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1 Introduction

An increasing number of jobs are being done remotely, a trend that accelerated dramat-
ically during the COVID pandemic.1 Remote work can be done from anywhere, which
makes it easy to offshore.> By globally integrating labor markets, the rise of remote work
can have a profound impact on wages across the world.> Will remote wages converge
across countries? Will remote wages be more sensitive to international shocks? Which
remote jobs are more likely to be offshored? While these questions are crucial for under-
standing the future of wages in both developing and developed countries, there is limited

research on how the price of remote work is determined in globalized labor markets.

This paper brings to bear new data from a large web-based job platform to shed light on
these questions. Web-based job platforms match employers and workers located around
the world that trade tasks that are delivered remotely, providing a window into a glob-
alized market for remote work.* The number of such platforms has tripled over the past
decade. By 2020, hundreds of web-based job platforms facilitated millions of international
transactions totaling over 50 billion US$ (ILO 2021). The emergence of these platforms has
coincided with the dramatic growth in ICT-Enabled Service trade, which has quadrupled
in the US since the year 2000 and now accounts for 70% (800 billion US$) of all US service
trade.”

Our dataset comes from one of the largest platforms in the market today. It has several
features that make it particularly well suited for our purposes. First, workers are located
around the world and compete for the same jobs. The jobs can be done remotely, require
little capital other than a computer or mobile phone, and encompass a wide range of occu-
pations, ranging from accountants to web developers. This makes the platform the ideal
marketplace for studying the international price of remote work. Second, the dataset is
very rich: in addition to hourly wages, it contains extensive information on worker char-
acteristics such as experience, earnings, quality ratings, and standardized test scores and
certifications. This information is essential for understanding cross-country wage differ-
ences, as it facilitates the comparison of workers around the world. Third, the data record

the workers’ job histories in the platform (wages, earnings, and start date of each job),

10ECD (2021).

2See Blinder and Krueger (2013). We use the term remote work to refer to work that does not need to be
carried out in-person at specific locations.

3Baldwin (2016, 2019), ILO (2021).

4We follow ILO (2021) and use the term 'web-based’ platforms to distinguish platforms where tasks
are performed remotely from "location-based” platforms where tasks are carried out in-person at specific
locations (e.g., ride-sharing services).

>U.S. Bureau of Economic Analysis, Table 3.1. International Services (accessed Sept 30, 2021).
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which are necessary for understanding how remote wages respond to shocks. Finally, the
job histories contain the employers” identities and locations, which in conjunction with

the workers’ locations allow us to identify which jobs are being offshored.

We start by documenting large gaps in remote wages across workers located in different
countries. For example, the wages of Indian workers are, on average, a third of those of
US workers. In fact, the country of the workers accounts for over a third of the variance
of wages in the data -more than twice the variation accounted for by the combination
of all other observable worker, employer, and job characteristics—. Remote wages are
strongly correlated with GDP per capita: the elasticity of wages with respect to the GDP
per capita of the worker’s country is 0.21. We also document a very similar elasticity
between remote wages and GDP per capita across US states. These elasticities are not
accounted for by observable differences in workers” and jobs characteristics, nor by dif-
ferences in the employers’ locations. Instead, the results suggest that remote wages are
partly determined by the wages that workers could receive in their local labor markets.
We note, however, that remote wages are substantially more equalized than income per
capita across countries and US states: the cross-country standard deviation of average
wages is only a quarter of the standard deviation of GDP per capita.

We then study how remote wages respond to international shocks. We start by estimating
a standard exchange rate pass-through (ERPT) regression and show that the partial elas-
ticity of dollar wages with respect to the dollar exchange change rate is 18%. This implies
that (partial) ERPT into local currency wages is 82%, so that remote wages expressed in
local currency move almost one-to-one with the dollar exchange rate. This is in sharp
contrast to non-remote wages, which do not typically respond to movements in exchange
rates at short horizons. This finding is not mechanically accounted for by remote wages
being sticky in dollars, as we obtain a similar elasticity (22% into dollar wages) when

focusing on a subsample of dollar wages that do change in a particular period.

We also show that a worker’s wage reacts strongly to changes in the wages of other work-
ers in the platform. Since workers are located in different countries, this means that a
worker is exposed to international shocks that affect her foreign competitors. Building on
standard models of incomplete ERPT, we regress the change in a worker’s dollar wage
on the change in the worker’s dollar opportunity cost (proxied by the inflation and the
exchange rate in the worker’s country), and an index measuring the wage changes of a
worker’s competitors. To overcome endogeneity issues, we instrument changes in com-
petitors” wages with the inflation and the exchange rate changes in the competitors’ coun-
tries. We find that, in response to a 1% increase in competitors” wages driven by foreign



shocks, the wage of a worker increases by 0.5%. This means, for example, that, since In-
dian workers have a combined 20% market share in the platform, a shock that induces a
10% drop in the wages of Indian workers generates a drop of 0.5 x [10% x 20%] = 1% in

the wages of US workers.

Finally, we use our data to shed light on which types of jobs or occupations are more likely
to be offshored in the future. Existing measures of ‘offshorability” typically hinge on sub-
jective judgments on the different attributes of a job. Such judgments are often made on
the basis of whether a job can be done remotely. For example, Blinder and Krueger (2013)
establish that a job is easily offshorable if it involves extensive use of computers/email,
processing information/data entry, talking on the telephone, or analyzing data. In con-
trast, we use our data to measure offshorability based on the frequency with which US
employers assign contracts to foreign workers in an occupation. In particular, we com-
pute an offshorability index that is the share of US contracts in an occupation in which
the worker is located outside the US.

The data on cross-border contracts reveal that whether a job can be done remotely is an
imperfect proxy for whether a job is actually being offshored. For example, only a third
of grant writer jobs in the platform are offshored, even though all of them are performed
remotely. In fact, there is substantial heterogeneity of offshorability across remote occupa-
tions: Interior Design jobs are three times more likely to be offshored than Grant Writers
jobs. We also document substantial heterogeneity in offshorability within categories of
the Standard Occupational Classification (SOC) system: for example, within the SOC cat-
egory ‘Legal’, 96% of jobs in "International law” are offshored, while only 6% in "Tax law’
are offshored. Overall, the variability in offshorability within SOC categories accounts
for 35% of the variation in offshorability across the more disaggregated categories in the
platform. Finally, we show that wages are less dispersed in more easily offshored occu-
pations, providing evidence that offshorability can play a role in equalizing wages across

remote workers.

Our paper relates to various strands of the literature. First, it is related to a large lit-
erature on international price and wage comparisons. The main source of international
price comparisons is the Penn World Table (see Feenstra et al. 2015), while more recent
papers make international price comparisons using online data (see e.g., Cavallo et al.
2014, Gorodnichenko and Talavera 2017, and Cavallo et al. 2018). A related literature
makes international wage comparisons by collecting international wage data for compa-
rable workers. Ashenfelter (2012) documents cross-country wage differentials for Mc-
Donalds employees. Hjort et al. (2019) use a dataset on wages paid by multinational



tirms to show that multinationals” wages around the world are anchored to the level at
headquarters. We contribute to this literature by providing international wage compar-
isons for online occupations that can be done remotely. We show that despite the global
nature of this marketplace, there is pervasive dispersion in wages across observationally

equivalent workers that are located in different countries.

Second, our paper contributes to an extensive literature on exchange rate pass-through
(see Burstein and Gopinath 2015 and the papers cited therein). Gopinath et al. 2020 show
that in most countries, good export prices in dollars are stable, and local currency export
prices move with the exchange rate. Due to data limitations, that literature has focused
almost exclusively on exchange rate pass-through into goods prices. Our paper is the first
to study pass-through into the price of tradeable services (remote jobs). We show that
ERPT into dollar wages is low, so that remote wages denominated in domestic currency
move almost one-to-one with the dollar exchange rate. In this respect, the global market
for remote workers behaves similarly to the global goods market. In addition, our paper
is also related to Amiti et al. (2018), who show that prices of manufacturing goods in
Belgium respond to changes in competitors” prices. We show that remote wages also
respond strongly to changes in competitors” wages.

Third, our paper is related to a large literature on how wages are affected by foreign
competition, either through trade (e.g. Goldberg and Pavcnik 2007, Autor et al. 2013,
2016), offshoring (e.g. Feenstra and Hanson 2003, Hummels et al. 2014), or international
migration (e.g. Borjas 2014, Card and Peri 2016). Our paper lies at the intersection of
this literature, as the cross-border contracts in our platform can be simultaneously inter-
preted as trade in services, offshoring, or ‘tele-migration’. We complement these papers
by showing that in the globalized market for remote work, a worker’s wage responds

strongly to changes in the wages of foreign competitors.

Fourth, our paper relates to the literature that measures which occupations are easier
to offshore. Existing measures hinge on surveys and subjective judgments to classify
the offshorability of a job, and tend to consider all jobs that can be done remotely as
being easily offshorable (e.g. Blinder 2009, Blinder and Krueger 2013). We contribute
to that literature by providing a measure that is based on the prevalence of cross-border
contracts, and show that there is substantial heterogeneity in the degree of offshorability

across occupations that can be done remotely.

Finally, a rapidly growing literature uses data from web-based job platforms to study top-
ical questions in Labor Economics. Horton et al. (2011) highlight the potential of using
web-based job platforms for conducting experiments. Horton (2017a), Horton (2017b),
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and Barach and Horton (2021) use experimental data from a large platform to study how
minimum wages, recruiting recommendations, and compensation histories affect labor
market outcomes. Stanton and Thomas (2015) use data from oDesk (now Upwork) to
show that outsourcing agencies that intermediate between workers and employers have
emerged in that market, while Dube et al. (2020) use data from Amazon Mechanical Turk
to study monopsony. Closer to our paper is Horton et al. (2018), who estimate a gravity
equation and document that most contracts in their web-based job platform are cross-
border. We contribute to this paper by documenting wage gaps across countries and by
providing a measure of offshorability for the multiple detailed occupations in the plat-
form. Finally, in contemporaneous work, Horton (2021) shows that Russian workers in-
creased hours-worked relative to non-Russian workers following the 2014 depreciation
of the Ruble, without changing their dollar wages. Relative to that paper, we study ex-
change rate pass-through into wages more broadly, and also evaluate how remote wages
respond to shocks that affect a worker’s foreign competitors.

