of the provider who was ultimately hired. Only around 20% of hired

providers come from the lowest bid decile for the opening. As a result, it will be important to account for

characteristic differences across providers and other sources of perceived differentiation.

The descriptive statistics illustrate that a relatively small number of buyers generate a disproportion-

ately large share of total platform volume, both by posting jobs more often and being more likely to hire

on those postings. In seeking to quantify the magnitude of the platform’s surplus and its distribution, it is

therefore important to understand how buyers make posting and hiring decisions at each experience level,

as well as the dynamics relating to their gaining experience. The following section models these processes.

3 A Model of the Demand and Supply of Online Labor Services

3.1 Demand: Hiring Decisions for Posted Jobs

On a job opening, denoted o, a buyer with heterogeneous type k and prior experience with hiring χ ∈ {0, 1}

evaluates applicants based on their characteristics relative to their wage bids. The buyer’s indirect utility

from hiring provider j is:

ukχoj =
exp (Xoχjβkχ + µkχ + εoj)

(wχoj)
αχ , (1)

where Xoχj contains observable provider and job posting characteristics.14 βkχ is a vector of buyer type-

and experience-specific preferences for provider characteristics. The term εoj is an idiosyncratic utility

shock for provider j that is assumed to be drawn from a location and scale normalized type-1 extreme

value distribution. The other parameter in the numerator of the buyer’s indirect utility, µkχ, captures the

14The vector Xoj includes many of the details observable in a provider’s profile that are shown to be relevant to hiring
decisions in Barach and Horton (2017), including feedback score, country, past hours worked, and past compensation history.
Job categories and expected duration are among the characteristics included for postings.

10



value that a buyer of type k with experience χ gains from hiring any provider on the platform relative to

their normalized outside option. The denominator contains provider j’s job-specific wage bid, wχoj , which

is made after observing the job posting, buyer experience, and possibly signals of buyer type. The term

αχ measures buyers’ experience-specific wage disutility.15 The possibility that providers tailor their wage

bids to particular openings or types of buyers necessitates an instrumental variables strategy, which we

describe in Section 3.4.

The buyer’s decision problem is to choose the best applicant out of the set of applicants for opening

o, denoted Jo, or to choose not to hire on the platform.16 If the buyer chooses not to hire, she receives

indirect utility exp(εo0), where εo0 is another idiosyncratic type-1 extreme value shock. The payoff from

the outside option excludes the term µkχ.

Because the buyer is looking for a single provider, if she chooses to hire, she selects the provider who

creates the highest utility per unit of wage. The option of not hiring means the best provider’s ratio of

quality to wage must be greater than the value of the off-platform option, denoted option zero, for the

buyer to make a hire. The buyer’s objective function is then:

max
j∈{Jo,0}

{
max
j∈{Jo}

exp (Xoχjβkχ + µkχ + εoj)

(wχoj)
αχ , exp (εo0)

}
.

Taking logs of the buyer’s objective function yields an inequality stating that provider j is hired by buyer

of type k with experience χ when

Xoχjβkχ + µkχ + εoj − αχ log (wχoj) ≥ Xoχlβkχ + µkχ + εol − αχ log (wχol) (2)

for all l ∈ {Jo, 0}. Note that the right-hand-side in inequality (2) contains only the term εo0 when comparing

applicant j to the outside option.

Conditional on µkχ and the error structure, the probability that provider j is the preferred choice,

pkχoj , takes a conditional logit form,

pkχoj =
exp (Xoχjβkχ + µkχ − αχ log (wχoj))(

1 + ΣJo
j exp (Xoχjβkχ + µkχ − αχ log (wχoj))

) . (3)

Because µkχ shifts the buyer’s value of hiring any provider on the platform, this term does not alter how

15Allowing the parameters to have a more general dependence on buyers’ type, including allowing wage disutility αχ to vary
with k, does little for model fit.

16Providers are assumed to be available when they initiate an application. This assumption requires only that the probability
that a provider will receive two offers over a short time interval is small. Although declined job offers cannot be distinguished
in the data, only 0.6% of the provider days in the sample have more than two interview requests. A post-candidacy survey also
asks buyers for reasons particular providers were not hired and asks providers their reasons for exiting the active candidate
set. In the few cases where buyers or providers explicitly report a realized scheduling conflict or where providers refuse invited
applications, the application is excluded from the sample.
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the buyer ranks applicants for a given job posting except relative to the outside option. It does, however,

relax the independence of irrelevant alternatives, or IIA, assumption in standard conditional logit models,

allowing for different substitution patterns between the no-hire option and the available candidates in the

choice set.

Identification is intuitive conditional on buyer type k and experience. If a buyer’s type were fully

observable, variation in wages, applicant characteristics, and hiring decisions would identify the parameters,

up to location and scale. However, because each buyer’s type is unobserved, only the population distribution

of types can be identified overall. This population distribution is identified up to the random utility

assumptions by buyers who take different actions in the face of similar choice sets. For example, if some

buyers repeatedly hire when faced with low-quality applicants who submit high bids, whereas other buyers

do not hire when high-quality providers with low bids are available, the estimated population distribution

of µ types would have a wide dispersion in valuations.

From the population distribution, we calculate individual buyers’ posterior type probabilities via Bayes’

rule. Individual posterior types put more weight on the lowest type if a buyer does not hire with attractive

choice sets, while a buyer who repeatedly hires despite having poor alternatives would have a posterior

reflecting a high type.

3.2 Demand: Extensive Margin Job Postings

So far we have focused only on the static hiring choice problem, but the full model also accounts for the

extensive margin decision to post a job as a function of buyer type and past transaction history. This

is because understanding how changes in market institutions alter the total surplus available requires a

specification that is versatile enough to capture differences in demand arising from (i) changes in the

underlying parameters describing how buyers assess providers at different experience levels, and (ii) buyer

selection in or out of the market at different experience levels. This requirement motivates an estimation

approach allowing the buyers who return to the market at different levels of experience to be a non-random

sample from the population distribution of types. This flexibility will help to match patterns from Table

2, where the distribution of buyer job posting frequency is related to buyer platform experience. Table 2

also suggests that there is a thick tail of postings coming from a small number of buyers.

We accomplish these goals by specifying a job posting arrival rate as a stochastic process that is allowed

to depend on a buyer’s history of market use and type k. Postings are modeled as an exponential arrival

process, λkχ, that depends on buyer type, past hiring experience, and the past wage bids the buyer has

observed for a particular type of job. Allowing the job posting process to vary with buyer type k captures

non-random selection into using the market or into posting jobs frequently.

To consider how changes in hiring costs affect market use, the job posting process is allowed to depend
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on the wage bids encountered on past job posts. This dependency could arise if the bids received in the

past shaped expectations about future bids and buyers’ decisions to post future jobs depended, in turn,

on expected bids. The dependency of future job posting rates on past wage bids is modeled in reduced

form, using variation in market-level average log wage bids at the time of past job posts. This is to guard

against idiosyncratic or buyer-specific unobservables from biasing this estimated relationship. Specifically,

we define ˜log(woj) = 1
O−1ΣO−1

1 (log(wo,t,Category) − tCategory − 1Category) as the average log wage residual

for each buyer on all prior openings 1 to O − 1 after de-trending monthly log wage bid averages for each

job category. Buyers who post jobs in time periods where wages are relatively high (compared to trend)

will have higher individual values of ˜log(woj).

The job posting arrival process λkχ is specified as follows:

λkχ = δ1k + δ21(χ > 0) + δ3 ˜log(woj). (4)

The vector δ1k contains buyer type-specific constants. The other two terms reflect buyer hiring experience

and the previous wage bids received. The parameters δ2 and δ3 are common across all buyer types and

shift the mean hazard for experienced buyers. Buyers posting their first job have not received any prior

wage bids, have no experience, and their waiting time is undefined. The arrival rate for new buyers is

therefore not modeled.

3.3 Supply: Provider Wage Bids

Provider bidding is modeled using tools for analyzing heterogeneous products competition with local market

power. Wage bids are characterized as optimal functions of providers’ costs and the application-specific

demand elasticity in a Bertrand-Nash oligopoly. Provider j’s cost, cχoj , captures her outside option and her

expected costs of applying to and/or being hired for the job opening o posted by a buyer with experience

level χ. Thus, cχoj captures both the opportunity cost of work through the provider’s alternative use of

time and the direct cost of applying to a job. When choosing the wage bid, the provider’s objective function

takes this cost into account along with the hiring probability.17 Her wage bid also takes into account the

ad-valorem fees retained by the platform, τ .

The provider chooses the wage bid, wχoj , that maximizes

pχoj︸︷︷︸
Pr(hired)

× exp (logwχoj − log(1 + τ))︸ ︷︷ ︸
Post−fee wage

+ (1− pχoj)× cχoj︸︷︷︸
Cost

, (5)

17In our setting, the wage bid is the provider’s only strategic variable. The fit between the buyer or job and the worker
is assumed to be unknown at the time of application. This differs from the broader model of quality and price choice in
monopolistic competition with experience goods in Riordan (1986).
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where logwχoj is the log of the wage bid that would be paid by the buyer, meaning it is inclusive of τ . If

she is hired, provider j receives the wage
wχoj
(1+τ) = exp (logwχoj − log(1 + τ)) and the buyer pays wχoj . If

provider j is not hired, she receives cχj , her “net” outside option.18 The provider’s first order condition is

given by
∂pχoj

∂ logwχoj

(
wχoj

(1 + τ)
− cχoj

)
+ pχoj

wχoj
(1 + τ)

= 0. (6)

Taking the first order condition in equation (6) for each applicant to a job opening and forming a system of

equations characterizes Bertrand-Nash equilibrium bids. For an individual provider, note that the elasticity

in equation (6) is a function of other applicants’ bids. Solving for provider j’s optimal wage bid yields

w∗χoj = cχoj (1 + τ)

(
1 + pχoj/

∂pχoj
∂ logwχoj

)−1
. (7)

The bid is hence determined by three objects: cχoj (1 + τ), the provider’s costs and the ad-valorem plat-

form fee; pχoj , the buyer’s hiring probability as a function of the bid; and
∂pχoj

∂ logwχoj
, the semi-elasticity of the

provider’s job-specific probability of being hired with respect to the wage bid. The term
(

1 + pχoj/
∂pχoj

∂ logwχoj

)−1
is the markup over the provider’s job-specific costs. The bid equation can also be rearranged to give provider

j’s job-specific costs,

cχoj =
wχoj

(1 + τ)

(
1 + pχoj/

∂pχoj
∂ logwχoj

)
, (8)

which shows how having an estimate of pχoj and
∂pχoj

∂ logwχoj
, together with the observed bids and platform

fees, yields applicant-job-specific estimates of costs and markups. Section 3.6 details how these objects are

used to calculate provider surplus.

