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Abstract

We bring to bear a novel dataset covering the employment history of about 450 million
individuals from 180 countries to study return migration and the impact of skilled in-
ternational migration on human capital stocks across countries. Return migration is a
common phenomenon, with 38% of skilled migrants returning to their origin countries
within 10 years. Return migration is significantly correlated with industry growth in
the origin and destination countries, and is asymmetrically exposed to negative firm
employment growth. Using an AKM-style model, we identify worker and country-firm
fixed effects, as well as the returns to experience and education by location and current
workplace. For workers in emerging economies, the returns to a year of experience in
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1 Introduction

There are large flows of human capital across countries. According to the United Nations,

by 2020 the number of international migrants reached 281 million, equal to approximately

3.6% of the world’s population (McAuliffe and Triandafyllidou 2022). It is estimated that

more than 5% of the skilled labor force has migrated at least once. Existing survey evi-

dence further suggests that return migration is a common phenomenon, with a significant

fraction of international migrants returning to their origin (home) countries within 5 years

(Hagan and Wassink 2020). The extent of skilled human capital flows has raised concerns

surrounding brain drain in a number of countries experiencing significant outflows of skilled

human capital. On the other hand, countries that receive significant skilled migrant flows

may receive benefits in the form of greater innovation and increased economic growth (Bern-

stein et al. 2022). Ultimately, the costs and benefits of international mobility depend on a

variety of factors, including the raw migration and return migration patterns, the selection

of individuals by skill into migration, the extent of human capital accumulation by skilled

workers in different countries, and potential knowledge spillovers (Saxenian et al. 2002, Kerr

2008, and Prato 2022).

Despite the policy interest surrounding these questions, research into them has been

stymied by lack of data that tracks skilled labor across countries, provides detailed informa-

tion on pre and post migration occupational histories, and has global coverage. This paper

fills this gap by introducing a novel dataset tracking the global employment histories of ap-

proximately 450 million skilled workers from 180 countries. This dataset provides detailed

information on the educational history of skilled workers, the location and firm where they

worked, their occupational title, and the wage they received. Leveraging this powerful data,

we document basic facts regarding the phenomenon of return migration, study potential

determinants of the return migration decision, use a development accounting framework to

study the differential returns to experience across countries, examine the selection of in-
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dividuals into migration and return migration by skill, and finally quantify the impact of

international migration on cross-sectional skilled human capital stocks across countries using

counterfactual analyses. For some of our analysis, we further supplement this data with raw

global salary postings data from Glassdoor.

We first show that skilled labor is highly mobile across countries. Using hazard analysis,

we estimate that 3.4% (4.4%) of skilled workers migrate to a different country within five

(ten) years. There is significant international heterogeneity in the propensity of skilled

workers to migrate, with India experiencing twice the global average, and countries such as

the United States and China experiencing fewer outflows of skilled labor than the global

average. Approximately 23% of skilled international migration is for education, with this

propensity being larger for migrants from emerging market economies and for migrants to

advanced economies.

Return migration is a significant phenomenon and demonstrates a concave relationship

with time. Approximately 10% of international skilled migrants return to their origin country

within the first year. Within five years 33% of migrants return to their origin countries, and

38% return within ten years. As with out-migration, there is substantial heterogeneity

across countries in return migration rates. On average, advanced economies such as the

United States and high-income countries in the European Union experience higher return

migration rates than other countries. Furthermore, emerging market economies tend to have

lower return rates, although this is not uniformly true. Countries such as Chile, Brazil, and

Indonesia have relatively high return rates compared to the global average. India, which has

large skilled migrant outflows, experiences relatively little return migration.

Having documented basic facts regarding the extent of return migration, we subsequently

examine the correlates of bilateral migration flows and the return migration decision. We

first show that a simple gravity model controlling for GDP per capita, the population of

individuals with tertiary education in the origin (home) and destination (host) country, the
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distance between the two countries, and a dummy variable for a common language can

explain approximately 80% of bilateral skilled migrant flows. Outflows are larger in lower

income per capita countries and are targeted towards higher income per capita countries.

Bilateral migrant flows, that is outflows from an origin country to the destination country, are

also larger when the two countries share a common language. Smaller population countries

also tend to experience greater outflows. Distance reduces migrant flows, but the effect is

relatively smaller than in the trade literature.

Turning to return migration, we find that A 10% increase in the origin country’s income

per capita is associated with a 4% higher likelihood of return migration within 10 years,

while 10% higher income per capita in the destination country is associated with 1% lower

probability of return. Controlling for origin country outflows, distance has little impact on

return migration rates. Migrants to countries with a common official language are 15% more

likely to return to their origin country, consistent with workers being more mobile between

labor markets with a common cultural bearing.

Turning to more granular analyses, we further show that return migration is sensitive to

industry growth in the origin country and destination country. A one standard deviation in-

crease in origin country industry growth leads to 2.3% increase in the return rate of migrants,

while a one standard deviation increase in destination country industry growth leads to a

7.4% decline in the rate of return migration. Return migration is also sensitive to industry

growth in “adjacent” industries to the migrant’s industry, as measured by bilateral job-to-job

transition flows. Finally, return migration is asymmetrically exposed to employment growth

at migrant’s firm, with employment declines having a more substantial impact on return

migration rates than positive employment shocks.

One potential benefit of international migration for the origin country is that migrants

may accumulate disproportionately more human capital abroad than they otherwise would

have by remaining, and a fraction of this acquired human capital may be transferred back
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to the origin country through return migration. This raises the question of whether the

returns to experience in the origin country depend on where that experience was acquired.

To answer this question, we develop a neoclassical development accounting framework. A

country’s output production function combines total factor productivity (TFP), physical

capital, and human capital. An individual’s human capital is a function of an individual

fixed effect, their educational and occupational history, and random shocks. In particular,

the effect of a worker’s experience on her human capital depends on both where the experience

was acquired and where the worker is currently employed. Using this specification for human

capital in the firm’s profit maximization first-order condition leads to an extension of the

standard Abowd, Kramarz, and Margolis (Abowd et al. (1999)) (AKM hereafter) equation

for wages allowing for the endogenous accumulation of human capital over time through

learning-by-doing.