The rest of the paper is organized as follows. Section 2 describes the data. Section 3
compares remote wages across countries. Section 4 studies how remote wages respond
to international shocks. Section 5 provides our measures of job offshorability, and the last

section concludes.

2 Data

2.1 Data description

Web-based job platforms are becoming increasingly prominent in the US and the world.
These platforms match workers and employers located around the world who buy and
sell services that are delivered online. According to the ILO (2021), the number of web-
based job platforms tripled over the last decade, generating over 52 billion US$ in 2020.

Our data comes from one of the largest platforms in the market today. The platform has
millions of registered workers and employers around the globe that transacted around
$2 billion in 2020. Workers in the platform create an online profile and post an hourly
wage at which they are willing to work. All wages in the platform are set and displayed
to potential employers in US dollars. Employers can post job listings, to which workers
can apply, or alternatively search for workers that match their needs. The platform en-
compasses remote jobs from a wide range of industries, ranging from accountants to web

developers. Billing and payments are handled by the platform, and jobs are paid within
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14 days of completion. The platform sets percentage fees on the worker’s earnings, which
are based on a sliding scale that depends on lifetime earnings.

Rather than focusing on the millions of registered, and potentially inactive, workers, we
will base our analysis on a subsample of workers that are active and have experience in

the platform. We make use of two sets of data.

2.1.1 Worker-level data

We build our first dataset by collecting data from the publicly-available profiles of work-
ers in the platform. The unit of observation in this dataset is a worker, so we will refer
to it as the ‘worker-level” data. While there are millions of workers with a profile in the
platform, we limit our sample to those with an active profile, positive earnings, and job
experience to make sure our analysis is based on workers that are actually using the plat-
form. The worker profiles indicate an “ask” hourly wage at which the worker is willing
to work, and a number of worker-level characteristics that employers can observe when

searching for a worker. The dataset contains information on the following characteristics:

General information: The online platform displays the name and location (country and
city) of each worker, as well as the type of jobs or ‘occupations’ that each worker can
perform. These are self-reported at the time the worker creates a profile and are selected
from a predetermined list of 91 occupations. In addition, workers can specify their time
availability, and provide a brief written description of their skills and interests in their
profiles. We anonymize the dataset of all personal information and extract a worker’s

unique identifier along with their location, occupation, and availability.

Skills: Workers can list a number of predetermined skills and take online examinations
through the platform to certify their expertise in certain areas, such as ‘English to Spanish’
Translation. We observe about 200 different tests on the platform. We observe which are
the tests that each worker has taken, along with the score and rank percentile among the
platform’s population. We use the results from these tests as our primary measure of
skills, as they are standardized across all workers.

Experience and quality: In addition to the information provided by workers, the pro-
files record information that is based on the workers” interactions with the platform. In



particular, the platform reports the total earnings, the total number of jobs, and the to-
tal number of hours worked by each worker. The platform also reports the average re-
sponse time of each worker and the percentage of contracted jobs that the worker has
completed (labeled as “success rate’). Finally, the platform certifies experienced workers
as “Top Rated’. To earn and maintain a Top Rated status, a worker must have at a min-
imum a completed profile, a job success rate of 90%, $1,000 in earnings in the previous

year, and must have contracted their first job at least 90 days ago.

We obtained multiple snapshots of the worker-level data. The first (baseline) snapshot
was collected in January 2019 and includes information on 100,023 workers that were ac-
tive in the platform with positive earnings. We have since then collected two additional
snapshots, one between October 2020 and February 2021, with updated information on
wages for workers in the first snapshot, and another one in March 2021, which includes
information on a new set of workers. In the first two snapshots, workers can be listed un-
der multiple occupations. In the last snapshot, workers could only choose one occupation
for their profile. We will only use the March 2021 snapshot for our analysis in Section 5.

2.1.2 Job-level data

We build our second dataset by scraping the job histories of a subset of 30,520 workers
that were present in the January 2019 worker-level dataset. The unit of observation in
this dataset is a job or contract, and we will refer to these data as the ‘job-level” data. The
dataset can be merged with the worker-level dataset using the workers” unique identi-
tiers. For each job that a worker has started, the platform reports a description of the
job, the total payment and, if the contract was stipulated on an hourly basis, the hourly
rate and number of hours worked. We will refer to this hourly wage as the "transacted’
wage to distinguish it from the "ask’” wage in the workers’ profiles. The job-level data also
specifies the start date and, if the job is not still in progress, the job’s end date. Finally,
for a subsample of 348,000 jobs, we were able to obtain information on the employer’s

identifier and nationality.

2.2 Summary statistics

This section provides summary statistics for the worker-level and the job-level datasets.



Worker-level data The worker-level data includes the profiles of more than 100,000
workers located across a total of 183 countries, although most workers are concentrated
in a few countries. Overall, there are 27 countries with at least 500 workers, 67 countries
with atleast 100, and 91 countries with at least 50 workers. Figure 1 shows the distribution
of workers across the major countries in the sample. The sample includes both developed
and developing countries, though workers are not evenly distributed across the world.
The countries with the most workers in our sample are the US, India, Philippines, Pak-
istan, and Ukraine, which together contain 60% of all workers. Every other country has
less than 4% of the workers in the sample. The figure shows that most workers live in

non-OECD countries.

Figure 1: The distribution of workers in the worker-level data

USA | 21.8

India | 15.8

Philippines | 14.1

Pakistan 6.3
Ukraine 4.2
Other-non OECD 247
Other-OECD 131
T T T T T
0 5 10 15 20 25

% of workers

Notes: The figure shows the distribution of workers across countries in the worker-level data.

Figure 2 shows the distribution of workers across 12 broad occupations. In our sample,
the largest occupations in terms of the number of workers are “Web and Software’, ‘De-
sign’, and ‘Sales’, accounting for 16.6, 16.4, and 15.3 percent of the workers of our sample,
respectively. In contrast, only 0.6 percent of the workers in our sample are listed in ‘Le-
gal’. Each broad occupation can be further disaggregated into detailed occupations. For
example, the right panel of Figure 2 shows that within “Web and software’, 20 percent of
workers are listed as ‘E-commerce’. There are 91 detailed occupations in total, which we
list in Appendix Table Al.

Table 1 reports summary statistics for some of the main variables that will be used in our
analysis. Ask wages in the platform are high for international standards, the median and
mean wage are 18 and 25 dollars, respectively. There is, however, a wide variation in

wages: the gap between the 95th and 5th percentile of the wage distribution is 2.8 times
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Figure 2: Workers by broad occupation

Broad Occupations Web and Software
Web & software ] 166 Ecommerce | 17.1
Design 164 Mobile Dev. | 156
Sales ] 153
Web & Mobile Design ] 15.0
Writing ] 147
Admin ] 135 Desktop Softw. Dev. 10.3
Customer Service 46 Scripts & Utilities Dev. 6.9
Data Science 4.3 Product Management 6.8
T : 87 Web Developers 6.1
Engineering 36
QA & Testing 4.5
Translation 33
Accounting [T 3.3 Game Dev. [T #1
Legal [ 06 Other ] 137
T T T T T T T T
0 5 10 15 20 0 5 10 15 20
% of workers % of workers

Notes: The left panel reports the share of the workers across the 12 broad occupations in the platform. The right panel reports the

shares in each detailed occupation belonging to “Web and Software’.

as large as the mean. The average worker in the data has completed 69 jobs, worked 1,801
hours, and earned 18,667 US dollars. The distribution of earnings exhibits large disper-
sion, with a 5th and 95th percentiles of 20 and 90,000 dollars, respectively. Although these
numbers reflect cumulative earnings in the platforms, they are 6-9 times larger than the
income per capita in countries such as India, Pakistan, or Philippines, and are also sub-
stantial in relation to the income per capita in the US. This suggests that a large number
of workers are probably earning most of their income through the platform. Indeed, 42%
of workers report to be available more than 30 hours per week, and an additional 33% are

available ‘as needed’.

The platform allows workers to take standardized tests to signal their skills. The median
(average) worker takes 3 (4) tests in the platform, and the standard deviation of (cross-test
average) scores is 12% of the mean score. The degree of heterogeneity can also be inferred
from the fact that only 41% of workers are classified as “Top Rated’, and only 28% have a
success rate of 100%.

Job-level data The job-level data contain information for 348,000 jobs performed by a
subsample of 30,520 workers for which we can observe the identity and location of the
employer. Figure 3 compares the geographical distribution of the workers and employ-
ers in the data. The distribution of workers is very similar to that in the worker-level
data: over 60% of workers are concentrated in 5 countries: India, the US, Philippines,

Pakistan, and Ukraine. Employers are even more concentrated —75% of employers are
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Table 1: Summary statistics: worker-level data

Mean Median  St. Dev. 5 pct 95 pct

Hourly wage 25 18 27 5 75
Number of jobs 69 10 642 1 147
Hours worked 1,801 408 3,388 4 8,515
Total earnings 18,667 4,000 62,558 20 90,000
Number of tests 4 3 4 1 10
Average score 4.23 4.25 0.50 3.38 5
Share of workers Success rate  Share of workers
Top Rated 0.41 N/A 0.42
Agency 0.15 <70% 0.02
[70%,80%) 0.03
Available as needed 0.33 [80%,90%) 0.07
Available < 30 hs. per week 0.13 [90%,95%) 0.07
Available > 30 hs. per week 0.42 [95%,100%) 0.11
Availability N/A 0.12 100% 0.28

Notes: The table reports summary statistics from the worker-level data. The top of the table reports moments of the distribution of
worker characteristics. Hourly wages refers to the ask wage specified in the worker’s profile. Number of jobs, hours worked, and total
earnings refer to a worker’s cumulative experience up to January 2019. Number of tests and average score refer to the standardized
tests offered by the platform to workers to certify their skills. The bottom of the table reports the share of workers classified as “Top
Rated’ by the platform, the share of workers that belong to an agency, the distribution of the time availability reported by workers and

the distribution of success rates.

located in just 4 countries: the US (53.4%), Australia (8.3%), the UK (7.4%), and Canada
(6.2%). While the US is a large source of both workers and employers, most employers
(88%) are located in OECD countries, while most workers (70%) are located in non-OECD
countries. This indicates that many workers from Non-OECD countries work for em-
ployers in OECD countries. In fact, for 87% of the jobs in our sample, the worker and
the employer are located in different countries. We will later refer to these jobs as being
offshored. Only 24% of the jobs completed by US workers are offshored, while 97% of
the jobs completed by non-US workers are offshored. On the flip side, 79% of the jobs
contracted by US employers are offshored, while 94% of the jobs contracted by non-US
employers are offshored. Thus, non-US workers almost exclusively work for foreign em-
ployers, and non-US employers almost exclusively hire foreign workers. In contrast, US
workers and employers work with people both in the US and abroad, though US workers

work mainly for domestic employers.