3.4 Instruments and Identification of Hiring Probabilities

Job applications potentially contain unobserved characteristics that may be correlated with providers’

wage bids. We account for potential correlation of the error and wage bids with an instrumental variables

strategy. The first instrument is based on the notion that wage bids are determined in part by provider

costs, including the opportunity cost of online work, as shown in equation (7). We use changes in the

dollar-to-local-currency exchange rate for a provider’s country as an exogenous opportunity cost shifter.

Providers are paid in their local currency for offline work, but they are paid in US dollars for their work on

the platform. Hence, frictions limiting exchange rate pass-through to local wages mean offline opportunities

are likely to adjust to exchange rates more slowly than online transactions.19 When the local currency

18The objective could alternatively be written: maxlogwχoj pχoj × exp (logwχoj − log(1 + τ) − cχoHj) + [1 − pχoj ] × cχOj ,
where cχoHj is a cost from on-the-job work associated with being hired for job o, and cχOj is the outside wage for provider j.
The first order condition in this case makes clear that only cχoj = cχoHj + cχOj can be identified.

19This potential source of variation was revealed in conversations with buyers who mentioned the frequency with which
exchange rate calculators appear in the screenshots taken by the platform’s monitoring software.
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appreciates relative to the dollar, so that one dollar earned on the site provides fewer local currency units,

applicants’ wage bids are predicted to increase.

Figure 2 focuses on India, the largest non-US provider source country, to illustrate the time-series

variation in mean residual log wage bids and exchange rates that underpins this instrumental variables

approach. The blue squares represent the median residual log wage bid, net of job category fixed effects, for

applicants located in India. The red circles display the normalized log US dollar to Indian rupee exchange

rate.20 The mean bid and exchange rate time series move together.

Although exchange rate movements are plausibly exogenous to demand on the platform, applicants

based in the US or living in countries with dollar-pegged exchange rates do not face any cost shocks from

this instrument. This does not pose a problem for comparisons between applicants, because others will have

exchange rate variation, shifting relative bids, but it leaves these applicants’ wage bids with no variation

relative to the buyer’s outside option of not hiring.

We therefore use a second instrument that is relevant to all providers, including those with dollar or

dollar-pegged local currencies. This instrument captures variation in the intensity of competition that

applicants face for an individual job posting, which affects the optimal mark up included in the bid, as

shown in equation (7). The ideal variation would alter the extent of perceived competition from other

providers, embodied by situations in which, for example, a subset of potential applicants randomly lost

internet access and this supply shock was observable to providers who remained available. The instrument

we construct is based on a similar idea because it exploits the fact that providers can observe the count of

other applications to each job posting at each point in time, which, for an individual bid decision, allows

providers to evaluate the extent of competition across a portfolio of job openings and to tailor their bid

accordingly. On part of the exclusion restriction for this instrument entails an assumption that buyers

do not base their job posting decisions on the thickness of the market or on how many providers are

competing. Because buyers and providers view the site through different entry points and have different

user experiences, such that buyers tend to see provider profiles rather than other job posts or statistics

about application rates to competing jobs, this part of the exclusion restriction seems reasonable.

We calculate the instrument using the log of the leave-own-opening-out average of the number of

applications in the first 24 hours since posting for all other jobs posted in the same job category that

week. While the instrument captures aggregate competition, the exclusion restriction is vulnerable to

demand shocks that affect market conditions or the intertemporal mix of providers who supply labor. To

mitigate this potential violation of the identifying assumptions, we net out job category and time fixed

effects from the instrument so that these sources of variation are not used in estimating the first stage

relationship. The residuals after removing these fixed effects capture competition differences across job

20To control for secular trends and level differences in local exchange rates across countries, the exchange-rate series is
normalized and de-trended.
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categories in the same week while holding fixed the average competition in the category over time and the

average competition across all job categories during the week in question. Later, for both instruments, we

test how the first stage relationship and the model parameters change when we control for the number of

applications an individual provider submits in a given month. We find that this control, which proxies for

exclusion restriction violations on the supply side, does little to alter the estimates.21

To make use of the variation in bids induced by the instruments, we utilize Petrin and Train’s (2010)

control function approach, including the two instruments, Zoj , and provider characteristics, Xoj , in a first

stage regression of the form

log(wχoj) = γ0 + Zojγ1 + Zoj × 1(χ > 0)γ2 +Xojβ1 +Xoj × 1(χ > 0)β2 + νoj . (9)

The notation in equation (9) makes clear that separate interactions are estimated for jobs posted by buyers

who have no hiring experience and by those who have made prior hires (χ > 0).22

Table 3 shows that both instruments have a substantive and statistically significant effect on applicants’

bids, with the effects in the expected direction. Log bids increase when the local currency appreciates (i.e.

when the log dollar-to-local-currency exchange rate increases) and log bids decrease when the log number of

applicants to similar jobs increases. The first two rows in each column present the coefficient estimates for

all buyers. Columns 1 and 2 contain the instruments alone, without experienced buyer interactions. The

second two rows in columns 3 and 4 present interaction terms between the instruments and an indicator

that the buyer is experienced (has hired at least once). These interaction terms are small and insignificant.

Two F-statistics based on different levels of clustering are reported to assess the strength of the instruments.

The first captures variation at the job opening level, which is the relevant source of variation compared to

the buyer’s off-platform option. The second clustering level is at the provider level, which would account

for within-provider correlation in when applications are submitted and wages are bid. In each case, the

21One potential exclusion restriction violation is that the instruments change the mix of providers available. In related
analysis, Horton (2021) finds that the collapse of the Russian ruble (outside of our sample period) drove large changes in the
quantity 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.

22 The first-stage regression in equation (9) is a transformation of the optimal bid equation, equation (7), derived by
mapping local-currency-denominated opportunity costs to dollar-denominated bids. Assume that cχoj is denominated in the
local currency, whereas the bids that buyers observe are denominated in dollars. Costs in the local currency must be translated

into dollars when submitting bids, so the provider’s optimal bid becomes w∗
χoj = cχoj

(
D
L

)θ
(1 + τ)

(
1 + pχoj/

dpχoj
d logwχoj

)−1

,

where (D
L

) is the dollar-to-local-currency exchange rate and the parameter θ captures possible reasons for deviations from
complete pass through. These reasons include include the following: (i) some part of a provider’s opportunity cost reflects
transactions denominated in dollars rather than in the local currency, which may occur if the possibility of receiving an
alternative wage comes from searching online; (ii) part of a provider’s consumption may become cheaper through imports;
and (iii) the incidence of exchange rate variation is split between providers and buyers. Taking logs of this optimal bid yields
the first-stage regression:

log (wχoj) = θ log

(
D

L

)
+ log (cχoj) + log (1 + τ) − log

(
1 + pχoj/

∂pχoj
∂ logwχoj

)
.
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instruments are strongly jointly significant.

As mentioned previously, an additional concern is that the instruments may influence the composition

of workers who apply. For example, an appreciation of a local exchange rate may lead a selected group

of potential applicants to seek work elsewhere. The second and fourth columns of Table 3 show the first

stage results when including the number of applications made by the provider in the relevant month as a

control variable. If a non-random subset of applicants increase or decrease their applications in response to

exchange rate and competition variation, including this control will absorb some of the variation in wage

bids that arises because of the instruments. The parameter estimate on the competition instrument is

nearly identical with and without this control, while the estimate on the exchange rate instrument declines

roughly ten percent, from 0.087 to 0.077. Overall, the similarity of estimates suggests that extensive-

margin provider sorting is unlikely to affect inference about wage bids, and hence markups and surplus.

We later demonstrate that including this control in the choice model does little to alter our conclusions

about surplus.

3.5 Estimation

We estimate the model by maximizing the likelihood of the observed sequences of buyer job posting and

hiring decisions. The step-by-step estimation approach is as follows: First, we calculate the residuals from

equation (9) to form control functions that account for unobserved provider quality, denoted CFχoj = ν̂χoj .

Second, we calculate choice probabilities conditional on a value of the unobserved type k, as in equation

(3), while including CFχoj , which take the form:

pkχoj =
exp (Xojβkχ + µkχ − αχ log (wχoj) + ψχCFχoj)(

1 + ΣJo
j exp (Xojβkχ + µkχ − αχ log (wχoj) + ψχCFχoj)

) . (10)

Third, we assume there are K = 3 three distinct types, and for each type, the parameters can vary

with experience. These parameters are estimated along with the overall share of buyers of each type k, ρk.