We estimate this augmented AKM style equation using our global employment history

data and salary data provided by Revelio and Glassdoor. Returns to job experience in

the United States are highest for experience that is accrued in the United States, relative

to experience acquired in other advanced economies or emerging market economies. We

additionally find that advanced economy and especially US experience is at a significant

premium in emerging market economies, generating significantly higher returns than own-

market experience. In specifications with country by year and individual fixed effects, but

without firm fixed effects, an additional year of US experience, for an individual with 10 total

years of experience, generates approximately 62%-212% higher returns than an additional

year of own market experience, depending on the exact specification and salary data used.

These effects could be driven by return migrants sorting into higher wage firms or by

return migrants occupying higher wage, more senior positions. To control for the former, we

re-estimate the equation including firm fixed effects. We continue to find a positive premium

to US experience in emerging market economies, An additional year of US experience, for
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an individual with 10 years of total experience, generates approximately 59%-204% higher

returns than an additional year of own market experience.

To address endogeneity concerns that migration or return migration could be correlated

with persistent, idiosyncratic shocks to the human capital of the worker, we take a twofold

approach. To assess the robustness of our findings, we first employ a matching estimator

in which for each return migrant, we match to workers in the same origin country of the

same educational cohort who attended the same school, work at the same firm and role, have

the same levels of job experience, and earn similar wages before migration. We find that

our results are robust to this specification, pre-trends are negligible, and, moreover, that

treatment heterogeneity is consistent with intuition. The wage gap between return migrants

and the matched control group is larger for those migrants who had more years of experience

in the United States. As an additional test, within this matched sample, we restrict to those

workers who return migrate following layoffs at the firm they worked for in the destination

country, which provides a plausibly exogenous shock to the incentives of workers to return.

The results are highly stable to this specification and heterogeneity again conforms with

intuition.

We next use our development accounting empirical framework to study who selects into

migration and return migration, which speaks to one of the primary debates surrounding

international migration flows. That is, does international migration create a brain drain from

some countries, and does return migration act as a mitigating force? Using the individual

fixed effects recovered from our AKM regressions, we show that migrants from emerging

market economies have 6% higher (intrinsic) human capital than non-migrants1. Within the

migrant population, return migrants are negatively selected on human capital but are still

positively selected relative to non-migrants. Returnees from the US to Emerging Markets

and non-returnee migrants of Emerging Markets to the US demonstrate 6.3% and 16.5%
1Migrants from Emerging Markets to the US, other Advanced Economies and other Emerging Market
Economies exhibit, on average, 12.9% and 6.2% and 2.8% higher worker ability compared to non-migrants,
respectively.
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higher worker ability, respectively, in comparison to non-migrants of Emerging Markets.

We finally use our reduced-form estimates and counterfactual analysis to assess the quan-

titative impact of skilled international migration on skilled human capital stocks across coun-

tries. In our primary counterfactual specification, we shut down international migrant flows

completely. This shuts down the potential brain drain. However, countries also will not ben-

efit from migrant inflows. Finally, since return migration is shut down, a fraction of workers

may accumulate less human capital than they otherwise would have through experience

abroad.

We find that international skilled migrant flows have sizable and heterogeneous effects

across countries. Relative to the baseline, shutting down such flows adjusts per capita

human capital stocks within a range of -3% to 4%. The biggest winners include Ireland,

Lebanon, and Jordan, countries that experience significant outflows of disproportionately

skilled labor, while the biggest losers include Qatar and the UAE. The United States suffers

a modest decline in its per capita human capital stock, reflecting the benefits the United

States receives from brain drain in the rest of the world. Total human capital stocks adjust

within a range of -60 to 40 percent. The largest percent increases occur in Belarus, Jordan,

Lebanon, and Costa Rica, while the largest losses occur in Qatar, the UAE, Luxembourg,

Kuwait, and Oman, reflecting the large migrant populations in those countries.

The remainder of this paper is organized as follows: Section 2 provides a literature re-

view, detailing our contributions. In Section 3, we present an overview of our unique dataset.

Section 4 documents the patterns observed in migration and return migration. Section 5 ex-

plores the correlations between migration/return migration and origin and destination coun-

try characteristics, industry specifics, and firm attributes. Section 6 focuses on measuring

human capital dynamics in migration through a development accounting framework. We

estimate returns to experience using matching estimators and analyze the effects of mass

layoff shocks on migrants. Section 7 presents counterfactual analyses to ascertain the impact
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of migration and return migration on the skilled human capital of countries. Finally, in

Section 8, we provide our concluding remarks.

2 Literature Review

This paper contributes to an extensive literature on various aspects of the migration of skilled

human capital.

First, we contribute to the literature on the measurement of global talent �ows across

countries (Kerr et al. 2016 and Kerr et al. 2017), and in particular to the discussion on brain

drain (Bhagwati and Rodriguez 1975, Beine et al. 2001, and Docquier and Rapoport 2012)

vs. brain gain and brain circulation (Mayr and Peri 2009 and Saxenian 2005). A primary

challenge in this literature is the lack of appropriate data. For instance, most studies on brain

drain lack data on the place of education, relying instead on the place of birth. However,

some patterns of human capital �ows can change signi�cantly if one considers migration

patterns based on the place of education (Özden and Phillips 2015). More importantly, net

bene�ts from skilled labor migration depend not only on emigration rates but also on the

return rates of migrants. However, most studies on return migration either focus on a speci�c

country (e.g., Singh and Krishna 2015 and Bucheli and Fontenla 2022) or rely on individual

countries' census data, which does not track individuals across countries. Thus, additional

assumptions on mortality rate, onward migration, and outmigration rates are required to

calculate return migration (Chen et al. 2022 and Bossavie and Özden 2023). Our data,

which tracks both educational attainments and work history of individuals across di�erent

countries, signi�cantly improves previous measures of outmigration and return migration.