10



Figure 3: Distribution of jobs across worker’s and employer’s locations

Workers Employers
India l 19.8 USA 53.4
USA l 17.1
Australia 8.3
Philippines 11.8
United Kingdom 7.4
Pakistan 6.4
Canada l:] 6.2
Ukraine 6.0
Other-OECD 12.8
Other-non OECD 26.2
Other—OECD 12.7 Other-non OECD 12.0
T T T T T T T
0 5 10 15 20 25 0 20 40 60
% of workers % of employers

Notes: The figure shows the distribution of jobs across the workers’ locations (left panel) and the employers’ locations (right panel).

Comparability of ask vs. transacted wages As noted above, the worker-level data con-
tain information on the hourly ask wage listed on the worker’s profile, while the job-
level data contain how much workers were actually paid per hour in each job. Figure
(A.1) in the Appendix shows a scatter plot of a worker’s ask wage in the January 2019
worker-level dataset and the workers” 2018-2019 average hourly wage based on transac-
tions recorded in the job-level dataset. The figure shows a tight relationship between the
two. First, the slope of the relationship is 0.91, which means that for an additional dollar
in asking wage, workers end up receiving 0.91 dollars in transacted wage. Second, the
intercept in the relationship is -0.02, which means that on average, transacted wages are
2% lower than ask wages. Although this difference could naturally arise if, for example,
employers bargain with workers before hiring them, the quantitative relevance of such

mechanisms seems to be small.

2.3 Wage determinants

We conclude our data description by evaluating how hourly wages correlate with work-
ers’ characteristics. With that in mind, we estimate the following OLS regression using
the worker-level data:

w; =C; +5; + ,B,X,' + €. (1)
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Here, w; is the log-hourly wage of worker i, C; is the full set of country fixed effects, 5;
is the full set of occupation fixed effects (recall that workers can be listed in multiple oc-
cupations), and X; is a vector of worker characteristics, containing experience variables
(log-earnings and number of jobs), skill variables (number of tests and the average score),
quality ratings (whether the worker is Top Rated, and dummies for success rates), avail-
ability (dummies for full/part-time, and dummies for response time), and an indicator

for whether the worker works in an agency (multi-worker or single worker).

The results from this regression are reported in Table 2. The coefficient on past earnings is
positive and statistically different from zero. The coefficients on the number of jobs dum-
mies are monotonically increasing, indicating that more experienced workers earn higher
wages relative to less-experienced workers. Hourly wages also increase with the num-
ber of tests that the worker has taken, and with the worker’s average score in these tests.
Quality variables are also positively correlated with hourly wages—Top Rated workers
earn an hourly wage premium of 0.312 log points. In addition, the coefficients of the
success rate dummies are monotonically increasing. The omitted category is a missing
success rating, indicating that workers with a low rating (i.e., success ratings of less than
70%) face a wage penalty, but workers with a 100% rating do not earn more than those

with no rating.

The table also shows that workers that work through agencies earn on average 0.04 to 0.06
log points less than workers that work independently. This could result from agencies
helping new workers find a job in order to obtain a good reputation in the platform and
become self-employed. Finally, workers who tend to respond faster and work more hours
in a week tend to earn less than other workers. This could be explained by part-time
workers being more selective when deciding which jobs to accept.

Wage dispersion within and across countries: We now evaluate how wages vary within
and across countries. A regression of log-wages on the set of country fixed effects has an
R? of 0.41. This indicates that more than 40% of the overall ask wage dispersion can be
accounted for by the variance of average wages across-countries. This is economically
large since the overall wage dispersion accounted for by the full set of controls in equa-
tion (1) is 0.586. In Table A3 in the Appendix, we formalize this by conducting a variance
decomposition of equation (1). We show that the variance in the worker’s country of
origin accounts for 26% of the dispersion in wages, and that the covariance between the
country of origin and the other observables account for an additional 12% (the variance

of the other observables account for 16% of the dispersion in wages, and the residual vari-
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Table 2: Wage determinants

Coef. Std. Err. Coef. Std. Err.
Experience Quality ratings
Earnings (in logs)  0.057***  (0.001) Top rated 0.312***  (0.005)
<=5jobs 0.016%** (0.004) SR <70% -0.119**  (0.014)
[6,15) jobs 0.069***  (0.006) SR [70%,80%)  -0.066***  (0.011)
[15,50) jobs 0.077***  (0.009) SR [80%,90%)  -0.021***  (0.007)
>=50 jobs 0.086***  (0.021) SR [90%,95%) 0.015* (0.008)
Part time/full time SR [95%,100%)  0.028*** (0.007)
As needed 0.0471%** (0.009) SR 100% 0.030*** (0.006)
<= 30 hrs/week 0.038***  (0.010) Skills
> 30 hrs/week -0.021**  (0.009) # test 0.0015*  (0.0009)
Response time Av. score 0.037***  (0.005)
<24 hrs -0.054***  (0.005) Agency
<3 days -0.065***  (0.014) Single worker ~ -0.034***  (0.014)
3+ days 20.175%*  (0.008) Multi worker ~ -0.057***  (0.014)
Observations 100,023  R? 0.586

Notes: The table reports the coefficients estimated from equation (1). Country and sector fixed effects are included but not reported.

*: significant at the 10% level, **: significant at the 5% level, *** significant at the 1% level.

ance is 45%). In that table, we also show similar results when replacing ask wages with
transacted wages—in that case, the variance in a worker’s country of origin accounts for
34% of the dispersion of wages, and the covariance between the country of origin and
other observables accounts for 5%. Given this result, in the next section we provide a

comprehensive picture of the cross-country differences in average wages.

3 Remote wages and workers’ locations

This section documents differences in wages across remote workers that are located in
different geographical areas. We start by documenting wage differences across countries.
To do so, we first compute average wages in each country relative to the US after resid-
ualizing wages for worker observable characteristics. We estimate these relative wages

both in the worker-level and the job-level datasets.

Using the worker-level data, the country fixed effects estimated in equation (1) can be
used to obtain these residualized average wages. An advantage of the job-level dataset is

that it contains information on both workers and employers, although for a subsample of
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workers. Using these data, we estimate
wfi:Ci—f—]Df-F]Ii:f—f—Si—l-,B/Xi—f—eﬂ. (2)

Here, wy; is the (log) wage paid by employer f to worker i in a given job. Equation (2)
extends the specification in (1) with a set of country-of-employer fixed effects IDf and an
indicator I;_r that is equal to one if the employer and worker are in the same country.
The latter estimates the premium that employers pay for workers from their country.®
The remaining controls are the same as those included in equation (1). Both in equations
(1) and (2), the omitted country category is the US, so the country fixed effects measure

average wages in each country relative to the average wage in the US.

Figure 4 compares the relative wages to the relative GDP per capita of each of the 67
countries with at least 100 workers in our sample.” Panel (a) plots the average residu-
alized relative wage estimated from equation (1) estimated from the worker-level data.
Panel (b) plots the average residualized relative wage estimated from equation (2) using
the job-level data. Both figures show a very strong and positive relationship between rel-
ative wages and GDP per capita: workers from richer countries earn on average higher
wages. The slope of this relation is 0.21 (SE 0.025) in Panel (a) and 0.22 (SE 0.025) in Panel
(b), and the R? are is 0.58 and 0.59, respectively. It is worth noting that the estimation in
Panel (b) also controls for country-of-employer fixed effects. Hence, the observed vari-
ation arises from differences in wages paid by employers from the same country. The
comparison between Panels (a) and (b) reveals that cross-country differences in average
wages are not driven by observable worker characteristics nor by differences in the lo-
cation of the employers. Note that while cross-country differences in remote wages are
pervasive, they are about one-fifth the size of the differences in GDP per capita.

®The estimated coefficient on this dummy is 0.07 log-points, indicating that employers pay a premium
for workers from their own country.

7 Appendix Figures A.2 and A.3 show similar results when expanding the sample of countries to those
with more than 50 workers, and when restricting the sample to countries with at least 500 workers.
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Figure 4: Wages and GDP per capita relative to the US

(a) Worker-level data (ask wages) (b) Job-level data (transacted wages)
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Notes: The x-axes report the (log of) the relative GDP per capita in US dollars, taken from the World Development Indicators (WDI).
Panel (a) plots the average ask wage in each country relative to the US, obtained from the country fixed effects estimated in equation
(1) with the worker-level data. Panel (b) reports the average transacted wage in each country relative to the US obtained from the
country fixed effects estimated in equation (2) with the job-level data. The red lines show the linear fit of the data. The estimated slope

is 0.21 (0.025) in panel (a) and 0.22 (0.025) in panel (b), and the R? are 0.58 and 0.59, respectively.

Decomposing wage differentials The previous results show that wage differences across
countries cannot be explained by differences in average worker characteristics, occupa-
tional composition, or the location of employers hiring workers in the platform. In Ap-
pendix A.2, we further document this fact by conducting a ‘Blinder-Oaxaca” decompo-
sition. The goal of this decomposition is to quantify the extent to which cross-country
wages differences are driven by cross-country differences in workers’ skills or by differ-
ences in returns to skills across countries—i.e., from the perspective of equation (1), are
wage differences driven by differences in average X; or in f? We find that differences
in worker characteristics across countries are not strongly correlated with cross-country
differences in GDP per capita. Thus, differences in returns are the main drivers of wage
differences with the US.

3.1 Wage differences across US states

We now document differences in remote wages across workers located in different US
states. We follow the strategy in the previous section and first compute average wages in
each state after residualizing them for worker characteristics. In particular, we reestimate
equations (1) and (2) for the subsample of remote workers that are located in the US, and
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substitute the country fixed effects C; for a full set of state fixed effects. The omitted state
is California—the state with the most workers in our sample—so the state fixed effects
measure average wages in each state relative to the average wage in California. Figure 5
compares the relative wages to the relative GDP per capita of each of the 47 states with at
least 30 workers in our sample.® This figure plots the average residualized relative wage
estimated from equation (1) using the worker-level (unfortunately, the worker’s state is
not available in the job-level data, respectively). It shows that the pattern across US states
is similar to the one we observe across countries: Workers from richer states earn on
average higher wages. The slope of this relation is 0.26 (SE 0.04) and the R? is 0.48. These
patterns are remarkably similar to the cross-country patterns documented above. Wage
differences across countries and US states suggest that while remote jobs do not require
the worker to be present at a specific location, the worker’s location plays a large role in

shaping remote wages.