We then form the likelihood conditional on buyer type k, which is defined over sequences of buyer

choices across different job postings, as:

Lk = Πo(Σoj(pkχoj)
yo=j)(λkχexp(−λkχt))o∈(2,O)(exp(−λkχT ))o=O. (11)

The term Σoj(pkχoj)
yo=j in equation (11) is the conditional choice probability for the provider selected on

posting o after accounting for all of the possible alternatives j in the summation operator. λkχexp(−λkχt))o∈(2,O)

is the density of a random variable with exponential distribution and parameter λχk that captures the prob-

ability of waiting t months to post job o from the time when the previous job, o − 1, was posted. The

first posting for every buyer, opening 1, does not have a lag between openings, while the last posting must
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account for the fact that the data are right censored by the end of the time period studied. The final term,

exp(−λkχT ))o=O, accounts for right censoring of the last posting in June 2010, which is the last month in

the data. Each of these components for the arrival process is computed at the job opening level, and the

product over openings o—that is, over the sequence of choice probabilities and densities of posting times

for the buyer—is then calculated. Finally, because type k is not observed, the marginal likelihood is the

type-weighted sum over the likelihoods for different buyer types:23

L = Σ3
k=1ρkLk (12)

3.6 Buyer and Provider Surplus

Estimation yields parameters of the buyer’s indirect utility function given in equation (3) and the job

posting arrival process given in equation (4), as well as the share of buyer types, ρk, which can be used

with the arrival process to recover type shares by buyer experience. The elasticity estimates enable inference

of provider-job-specific costs, based on equation (8). With these objects, the total gains from trade and

the division of surplus between buyers and providers can be calculated.

3.6.1 Buyer Surplus

Buyer surplus on a given job opening is given by integrating over the product of quantities (hiring probabil-

ities) and prices (wages paid) starting from the base wage observed, w0. A buyer of type k with experience

χ has per-opening surplus for each hour of work given by:

Surpluskχ =

∫ ∞
w0

Σoj(poj(w)|k)× (w − w0)dw. (13)

In this expression, the probability of hiring each applicant, given applicant characteristics, at small wage

bid intervals dw, is computed conditional on the buyer being type k. This expression makes clear that if

poj(w) changes little with wages (i.e. demand is very inelastic), buyers enjoy substantial surplus because

they would be willing to pay amounts in excess of w0. If instead demand across all providers (because

of the summation) is relatively elastic, buyer surplus on an opening is lower. Estimates of type-specific

opening surplus are weighted by the posterior distribution of buyer types, recovered by Bayes’ rule, to give

total surplus of Σρ̂kSurpluskχ.24

To aggregate expected surplus across multiple job openings for an individual buyer requires treating

inexperienced and experienced buyers slightly differently. For those that are experienced, the present

23For further details, see Train (2009).

24We compute the posterior types for each buyer as ρ̂k = ρkLk
ΣkρkLk

.
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discounted value of buyer surplus is

VkE = λkE × SurpluskE ×HourskE/r (14)

where λkE is the job-posting arrival rate for an experienced buyer of type k, SurpluskE is the average

hourly surplus for an experienced buyer of type k multiplied by the average number of hours per opening,

and r is the interest rate, which we set to 8.7% annually or 0.16% weekly. This says that the present value

of the market for experienced buyers is equal to the arrival rate of postings per period multiplied by the

expected surplus conditional on a posting, discounting the future surplus using rate r.

The present value for inexperienced buyers is similar but must account for the transition to becoming

experienced. The value function for an inexperienced buyer is composed of a term that contains a transition

to the experienced buyer value function upon hiring and a term that takes the inexperienced buyer value

function forward upon a failure to hire. This can be written as:

VkI = Pr(Hire|I, k)× (SurpluskIHourskI +
1

1 + r
VkE) + (1− Pr(Hire|I, k))

1

1 + r
λkIVkI ,

which after rearranging gives:

VkI =
Pr(Hire|I, k)× (SurpluskI ×HourskI + 1

1+rVkE)

1− 1
1+r (1− Pr(Hire|kI))λkI

. (15)

The numerator contains the probability of hiring while inexperienced. Upon hiring, the buyer receives the

surplus on a given job and the discounted continuation value of transitioning to becoming experienced,

which is given in equation (14). The denominator accounts for the fact that buyers who do not hire return

in the future based on the arrival rate for inexperienced employers, given by λkI in equation (4).

3.6.2 Provider Surplus

The surplus for providers who are hired is the difference between their wage bid and estimated cost, that

is, their markup, which is given by the difference between equations (7) and (8). For applicants to a

job, the surplus if hired is multiplied by the probability of being hired for the job, given in equation (3).

These estimates measure the expected surplus from applying to the job, per hour and per job, and can

be aggregated across all applicants j ∈ Jo and multiplied by the number of hours to find the expected

provider surplus at the job posting level. In an imperfectly competitive market, the amount of provider

surplus upon hiring, the expected surplus from applying, and the expected provider surplus at the job

posting level, can differ based on the the level of buyer experience in the market, as buyer segments may

have different elasticities. We thus present estimates separately for inexperienced and experienced buyers.
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Although providers are not tracked over time in the model, the present value of surplus to all providers

can be measured by finding the discounted present value of expected surplus per job posting over all of

the postings on the platform. This is given by:

ΣoI

(
Hourso

1 + r
Σj∈JopIoj × (wIoj − cIoj)

)
+ ΣoE

(
Hourso

1 + r
Σj∈JopEoj × (wEoj − cEoj)

)
, (16)

where each summation is over all openings observed in the 30 months of data for buyers with different

experience levels, I and E.

4 Results

4.1 Demand Parameters, Arrival Rates, and Type Shares

Table 4 presents the estimates of the key parameters governing buyer demand. Appendix Table A.2 shows

the sensitivity of the estimated parameters when we add controls for provider applications. Because of the

similarity of results, we focus on the estimates in Table 4. The estimated distribution of the three buyer

types k is shown in panel A. There is an uneven mix. 80% of buyers are grouped together as Type 1, just

over 17% are Type 3, and less than 3% are Type 2. Engagement with the platform varies significantly

between these three types, as will be seen shortly.

Table 4 panel B shows some of the estimated applicant-specific choice parameters from equation (1)

that govern buyers’ indirect utility. The log bid coefficient is the estimated αχ coefficient. This parameter

is the disutility associated with higher wage bids, and the estimate is negative and significant, as expected.

Column 4 shows how this disutility changes after the buyer has hiring experience. The coefficient is an

additive interaction term with an indicator for buyer experience. These results do not have separate buyer

type interactions with the α parameter, as these additions do little for model fit.

The other rows of panel B show how the constant term in equation (1) varies by buyer type and hiring

experience. The term labeled constant is the value of µ, and can be interpreted as the baseline value

for hiring on the platform relative to the outside option in the utility function. The coefficients shown

under the Type 2 and Type 3 columns are additive interaction terms relative to the Type 1 baseline. The

estimates under the row labeled Experienced Constant Shift indicate that the relative utility of hiring on

the platform changes differently across buyer types as they gain experience. For Type 1 buyers, experience

increases their average relative value for hiring on the platform by 2.6 on top of a baseline value while

inexperienced of 2.1. Experience increases the average value for Types 2 and 3 by an additional 0.23 and

0.17, respectively. This variation across types implies that the hiring responsiveness to increased hiring

costs in the counterfactuals will depend on the distribution of buyer types posting vacancies over time.
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Estimates of other parameters in the vector βkχ estimates are presented in Appendix Table A.1.25

Panel C of Table 4 presents the estimates for the parameters in equation (4) that determine the

frequency of job posting. Column 1 shows the estimate of δ1 for inexperienced Type 1 buyers. Taking

the exponent of the −3.674 coefficient gives the number of jobs posted on average in a month for these

buyers, which is just below 0.03. The Type 2 and 3 interactions indicate that these buyers post jobs much

more often. That is, they are much more likely to come back to the market, even in the absence of hiring.

Adding these values to the term from column 1 in the exponent gives that Type 3s post 0.22 vacancies a

month and Types 2s post 1.13 vacancies a month while inexperienced.

Panel C, column 4 gives the average increase in posting frequency from gaining hiring experience—the

δ2 estimate—which is positive and significant at 1.077. Including this term and exponentiating to deliver

monthly average job posting frequency yields large increases in job postings for each type once they have

prior hiring experience, to 0.07, 0.63, and 3.33 jobs per month on average for experienced Type 1, 3, and

2 buyers, respectively.

The second row of Panel C is the estimated coefficient for δ3 in equation (4), allowing the job posting

frequency to respond to variation in bids received on past postings. Recall from Section 3.2 that the bid

variation used to estimate how the arrival rate depends on past bids utilizes deviations in log bids net of

job category fixed effects and a time trend. The average bid deviation is zero and the standard deviation

in the data is 0.04. The negative coefficient of −1.112 indicates that a one standard deviation increase in

idiosyncratic bids would reduce posting rates by about 4.3%. Doubling bids approximately outweighs the

increases in posting frequency that come from gaining hiring experience.

Overall, experience appears to be an important factor in determining platform use on the extensive

margin, but buyer type heterogeneity also matters quite a lot. Eighty percent of buyers are relatively

infrequent posters at baseline, whereas the remaining 20% are more likely to post and, consequently, are

more likely to gain experience, magnifying posting differences across types. Panel D of Table 4 shows

that, as a result, while Type 1 buyers are estimated to be 80 percent of the overall registered market

users, they only account for 26% of the jobs posted by experienced buyers. Despite representing only 2.7%

of unique buyers, Type 2 buyers post 28% of the jobs among experienced buyers. This heterogeneity in

platform use suggests that small changes in surplus for the subset of very active buyers may have significant

consequences for market volume.

25Table A.1 shows the general pattern in comparing column 1 with columns 3 and 4 of the estimates is that for the applicant
characteristics that appear either positively or negatively in Type 1’s hiring probability function, Type 2 and Type 3’s hiring
decisions tend to respond less to variation in these characteristics. For example, Type 1 buyers are more likely to hire an
applicant with a bachelors’ or higher degree, but these coefficients are smaller in absolute magnitude for other types of buyers.
Column 2 shows that buyers’ preferences over applicant characteristics change with experience. Experienced buyers care less
about applicants’ ability to speak English and applicant experience on the platform, as summarized by the number of times
the applicant has been hired.
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4.2 Wage Elasticities and Buyer Surplus

The demand parameters allow calculation of wage-bid elasticities both at the level of the applicant and the

job posting. These are shown in Table 5 panel A (and Table A.3 when we include the provider application

control). The elasticity of the probability that a particular applicant is hired with respect to the wage bid

is (1− pχoj)αχ, where the αχ coefficients are given in Table 4. The first two rows in the panel present the

applicant-level elasticities by buyer type and experience, all in levels rather than as additive interaction

terms. The fourth column is the overall wage elasticity estimate, weighted by the share of buyers posting

the jobs. For inexperienced buyers, the elasticity of hiring an applicant with respect to the wage bid is

-4.5. This elasticity falls to -5.1 with hiring experience, reflecting the negative additional αχ term for

experienced buyers in Table 4 Panel B.