Net bene�ts from migration also depend on the degree of selection of outmigrants and

returnees (Wahba 2015, Ambrosini et al. 2015, Dustmann and Görlach 2016, Akee and Jones

2019 and Adda et al. 2022), as well as the transferability of human capital across countries
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(Abramitzky et al. 2019, Wahba 2015 and Reinhold and Thom 2013).2 Again, most studies

in this literature, with the exception of Martellini et al. (2023), rely on information from

a speci�c country and lack data on individuals' income in both the origin and destination

countries. Our detailed individual-level data allow us to go beyond focusing on a speci�c

country and enable us to control for signi�cantly more observable factors. Indeed, we �nd

that the degree of selection of migrants and returnees varies signi�cantly as a function of the

origin and destination countries, and therefore one should be cautious in generalizing �ndings

based on a speci�c country. Moreover, our data allows us to compare return migrants with

non-migrants who attended the same universities, worked for the same companies, and had

similar years of experience and education in the pre-period, which is a signi�cant improve-

ment in terms of controlling for selection between migrants and non-migrants. Furthermore,

our layo� research design helps us to control for selection in return migration. Martellini

et al. (2023) use Glassdoor data to measure the global distribution of college graduates, as

well as the selection and transferability of human capital across countries. The fact that our

data has signi�cantly higher coverage across space and time enables us to investigate return

migrations (and their economic and social determinants) in addition to migration patterns.

Moreover, we estimate the transferability of experience across di�erent countries.

The results in our paper are similar to the �ndings in the literature on economic and

social determinants of migration within countries (Blanchard and Katz 1992, Bartik 1993,

Kennan and Walker 2011, Ko³ar et al. 2022 and Howard and Shao 2023), and the costs

of migration (Bayer and Juessen 2012, Bartik 2018 and Porcher 2020). Our results on the

selection of skills in migration patterns across di�erent countries and the higher rate of return

to experience in more advanced countries resemble the �ndings in Roca and Puga (2017)

and Card et al. (2023) for the movement of individuals within Spain and the US.3

2In this paper, we abstract from the dynamic impact of immigration on skill acquisition before migration.
See Khanna and Morales 2023 for an analysis of how US immigration policy induced more high-skilled
Indian workers to choose majors related to the IT industry.

3Our �ndings regarding the signi�cance of economic factors and salaries at the destination in in�uencing
migration decisions also relate to studies examining the impact of taxation on migration patterns (Kleven
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Finally, our paper relates to the literature on human capital accounting (Klenow and

Rodriguez-Clare 1997, Caselli 2005, Jones 2014, Hendricks and Schoellman 2018 and Martellini

et al. 2023). Compared to this literature, our main advantage is in accounting for the impact

of return migration on total human capital. Return migration accounts for a large share of

immigration �ows to developing countries. Moreover, our results con�rm that return mi-

grants from advanced economies accumulate valuable human capital which in�uences our

estimates of the impact of migration on human capital accumulation. Our main �nding

here is that there is signi�cant heterogeneity in the net bene�ts from migration. However,

these net bene�ts are not signi�cantly correlated with cross-country variations in income per

capita.

3 Data

Our research primarily uses data from Revelio Labs, which gathers information from public

LinkedIn pro�les and other sources. LinkedIn, launched in 2003, is a widely used online

platform for professional networking with over 700 million users worldwide. On LinkedIn,

users create pro�les that list their educational and employment histories, including the uni-

versities they've attended, their �elds and degrees, their employers, job titles, and the dates

they held these positions. Revelio Labs provides access to publicly available information

from over 450 million LinkedIn accounts from 180 countries as of early 2023. For simplicity,

we refer to this data as�professional pro�les�.

The presence of professional pro�les on LinkedIn varies greatly by occupation, location,

and time. Individuals with a college education and those in white-collar jobs are more

likely to have a LinkedIn pro�le compared to those without higher education or in blue-

collar positions. Therefore, we consider LinkedIn a more representative platform for college-

educated individuals and white-collar professions.

et al. (2014), Kleven et al. (2020) and Muñoz (2020)
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To assess coverage disparities across countries, we de�ne �country coverage� as the ratio of

professional pro�les in a speci�c country to the total number of college-educated individuals

there, using ILO data. The coverage rate across di�erent countries is summarized in Table

A1 and Figure A1. Developed countries, like the US, often have a coverage rate of over 80%.

Yet, countries such as Japan and South Korea have coverage rates below 5%, possibly due

to alternative platforms and language barriers. Developing countries typically show lower

coverage rates, but some, including Argentina, Chile, and South Africa, have rates close to

global averages. India, with its signi�cant labor force, has a coverage rate of about 40%,

which, despite being lower, represents a considerable portion of its skilled workforce.

Country coverage has been increasing. Figure A2 shows the coverage index over time,

normalized to 100% for 2022, with coverage in 2000, 2010, and 2015 at about 26, 62, and

87% respectively. For analyses like out-migration rates, we focus on recent years with stable

coverage to avoid bias from earlier �uctuations. The �gure is derived from panel data of

education and job experience start and end dates in LinkedIn pro�les, showing occupation

and location annually. We count users with education or job entries per year, noting that

this method di�ers from when users join LinkedIn; they can add their entire history upon

joining.

To analyze international �ow rates, we use a weighting system in�uenced by country

coverage levels. We recognize that people who move abroad are likelier to maintain a pro-

fessional pro�le, especially when moving from a country with lower to higher coverage. We

hypothesize that relocating to a country with better coverage increases the chances of an

individual creating and updating their pro�le, including their time in their home country.

Therefore, we calculate the weight for individuali based on this premise.

wi =
1

max
j ( i )

(coverageij )
(1)

Here, j (i ) represents the countries where individuali has worked or studied. For example,
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if two individuals, i and i 0, are from a country with a 20% coverage rate, buti also has

experience in a country with 100% coverage, whilei 0 does not, their weights would be 1 and

5, respectively. See Table A1 for detailed country coverage rates.