Figure 5: Wages and GDP per capita across US states (ask wages)
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Notes: The x-axes report the (log of) the relative GDP per capita in US dollars, taken from the Bureau of Economic Analysis. The figure
plots the average ask wage in each state relative to California, obtained from state fixed effects in equation (1) with the worker-level

data. The red lines show the linear fit of the data. The estimated slope is 0.26 (0.04) and the R?is 0.48.

8Notably, we exclude North Dakota, Wyoming, and Alaska that only have 18, 25, and 26 workers respec-
tively and for which the state dummy is imprecisely estimated. Appendix Figure A.5 show similar results
when including all states.
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3.2 Pricing to market

This section evaluates whether workers price to market, that is, whether the wage earned
by a worker depends on the employer’s location. With this in mind, we estimate the
following regression using the job-level data

wr=W;+Ds+1Ti—f+ €5 (3)

The regression includes worker fixed effects W;, country-of-employer fixed effects Dy,
and an indicator variable that is equal to one if the employer and the worker are from
the same country. The omitted country for the employer fixed effects is the US, so the
country fixed effects measure average wages paid by employers in each country relative
to average wages paid by employers in the US. Since the regression includes worker fixed
effects, this coefficient is estimated from variation in wages received from different em-
ployers of a given worker. Figure 6 plots differences in employers’ country fixed effects
against relative GDP per capita of the employer’s country for the set of countries that

have more than 100 employers.’

Figure 6: Wages paid by employers from different countries and GDP per capita
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Notes: The x-axis reports the (log of) the relative GDP per capita in US dollars, which we take from the World Development Indicators
(WDI). The y-axis reports the set of country-of-employer fixed effects ID, (relative to employers in the US) estimated according to
equation (3). The red line reports the linear prediction, and has a slope of 0.06 (0.02), and an R? of 0.30.

The figure shows that workers “price to market’ —i.e., they get paid more when working
for employers from richer countries. The slope of this relation is 0.06, with a standard

9 Appendix Figure A.4 shows that the results in Figure 6 do not hinge on the sample of countries.
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error of 0.016. For example, employers in the two poorest countries in our sample (Pak-
istan and India) pay 42% and 29% less than employers in the US for the services of the
same worker. We note, however, that the magnitude of this relation cannot account for
the wage differentials documented in the previous section, both because the degree of
pricing to market is small relative to the differences in wages depicted in Figure 4, and
because workers in both rich and poor countries tend to work mainly for employers lo-
cated in rich countries (see Figure 3). We underscore this point in panel b of Figure 4,
which already controls for country-of-employer fixed effects.

4 Remote wages and international shocks

This section studies how remote wages are affected by international shocks. We start
by laying down a simple model of equilibrium wage determination motivated by the

findings from the previous section to guide our analysis.

4.1 Conceptual framework

Remote labor demand: We consider a market for remote labor populated by a contin-
uum of workers who live in different locations indexed by c. The market is competitive:
a representative firm hires workers to produce a final good, taking wages as given. The
production function for the final good is:

Y =

1 1] e T
YALLL | (4)
C

where L. denotes efficiency units of labor from location ¢, Ay is a factor augmenting
technology term which acts as a demand shifter, and p is the elasticity of substitution
across workers from different locations. Equation (4) assumes that efficiency units of labor
from the same locations are perfect substitutes. On the other hand, units from different

locations can be imperfect substitutes if p < co.

Let Q)¢ denote the dollar wage per efficiency unit of labor from location c. Cost minimiza-

tion implies that

0O —-P
Lot =Ag [—f] Y;, (5)



and that the unit cost for producing the final good is

1
1= | *
Pr= Y AuQy P (6)
c
. . QL Actalip
with costs shares given by sy = ~giy4 = .
et Y. ACcht

Remote labor supply: Each location is inhabited by a continuum of workers indexed by
i. Each worker is endowed with Z;; efficiency units of labor and can work in the remote
or in the local labor market. In the local labor market, workers earn a wage given by Z;; x
B.:/ H;, where B; is the wage per efficiency unit of labor in the local labor market, and H;
is a worker-specific cost for working in the local labor market, which can be interpreted
as the fraction of time that a worker must spend commuting.!® A worker chooses to work
remotely if and only if the wage for remote labor exceeds the wage paid in the local labor

market. Thus, there exists a cutoff cost for working in the local labor market given by:

H; > Hy = Bet/Qt, (7)

such that workers with H; above this cutoff choose to work remotely. We assume that Z;
0

and H; are independently distributed and that the distribution of H is f (H) = % with

support [x., o). Let N;; denote the number of workers in location c. Then, the supply of

remote labor from location c is given by

ok
Lct = th X th X [1 - G(ﬂct)] - NCt |:_Ct:| ’ (8)

where Z = E. [Z;] denotes the average efficiency units of labor for workers from loca-
tion ¢, and NCtENCtZCth collects supply shifters other than B.;. Equation (8) states that
the labor supply elasticity is given 0.

10More generally, 1/ H; is the relative cost of working in the remote vs. in the local labor market. H; could
be smaller than one, in which case workers perceive working in the local labor market as advantageous
other things equal.
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Equilibrium: Combining equations (5) and (8), and using lowercase to denote variables

in logs, we obtain the equilibrium wage per efficiency unit of remote labor in location c:

0

Wct:m

1
P Gpt + —eyt, 9)

1
b
ct+p+9§0ct+p+ o+

where ¢ = ac — it collects the location-specific supply and demand shifters.

Remote wages and workers’ locations: We now evaluate differences in wages across
remote workers. Let w;; = w,t + z;; denote the log-wage per unit of time of remote worker

i in location c (i.e., the equivalent to hourly wages in the platform). Then:

Wi = 6 bet + ! +
zt—p+9 ct p+9§9ct

piept+p}r€yt+zit' (10)
Equation (10) states that wage differences across workers can arise from differences in
local wages, b, location-specific demand and supply shifters, ¢, and from differences
in the worker’s efficiency, z;;. Note that, if workers from different locations are perfect
substitutes, p — oo, demand is perfectly elastic and wage differences arise only due to
differences in z;. If instead labor supply is close to being perfectly elastic, § — oo, wage
differences are given by differences in local wages b.; and differences in z;;. For finite
values of p and 6, the elasticity of remote wages with respect to local wages is positive
but less than one, % < 1.

We can now use equation (10) to interpret the results from Section 3. To do so, we note
that the total wage bill in the local labor market c is given by B¢t X Zgt X Nt X G(H,;). We

can then write local wages per unit of time in location c as:
bet + zet = o + gdper, (11)

where « is the log of the labor share and gdp,; is the log of dollar GDP per local worker
in location c. In practice, the latter is not observable, and we will approximate it with
the GDP per capita in the location.!! Under these assumptions, the location fixed effects
estimated from equation (1) can be interpreted as:

0

0 1
Cicc x mgdlﬂct + m%t +E; [z L Xj] — mzct/ (12)

HThis is a good approximation if in the data the fraction of workers that work in the local market is close
tol, G(Hy) — 1.
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where E, [z;; L X;| denotes the average worker efficiency z; in location c that is orthog-
onal to the vector of observable worker characteristics X; used in the estimation of (1).
Equation (12) states that the partial elasticity of average log wages with respect to gdp per
capita is 575 . If the unobservable supply and demand shifters and product1v1t1es in (12)
are uncorrelated to gdp.t, then the evidence from Section 3 suggests that +9 ~ (0.2. How-
ever, note that even if 8 = 0, a positive correlation between wages and GDP per capita
can arise from systematic differences in ¢ and z, or if our controls X; do not properly
account for differences in worker efficiency that are correlated with differences in GDP
per capita. The following section uses time variation in wages to unpack these alternative

interpretations.

Wage changes: We now evaluate the model’s predictions for wage changes. Since we
do not observe changes in local wages at short frequencies, we make the approximation:

dbey ~ Vet + TTet + degt, (13)

where 7 is the growth of local wages in constant local currency units, 7t is the inflation
rate, and de.; is the change in the exchange rate denominated in dollars per unit of local

currency.

Let dx; = ) scdx, denote the cross-country average change in a variable, and let y =
—dy;/dp; denote the elasticity of y; with respect to the production cost p;.!? Differentiat-
ing equations (6), (10) and substituting yields:13

0 _
iy = g dea + 7] + £+t + dy+ dzi, (14)
with
0
dwy = Zsct]Ec [dw;| = 0+ x [det + 714 + d¢ps. (15)
Here, dw; is an index of wage changes in the remote market, ¢, = ﬁ [d@ct + 0t

collects location-specific supply and demand shifters, and dy; = f) = [1 pdat dzt} and

dpr = g (67 +dogr + 15 Jday| + dz; collects aggregate supply and demand shifters.

121f there is full pass-through from costs to final good prices, then x is the elasticity of demand for the
final good.
13Gee Appendix A.3 for a derivation.
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Equations (14) and (15) state that the partial exchange rate pass-through elasticity is p%

and that the total exchange rate pass-through elasticity is F% [1 + %sct} . In addition,
the equation states that wages respond to average wages in the remote market with an
p=X

elasticity of 0T/ and to changes in other countries exchange rates and inflation rates with

;o 0 P—X
an elasticity of o0 0y X St

4.2 Estimation

This section uses the job-level dataset to estimate how wages respond to international
shocks.

42,1 Preliminaries

The job-level dataset covers a sample of jobs performed between January 2012 and April
2020. As noted in Section 2, for each job in the data, we observe the start date, the to-
tal payment, and the worker’s id and country. We restrict our analysis to jobs that were
billed on an hourly basis, and thus an hourly wage is observable (along with the number
of hours worked).!* The start date of the job is reported at a monthly frequency, though
a worker can start multiple jobs on the same month. We collapse the data at the monthly
level so that the unit of observation is a worker-month. Finally, not all workers are ob-
served each month, both because workers may not start new jobs in a particular month,
and because our data only contains a subset of the jobs in the platform. With this in mind,
we denote by A;w;; = wj; — wj;—s the log-change in the wage of a worker that is observed
in months t and t — s (and not in between). More generally, we denote the s-period change
in a variable by Asx; = x; — x;_s, and refer to the period itself as time-spell t;. We sum-
marize the distribution of wage changes in Table A4 and Figure A.6 in the Appendix A.1.
Finally, in the following analysis, we use data on monthly exchange rate changes and CPI

inflation obtained from the International Financial Statistics.