The next two rows of Table 5 panel A show the job-level wage elasticity, labeled “Vacancy Fill Elast.”

These estimates are calculated as the elasticity of filling the job with respect to a percentage change in wage

bids for all applicants. The vacancy fill elasticities are naturally smaller in magnitude than the applicant

choice elasticities in the first two rows because they can be interpreted as the hiring response when all

providers raise their bids rather than when only a single provider does so. The vacancy fill elasticities are

around -3.5 for inexperienced and experienced buyers.

Panel B of Table 5 presents the expected surplus per hour worked on a job opening, as described in

equation (13). Overall surplus per hour is about $0.51 for inexperienced buyers. Type 1 buyers have the

highest expected surplus per hour of paid work when inexperienced, followed by Type 3, and then Type

2. Each type sees a large increase in surplus after gaining experience, with an overall average of $0.87 per

hour of paid work. This increase in surplus is related to experienced buyers’ increased probability of hiring

on each job.

Table 5 panel B next shows the expected value of the platform to buyers, as set out in equations (14)

and (15). When inexperienced, the average value of the platform across buyers is $412, but this average

masks large heterogeneity by buyer type. Type 2 buyers are a very small share of all buyers, but they

post jobs frequently. As a result of their intensive platform use, these buyers have a value for the platform

that is over 14 times the value of the most frequent buyer type, Type 1. However, each buyer’s surplus

increases by a large amount once they are experienced.26 On average, experienced buyers have a lifetime

value for the platform of about $8, 340.

Panel C displays details about job filling propensity and how the features of job posts differ by the

posterior estimate of buyer type. As shown in the first two rows, Type 1 buyers are most likely to hire

when inexperienced and experienced, while all types see a large increase in fill rate after gaining experience.

26Note that the surplus for the inexperienced already includes the expected surplus arising from becoming experienced.
Even so, there is a large jump upon making the first hire.
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Since the expected surplus from not filling a job is zero relative to the outside option, dividing the expected

surplus of posting a job (from panel B) by the probability of filling that job (from panel C) gives an estimate

of the surplus conditional on filling a vacancy. Inexperienced buyers gain $3.18 = 0.506
0.159 when filling each

vacancy, while the experienced gain $2.82 = 0.865
0.307 . This yields an average buyer surplus of about $3.00 per

hour for a filled job.

The last two rows of Panel C show that different buyer types post jobs that require different skills.

Type 1 buyers are the most likely to post technical jobs, which may be related to why their posts are

relatively infrequent. Type 2 buyers are the least likely to post technical jobs, but they generate the most

per-capita job posts.

4.3 Provider Costs, Markups, and Surplus

Table 6 panel A shows estimates of expected provider surplus per hour (see Table A.4 for the estimates

controlling for provider applications). The expected surplus from applying to any job is $0.014 for jobs

posted by inexperienced buyers and $0.018 for those posted by experienced buyers.27 These expected

surplus numbers appear low at first glance, but this should be expected because jobs often receive many

applications and only 1 worker is typically hired. However, some workers are likely to receive more surplus

than the average.

One determinant of provider surplus is the order of applications to a job. We include a flexible spline

for the applicant’s arrival order in the Xoj matrix in equation (3), with knots that correspond to the

pagination order that would require a buyer to click on a new page of applicant profiles. The elasticity

estimates therefore control for an applicant’s arrival position, which is known to the applicant when making

a bid. Early applicants are far more likely to be hired, and early applicants submit higher wage bids. Table

6 shows, accordingly, that expected provider surplus declines with arrival order. Providers among the first

ten applicants obtain almost twice as much expected surplus as applicants 11 to 20. Figure 3 shows buyers

rarely interview or hire late-arriving applicants. A buyer’s probability of choosing later applicants falls

faster than the prospective benefits of competition from more applicants, allowing positive equilibrium

markups.

Table 6 Panel B decomposes providers’ hourly bids into their hourly costs and markups based on equa-

tion (8) when applying to jobs posted by each buyer type and experience level. Estimated average hourly

costs are between $6.49 and $7.12 per hour, and individual cost estimates correlate with characteristics

that likely vary a provider’s opportunity cost of work, like the per-capita GDP in their country.

Estimated markups are fairly similar across buyer types, at 29% when applying to an inexperienced

27Because the estimated semi-elasticities in Table 5 don’t vary significantly by buyer type, the provider’s optimal wage bid is
insensitive to type. Differences in job surplus across types are included here for completeness, and arise mostly from difference
in job characteristics across buyers.
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buyer and around 24% when applying to an experienced buyer. Because there is little bargaining between

offered wage bids and final wages, hired workers potentially earn significantly more than their outside

option or reservation wage.28

Auxiliary analysis of data from outside the model helps to validate that these markup estimates are

reasonable. For example, the minimum wage bid for a provider in a narrow time interval is an upper bound

on their reservation wage, although this bound is likely not sharp (reservation wages are likely lower) if

all bids have some markup. Bids above the minimum observed wage either indicate surplus relative to

the indifference point between work on the platform and an outside option or unobserved heterogeneity in

the cost of working on a particular job. In raw data without accounting for heterogeneity in the cost of

working, we find evidence suggesting substantial markups. For example, we consider a sample of providers

with at least two applications to job postings in the same job category in the same month. The difference

between the highest and lowest hourly bid in a month divided by the lowest bid, across producers and

months, has a median value of 23%. This large difference in raw bids in the data suggests that an average

markup of 24% to 29% is plausible.29

Other patterns in the data suggest provider wage markups are significant even after controlling for the

difficulty or cost of working on a job. For example, Figure 4 displays the coefficients of a regression of

log bids on applicant order dummies, provider-by-week fixed effects, and measures of a job difficulty and

expected feedback from the buyer. This simple focus on applicant order indicates that the same provider

drops his or her bid by about 8% if applying to a job as applicant 100 rather than one of the first ten

applicants. This pattern is consistent with providers tailoring markups based on the wage bid elasticity

that is predictable over the applicant order distribution. These estimates display only a small portion of

the total variation in bids, as they capture only predictable rather than idiosyncratic factors that lead

providers to vary their markups.

Table 6 panel C shows the expected surplus for providers who are hired. These numbers are much

larger than those in panel A. Being hired by an inexperienced buyer gives an expected surplus of $2.18 per

hour. Reflecting the lower optimal markups to experienced buyers, being hired by one generates a provider

surplus of $1.74 per hour. Jobs last on average 70 and 77 hours for inexperienced and experienced buyers,

yielding total surplus from a hire of $153 and and $134.

28In preparing Stanton and Thomas (2016), we investigated the extent that wages changed between first bids and contracted
rates for those who are hired. We found very limited bargaining from initial offer to final wage.

29This strategy is unlikely to be contaminated by time-varying reservation wages, as in Chen et al. (2019), as work on this
platform is not instantaneous. To avoid issues with conflating costs that vary over time, we have also done these calculations
while only looking at jobs of similar duration, yielding similar results. In the structural estimation, provider markups are
calculated controlling for job category and expected job duration, which are included in the Xoj terms in equation (1).
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5 Counterfactual Surplus Under Hiring Cost Increases

The estimated model permits evaluation of counterfactual policy environments. It is likely that any reg-

ulatory change aiming to shift the balance of power in favor of providers would increase buyers’ hiring

costs. Two types of changes are considered here. We first evaluate a 10% ad-valorem tax on wage bids

in addition to the platform share of revenues. This mimics the FICA tax that is statutorily imposed on

employers in traditional labor markets as well as compliance costs that may accompany such a policy.

This first counterfactual does not affect the statutory incidence of the tax for providers because we focus

on adjustment from the demand side. However, providers’ bids are determined in equilibrium, and the

incidence of the tax may be split between buyers and providers.30 We then consider an hourly wage bid

floor of $7.00 per hour, which would affect the lowest-paid providers in the market. The buyer and provider

responses to these changes are simulated to assess the impact on total surplus, and its distribution among

buyers and providers.

In the counterfactual simulations, we assume that the alternative policy environment is in place for

the entire data period studied, which allows us to assess how total surplus would evolve over the entire 30

months of data for the buyers and providers in the market. However, we note that the buyers who have

prior experience at the start of the period also enter the counterfactuals as having prior experience, which

means these counterfactuals, that potentially affect the arrival rates of jobs, are akin to studying a regime

switch in market institutions.

In both counterfactuals, we find increases in buyer costs affect a variety of different margins that,

when added together, have a significant impact on market surplus. In particular, in each case, providers

re-optimize their bids, and wage bids to buyers increase. In response, buyers become less likely to hire on

posted jobs, fewer buyers gain hiring experience and, as a consequence, fewer subsequent jobs are posted.

This sequence reduces the opportunities for trade in tasks. The magnitude of these responses is informed

by the counterfactual exercises.