We clean the location data in user pro�les because about 50% of the job positions reported

do not include a country. To �ll this gap, we examine the companies listed in pro�les and the

countries associated with them (reported by users). If a company is predominantly linked

to a speci�c country (over 90% of associations), we infer all its employees with a missing

country in their pro�le work in that country, identifying the location for about half of the

jobs with missing data. For education records, which typically lack country details, we use

the location data listed in job positions, assuming the institutions are located where their

personnel report working. This method helps us determine the country for approximately

65% of education records, utilizing the link between universities and the job locations of

their associated sta�.

In addition to our main dataset sourced from publicly available pro�les, we utilize sup-

plementary imputed wage data provided by Revelio Labs. This supplementary dataset o�ers

salary information for individual job positions, estimated using an imputation process pri-

marily reliant on job titles categorized into 1500 distinct categories, geographic locations, and

companies. According to documentation provided by Revelio Labs, the imputation process

relies on a regression-based model extensively trained on a vast dataset comprising over 200

million salaries gathered from global job postings, including data from LinkedIn, job posting

aggregators, and publicly available labor certi�cation applications (LCAs) speci�cally within

the United States.

Initially, the wages for each job category are estimated for the US. Subsequently, adjust-

ments are made for other countries in two main ways: Firstly, country averages are adjusted

based on the Purchasing Power Parity (PPP) in each respective country. Secondly, the dis-

tribution of wages within each country is estimated by comparing the wages for a speci�c job
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category in that country to the wages for the same category in the US. Moreover, to accom-

modate temporal variations, the model incorporates country-level in�ation rates, enabling it

to estimate changes in salary levels over time.

In addition to the imputed wages provided by Revelio, we also bring to bear country-

�rm-position level wages using raw global salary data from Glassdoor. This data provides

exact wage data at the �rm level. While using such data restricts our sample sizes and

does not control for within position variation in wages due to seniority, it allows us to run

wage regressions without relying on the Revelio imputation procedure. Appendix Table C2

compares the summary statistics of observable characteristics of individual pro�les covered in

the Glassdoor data with those not covered. This con�rms that the distribution of individual

characteristics between the two sets is relatively similar and has signi�cant overlap. Appendix

Table C3 further compares the di�erences in observable characteristics between these two

sets after controlling for country �xed e�ects. The main �nding is that those individuals

with wage data from Glassdoor are generally slightly younger and slightly more educated.

We conduct multiple data validity checks, including comparing the number of profes-

sional pro�les across countries with the International Labour Organization's (ILO) �gures

for the college-educated workforce as discussed earlier in this section. Our assessment of the

professional pro�les dataset involves a wide range of evaluations, done in two stages: �rst,

by comparing it to U.S. data, and second, by comparing it to international measures.

For U.S. comparisons, we match the in�ow of college-educated individuals to U.S. data

from the Current Population Survey (CPS) from 2018 to 2022, as seen in Figure A3. The

data closely matches the 45-degree line, indicating reliability. Additionally, we compare the

number of international students in the U.S. with data from the Institute of International

Education (IIE), shown in Figure A4. This comparison also shows a strong alignment, further

validating our data.

In comparing our data with international measures, we also use sources like the Database
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on Immigrants in OECD and non-OECD Countries (DIOC) to validate our �gures on the

stock of college-educated migrants (see Figure A5 and Table A2 in the Appendix). This

comparison reveals a close match with DIOC data. Overall, our validity checks show that

our dataset accurately re�ects trends seen in independent data sources, providing strong

evidence of its reliability.

4 Migration and Return Migration Patterns

This section outlines the international mobility of skilled workers, focusing on international

migration patterns and, notably, return migrations by countries of origin and destination.

Figure 1 illustrates the cumulative hazard ratio of out-migration for the global average

and select countries. This depiction is based on the analysis of individuals within a country

at the onset (year 0) and their subsequent tracking in subsequent years (t = 1, 2, ..., 10). The

y-axis represents the percentage of individuals observed in another country by year t. We

have applied the weights de�ned in Equation 1 to derive these insights. The �gure reveals

that, on average, 3.4% (4.4%) of skilled laborers migrate within 5 (10) years.

The �gure shows a non-linear and concave out-migration pattern over time, aligning with

Howard and Shao (2023). This pattern can be explained by two factors. First, the decreasing

probability of migrating in year t, assuming no migration by year t-1, indicates that as time

goes on, many mobile individuals have already moved, leaving behind those less likely to

migrate. Second, individuals who migrated between year 1 and year t-1 might return to

their home country, being counted again in year t, which adds to the observed non-linear

pattern.

Figure 1, and with more details Figure 2, highlight the variation in out-migration rates

among countries. Skilled workers from the US have slightly lower mobility, while those

from Germany are more mobile than the global average. Indian skilled workers migrate at
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twice the global rate, while Chinese skilled workers migrate at only a quarter of this rate,

showing signi�cant di�erences from the global pattern. Interestingly, it appears that there

isn't a clear pattern indicating a direct correlation between the level of out-migration and a

country's development status4.

Figure B1 shows the proportion of out-migrations for education from each origin country,

with the rest being for job reasons. On average, about 23% of migrants leave their home

countries for education. Yet, this percentage varies widely, from about 10% in countries like

Australia, Russia, and Japan to around 50% in China, Colombia, and Iran.

Providing further insight, Figure B2 provides a detailed breakdown of out-migration by

origin and destination country categories. It shows that out-migration for education is more

commonfrom Emerging Market Economies orto Advanced Economies (including the US).

Approximately 30% of all out-migrations are for jobs in multinational corporations.5 The

rest, 50%, migrate to local companies. Within the group moving to multinationals, 11.5%

transfer to the same company in the host country. This trend is especially common among

migrants between Advanced Economies.