4.2.2 Estimating partial exchange rate pass-through elasticities

We start by describing how to estimate partial pass-through elasticities from equation

(14). Note that A;w; only varies across time spells, so that we can estimate equation (14)

4In contrast, about 50% of the jobs in the job-level dataset are billed as a ‘fixed price’ job, in which
workers charge a predetermined price for completing a job. For these jobs, we observe how much workers
are paid but not how many hours they work. We exclude these jobs from the analysis in this section.
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as:

Aswiy =B1Asect + Barti_gp + C x s+ Ty, + €jy,. (16)

Here 1 = B2 = f% and 7tf_, , denotes the inflation rate in country ¢ between periods
t —s and t. C x s is the product between country fixed effects and the duration s of
the time-spell, which control for the country-specific linear trends in the demand and
supply shifters ;. Finally, Ty, is a set of fixed effects for each time spell t; that control for
changes in w; and for aggregate supply and demand shifters ;. The error term is given by
€it, = NsZjp + AsE.t, where the notation % denotes the deviation of a variable from the time-
spell average and its country trend. Equation (16) is similar to the medium-run exchange
rate pass-through regressions estimated by Gopinath et al. 2010. The coefficients §; and
B2 are identified from both time and country variation in exchange rates and inflation.

Estimating (16) by OLS yields consistent estimates of B if the error term €;;, is orthogonal
to changes in exchange rates and inflation across countries, i.e. cov(AsZ;; + AsEet, Asect) =
0. This exclusion restriction requires changes in exchange rates to be uncorrelated to trend
deviations in productivities and supply and demand shifters at monthly frequencies. An
extensive literature on the ‘exchange rate disconnect’ shows empirically that this restric-
tion holds at short frequencies.'> Finally, we note that we will test the restriction f; = B>

empirically rather than imposing it in our estimation.

4.2.3 Estimating the effect of competitors’ wages

According to equation (14), wages respond to changes in competitor’s wages with an

elasticity %. We cannot test this implication using equation (16), since Asw; is absorbed
by the fixed-effects T;,. To test this implication directly, we instead estimate the following

equation:

Aswi; =B1Asect + PoTte st + B3Aswi +C X s+ e, (17)

Where €, = AsZj + Asfct + Astﬁt, and % denotes the deviation of a variable from the
country trend. The OLS estimates of (17) are inconsistent if Asw; is correlated with &,
which would be the case if the detrended aggregate shifters As¢; and Asi; are correlated.
We, therefore, pursue an IV approach. From equation (15), a natural instrument for Asw;

15See e.g. Itskhoki and Mukhin (2017).
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is
AsOr = Zsct [ﬂc,t—s,t + Asect] ’ (18)
c

which correlates with A;w; but is orthogonal to ¢;;, under the exclusion restriction.

Measuring changes in competitors” wages: To implement equation (17), we need to
construct an index of average wage changes, Asw; = Y. s¢tEc [Aswj]. Obtaining such an
index is not straightforward, since as mentioned above, the set of workers observed in
our data changes from period to period. Thus, for any given time spell t;, data on Asw;;

is not observed for many workers.

With this in mind, we approximate As;w; as the change in the average of wages observed
in periods t — s and t, after controlling for the composition of workers over time. More

specifically, we estimate the following regression
Wit = 0j + 0t + Uiy,

where §; and é; are two sets of worker and time fixed effects, respectively. We construct a
series of the wage index as the series of the estimated time fixed effects, i.e., Asw; = Ab;.10
Finally, in building the instrument in (18), we proxy s by the share of jobs performed by
workers from country ¢ throughout our sample.

424 Results

We present our estimates in Table 3. Column 1 shows the results from estimating equa-
tion (16) by OLS, which in addition to Ase.s and 7 ;s includes country-specific trends
and time-spell fixed effects. We cluster standard errors at the country level. The estimated
partial pass-through is elasticity is 31 = 0.179 and is estimated to be statistically different
from zero. This indicates that while dollar wages respond to changes in the dollar ex-

change rate, the corresponding elasticity is low. This, in turn, shows that wages in local

16This procedure recovers up to a first order approximation the time series of dw;. To see this, note that
from equation we have:

P—X
p+01—p

d‘sf_m[det+”t]+p+9[d¢t+97t]+p+6dzt+ day + g dwr

04+ x P—X
= :d .
p+9dwt+p+9dwt wy
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currency move in tandem with the dollar exchange rate (with an elasticity of 0.82). The
coefficient on inflation is similar, .BZ = 0.11, though we cannot reject the null hypothesis
that it is equal to zero. In addition, we cannot reject the null that B; = B,. Column 2

shows that imposing the restriction 1 = B2 = F% yields a coefficient of 0.182.

Column 3 shows the results from estimating equation (17), which also controls for country-
specific linear trends but includes Asw; instead of the time-spell fixed effects T;,. Standard

errors are clustered at the time-spell level. The coefficients on the dollar exchange rate and

inflation are very close to those in Column 1 and given by 8; = 0.179 and 8, = 0.051. The

coefficient on the aggregate wage index is B3 = 0.823 and statistically different from zero.

A t-test fails to reject the null that §; + B3 = 1. Column 4 shows similar results if we

impose the restriction f; = f».

Finally, column 5 reports the 2SLS estimates in whichwe use } ./ s 7t and ) v 511 Asery
separately as instruments for A;w;. The estimated coefficient on the exchange rates and
inflation are almost identical to those in Column 3. More importantly, the coefficient on
Aswy is 0.56, and is statistically significant at the 1% level. The bottom of Table 3 reports
the F-statistic of the first stage, which is well above conventional critical values. Table
A6 in the Appendix reports the first-stage regression and shows that the coefficients on
Yo S TTep—s,r and ) s Aseqry are statistically significant and contribute to the variation in
Asw;. These results show that dollar wages do respond to changes in competitors” wages
driven by changes in foreign inflation and exchange rates. In particular, the estimates
imply that a 1% increase in the wages in country ¢’ # c increases wages in country c by
0.56 x [so X 1%]. Column 6 shows similar results if we impose the restriction B; = f;.
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Table 3: Wage changes and international shocks: job-level data

1) () ) 4) () (6)

Asw; 4 Asw; 4 Asw;y Asw; 4 Asw; 4 Asw; ¢
Agegt 0.179*** 0.179*** 0.185***

(0.065) (0.029) (0.029)
Tetost 0.110 0.051 0.086

(0.138) (0.074) (0.079)
ncltfs,f + Asect 0.182*** 0.].82>k*>)< 0-189**4<

(0.065) (0.029) (0.029)

Agw; 0.823*** (0.813*** (0.560*** (.483***

(0.061)  (0.061) (0.201)  (0.187)
Observations 108068 108068 108529 108529 108529 108529

R-squared 0.082 0.082 0.041 0.041 0.041 0.041
Test B1 = B2 0.57 0.064 0.18

Specification OLS OLS OLS OLS 25LS 25LS
F stat 1st stage 103.1 103.3

Notes: The table reports the results from estimating equations (16) and (17). All columns include country-specific linear trends.
Columns 1-2 also include time-spell specific fixed effects and cluster standard errors at the country level. Columns 3-6 cluster standard

errors at the time-spell level. *: significant at the 10% level, **: significant at the 5% level, *** significant at the 1% level.

4.3 Robustness

This section presents several robustness exercises that complement the results presented

above.

Conditioning on a wage change: The conceptual framework in Section 4.1 assumes that
workers’ wages are flexible, which is a good approximation in the context of cross-country
wage comparisons in Section 3. However, if wages are sticky in the short run, our time
series estimates can be biased towards zero. In fact, Appendix Table A4 shows that wages

do not change between subsequent jobs in around 25% of our observations.

To address this concern, we reproduce our regression analysis using the subsample of
jobs for which we observe a non-zero wage change. Table A7 in the Appendix reports
the results. Relative to the baseline results, the coefficient on the change in the domestic

exchange rate in Column 5 decreases from the baseline value of 0.185 to 0.222, and the
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coefficient in domestic inflation increases from 0.086 to 0.132, although statistically in-
significant (making the model-imposed constraint f; = B harder to reject). In addition,
the coefficient on competitors” wages increases from 0.56 to 0.718 (the sum of 81 and 3
increases to 0.94, and the null hypothesis of being equal to one cannot be rejected). Over-
all, the analysis of non-zero wage changes reveals that wages are indeed more responsive.

However, the quantitative differences relative to our baseline analysis are small.

Alternative measures of competitors” wages: A potential source of concern is that the
aggregate wage index Asw; is by definition a function of each worker’s wage, and is thus
correlated with the error term in equation (14). In the model of Section 4.1, there is a con-
tinuum of workers, so that dependance vanishes. To further reduce concerns about the
endogeneity of our regressor, we reestimate equation (14) using the leave-one-out index
for the competitors’ wages, Asw_; = Y;4; 1i—l;“Aswlt = [Aswi — syAswyt] / [1 — si], where
s+ is the market share of worker i.'” Note also that if all workers have small market shares
sit — 0 (as they do in practice), then A;w_;; — Asw;. The results of this alternative esti-

mation are presented in Appendix Table A8, and coincide with our baseline estimation.

Alternative assumptions on country-trends: Table A10 in the Appendix reestimates
equations (16) and (17) using alternative controls for the country-specific trends. Columns
1 to 3 do not control for country-specific trends. Columns 4 to 6 include the interaction
between country fixed effects and spell-length fixed effects to flexibly control for (possibly
non-linear) country-specific trends. Results are robust to the different ways we control for

country-specific trends.