A few technical details are required to understand how we calculate the counterfactual results. For

each counterfactual scenario, our baseline results assume that the same applicants apply to jobs under

the counterfactual (we later conduct robustness checks that relax this assumption). That is, providers’

observable characteristics, other than their wage bids, are assumed unchanged. In the tax counterfactual,

the additional tax is included as an additional wedge between the hourly wage providers receive and the

price buyers pay. In the wage floor counterfactual, the floor is included in the providers’ problem as a

30We do not account for benefits that may accrue to providers under the policy, as many of the providers are coming
from outside of the United States and would have difficulty accessing domestic programs financed by the FICA contribution.
Instead the tax is assumed to provide equalized regulation to provide the same treatment between traditional employment
and contract work.
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constraint.31 In each case, providers select the optimal bid to maximize their payoffs in equation (5)

given the composition of the applicant pool, the buyer’s semi-elasticity of demand to wage bids, and the

additional 10% tax or wage constraint. Having posted a job, a buyer selects the option that maximizes

her indirect utility out of the choice set {Jo, 0} given the simulated wage bids, where the probability any

provider j ∈ Jo is chosen is given by equation (3). The wage bids observed on any posted job opening

impact the rate at which each buyer posts subsequent jobs as set out in equation (4). When buyers post

fewer jobs overall during the time period under the counterfactual, they are assumed to post the existing

jobs in the same order, but with a delay when compared to the time of posting in the observed data. The

number of jobs posted by each buyer is the number determined by equation (4) up to the cut off date when

the simulated time period ends.

For each of the two main policy changes, we evaluate how altering several assumptions or parameter

estimates influence our conclusions. To illustrate the role of buyer dynamics around job posting, we contrast

the full estimates with those that impose the frequency of job posting is unrelated to the past wage bids

a buyer has received. In this alternative, the buyer’s posting frequency, determined by equation (4), sets

the term δ3 to zero, breaking the link between past wage bids and job posting. Changes in surplus in

this alternative result from differences in hiring decisions, and in changes to subsequent job posting rates,

arising only from whether or not a buyer has past hiring experience on the platform. Hence, the differences

between this alternative and the main scenarios reveal how much of the overall reduction in surplus to

buyers and providers can be attributed to the job-posting-frequency elasticity with respect to historical

wages.

We also illustrate the sensitivity of our findings to alternative assumptions about the composition of

job applicants, which is especially relevant for the wage floor counterfactual. This adjustment accounts for

the fact that the provider’s problem includes the implicit choice of whether or not to apply for a job. It is

plausible that providers whose skills and qualifications lead them to submit bids below the relevant wage

floor would view the probability of being hired to be so low in the counterfactual that the application costs

exceed the expected benefits of applying. The new policy environment might also, however, attract new

providers with the skills and qualifications that would make them competitive applicants at higher wage

levels. This would allow for the possibility of “labor-labor” substitution Hamermesh (1986), where buyers

would be willing to pay higher wages for more productive workers. This alternative is considered only for

the wage floor counterfactual since the 10% tax applies across the board, for all providers, and is less likely

to have a disproportionate effect on the participation decisions of providers currently bidding low wages.

To approximate the changes to the applicant pool under labor-labor substitution, applications with

current bids below 90% of the counterfactual wage floor are removed from the applicant set and replaced

31For the hired providers to receive wages of at least $7.00, the buyers are charged an hourly rate of at least $7.70 since
their costs also include the 10% of revenues charged by the platform.
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with an equal number of new applications. The new applicants are assigned observable characteristics,

Xoj , that are a random draw from the distribution of applicants whose original wage bids are above the

wage floor.32 This change allows us to analyze static hiring and market dynamics under conditions where

the market itself becomes more appealing for higher-quality applicants under the $7.00 wage floor.

The counterfactual outcomes are summarized in Table 7. Column 1 presents the changes in surplus in

the first counterfactual where buyers face a 10% tax. The applicant pool Jo remains the same as in the

data and all providers re-optimize their bids. Bids to both inexperienced (expeirenced) buyers increase by

8.6%. Hiring rates fall by between 26- 27%. The surplus to buyers on a static opening, labeled “Static Pct.

Change in Buyer Surplus” is calculated using equation (13). The bid increases and hiring rate reductions

reduce buyer surplus created on posted jobs by 24% for inexperienced buyers and by 26% for experienced

buyers.

The next several rows in Table 7 Panels A and B show the dynamic implications of the increases in

buyer costs. Because of the reduction in hiring rates on posted jobs, fewer buyers gain hiring experience.

More buyers mechanically remain inexperienced due to their reduced propensity to hire. Job postings for

inexperienced buyers change little because there are more of them, but job posts fall 49.1% for experienced

buyers because fewer inexperienced buyers become experienced. The percentage reductions in buyer surplus

are calculated using equations (15) and (14). Because the number of jobs posted by experienced buyers

falls so dramatically, the reduction in the present value of their surplus is larger than their static loss,

at 56.8%. Inexperienced buyers also see a large decrease in surplus, of 68.5%, because lower hiring rates

means fewer become experienced, as well as the fact that the continuation value of gaining experience is

lower.

For providers, static surplus from a given job falls by an average of 28%. The tax does little to change

their net take from a wage bid, in part because residual demand elasticity changes, so these reductions

arise from reduced hiring rates. Because fewer jobs are posted and fewer jobs are filled, the present value

of total provider surplus, calculated using equation (16), falls by 52.0%.

Column 2 presents results where the dependence of job posting frequency on past wage bids is set to

zero for the 10% tax. The static results are the same as the base case The impact of the δ3 coefficient

can be seen in the percentage reduction in the number of posted jobs. Setting the dependence on past

bids to zero leads to an 11% reduction in jobs posted by experienced buyers. This 11% reduction in posts

arises because fewer buyers become experienced. Despite job posts numbers falling by a fifth of the base

32The random draw is over different candidates, so each application consists of a real resume from a different candidate.
We do not assign a random draw of wages, but take the new candidates’ estimated opportunity costs of work as a function
of observable characteristics and assume that bids are set as markups over costs. We continue to assume that providers’ first
order conditions hold subject to the wage floor constraint, and applicants wage bids are computed to be optimal given buyers’
residual elasticity of demand. Buyers proceed by selecting the indirect utility-maximizing option as before. The effect of past
wage bids on job posting rates is set to zero, otherwise the effect of past wage bids on future hiring would be confounded by
past applicant quality changes under this alternative scenario.
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reduction, surplus reductions are still substantial. Relative to the status quo baseline, surplus falls by 46%

for inexperienced buyers and by 27% for experienced buyers. Provider surplus falls by 30%, largely because

of the reduction in hiring rates.

Columns 3 presents the second main counterfactual, where the applicant pool Jo remains the same as

in the data and all providers re-optimize their bids in the presence of the $7.00 wage floor. The hourly

wage bids to inexperienced buyers increase by 34.0% and, for experienced buyers, by 46.8%. The larger

increase for experienced buyers reflects the fact that they receive lower wage bids at baseline. Hiring rates

on posted jobs fall in response to higher wage bids, by 31.1% and 35.4% respectively. The reduction in

hiring rates may seem large when under 40% of applicants would be bound by the floor, but the reason

becomes clear after considering which buyers are most affected by each counterfactual. Under the wage

floor, some openings, like those in non-technical jobs, see extremely large wage bid increases, while jobs

that require greater skills will see very small changes. A large share of the hiring reduction is arises from

employers posting non-technical jobs.

The static buyer surplus on posted jobs falls by less than half as much under the wage floor counter-

factual in column 3 as in the 10% tax scenario in column 1. This is because surplus estimates are averaged

over all buyers, and the higher-skill jobs, which generate more surplus are relatively unaffected by the wage

floor. However, taking the dynamic effects into account, the present value of inexperienced buyer surplus

continues to fall by a large amount, 69%, and the surplus for the experienced buyers falls by 55%. Both

reductions arise because the job posting frequency falls for experienced buyers, reducing the continuation

value of being experienced, which is reflected in the surplus for both the experienced and inexperienced.

The final rows of Table 7 column 3 shows that the present value of the surplus to providers falls by 41%

under this counterfactual.

Column 4 contains the case where job posting rates do not depend on past wage bids (δ3 = 0). Surplus

amounts remain negative for all parties, but the reductions in the present value of provider surplus are

much smaller, at around 8% relative to the baseline, because job posting frequency remains elevated.

The final column of Table 7 presents the alternative scenario where the applicant pool is adjusted to

mirror the characteristics of providers who typically submit bids above the $7.00 floor. That is, it presents

buyers with “better” applicant pools. The job posting rate here remains insensitive to past bids received, as

in column 4. Because these applicants no longer face competition from lower-wage providers, the optimal

bids in this case increase more than in the main scenario. However, hiring rates fall by less than in column

4 because buyers perceive applicants to be better quality.

The reduction in the number of jobs posted in column 5 is slightly smaller in magnitude than in column

4 because higher hiring rates mean more buyers transition to being experienced. The present value of buyer

surplus reductions are hence also smaller. The increased hiring and experienced buyer job-posting rates,

relative to column 4, translate into a smaller reduction in the present value of provider surplus in this
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alternative. However, the change in the composition of applicants following the introduction of the wage

floor does not reverse the finding that providers are made worse off. The present value of provider surplus

falls by 7.6% even though this alternative scenario removes several of the features that served to reduce

the size of the market in the main scenarios.

The most striking implication of the counterfactual analysis is the large reduction in the total number

of posted jobs in each of the base cases. The impact of the buyer dynamics is further illustrated in Figure

5. Each panel plots the log of the observed number of job postings in the data over the 30 months. The

left hand panel corresponds to the 10% tax scenario in column 1 of Table 7 and the right hand side panel

corresponds to the $7.00 wage floor scenario in column 3.

In each figure, the simulated baseline is the simulated log number of postings that would result from

modeling the job posting of the buyers observed in the data under the parameters estimated and including

the observed wage bids. The counterfactual is the log of the job postings simulated using the same buyers

when the relevant counterfactual scenario is imposed from the start of the time period. The difference

between the areas under the two dotted lines represents the reduction in job postings under each scenario.

In both figures, these areas amount to reduction in job postings of at least 30%.

6 Online-Offline Wage Elasticities

The previous section showed that increased hiring costs would greatly reduce the number of jobs posted and

the number of hires made on the platform. A full analysis of the welfare implications of these counterfactuals

would incorporate changes in surplus in external labor markets, as off-platform workers may potentially

serve as substitute sources of labor for the platform considered here. Such an analysis would require

observing the outside option for potential and actual buyers. Unfortunately, the data do not contain this

information, either for other online platforms or traditional labor market channels. However, to the extent

that regulations would apply to other platforms, the substitution with offline hiring is most relevant for

understanding welfare.