Subsequently, we examine the patterns of return migration. In this paper, return migra-

tion refers to the return of a migrant to their country of origin. The origin country is where

individuals �rst appear in our data, either for education or work. Figure 3 shows the trends

of migrants returning over time, globally and for speci�c countries. Year 0 is the migration

year (entry into the host country), and tracking continues for 10 years to see the return rate.

Initially, about 10% return within a year, likely for short visits. At 5 and 10 years, about

33% and 38% have returned, showing that a large and signi�cant portion of migrants do

return to their origin countries. Additionally, within 10 years, 12% move to a third country,

while 50% stay in the �rst host country. Thus, 50% leave the destination within a decade,

4We explore the correlations between bilateral out-migrations and country-speci�c characteristics in more
detail in Section 5.

5We de�ne multinational corporations as companies with at least 250 employees in our data and at least
10% of the workforce in countries outside the main country of operation.
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and of those, 75% return to their origin.6.

Figure 3 shows a concave pattern of return migration that could result from two main

factors. First, individuals who returned early might re-migrate from their origin country.

Second, over time, a selection process occurs among migrants, where those intending to

return have already done so, leaving behind those less inclined or uninterested in returning,

regardless of the time passed.

Figures 3 and 4 show signi�cant variations in return migration rates across countries.

Advanced Economies, including the US and EU countries, generally have higher return

rates. However, some Emerging Market Economies like Chile, Argentina, and Indonesia also

show high return rates. While India has a high out-migration rate, its return migration rate

is relatively low. In contrast, the long-term return rate for Chinese migrants aligns with the

global average, despite their low out-migration rate7.

Figure B4 shows where returnees go in terms of education, multinational corporations,

and local companies, based on their origin and destination countries. About 10% return for

education, while 90% come back for jobs. Around 35% of all returnees �nd employment in

multinational corporations. Notably, a higher share of returnees (about 15%) pursue educa-

tion when returning to the US, and a slightly smaller percentage (31%) rejoin multinational

corporations in the US.

Figure B5 shows that, on average, 25% of those who migrated for education return to

their home countries immediately after completing their studies. Additionally, Figures B6

and B7 indicate that returnees typically gain 0.9 years of education and 2.2 years of job

experience abroad before going back to their origin countries.

These �gures re�ect the average education and job experience of all returnees, including

those without any education or job experience gained abroad. About 68% of returnees have

6See Figure B3 for a graph showing the percentage of migrants leaving their host country, including those
returning to their origin country and those moving to a third country.

7In Section 5, we explore the factors that in�uence return migration.
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no education from abroad, and around 27% come back without any job experience. Only

5% have both education and job experience from overseas. Focusing on those with some

education abroad, the average education is 2.8 years, and for those with job experience, job

experience averages 3 years.

5 Determinants of Out�ows and Return Migrations

Having documented basic quantitative facts regarding the extent of out-migration and return

migration, we turn now to an analysis of the factors correlated with bilateral out�ows and

return migration between countries. In particular, we follow the international trade literature

and estimate the following gravity regression:

M od = exp
�
� 1log(yo) + � 2log(yd) + � 3log(distod) + � 4Langod + X o� o + X d� d

�
� od (2)

Where M od represents the number of migrants from the origin countryo to the destination

country d. yo and yd are the PPP-adjusted per capita incomes of the origin and destination

countries, respectively, in 2022.distod is the logarithmic distance between these countries,

andLangod is a dummy variable indicating if they share an o�cial language. We include other

origin and destination country characteristics, such as the number of professional pro�les,

adjusted for coverage. To address concerns about the direct impact of our data coverage

on the measured bilateral �ows, we also control for the coverage of LinkedIn data in both

the origin and destination countries. To handle zero bilateral �ows between many country

pairs, we use Poisson Pseudo Maximum Likelihood (PPML) for estimation, following Silva

and Tenreyro (2006) and Correia et al. (2020).

The results in Table 1 column (1) show that even a simple gravity model that only

controls for GDP per capita and the population of individuals with tertiary education of the

origin and destination country, the distance between the two countries and the dummy for a
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common o�cial language can explain a large fraction of bilateral �ows between the countries

and has an R-squared of 80%. Countries with lower income per capita have larger out�ows of

skilled workers, while countries with higher income per capita attract higher �ows of skilled

human capital. The negative impact of distance on bilateral �ows is smaller than its impact

in the trade literature, suggesting travel costs don't increase linearly with distance. The

estimated coe�cients on the population of the origin and destination countries suggest that

skilled workers from smaller countries are relatively more likely to relocate internationally.

This result is similar to the results on the relationship between country size and bilateral

trade (see Silva and Tenreyro 2006). A common o�cial language signi�cantly boosts skilled

labor migration between countries by about fourfold. Column (2) shows these �ndings hold

even when controlling for origin country �xed e�ects. Moreover, controlling for country �xed

e�ects increases the R-squared of the regression by only 3%.8

We next study the association between return migration and aggregate country character-

istics. In particular, we now run a regression similar to Equation 2 except that the left-hand

side is the logarithm of the number of return migrants from countryd to their country of

origin o. We also control for the logarithm of the number of migrants from countryo to

country d on the right-hand side. Results in column (3) show that migrants from higher

GDP per capita countries have signi�cantly higher return rates, and the e�ect is larger than

the negative impact destination country GDP per capita has on return rates. Controlling for

out�ows, distance a�ects return migrations less than out�ows. Migrants to countries shar-

ing an o�cial language are 15% more likely to return, suggesting greater mobility between

markets with a common language, possibly due to a higher proportion of these migrants

initially intending temporary stays. Finally, and not surprisingly, the estimated elasticity on

out�ows is close to one, suggesting that the return migration rate does not vary signi�cantly

with the size of out�ows.
8In Appendix Table C1 we restricted the data to bilateral �ows between countries with LinkedIn coverage
above 25% and �nd similar results.
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Moving from aggregate factors that are associated with bilateral �ows to more disaggre-

gate factors, we construct a 25% representative sample of skilled migrants in our data and

run the following regression:

Rm(odi)t = � 1goit + � 2gdit + � ot + � dt + � it + "mt (3)

WhereRm(odi)t is a dummy variable indicating if migrantm, currently in destination country

d and working in industry i , returns to origin country o at time t + 1; it's 100 if they return

and zero otherwise. goit and gdit are the employment growth of industryi in the origin

country and the current destination country of individual m. These growth rates are based

on changes in the user numbers in our data fromt � 3 to t. In order to account for any

aggregate country level or worldwide industry level variation, Equation 3 also includes origin

and destination time �xed e�ects as well as industry time �xed e�ects.