Estimation on the worker-level data: In this section, we reestimate partial ERPT elas-
ticities using the worker-level data. As detailed in Section 2, these data are in a more con-
ventional format as the wage posted by each worker is observed twice, once in January-
February 2019 and once in October-November 2019. Workers are listed across (possibly
more than one of) the 91 occupations in the platform described in Table Al in the Ap-

7Note that equation (14) can also be written as

4 Pit — X [1 — sit] dCe; + dyy +dzyy
dwy = ——— [de, T —tr dw_; , 19
! ﬁit+9+5it?c[ et 7] Pit + 0 + sitx it Pit + 0 + sitx 19
where, p;y = p[1 —si], dw_j; = Y4 12& dwy;. Note that if all workers have small market shares, s;; — 0,

then p; — p.
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pendix.'® In this case, we can estimate the partial pass-through elasticities from equation
Aw; = byAec + byme + g/ + ui, (20)

where Ax represents the change in a variable between the two periods, and ' is a vector
of occupation fixed effects. We omitted time subscripts to highlight that we only have
one observation per worker. Equation (20) is the worker-level data analog to (16). Here,
the coefficients by = by = ‘% are identified from the country variation in exchange
rates and inflation. An important difference is that, since exchange rates only vary at
the country level, we cannot include country fixed effects to control for country-specific
trends. Nonetheless, by can be consistently estimated by OLS if changes in exchange rates

are orthogonal to sector-specific shocks in demand and opportunity costs.

We report our results in Appendix Table A11. We cluster standard errors at the country
level. The estimated pass-through coefficient is 0.084, and the coefficient for inflation is
0.095. The coefficients are even smaller than those estimated with the job data, reinforc-
ing our conclusion that there is low pass-through into dollar wages. This occurs in part
because there is a large fraction of ask wages that do not change from one period to the
next. As in the previous section, we cannot reject the null hypothesis that g1 = Bs.

5 Which remote jobs are more offshorable?

This section presents two measures of ‘offshorability” that intend to capture whether an
occupation can be performed by a worker from abroad. While existing measures typically
hinge on subjective judgments on how to classify the different attributes of a job (Blinder
and Krueger 2013), our measure uses data on the prevalence of cross-border contracts in
an occupation. We present evidence on the relationship between the offshorability of a

job and the cross-country wage dispersion within an occupation.

5.1 Measuring offshorability

For a subset of jobs in the job-level data, we observe the location of both the worker and
the employer. We define a job as offshored if the employer and the worker are located

18 An additional benefit of analyzing the ask wages in the worker-level data is that it reduces selection
concerns that may arise in our analysis of transacted wages. In the following analysis, selection is not a
concern since we analyze the response of ask wages of all workers, including those that do not end up
being hired.
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in different countries. As noted in Section 2, the US is the country with the majority
of employers in the data. In what follows, we use the US as our benchmark country and
measure the offshorability of an occupation as the probability that a US employer chooses

to offshore a contract in that occupation.

To construct our first measure of offshorability at the occupation level, we assign the
jobs in the job-level data to occupations listed in the worker’s profile. For each of the 91
occupations in the data, we compute a measure of offshorability as the share of US jobs
performed by non-US workers:

i jobs in j where cty. employer=US and cty. worker#US
o J y- employ Y;
1 All jobs in j where cty. employer=US '

(21)

Our measure (9]1' captures the prevalence of offshored contracts in an occupation in the
US. In contrast, previous measures in the literature often capture the extent to which a job
can be performed remotely rather than whether the job can be offshored. We highlight
that some jobs that can be done remotely are hard to offshore. As we will see below,
while all jobs in our data are being performed remotely, there is substantial variation

among which jobs are offshored.

One caveat with our measure (’)]1' is that workers in our data can be listed under more
than one occupation. In computing equation (21), we assign jobs performed by workers
listed in multiple occupations to all listed occupations.!® An alternative to this approach
is to use the newer wave of the worker-level data that we collected in March 2021. Due
to changes in the platform, in the March 2021 data, workers are uniquely assigned to one
of 148 occupations. Unfortunately, these data cannot be merged to the job-level data col-
lected in 2020, so that we observe the location of the worker but not that of the employer.
Given these limitations, we proxy the share of offshored jobs in an occupation by the
share of non-US workers in the occupation, that is:

Non-US workers in j
All workersinj

ol = (22)

The logic behind this proxy is that, as noted in Section 2, only 3% of non-US workers
work for domestic employers. Based on this, (9]2 assumes that all non-US workers only
performed jobs that are being offshored. In contrast, US workers work primarily for US

employers (only 25% of the jobs performed by US workers are offshored). Oé assumes

BThat s, a job done by a worker that is listed both under ‘editing” and "translation’, is counted in O]i for
j ='Proofreaders & Editors” and for j ="Technical Translation’.
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that none of the jobs performed by US workers are offshored. A clear advantage of mea-
sure (’)]i over Oé is that we do not need to make any assumptions on which jobs are
offshored. The advantage of Oé is that workers are only listed in one occupation and
that the disaggregation of the occupations is finer. Appendix Figure A.8 plots the two
measures for the 91 narrow occupations that are available both in the job-level and in
the worker-level data. It shows that the two measures are very strongly correlated across

these 91 categories.

5.2 Results

Table 4 reports our two offshorability measures for most and least offshorable occupa-
tions categories in the platform. The data on cross-border contracts suggests that whether
a job can be performed remotely is an imperfect proxy of the likelihood that the job is off-
shored. For example, only 30-40% of grant writers jobs are offshored, even though all of
them are performed remotely. In fact, there is substantial heterogeneity in the degree of
offshorability across occupations. For example, Interior Design jobs are three times more
likely to be offshored than Grant writers jobs. Again, this is in spite of the fact that all the
jobs in the platform are performed remotely.

Table 4: Most and least offshorable occupations

Top 5 Occupations (’)J1 o}
ERP / CRM Implementation Specialists 095 0.96
Mobile Developers 0.90 092
Interior Designers 090 0.93
Medical Translators Professionals 090 093
Motion Graphics Freelancers 0.89 093

Bottom 5 Occupations

Grant Writers 0.30 041
Corporate Law Professionals & Consultants 0.33  0.39
Contract Law Freelancers 0.33 0.39
Resumes & Cover Letters Writers 0.35 0.44
Paralegal Professionals 036 0.52

Notes: The Table reports the measures defined in equations (21) and (22) for the Top 5 and Bottom 5 occupations in terms of 0]1 .

Offshorability and wage dispersion: Figure 7 plots our measures of offshorability (x-

axis) and the standard deviation in log wages within each occupation (y-axis). There is
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a clear negative relationship between the two: Wages are less dispersed across countries
in more offshorable occupations. This result provides direct evidence that the degree of
offshorability can play an important role in equalizing remote wages across countries,
even though the differences remain large today.

Figure 7: Offshorability and wage dispersion
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Notes: Each circle represents an occupation. The figures compares the measures in equations (21) (left panel) and (22) (right panel) to
the dispersion in average wages across countries in each occupation. Circle sizes represent the number of countries with workers in

the occupation.

Offshorability across categories in the SOC system: The occupation categories used
so far are specific to the platform and differ from those in the Standard Occupational
Classification (SOC) system used by the BLS. To make our measures easier to use in future
research, we compute offshorability measures for the SOC categories represented in our
data. To do so, we manually match the SOC categories to the occupations in the platform
using the corresponding descriptions. We compute the offshorability measure of each
SOC category based on the two procedures described above. Appendix Table A.3 lists the
concordance between the occupation categories in the platform and the SOC, along with
the corresponding offshorability measures.

Figure 8 plots the two measures of offshorability when computed for the categories in the
platform (y-axis) vs. the SOC categories (x-axis). The categories in the platform are often
more disaggregated than those in the SOC (see Appendix Table A.3), so that the figures
often contain many occupations in the y-axis corresponding to one point in the x-axis.
The figure shows that, while the offshorability measures are positively correlated, the
SOC categories are often too broad and mask substantial heterogeneity in offshorability.

For example, the SOC category 'Lawyers” includes all the legal categories in the platform,
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some of which are highly offshorable (‘International law’, which has (’)é = 094 ) and
some of which are not offshorable ("Tax law’, which has (’)é = 0.06). In fact, we show
that the variation in offshorability within SOC categories is 0.36 of the total variation in
offshorability, and 0.54 across the BLS categories that cover more than one occupation.
This also suggests that having more disaggregated job categories than those currently
available in official statistics can help to capture better the degree of offshorability and

other important dimensions of international labor transactions.

Figure 8: Offshorability within SOC categories
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Notes: Each circle represents an occupation. The left panel compares the offshorabilty of the SOC categories to platform categories
computed using equation (21). The right panel compares the offshorabilty of the SOC categories to platform categories computed

using equation (22).

6 Conclusion

Our paper uses novel data from a large web-based job platform to study how the price of
remote work is determined in a globalized labor market. Despite the global nature of the
platform, we find large wage gaps that are strongly correlated with the GDP per capita
of the workers’ country, and are not accounted for by differences in workers’ characteris-
tics, occupations, nor by differences in the employers’ locations. We also document that
remote wages in local currency move almost one-for-one with the dollar exchange rate
of the worker’s country, and are highly sensitive to changes in the wages of foreign com-
petitors. Finally, we provide a new measure of which jobs are easier to offshore based on

the prevalence of actual cross-border contracts rather than subjective job characteristics.

These findings have profound implications on how the rise of remote work may impact
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wages across the world. First, remote wages are more equalized than local wages across
countries, but the wage gaps across locations are still large. Second, there is a high pass-
through from the exchange rate to local currency remote wages in countries other than the
US. These two facts are strickingly similar to findings obtained in the literature that looks
at tradable goods prices, suggesting that remote work can potentially integrate service
markets in similar ways that trade has tended to globalize goods markets. Finally, our
offshorability measure highlights the fact that whether a job is performed remotely is an
imperfect proxy for whether a job can be easily offshored. Future work on how to measure
offshorability should take this into account.
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A.1 Additional Tables and Figures

Table Al: List of Occupations

Detailed occupation Broad Occ. Detailed occupation Broad Occ.
Accounting Freelancers Accounting Brand Identity Strategy Freelancers Design
Financial Planners & Advisors Accounting Graphics Design Freelancers Design
HR & Recruiting Professionals Accounting Logo & Brand Designers Design
Management Consultants Accounting Motion Graphics Freelancers Design
Other - Accounting & Consulting Specialists Accounting Other - Design & Creative Design
Data Entry Specialists Admin Photographers Design
Other - Admin Support Professionals Admin Physical Design Freelancers Design
Project Managers Admin Presentation Designers & Developers Design
Transcription Services Professionals Admin Video Production Specialists Design
Virtual Assistants, Personal Assistants Admin Voice Talent Artists Design
Web Research Specialists Admin 3D Modeling Cad Freelancers Engineering
Customer Service & Tech Support Reps Customer Service  Architects Engineering
Other - Customer Service Specialists Customer Service ~ Chemical Engineers Engineering
Technical Support Representatives Customer Service ~ Contract Manufacturers Engineering
A /B Testing Specialists Data Science Electrical Engineers Engineering
Data Extraction / ETL Specialists Data Science Interior Designers Engineering
Data Mining Management Freelancers Data Science Mechanical Engineers Engineering
Data Visualization Specialists & Analysts Data Science Other - Engineering & Architecture Specialists ~ Engineering
Machine Learning Specialists & Analysts Data Science Product Designers Engineering
Other - Data Science & Analytics Professionals ~ Data Science Structural & Civil Engineers Engineering
Quantitative Analysis Specialists Data Science Database Administration Freelancers 1T
Animators Design ERP / CRM Implementation Specialists IT
Art Illustration Freelancers Design Information Security Specialists & Consultants IT
Audio Production Specialists Design Network & System Administrators IT
Other - IT & Networking IT
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Table A2: (cont.) List of Occupations