To offer insight on the extent to which online and offline sources of labor are viewed as substitutes for

buyers of online labor services, we ask what happens to platform demand when there are exogenous changes

in offline wages in buyers’ local labor markets. The exogenous changes come in the form of increases in

US State-specific minimum wages. In July 2009, which is just over half-way through the data sample,

all but nine US States increased the hourly minimum wage, either because of the change in the Federal

minimum wage at that time, or as a state-specific increase that coincided with the timing of the Federal

minimum wage increase if the State minimum exceeded the Federal minimum.33 Online job postings were

33The minimum wage increase on July 24, 2009 is discussed here: https://www.epi.org/publication/mwig fact sheet/. The
Federal Minimum wage increased by 10.6%, from $6.55 to $7.25. The nine states unaffected by the minimum wage increase
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not subject to the same minimum wage regulations or to any increase in wages around this time. If online

and offline labor are viewed as close substitutes, then the states affected by the offline minimum wage

increase would have been likely to see an increase in online labor demand around July 2009 relative to

demand from unaffected states.

We consider state-month-level numbers of jobs posted and the share of postings filled. We also divide

jobs into technical and non-technical postings to isolate the non-technical postings that are most likely

to be affected by minimum wage changes. The offline minimum wage increase might be more relevant

for buyers with tasks that require fewer skills and qualifications and, on average in the data, tasks in

non-technical jobs attract lower wage bids. Because the findings in previous sections highlight the differing

job posting behavior of inexperienced and experienced buyers, any differences in response to offline wage

increases can also be explored by further dividing jobs into those posted by each buyer group. A local

increase in offline wages may encourage existing buyers of platform services to increase posting frequency,

or might encourage more first-time job posters.

Figure 6, panels A and B, plot the log number of jobs posted on the platform in each month by buyers

located in states that were and were not affected by the local minimum wage increase, relative to that

group’s mean number of postings prior to May 2008. In each figure, the top pair of lines are postings by

experienced buyers, and the lower pair of lines are postings by inexperienced buyers. Panel A of the figure

includes all job postings and panel B is all postings in non-technical tasks. The time of the minimum wage

increase, in July 2009, is marked in the figures by vertical lines.

Comparing the series, there are no differential increases in the number of postings by buyers located

in affected states at the time of the increase in the minimum wage. Regressions of the log counts of job

postings in these figures on monthly indicators show no significant differences in trend for affected and

unaffected states, and Wald tests reveal no evidence of structural breaks in trend for affected states around

this time.

It is possible that the lack of online demand response is due to the fact that potential buyers are unaware

of the online opportunity, but lack of awareness is not an issue for buyers who are already posting jobs in

this labor market. To consider the behavior of existing buyers, we assess job fill rates after posting a job

under different minimum wage regimes. We regress the probability of hiring on a posted job on month fixed

effects, month fixed effects interacted with an indicator for whether the buyer is in a state with a minimum

wage increase, and buyer fixed effects. Figure 7 panel A plots the difference in the average probability that

a posting was filled when buyers are located in an affected state. When postings from affected states had

a higher average fill rate than those from unaffected states in a given month, the corresponding point in

were California, Massachusetts, Michigan, Rhode Island, West Virginia, New Hampshire, Maryland, Iowa, and Hawaii. The
Federal minimum wage had last increased to $6.55 per hour on July 24, 2008. In this section of the paper, we consider online
activity from mid-2008 onwards, and the data are relatively sparse from earlier months.
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the figure is positive. The fill rate differences are generally very similar over time and there is no increase

in the relative fill rate from affected states following the increase in offline minimum wages. Figure 7 panel

B plots the difference in the hiring rate for non-technical tasks between jobs posted in affected states and

unaffected states in each month. Again, here, the fill rate in affected states does not increase at or after

the increase in local offline minimum wages.

Finally, we show whether being in a state affected by the minimum wage increase is related to the

average number of job postings per month at the buyer level. Figure 7 panels C and D plot the interaction

coefficients showing the differential number of jobs posted by buyers in affected states from a regression

including month fixed effects as well as buyer fixed effects. There is no noticeable difference in this series

around the time of the minimum wage increases in either figure.

In sum, the findings in Figures 6 and 7 suggest that increases in local offline wages induce very few

buyers to look for labor on this platform, either on the extensive margin of bringing new buyers to the

platform to post jobs for the first time, or on the intensive margins of increasing the job posting frequency

or job-fill rate for those that were already using the platform. While it is not immediately clear that

the cross-price elasticities are symmetric (so that increases in online hiring costs would have a limited

impact on labor demand offline), other studies provide evidence for this symmetry. For example, Horton

(2017b) discusses the prevalence of “multi-homing” on online platforms. Surveys of buyers on the large

online platform studied there revealed that online and offline hiring are only very weak substitutes, and

that multi-homing between platforms was relatively rare. In the experiment described there, the buyers

who were unexpectedly and randomly subject to a minimum wage in the platform after posting jobs did

not significantly decrease hiring rates but, instead, switched to higher-quality providers. The finding that

platform demand responds very little to changes in local offline wages is also consistent with Horton,

Kerr, and Stanton (2017), who find minimal cross price elasticities between US and foreign workers. Most

of the applicants who would have been impacted by the imposition of a wage floor on the platform are

from outside the US. However, the low degree of substitutability between US and foreign workers on the

platform, and between platform and offline workers, suggests the changes in relative wages studied here

would do little to increase labor demand in the US.34

From the data observed in the present study describing the work to be done in each job, it is also

clear that buyers continue to post task-based jobs, rather than hiring for long-term roles, as they gain

hiring experience. That is, the nature of the labor demand tends to remain idiosyncratic and the work

arrangements look quite different from those seen in traditional offline settings. The share of job postings

expected to last for less than one week is 27% for inexperienced buyers and 28% for those with prior

hiring experience. The mean number of hours worked on an experienced buyer’s filled job is similar for

34While the static estimates in this paper are consistent with the conclusions of these studies, the dynamic implications of
the buyer lifecycle online are not addressed elsewhere.
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an inexperienced buyer’s filled job, at 77 hours compared to 70. A regression of the total number of hours

worked per hire on the number of prior hires and buyer fixed effects shows that there are no within-buyer

changes in job length as they gain more experience. Although this evidence is more descriptive, it suggests

that experienced buyers continue to take advantage of the flexibility offered by the online setting to post

jobs on an as-needed basis, something that may be harder to do offline.

7 Conclusion

How much value is created by the ability to hire and supply work through online labor markets, and

how is the surplus split between the demand and supply sides? This paper uses historical data from

the early days of a large online labor market to estimate the surplus it creates for buyers and providers.

The approach recovers estimates of buyers’ surplus from a demand model of buyers’ propensity to hire

individual providers. The model also accounts for unobserved buyer heterogeneity in value for using the

platform and history dependence in posting jobs that depends on past hiring. The global nature of the

platform and idiosyncratic variation in competition provide instruments for the prices buyers face, allowing

us to isolate demand elasticities.

Even though the potential providers outnumber the buyers on the platform by almost three to one,

around two fifths of the surplus created when a job is filled goes to the provider. Providers are able to exert

local market power in the applicant pool, and charge average markups of about 25% over their outside

option. Given the abundance of providers, why are markups not competed away? Two sources of market

power are differentiation among applicants and buyers’ limited search, such that early applications to a

job opening include higher markups in their wage bids. As a result, fears that intense competition among

job applicants would limit surplus for the supply side do not appear to play out in practice.

The model jointly estimates buyer demand on posted jobs and job posting dynamics. These dynamics

are particularly important when evaluating the welfare effects of counterfactual policies, like regulations,

that may alter the nature of the market. Changes that increase the costs of hiring in the platform reduce the

total surplus and negatively impact both buyers and providers. This mainly arises in the counterfactuals

that impose regulations because buyers post far fewer jobs when it becomes more costly to hire. A 10% tax

on market transactions, mimicking payroll taxes for W2 employees, would have reduced the present value

of the platform by over 30% for the providers applying to jobs during the time period studied. Surplus

would fall by over 20% for buyers on the platform. A $7.00 hourly wage floor would have reduced the

present value of the platform by 41% for incumbent providers, by at least 35% for inexperienced buyers,

and by 6% to over 50% for experienced buyers depending on assumptions about how the composition of

providers changes under the wage floor.

It is possible that the surplus lost from jobs not posted on the platform under the counterfactuals would
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be offset by surplus gains in offline employment. Several pieces of evidence suggest that offsetting gains for

offline work would be minimal. In particular, online labor demand did not respond to exogenous increases

in the costs of offline hiring over the data period studied. The lack of responsiveness is consistent with

buyers perceiving little substitutability between online and offline labor sources. In sum, increased hiring

costs in online labor platforms appear likely to reduce the gains from trade in these settings by reducing

market surplus and transaction volumes without increasing offline employment.
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Figures

Figure 1: A Job Posting.
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Figure 2: Median Residual Log Bids and Detrended Exchange Rates for India.
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Notes: This figure plots median residual log wage bids from Indian applicants in each month against the log US Dollar to

Indian Rupee exchange rate after removing a time trend. Log wage bid residuals are net of job category fixed effects.

Figure 3: Probability of A Provider Being Interviewed or Hired, by Applicant Order
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Notes: This figure plots the probability that a buyer either interviews or hires a provider as a function of the order in which
she applies.
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Figure 4: Provider Wage Bids and Applicant Order in a Narrow Time Window
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Notes: This figure plots the coefficients and confidence intervals from a regression of log bids on applicant order categories,
provider x week fixed effects, and measures of the costliness of a job (the feedback a buyer has provided to past workers,
expected duration fixed effects, and the length of the job description). Standard errors are clustered by provider.