Table 2 suggests that higher employment growth in a migrant's current industry in their

origin country is associated with a signi�cantly higher probability of return migration. For

example, a one standard deviation increase in industry growth in the country of origin is

associated with an approximately 2.3% increase in the return rate of migrants, as shown in

column (1). Conversely, we �nd that destination country industry growth reduces the rate

of return migration, with a one standard deviation increase lowering the rate of return by

approximately 7.4.%. We �nd that migrants who have been in their destination country for

fewer than 5 years are more sensitive to origin and destination country industry growth as

illustrated in columns (2) and (3).

In column (4) of Table 2, we additionally explore the extent to which return migration

is sensitive to growth in �adjacent� industries. Using the Revelio data, we construct the

matrix of bilateral job-to-job transition �ows between industries. We then construct adjacent

industry growth as a weighted average, with the weights determined by the propensity of

workers to switch from their current industry to the speci�ed one. Column (4) shows that
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return migration decreases in response to the destination country's adjacent industry growth

and increases in response to the origin country's adjacent industry growth. Return migration

continues to be sensitive to own industry growth.

Finally, we estimate the following regression to investigate the sensitivity of return mi-

gration to own �rm employment growth:

Rm(odif )t = � 1gf t � (gf t < 0) + � 2gf t � (gf t � 0) + � oit + � dit + "mt (4)

Where gf t represents the employment growth of the �rm where individualm is currently

employed. We allow the employment growth of the worker's �rm to have an asymmetric

impact on the return migration of individuals. Additionally, we control for the origin country

by industry by year and destination country by industry by year �xed e�ects.

Table 3 presents the estimation results of Equation 4. Column (1) shows that positive

�rm employment growth decreases return migration, while negative �rm employment growth

increases return migration. Migrants are more a�ected by negative employment shocks than

positive ones. Speci�cally, a standard deviation decrease in �rm employment boosts return

migration by 9.6%, whereas a similar increase lowers it by 3.5%. Columns (2) and (3) examine

these patterns according to the length of time migrants have spent in the destination country.

Similar to the �ndings in Table 2, workers with smaller tenures in the destination country

appear more sensitive to �rm growth, both negative and positive, than migrants with longer

tenures. Column (4) shows that migrants in multinational companies without a branch in

the origin country are less likely to return on average, while those migrants at �rms with

branches in the origin country are more likely to return home. Finally, column (5) shows that

return migration is more sensitive to negative �rm employment growth when the �rm has a

branch in the origin country. These results will provide useful as a source of identi�cation

in later analyses.9

9In Appendix Table C4, we examine the relationship between industry and �rm growth and the probability of
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6 Human Capital Dynamics in Migration

We next introduce a formal development accounting framework to measure the extent of

human capital accumulation acquired by skilled migrants abroad and the extent to which

those skills are transferable to the origin country through return migration. These estimates

will allow us to quantify the role migration and return migration play in accounting for the

skilled human capital stocks across countries.

6.1 Development Accounting Framework

Following the literature, we assume that the aggregate production function in countryj is

neoclassical, given by:

Yjt = K �
jt (A jt H jt )1� � ; (5)

where Yjt is the total output, K jt is the total physical capital stock, H jt is the human

capital stock, and A jt is total factor productivity (TFP). The total human capital stock

re�ects the aggregation of the human capitalhijt of individual workers i in country j , i.e.

H jt = L jt
R

hi dFjt (hi ) where L jt is the total number of workers in country j at time t.

Following Klenow and Rodriguez-Clare (1997), Hsieh and Klenow (2010), and Hendricks

and Schoellman (2018), we rewrite the aggregate production function in per capita terms as:

yjt = A jt

�
K jt

Yjt

� �
1� �

hjt = zjt hjt ; (6)

whereyjt = Yjt =Ljt is per capita output, hjt = H jt =Ljt is the per capita human capital stock

and zjt = A jt (K jt =Yjt )�= (1� � ) combines the country's TFP and the capital-output ratio.

leaving the destination country. Compared to the results in Table 2 and Table 3, the coe�cients for leaving
are approximately 50% larger, suggesting that the majority of those who leave the destination country due
to economic opportunity shocks return to their country of origin.
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We assume that the human capitalhij of an individual worker i in country j is given by:

log (hijt ) = � i +
X

j 0

� jj 0E ij 0t + 
 j E 2
it + " it : (7)

HereE ij 0 is the years of experience of workeri in country j 0, E it is the total years of experience

of worker i , � i is a worker �xed e�ect, and " it is a worker-speci�c shock. In this way, we

allow for a worker's human capital to accumulate over time as the worker gains experience.

Moreover, we allow for the impact of experience to depend �exibly on both the country where

the experience was acquired and also the country where the worker is currently employed.

Speci�cally, through this speci�cation we are able to study the e�ects of migrants' experience

abroad on their human capital stocks and, furthermore, the extent to which that experience

increases their human capital stocks in their origin countries.

Taking logs of the �rm's pro�t maximization �rst-order condition (FOC) and combining

them with the human capital accumulation equation gives an equilibrium determination of

wages:

log (wijt ) = log ((1 � � ) zjt ) + � i +
X

j 0

� jj 0E ij 0t + 
 j E 2
it + " it : (8)

Here individual wages are a function of a location-time �xed e�ectlog ((1 � � ) zjt ), the

individual time-invariant worker �xed e�ect � i , the accumulation of human capital re�ecting

the worker's experience history
P

j 0 � jj 0(i )E ij 0t , and an idiosyncratic worker-speci�c shock" it .