Detailed occupation Broad Occ.  Detailed occupation Broad Occ.
Contract Law Freelancers Legal Desktop Software Developers Web & soft.
Corporate Law Professionals & Consultants Legal E-commerce Programmers & Developers Web & soft.
Criminal Law Professionals & Consultants Legal Game Developers Web & soft.
Family Law Professionals & Consultants Legal Mobile Developers Web & soft.
Intellectual Property Law Professionals & Consultants Legal Other Software Development Freelancers Web & soft.
Other Legal Freelancers Legal Product Management Professionals & Consultants ~ Web & soft.
Paralegal Professionals Legal QA & Testing Specialists Web & soft.
Display Advertising Specialists Sales Scripts & Ultilities Developers Web & soft.
Email & Marketing Automation Managers & Consultants ~ Sales Web Designers, Mobile Designers Web & soft.
Lead Generation Professionals Sales Web Developers Web & soft.
Market Researchers, Customer Researchers Sales Academic Writers & Researchers Writing
Marketing Strategy Freelancers Sales Article Blog Writing Freelancers Writing
Other Sales & Marketing Specialists Sales Copywriters Writing
Public Relations (PR) Professionals Sales Creative Writers Writing
Search Engine Marketing (SEM) Specialists Sales Grant Writers Writing
Search Engine Optimization (SEO) Specialists Sales Other Writing Services Professionals Writing
Social Media Marketing (SMM) Specialists Sales Proofreaders & Editors Writing
Telemarketing & Telesales Specialists Sales Resumes & Cover Letters Writers Writing
General Translation Freelancers Translation — Technical Writers Writing
Legal Translation Professionals Translation =~ Web Content Writers, Web Content Managers Writing
Medical Translators Professionals Translation

Technical Translation Professionals Translation
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Figure A.1: Ask vs. transacted wages
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Notes: The figure shows the scatter plot between a worker’s ask wage (x-axis) and the worker’s average transacted wage (y-axis).

Average transacted wages are computed using wages in the job-level data that were received within the year around the date of the

ask wage.

Table A3: Variance decomposition of wages

Ask wages Transacted wages

Var(Controls) 0.03 0.08
Var(Sector) 0.11 0.10
Var(Country) 0.26 0.34
Residual 0.45 0.41
2Cov(Country-controls) 0.03 -0.02
2Cov(Country-sector) 0.09 0.07
2Cov(Sector-controls) 0.02 0.02

Notes: The Table reports the variance decomposition of equation (2). The second and third columns show the results using ask wages

from the worker-level data and transacted wages from the job-level data, respectively.

39



Figure A.2: Ask wages and GDP per capita relative to the US: alternative samples

(a) All countries: Raw data
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(b) All countries: With Controls
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(d) Countries w/50+ workers: With Controls
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Notes: The x-axis reports the (log of) the relative GDP per capita in US dollars, taken from the World Development Indicators (WDI)

collected by the World Bank. Panels on the left-hand side report the (log of) the average ask wage in country c relative to the US.

Panels on the right-hand side reports the average relative ask wage in country ¢ estimated from equation (1). Panels (a) and (b) report

the estimates for all countries. Panels (c) and (d) report the estimates for the set of countries that have at least 50 workers. Panels (e)

and (f) report the estimates for the set of countries that have at least 500 workers.
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Figure A.3: Transacted wages and GDP per capita relative to the US: alternative samples

(a) All countries: Raw data (b) All countries: With Controls

O

1
|

residual average wage relative to US
residual average wage relative to US

o o
9
o
&
! <
ou 3 4
o © Qsm
L ; : ‘ ‘ =1 : ‘ ‘ ‘ ‘ ‘ ‘ ‘
-6.0 -4.0 -2.0 0.0 2.0 1/128 1/64 1/32 116 1/8 1/4 12 1
GDP per capita relative to US GDP per capita relative to US
Note: Slope=0.16, R"2=0.20 Note: Slope=0.14, R"2=0.17

(c) Countries w/50+ workers: Raw data  (d) Countries w/50+ workers: With Controls

(e

~~—"

—

1
|

1/2
I

12
|

residual average wage relative to US
residual average wage relative to US

Nl (e]

A S =
Oree

® 4 @

— T T T T T T T T - T T T T T T T T
1/128 1/64 1/32 1/16 18 1/4 12 1 1/128 1/64 1/32 1/16 1/8 1/4 12 1

GDP per capita relative to US GDP per capita relative to US
Note: Slope=0.17, R"2=0.42 Note: Slope=0.21, R"2=0.56

Countries w/500+ workers: Raw data (f) Countries w/500+ workers: With Controls

- Ovs - O

1/2
I
12
|

1/4
I
o

residual average wage relative to US
8\
residual average wage relative to US
1/4
.

1/8
I

B4 132 116 18 14 12 1 64 U3 116 18 14 12 1
GDP per capita relative to US GDP per capita relative to US
Note: Slope=0.25, R"2=0.67 Note: Slope=0.26, R"2=0.76

Notes: The x-axis reports the (log of) the relative GDP per capita in US dollars, taken from the World Development Indicators (WDI)

collected by the World Bank. Panels on the left hand side report the (log of) the average transacted wage in country c relative to the

US. Panels on the right hand side reports the average relative transacted wage in country c estimated from equation (2). Panels (a) and

(b) report the estimates for all countries. Panels (c) and (d) report the estimates for the set of countries that have at least 50 workers in

the worker-level data. Panels (e) and (f) report the estimates for the set of countries that have at least 500 workers in the worker-level

data.
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Figure A.4: Wages paid by employers from different countries and GDP per capita: alter-
native samples

(a) Countries w/100+ workers in worker-level data
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(b) Countries w/100+ employers in job-level data
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Notes: The x-axis reports the (log of) the relative GDP per capita in US dollars, taken from the World Development Indicators (WDI)

collected by the World Bank. The y-axis reports relative wages estimated according to equation (3).

42



Figure A.5: Wages and GDP per capita across US states (ask wages)
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Notes: The x-axes report the (log of) the relative GDP per capita in US dollars, taken from the Bureau of Economic Analysis. The figure
plots the average ask wage in each state relative to California, obtained from state fixed effects in equation (1) with the worker-level

data. The red lines show the linear fit of the data. The estimated slope is 0.21 (0.05) and the R?is 0.35.

Figure A.6: Distribution of wage and exchange rate changes: transacted wages
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(a) Wage changes (b) Exchange rate changes

Notes: Panel (a) reports the distribution of hourly wage changes in between subsequent hourly jobs in the job-level data. Panel (b)
reports the distribution of exchange rate changes for each time-spell in between subsequent jobs. The figure shows the variation in

these variables behind the estimation of equation (16).
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Table A4: Frequency of transacted wage changes

Freq. Wage Share Wage Med. Wage Med. Wage

Sample Changes Increases Increase Decrease
All 0.76 0.64 0.26 -0.22
AT =1 0.70 0.59 0.22 -0.22
AT < med(AT) 0.71 0.60 0.22 -0.22
AT > med(AT) 0.81 0.67 0.29 -0.22

Notes: The Table presents summary statistics about the distribution of transacted wage changes in between subsequent hourly jobs in

the job-level data.

Figure A.7: Distribution of wage and exchange rate changes: ask wages

05
L

(a) Wage changes (b) Exchange rate changes

Notes: Panel (a) reports the distribution of hourly wage changes between January-February 2019 and October-November 2019 in the
worker-level data. Panel (b) reports the distribution of exchange rate changes during the same period. The figure shows the variation

in these variables behind the estimation of equation (20).

Table A5: Frequency of ask wage changes

Freq. Wage Share Wage Med. Wage Med. Wage
Sample  Changes Increases Increase Decrease
All 0.51 0.80 0.34 -0.29

Notes: The Table presents summary statistics about the distribution of ask wage changes between January-February 2019 and October-

November 2019 in the worker-level data.
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Table A6: Pass-through to transacted wages: first stage regression

ey 2)
AS wt AS wt
Asect 0.012>|<>|<>|<
(0.003)
nC,t—S,t 0-008
(0.006)
ncltfslt + Asect 0.012***
(0.003)
Asey -0.008 -0.008

(0.025)  (0.025)

TTt—s t 1.342%*  1.337%**
(0.102)  (0.102)

Observations 108529 108529

R-squared 0.95 0.95

Notes: The table reports the first stage corresponding to columns 5 and 6 in Table (3). Country-specific linear trends are included but
not reported. Standard errors are clustered at the time-spell level. *: significant at the 10% level, **: significant at the 5% level, ***

significant at the 1% level.
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Table A7: Pass-through to transacted wages: sample with non-zero wage changes

1) () 3) 4) ) (6)

Aswf,t Aswf/t Aswf,t Aswf’t Aswflt Aswflt
Agsect 0.202%** 0.219*** (0.222%**

(0.076) (0.035) (0.038)
T p—s 0.157 0.068 0.132

(0.178) (0.091) (0.099)
Tl t—st + Dsect 0.204*** 0.224*** 0.233***

(0.076) (0.036) (0.034)

Asw; 0.951*** (0.938*** (.718*** 0.467**

(0.074)  (0.073)  (0.275)  (0.192)
Observations 81392 81386 81876 81876 81870 81870

R-squared 0.083 0083 0040 0040  0.0029  0.039

Test B = B2 0.78 0.073 0.32

Test B + 3 = 1 0.040 0049  0.83 0.12
1202 51454

F stat 1st stage
Specification OLS OLS OLS OLS 25LS 25LS

Notes: The table reestimates the specifications in Table 3 using the sample of non-zero wage changes. Country-specific linear trends
are included but not reported. Columns 1-2 also include time-spell specific fixed effects and clustered standard errors at the country

level. Columns 3-6 cluster standard errors at the time-spell level. *: significant at the 10% level, **: significant at the 5% level, ***

significant at the 1% level.
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Table A8: Pass-through to transacted wages: leave-one-out wage index