Figure 5: Counterfactual Job Postings Under Different Regulatory Conditions
Panel A: 10% tax
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Panel B: $7 wage floor
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Notes: These figures show the log number of job postings over the 30 months of the sample for the original data, simulated
data from the model, and under counterfactuals for a 10% payroll tax (Panel A) and a $7 wage floor (Panel B). The higher
dotted line in each figure is the log number of jobs predicted from the estimates in Section 4. The lower dotted line is the log
number of jobs under the counterfactual. The area between the two dotted lines gives the estimated counterfactual reduction
in job postings over the sample period.
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Figure 6: Log Job Posts in States Affected and Unaffected by the July 2009 Minimum Wage Increase
Panel A: All jobs
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Panel B: Non-technical jobs
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Notes: The solid lines with triangle markers show the log number of job postings from buyers in states affected by an offline

minimum wage increase in July 2009. Each series is normalized relative to the mean level in the data in months prior to May

2008. The dotted lines show the log number of job postings from buyers in unaffected states. In each panel, the top two lines

are posts for experienced buyers and the lower two lines are posts for buyers posting their first job. Panel (a) shows all job

postings; panel (b) shows non-technical job postings.
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Figure 7: Difference in probability of hiring and posting for buyers in states affected by the minimum wage
increase after July 2009

Panel A: Prob(Hire), All jobs
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Panel B: Prob(Hire), Non-technical jobs
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Panel C: Number of Posts, All jobs
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Panel D: Number of Posts, Non-technical jobs.
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Notes: These figures plot coefficients and 95% confidence intervals on the interaction of the affected state indicator and

month fixed effects from a regression of the probability a job is filled (Panels A and B) or the number of postings per buyer per

month (Panels C and D). The model includes month fixed effects and buyer fixed effects. Affected states are those that raise

their minimum wage at the time the Federal minimum wage changed in July of 2009. Panels A and C show all job postings;

panels B and D show non-technical job postings.
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Tables

Table 1: Descriptive statistics about buyers

Mean Std. Dev.
In the USA 0.58 0.49
In another G10 Country 0.17 0.38
In India or Philippines 0.06 0.24
First Posting is Tech 0.57 0.50
Number of Jobs Posted 2.52 4.48
Number of Buyers 67292

Notes: The sample includes buyers active on the platform from January 2008 to June 2010. Buyers classified as coming from
another 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. Non-technical jobs are those in Administrative Support, Business Services, Customer Service, Design and
Multimedia, Sales and Marketing, and Writing and Translation.

Table 2: Descriptive statistics about postings, by number of prior buyer hires

All Openings 0 prior hire 1 prior hire 2 prior hires 3+ prior hires
Months between postings 1.15 1.53 1.49 1.21 0.67

(2.58) (3.24) (2.93) (2.27) (1.47)
Number of applicants 26.28 23.66 25.76 27.50 30.00

(32.90) (26.70) (29.15) (35.61) (40.28)
Share of US applicants 0.11 0.11 0.11 0.11 0.11

(0.15) (0.15) (0.15) (0.15) (0.15)
Share of applicants with good feedback 0.34 0.33 0.35 0.35 0.35

(0.17) (0.17) (0.16) (0.16) (0.16)
Mean wage bid, USD 10.88 11.28 10.97 10.66 10.31

(4.94) (4.89) (4.85) (4.83) (4.99)
Share of wage bids below 7.00USD 0.34 0.32 0.33 0.35 0.38

(0.34) (0.33) (0.33) (0.34) (0.35)
Probability of making hire 0.21 0.15 0.28 0.28 0.25

(0.40) (0.36) (0.45) (0.45) (0.44)
Number of postings 169578 84486 16352 10032 58708

Notes: This table presents opening-level averages (standard deviations) of posting patterns, application characteristics, and
hiring rates. Months between postings is calculated as the average time between job postings and is right-censored at the end
of the sample period. Good feedback is defined as a feedback score greater than 4.5 out of 5. The mean wage bid is inclusive
of a 10% ad-valorem platform fee. Sample period is from January 2008 to June 2010. Standard deviations in parentheses.
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Table 3: First Stage Regressions of log Hourly Wage Bids on Instruments

(1) (2) (3) (4)
Exchange Rate Instrument 0.083*** 0.074*** 0.087*** 0.077***

(0.010) (0.010) (0.012) (0.012)
Competition Instrument -0.070*** -0.068*** -0.069*** -0.068***

(0.008) (0.008) (0.010) (0.010)
Exchange Rate x Exper Buyer -0.007 -0.007

(0.021) (0.020)
Competition x Exper Buyer -0.002 -0.001

(0.015) (0.015)
Provider Applications / Month -0.001*** -0.001***

(0.000) (0.000)

R-Squared 0.630 0.632 0.630 0.632
Observations 4456676 4456676 4456676 4456676
F Clustered on Posting 92.66 81.26 50.31 44.30
F Clustered on Provider 66.42 61.28 33.89 31.49

Notes: The exchange rate instrument is the log of the dollar to local currency exchange rate. The competition instrument is
the log leave-own-opening out average 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.
Columns 3 and 4 add buyer experience interactions with the instruments. Columns 2 and 4 control for the number of jobs a
provider applies to in a given month. Standard errors clustered by job opening are in parentheses. Partial F statistics on the
excluded instruments are reported after clustering by job opening or by provider.
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Table 4: Demand and Arrival Rate Parameter Estimates
Type 1 Type 2 Type 3 Experienced

(Baseline) Additive Interactions

Panel A: Employer Types

Type Share 0.805 0.026 0.169
(0.002) (0.001) (0.002)

Panel B: Choice Model Parameters

Log Bid -4.497 -0.690
(0.943) (1.156)

Constant 2.130 -1.374 -0.335
(1.640) (1.187) (0.936)

Experienced Const. 2.646 0.232 0.166
Shift (2.085) (0.055) (0.034)

Panel C: Arrival Rates

Log Arrival Rate -3.674 3.799 2.138 1.077
(0.008) (0.007) (0.007) (0.007)

Past Log Bid Deviation -1.112
(0.004)

Panel D: Share of Job Posts by Buyer Type

Inexperienced Buyer Posts 0.709 0.060 0.231
Experienced Buyer Posts 0.261 0.276 0.463

Notes: Estimates of the demand parameters, types probabilities, and arrival rates as described in the text. The parameters
in columns 2-4 are additive interaction terms relative to the baseline of a Type 1, inexperienced buyer. The delta method is
used to calculate standard errors for the type shares, as these parameters are estimated using a logit transformation to keep
the probabilities in the unit interval. See the Appendix for detailed buyer-type-specific parameter estimates for the other Xoj
characteristics.
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Table 5: Buyer Demand Elasticities and Surplus

Type 1 Type 2 Type 3 Overall Avg.

Panel A: Elasticities
Applicant Choice Elast. (Inexp.) -4.466 -4.483 -4.473 -4.469

(1.282) (1.288) (1.284) (1.283)
Applicant Choice Elast. (Exper.) -5.132 -5.153 -5.137 -5.140

(1.702) (1.709) (1.704) (1.705)
Vacancy Fill Elast. (Inexp.) -3.516 -3.778 -3.634 -3.536

(0.768) (0.804) (0.780) (0.770)
Vacancy Fill Elast. (Exper.) -3.446 -3.831 -3.554 -3.469

(0.843) (0.893) (0.862) (0.846)

Panel B: Buyer Surplus
Surplus-per-Hour (Inexp.) 0.538 0.222 0.396 0.506

(0.198) (0.088) (0.136) (0.185)
Surplus-per-Hour (Exper.) 0.895 0.482 0.782 0.865

(0.391) (0.235) (0.352) (0.380)
Value of Market (Inexper.) 142.2 2020.0 820.9 412.5

(56.7) (656.3) (310.8) (148.3)
Value of Market (Exper.) 807.0 19411.4 5979.8 8337.6

(332.8) (7271.1) (2290.5) (3024.1)

Panel C: Summary Statistics Weighted by Posterior Type
Pr. Fill Job (Inexp.) 0.168 0.077 0.130 0.159

(0.003) (0.005) (0.004) (0.002)
Pr. Fill Job (Exper.) 0.315 0.194 0.288 0.307

(0.006) (0.008) (0.006) (0.005)
Share Technical Jobs (Inexp.) 0.583 0.424 0.489 0.552

(0.002) (0.017) (0.004) (0.002)
Share Technical Jobs (Exper.) 0.553 0.400 0.468 0.471

(0.004) (0.011) (0.005) (0.004)

Notes: Panel A displays estimated elasticities for hiring an individual applicants and elasticities for filling a vacancy (hiring
any applicant). Panel B presents estimates of surplus per hour worked that accrues to buyers and total buyer value for the
market. Total value for the market is computed as described in the text and accounts for the arrival rate of future openings.
Estimates of overall surplus assume jobs last 70 (77) hours for inexperienced (experienced) buyers. Panel C displays how job
fill rates and opening characteristics (technical or not) vary with buyer type. Standard errors come from 20 block-bootstrap
iterations (drawing buyers with replacement).
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Table 6: Surplus for Applicants and Hired Providers

Buyer Type: Type 1 Type 2 Type 3 Overall Avg.