This equation is thus an extension of the standard Abowd, Kramarz, and Margolis (AKM)

framework allowing for the endogenous accumulation of human capital over time through

learning-by-doing.

6.2 Empirical Estimates of Returns to Experience

In our baseline empirical implementation of equation (8), we group countries into the United

States (US), advanced economies (AE), and emerging markets (EM) according to the Inter-
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national Monetary Fund's (IMF) classi�cation. Our baseline results are in Figure 5, using

both the Revelio Labs wage data and the Glassdoor wage data. The �gure shows that returns

to experience are highest when that experience is acquired in the United States. This gap

between the returns to US experience and own-market experience is particularly pronounced

in emerging markets. We also �nd the gap to be quantitatively larger using the Revelio Labs

wage data than the Glassdoor wage data, which we will discuss further below.

Table 4 describes these results in greater detail. Column (1) estimates the results using

the Glassdoor wage data without individual �xed e�ects. An additional year of own-market

experience, for an individual with 10 years of total experience, increased own-market wages by

1.57%, 1.70%, and 3.16% for the United States, advanced economies, and emerging markets

respectively. An additional year of US experience increases advanced economy wages by

1.70%+0.91%=2.61%, a percentage increase of 53.5% relative to own-market returns, and

increases emerging market wages by 3.16%+2.70=5.86%, a percentage increase of 85.4%

relative to own-market returns. A concern here, however, is that since the speci�cation does

not control for individual �xed e�ects, the results could be driven by endogenous selection

into migration by unobservable skill.

Column (2) estimates the model including individual �xed e�ects using the Glassdoor

data. The baseline own-market returns to experience are similar between columns (1) and

(2). An additional year of own-market experience, for an individual with 10 years of to-

tal experience, increases own-market wages by 1.20%, 1.28%, and 2.20% for the United

States, advanced economies, and emerging markets respectively. Column (2) also shows an

economically and statistically signi�cant positive incremental e�ect of US experience over

own-market experience in emerging market economies, though the magnitudes are smaller

than in column (1), consistent with endogenous selection into migration on skill. Speci�cally,

an additional year of US increases emerging market wages by 3.57%, a percentage increase

of 62.27% relative to own-market returns. Column (2) also shows that experience in other
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advanced economies and emerging markets is less valuable to US wages than US experience,

though the e�ect for advanced economies is statistically insigni�cant.

The results in column (2) indicating a positive wage premium to US experience in emerg-

ing market economies could be driven by return migrants sorting into higher wage �rms or by

return migrants occupying higher wage, more senior positions. To control for the �rst e�ect,

column (3) estimates the model including both individual �xed e�ects and �rm �xed e�ects.

We continue to �nd a positive premium to US experience in emerging market economies,

indicating that the results are not being driven solely by return migrants sorting into higher

paying �rms. Speci�cally, an additional year of US experience, for an individual with 10

years of total experience, increases emerging market wages by 2.85%, an increase of 59.15%

relative to the own-market return of 1.79%10.

Columns (4)-(6) repeat the analysis using Revelio Labs wage data instead of Glassdoor

data. Column (4) estimates the model without individual �xed e�ects, column (5) includes

individual �xed e�ects, and column (6) includes both individual and �rm �xed e�ects. As

was indicated by Figure B7, the results are qualitatively similar, although the magnitude of

the incremental e�ect of US experience on advanced economy and emerging market wages is

larger. As shown in column (5), an additional year of US experience, for an individual with

10 years total experience, increases advanced economy wages by 0.89%, a percentage increase

of 81.4% relative to own-market returns, and increases emerging market wages by 1.82%, a

percentage increase of 195.7% relative to own-market returns.11 When �rm �xed e�ects are

included, in column (6), an additional year of US experience increases advanced economy

wages by 0.88% and emerging market wages by 1.84%, percentages increases of 84.8% and

204% relative to own market returns12. It should be noted that there are seniority di�erences

10Refer to panel (a) in Figure B7 for a graphical illustration of the numbers in column (3).
11One can compare our results on the impact of own-market experience on wages with the impact of expe-

rience on wages of college graduates across di�erent countries in Lagakos et al. 2018. While our results
based on the Revelio Lab wages suggest that the return to own-market experience is higher for the US,
the results based on Glassdoor data suggest that the return to experience can be relatively higher in some
emerging markets. The latter is consistent with the patterns in Hjort et al. 2022.

12Refer to panel (b) in Figure B7 for a graphical illustration of the numbers in column (6).
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within a position which our Glassdoor wage imputation does not account for, but that are

adjusted for in the Revelio Labs wage data. This suggests that the returns to experience

may be somewhat attenuated in the Glassdoor data. Our matching procedure below will

attempt to correct for such attenuation.

6.3 Identi�cation Concerns and Interpretation

A potential threat to a causal interpretation of the results above is if either outmigration

or return migration decisions are correlated with shocks to earning potential in the origin

country. For example, if emerging market workers are more likely to �nd employment in the

United States or advanced economies following a positive shock to their human capital then

this could bias our results upwards. Similarly, if migrants return to their origin countries

following positive human capital shocks, this too could bias our results upwards. In the

subsequent section, we address these concerns using a detailed matching procedure to stayers

(i.e. non-migrants) in the origin country, as well as exploiting shocks in the destination

country which induce return migration, but are plausibly uncorrelated with shocks to human

capital at the individual level.