(1) 2) ) (4) ) (6)
Asw; Asws, Aswi, Aswi, Aswi, Aswi,
Asect 0.179*** 0.183*** 0.185***
(0.065) (0.029) (0.029)
TCe,t—s)t 0.110 0.077 0.086
(0.138) (0.074) (0.079)
Tle,t—s,t + Aseet 0.182*** 0.186*** 0.189***
(0.065) (0.029) (0.029)
Asw_; 0.612*** 0.604*** 0.542***  0.467**
(0.060)  (0.060)  (0.196)  (0.183)
Observations 108068 108068 108529 108529 108529 108529
R-squared 0.082 0.082 0.040 0.040 0.040 0.040
Test B1 = B2 0.57 0.12 0.18
Test 1+ B3 =1 0.0023  0.0017 0.16 0.061
F stat 1st stage 106.4 106.7
Specification OLS OLS OLS OLS 25LS 25LS

Notes: The table reestimates the specifications in Table 3 replacing the baseline wage index A;W; for the leave-one-out wage index
AW _ip = Y 1i#gﬂASw,t = [AsW; —sitAswit] / [1 — s;]. This alternative specification alleviates the concern that the aggregate wage
index A;W; is by definition a function of each worker’s wage, and is thus correlated with the error term. Country-specific linear
trends are included but not reported. Standard errors are clustered at the country level in columns 1 and 2, and at the time-spell level

in columns 3-6. level. *: significant at the 10% level, **: significant at the 5% level, *** significant at the 1% level.
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Table A9: Pass-through to transacted wages: leave-one-out wage index - first stage re-
gression

ey 2)

Asw_ip  Asw_j;
Asecf 0.012***

(0.003)
ncltfslt 0.007

(0.006)
nclt_s,t + Asect 0.012***

(0.003)

Asey 0.005 0.005

(0.025)  (0.025)

Tlt—s t 1.379%*  1.374***
(0.103)  (0.102)

Observations 108529 108529

R-squared 0.95 0.95

Notes: The table reports the first stage corresponding to columns 5 and 6 in Table A8. Country-specific linear trends are included but
not reported. Standard errors are clustered at the time-spell level. *: significant at the 10% level, **: significant at the 5% level, ***

significant at the 1% level.
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Table A10: Pass-through to transacted wages: country-level trends

1) () €) (4) () (6)

Aswflt Aswf,t Aswf,t Aswf,t Aswf,t Aswf/t
Asect 0.146  0.140*** 0.143*** 0.178** 0.162*** 0.169***
(0.107) (0.029)  (0.029) (0.070)  (0.029)  (0.029)
TUcb—s 0.108 0.044 0.053 0.176 0.079 0.113
(0.210) (0.055)  (0.055) (0.139) (0.071)  (0.076)
Asw; 0.827***  (.644*** 0.839***  (0.605***
(0.061)  (0.195) (0.060)  (0.209)
AT -0.000 0.001

(0.001)  (0.002)
Observations 107099 107602 107602 107099 107602 107602

R-squared 0.073 0.031 0.031 0.10 0.062 0.0027
Test B1 = B2 0.80 0.023 0.036 0.99 0.20 0.42
Test 1 + B3 =1 0.62 0.27 0.98 0.28
F stat 1st stage 97.7 85.8
Specification OLS OLS 25LS OLS OLS 25LS
Country-spell FE no no no yes yes yes

Notes: Columns 1-3 reestimate the specification in Columns 1, 3, and 5 of Table 3 without controlling for country-specific trends.
Columns 4-6 reestimate the specification in Columns 1, 3, and 5 of Table 3 using the interaction between country fixed effects and
spell-length fixed effects to flexibly control for (possibly non-linear) country-specific trends. Standard errors are clustered at the
country level in columns 1 and 4, and at the time-spell level in columns 2, 3, 5, and 6. *: significant at the 10% level, **: significant at

the 5% level, *** significant at the 1% level.
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Table A11: Wage changes and international shocks: worker-level data

(1) (2) (3) (4) (5) (6)
Awi Awi Awi Awi Awi Awi
Ae 0.084*** 0.081*** 0.081***
(0.028) (0.015) (0.015)
AT, 0.095 0.091*** 0.092***
(0.086) (0.031) (0.032)
A(7e +e0) 0.085*** 0.082*** 0.082%**
(0.029) (0.016) (0.016)
Aw; 1.007***  1.004***  1.055***  1.032***

(0.012)  (0.008)  (0.054)  (0.020)
Observations 226559 226559 226559 226559 226559 226559

R-squared 0.0029  0.0029  0.0029 0.0029 0.0029  0.0029
Test 1 = B2 0.90 0.67 0.000066

Test 1+ 3 =1 0.000082 0.000023  0.028  0.00011
F stat 1st stage 5.65 5.65
Specification OLS OLS OLS OLS 25LS 25LS

Notes: The table reports the results from estimating equation (20). Standard errors are clustered at the country level. *: significant at

the 10% level, **: significant at the 5% level, *** significant at the 1% level.
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Figure A.8: Comparing offshorability measures
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Notes: The figure compares the results of equations (21) and (22) for the 91 narrow occupations that appear both in the January 2019
and March 2020 datasets.
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A.2 Blinder-Oaxaca Decomposition

We now further evaluate whether the observed differences in wages across countries are
driven by cross-country differences in workers’ skills or by differences in returns to skills
across countries. With this in mind, we conduct a “Blinder-Oaxaca” decomposition (Blin-
der, 1973; Oaxaca, 1973) of the observed wage differentials. We start by writing the log-
wage of remote worker i in country c as:

WS =BLXS + €. (A.2.1)

Here, X7 is a vector containing worker characteristics (skills, experience, quality ratings,
etc.) and a constant. B is a vector of country-specific slope parameters and an intercept.
Thus, wages reflect not only differences in efficiency units of labor, but also how those
units are rewarded in each country. Note that the relative wage between country ¢ and
the US can be written as:

rerg,}us =E (wzc) —E (wzc) = ﬁ;]E (ch) - :B:/IS]E (Xi,us) s

where we used that E (&) = 0.

The goal of the ‘Blinder-Oaxaca’” decomposition is to evaluate whether observed wage
differentials across countries are driven by differences in workers’ characteristics X¢ or
by differences in the returns to those skills, .. With this in mind, we can re-arrange
equation (A.2.1) as:

rergus = Bus [ (Xj) — E (X[°)] + [Bi — Bus] B (X}). (A.2.2)

~
Endowment Returns

Equation (A.2.2) states that relative wages can be written as the sum of two terms. The
tirst term, labeled "TEndowment’, captures differences in wages predicted by the observed
differences in workers’ characteristics in country ¢ vs the US, [E (X{) — E (X¥°)]. The
second term, labeled 'Returns’, captures differences in wages predicted by the estimated
differences in returns across countries, [} — B;].

We implement this decomposition to the wage differential for the five largest countries in
terms of the number of workers, all of which exhibit large differences in wages relative to
the US. The vector of worker characteristics in the regression includes: i) the experience
variables (past earnings and number of jobs), ii) the quality ratings (success ratings and
whether the worker is “Top Rated”), iii) 91 detailed occupation-level fixed effects indi-
cating whether the worker is listed in an occupation, and iv) 106 dummy variables for
each test that indicate if the worker has taken the test, along with 106 variables indicating
the worker’s score in each test, (v) dummies for availability (dummies for Full/part-time,
and dummies for response time), and (vi) dummies for whether the worker works in an
agency.

Table A12 reports the results of this decomposition. The second column reports differ-
ences in average wages between country ¢ and the US. The second column reports the
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wage differentials predicted by the term labeled 'Endowment’. While there are some
differences in worker characteristics across countries, these differences are not strongly
correlated with cross-country differences in GDP per capita. In fact, workers in India and
Ukraine appear to have similar average endowments as their counterparts in the US. In
contrast, the last column shows the wage differentials predicted by the term labeled 'Re-
turns’. Differences in returns are the main drivers of wage-based real exchange rates with
the US.

Table A12: Blinder-Oaxaca decomposition of wages

rersys Endowment Returns
Bangladesh -1.45 -0.21 -1.24
India -1.04 0.03 -1.07
Pakistan -1.10 -0.13 -0.96
Philippines -1.55 -0.33 -1.22
Ukraine -0.49 0.09 -0.58

Notes: The table reports the results from Blinder-Oaxaca decomposition in equation (A.2.2).
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A.3 Derivation of Equations (14) and (15)

The change in worker’s i wage is:
dwiy = dwer + dzjy,

where the change in wages per efficiency units is given by

0 1 P—X
d = ——db .
Wet = Ty ct+p Goct+p+ept
Differentiating (6) yields
1
dpy = da; +dwy,
—p
which can be rewritten as
0 1 P+
dpt det + F |:d t+ 1 da[—:| .

Substituting (13) into (13) and (13) yields:

0 1
dwe = P— [decf + 7Tct] + P— [d(Pct + 9’)’(;1}] + f)+ 0 pt+—— P

+0

0 1 16
dpr = 0+ [det + 4] + —— [9% +de; + dpr + —pd ]

0+ x

Letdz; = Y s E.dz;;. Then, we can write:

dpt =

1
= 1 day — dzy + ZsctolEC [dwit] :

Finally, we define the index of wage changes as:

dw; = Z Seto e [dw;y] .

Note that we can write:

1
dpy =dw; + = pdut —dzy,

54

1
— pdﬂt + Y setoEe [dwer + dziy] — dzy.
Cc

(A.3.1)

(A.3.2)

(A.3.3)

(A.3.4)



and

0 1
dwt [def + Tlt] + —

9+X 05 x 97t+d(pf+p );daf + dz;.
Substituing (A.3.2), (A.3.4), and (A.3.5) into (A.3.4), we obtain
dw;y = ’ (dect + 7tet] + P dwy + A + dpy + dzi
p+0 p+0
i = P [A@ct + 0t
A, = f)_Tg {1 _pdat dzt]
and
dwy = 6 [de: + 71¢] + d ¢y
0+ x
dy = ﬁ [9% +dgi+ 1= ﬁdat] +dz + 11dat.
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