Panel A: Expected Surplus-Per-Hour for Applicants
Applying to Inexp. Buyers 0.015 0.006 0.011 0.014

(0.005) (0.002) (0.003) (0.005)
Applying to Exp. Buyers 0.022 0.009 0.016 0.018

(0.009) (0.004) (0.007) (0.007)
Applicants 1-10 0.031 0.018 0.029 0.031

(0.007) (0.007) (0.009) (0.008)
Applicants 11-20 0.016 0.010 0.015 0.016

(0.004) (0.004) (0.005) (0.004)
Applicants 21-30 0.010 0.006 0.009 0.010

(0.002) (0.002) (0.003) (0.003)
Applicants 31-40 0.008 0.005 0.007 0.007

(0.002) (0.002) (0.002) (0.002)

Panel B: Applicant Costs and Markups
Worker Costs (Inexp. Buyers) 7.355 6.263 6.683 7.116

(0.701) (0.640) (0.637) (0.679)
Worker Costs (Exper. Buyers) 7.396 5.847 6.472 6.494

(0.709) (0.551) (0.607) (0.616)
Markups (Inexp. Buyers) 0.289 0.287 0.288 0.288

(0.140) (0.139) (0.139) (0.139)
Markups (Exper. Buyers) 0.242 0.241 0.242 0.242

(0.142) (0.141) (0.142) (0.142)

Panel C: Surplus-Per-Hour for Hired Applicants
Hired by Inexper. Buyers 2.274 1.663 1.914 2.176

(0.754) (0.565) (0.643) (0.725)
Hired by Exper. Buyers 1.962 1.456 1.720 1.735

(0.780) (0.612) (0.680) (0.694)

Notes: Panel A displays estimates of applicant expected surplus per hour, computed as applicants markups over costs
multiplied by the individual hiring probability. The bottom rows show how this surplus varies over the based on the applicant
arrival order. Panel B displays estimated applicant costs and the markups over costs that enter the surplus calculation.
Panel C displays estimates of surplus per hour for hired applicants. Standard errors come from 20 block-bootstrap iterations
(drawing buyers with replacement).
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Table 7: Counterfactual Changes in Hiring Rates, Postings, and Surplus

10% tax $7 Floor

No δ3 No δ3 Lab-Lab Sub.

Panel A: Inexperienced Buyers

Change in log Bids to Buyer 0.086 0.086 0.340 0.340 0.494
(0.000) (0.000) (0.004) (0.004) (0.035)

Static Pct Change in Hiring Rates -0.267 -0.267 -0.311 -0.311 -0.298
(0.068) (0.068) (0.020) (0.020) (0.011)

Static Pct Change in Buyer Surplus -0.240 -0.240 -0.100 -0.100 -0.057
(0.073) (0.073) (0.007) (0.007) (0.064)

Pct Change in Jobs Posted 0.005 0.079 -0.005 0.095 0.088
(0.020) (0.018) (0.013) (0.007) (0.006)

Pct Change in P.V. of Buyer surplus -0.685 -0.464 -0.692 -0.409 -0.349
(0.048) (0.073) (0.022) (0.019) (0.053)

Panel B: Experienced Buyers

Change in log Bids to Buyer 0.086 0.086 0.468 0.468 0.651
(0.000) (0.000) (0.008) (0.008) (0.012)

Static Pct Change in Hiring Rates -0.255 -0.255 -0.354 -0.354 -0.339
(0.077) (0.077) (0.023) (0.023) (0.014)

Static Pct Change in Buyer Surplus -0.255 -0.255 -0.119 -0.119 -0.066
(0.088) (0.088) (0.008) (0.008) (0.074)

Pct Change in Jobs Posted -0.491 -0.109 -0.564 -0.131 -0.122
(0.037) (0.029) (0.033) (0.010) (0.008)

Pct Change in P.V. of Buyer surplus -0.568 -0.266 -0.545 -0.128 -0.058
(0.068) (0.090) (0.036) (0.009) (0.107)

Panel C: Providers

Change in log Bids to Provider -0.001 -0.001 0.411 0.411 0.580
(0.000) (0.000) (0.005) (0.005) (0.015)

Static Pct Change in Provider Surplus -0.278 -0.278 -0.045 -0.045 -0.042
(0.050) (0.050) (0.015) (0.015) (0.017)

Pct Change in P.V. of Provider surplus -0.515 -0.301 -0.411 -0.079 -0.076
(0.040) (0.051) (0.042) (0.015) (0.015)

Notes: Estimates of changes in log bids and changes in surplus (by buyer experience) under different counterfactuals. The
static percent changes in hiring rates and surplus are computed holding fixed the number of job openings. Surplus calculations
for buyers come from equation 13. Present value calculations are described in the text. The percent change in the number
of jobs is computed based on opening arrival rates simulating forward wage bids and buyers endogenous experience. Static
provider surplus is the to-provider hourly wage less platform fees multiplied by hiring probabilities. The present value of
provider surplus is calculated as to-provider hourly wages × average hours × hiring probabilities × the number of jobs posted
monthly and discounting future surplus to the start of the sample. The last column with Labor-Labor substitution sets δ3 = 0.
Standard errors come from 20 block-bootstrap iterations (drawing buyers with replacement).
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Appendix Figures and Tables

Figure A.1: Bid Decile of Hired Worker
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This figure displays data for 26, 067 job postings with at least 10 applications where the buyer ultimately hired an applicant.

For each posting, the hourly wage bids received are sorted into deciles. The figure shows the decile that contains the bid of

the hired provider. In 21% of the postings, the hired provider submitted a bid in the lowest decile of bids. However, in the

remaining 79%, the buyer selects a provider whose bid is in a higher decile and 39% of hires are of providers who bid above

the median bid received.
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Table A.1 presents some of the estimates in βkχ in equation (3) that are not reported in Table (4).

Table A.1: Additional Demand Parameter Estimates
Type 1 Type 2 Type 3 Experienced

(Baseline) Additive Interactions

Log Rate Last Hire 1.516 -0.042 -0.029 0.231
(0.329) (0.021) (0.018) (0.400)

No Prior Jobs -0.076 0.539 0.332 -0.654
(0.657) (1.196) (0.936) (0.881)

Number of Prior Jobs 0.025 -0.001 -0.001 -0.005
(0.003) (0.001) (0.001) (0.003)

Prior Hires but 0.914 0.576 0.171 -0.764
no Feedback (0.654) (1.188) (0.932) (0.877)
Feedback Score -1.628 0.489 0.342 -0.732

(0.625) (1.136) (0.886) (0.841)
Feedback Squared 0.692 -0.141 -0.144 0.190

(0.186) (0.342) (0.266) (0.251)
Feedback Cubed -0.069 0.013 0.017 -0.015

(0.017) (0.033) (0.025) (0.023)
BA + Degree 0.103 -0.085 -0.038 0.022

(0.022) (0.039) (0.030) (0.029)
Good English 0.354 -0.031 -0.061 -0.271

(0.069) (0.088) (0.073) (0.093)

Notes: Estimates of additional demand parameters from the choice mode.
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Table A.2: Demand and Arrival Rate Parameter Estimates Including Provider Applications per Month
Control

Type 1 Type 2 Type 3 Experienced
(Baseline) Additive Interactions

Panel A: Buyer Types

Type Share 0.805 0.027 0.169
(0.010) (0.002) (0.009)

Panel B: Choice Model Parameters

Log Bid -4.437 -0.850
(0.083) (0.115)

Constant 1.939 -1.081 -0.373
(0.371) (0.137) (0.340)

Experienced Const. 0.950 0.237 0.163
Shift (0.742) (0.058) (0.075)

Panel C: Arrival Rates

Log Arrival Rate -3.674 3.800 2.137 1.076
(0.031) (0.038) (0.024) (0.044)

Past Log Bid Deviation -1.093
(0.155)

Panel D: Share of Job Posts by Buyer Type

Inexperienced Buyer Posts 0.708 0.061 0.231
Experienced Buyer Posts 0.260 0.278 0.462

Notes: This table replicates the Table A.2 estimates of the demand parameters, types probabilities, and arrival rates, with
the inclusion of provider applications per month in the first stage regression and the Xoj characteristics.

Table A.3: Buyer Demand Elasticities and Surplus Including Provider Applications per Month Control

Type 1 Type 2 Type 3 Overall Avg.

Panel A: Elasticities
Applicant Choice Elast. (Inexp.) -4.407 -4.423 -4.414 -4.410
Applicant Choice Elast. (Exper.) -5.232 -5.253 -5.237 -5.240
Vacancy Fill Elast. (Inexp.) -3.483 -3.745 -3.600 -3.503
Vacancy Fill Elast. (Exper.) -3.497 -3.885 -3.604 -3.520

Panel B: Buyer Surplus
Surplus-per-Hour (Inexp.) 0.546 0.224 0.404 0.514
Surplus-per-Hour (Exper.) 0.878 0.472 0.767 0.849
Value of Market (Inexper.) 139.1 1960.4 802.1 402.8
Value of Market (Exper.) 787.5 18935.5 5828.6 8155.5

Panel C: Summary Statistics Weighted by Posterior Type
Pr. Fill Job (Inexp.) 0.168 0.076 0.131 0.159
Pr. Fill Job (Exper.) 0.315 0.194 0.288 0.308
Share Technical Jobs (Inexp.) 0.583 0.425 0.489 0.552
Share Technical Jobs (Exper.) 0.553 0.399 0.468 0.471

Notes: This table replications Table 5 while including provider applications per month in the first stage regression and the
Xoj characteristics.
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Table A.4: Surplus for Applicants and Hired Providers Including Provider Applications per Month Control

Buyer Type: Type 1 Type 2 Type 3 Overall Avg.

Panel A: Expected Surplus-Per-Hour for Applicants
Applying to Inexp. Buyers 0.016 0.006 0.011 0.014
Applying to Exp. Buyers 0.022 0.009 0.016 0.017
Applicants 1-10 0.031 0.018 0.029 0.031
Applicants 11-20 0.016 0.010 0.015 0.016
Applicants 21-30 0.010 0.006 0.009 0.010
Applicants 31-40 0.007 0.005 0.007 0.007

Panel B: Applicant Costs and Markups
Worker Costs (Inexp. Buyers) 7.327 6.245 6.655 7.089
Worker Costs (Exper. Buyers) 7.434 5.872 6.505 6.523
Markups (Inexp. Buyers) 0.294 0.292 0.293 0.293
Markups (Exper. Buyers) 0.237 0.235 0.236 0.236

Panel C: Surplus-Per-Hour for Hired Applicants
Hired by Inexper. Buyers 2.306 1.684 1.941 2.206
Hired by Exper. Buyers 1.927 1.426 1.692 1.704

Notes: This table replicates Table 6 while including provider applications per month in the first stage regression and the
Xoj characteristics. the Xoj characteristics.
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