Conditional on such concerns being addressed, it is also worthwhile to comment on the

interpretation of the return to experience estimates. In the basic development accounting

framework we laid out in Section 6.1, we assumed that the returns� jj 0 to experience acquired

in country j 0, while currently working in country j , depended only on the bilateral pairj

and j 0. This implicitly models such returns as being uniform across individuals. In practice,

there could be individual level heterogeneity in such returns, which we would denote as

� ijj 0. That is, some individuals might be idiosyncratically more successful at acquiring

transferable human capital while working abroad. The issue then is, to the extent that

individuals understand such features about themselves, those who migrate and subsequently

return migrate might at least partially select on such features, consistent with the logic of
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Roy (1951).

Thus, letting D ijj 0 = 1 denote the event that individual i migrates to country j 0 and then

return migrates to country j , our procedure actually estimates the quantityE [� ijj 0jD ijj 0 = 1],

which will not necessarily equal the average treatment ifCov(� ijj 0; D ijj 0) 6= 0:. On the one

hand, from the perspective of development accounting and for the purposes of the counterfac-

tuals we run, this is not an issue. Indeed, from the perspective of development accounting,

this is exactly the quantity one wishes to measure, i.e. the incremental accumulation of

human capital relative to staying in the origin country of those who actually migrate and

return migrate. If, however, one wanted to perform a policy counterfactual evaluating the

impact of sending an average (marginal) emerging market worker abroad, or incentivizing

the average (marginal) migrant to return home, then the object of interest would be the

average (marginal) treatment e�ect, which may di�er from our estimates.

6.4 Matching Estimates and Firm Layo�s

As noted in the previous subsection, the key endogeneity threat to a causal identi�cation of

the returns to experience, and to AKM style designs more generally, is that moves, either

migration or return migration, could be correlated with persistent, idiosyncratic shocks to

the human capital of the worker. To confront these issues and assess the robustness of our

results, we use both a matching strategy and a strategy that exploits plausibly exogenous

shocks at the worker level that induce return migration. We focus on emerging market

migrants since it is there that the results are most stark and, moreover, is the setting that is

likely of the greatest policy interest. To start, for each emerging market migrant, weexactly

match to other origin country workers based on the �rm and position (150 categories) at the

time of migration, and years of job experience and education in di�erent rank universities.

This is, for each emerging market migrant we �nd workers in the same country of the same

cohort who work at the same �rm and the same position, have the same levels of education
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and experience of the migrant. We then compare the wages of the migrant worker to his

matched control group in the year the migrant returns to the origin country.

The results of this matching procedure using Glassdoor data are reported in Panel A

of Table 5. We �nd results economically consistent with our baseline AKM speci�cation.

Relative to the matched control group, the wages of emerging market return migrants from

the United States are 7.63% higher in the origin country in the year of return. Consistent

with the e�ects being cumulative, they are stronger for those migrants who spent at least

5 years in the United States. For those return migrants, origin country wages are 14.4%

higher in the year of return than the matched control group. We also conduct an event

study in which we restrict the sample to individuals with at least 5 years of experience in the

US for whom we observe their salary at least three years before the migration and at least

three years after their return migration. The results in Panel A of Figure 8 con�rm that the

di�erence in wages between return migrants and their matched sample upon their return is

not driven by any di�erential pre-trends.

The �rst two columns of Panel B of Table 5 replicate this analysis using the Revelio Labs

wage data. Using this data, the wages of emerging market return migrants from the United

States are 9.11% higher in the origin country in the year of return. For those migrants who

spend more than 5 years in the United States, wages are 13.1% higher than their matched

counterparts in the year of return. Panel B of Figure 8 shows an analogous event study

using the Revelio Labs wage data and once again shows no evidence of di�erential pre-

trends. Note that the results are now more quantitatively similar between the Glassdoor

wage data and Revelio Labs wage data. This suggests that the tight matching procedure we

employ addresses some of the attenuation concerns present in the Glassdoor data.

Finally, using the matched samples, we exploit plausibly exogenous shocks at the worker

level that induce return migration to address concerns that the endogenous return migra-

tion decision may be correlated with contemporaneous shocks to worker human capital. In
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particular, within the matched sample, we restrict the analysis to those workers who return

migrate following layo�s at the US �rm they work for, de�ned as a �rm that has an annual

decline of 10% or greater in its workforce13. The results are reported in the last two columns

of Panel B, Table 5 for the Revelio wage data. The sample becomes too small using the

Glassdoor data. We see that results are robust to this speci�cation and, in fact, become

even stronger for migrants with greater than 5 years in the destination country. In the Rev-

elio Labs data, return migrant wages are 8.64% higher in the origin country following �rm

layo�s relative to the matched control group. For those return migrants who have at least

5 years of experience in the United States, origin country wages are 17.4% higher than the

matched control group.

6.5 Returns to Education

In this subsection, we brie�y use our regression results to consider the returns to education,

by regressing our recovered individual �xed e�ects on the quality of education the worker

received. In particular, we group schools into the global top 50, the 51-200 globally ranked

schools, the 201-1000 globally ranked schools, and all others. We note that this exercise does

not provide causal evidence, since more intrinsically skilled workers may obtain an education

from higher ranked schools. However, we think the correlation patters are interesting in their

own right and, moreover, provide a useful validation check on the data.

Panel A of Figure 6 reports these results using Glassdoor salary data, while Panel B uses

the Revelio salary data. The results are broadly consistent across the two datasets. Across

all regions, there is monotonic relationship between the quality of the school attended and

individual wages. In emerging markets, according to the Glassdoor data the return to an

additional year of education in a top 1-50 ranked school is approximately twice as large as

the return to an additional year of education outside the top 1000 schools. The return is

13Table 2 and Figure B8 demonstrate a signi�cant increase in return migration among migrants whose �rms
witnessed a workforce decline of 10% or more.
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approximately 4.5 times larger in the Revelio data.

In the United States, the returns to education are similar to the returns in emerging

markets, as shown in the bottom panels of Figure 6. The estimated returns to education are

lower in advanced economies and there is less spread in the returns between higher ranked

and lower ranked schools. However, as noted above, these results should be interpreted

cautiosly. There may be less sorting of students into di�erentially ranked schools based on

intrinsic skill in advanced economies relative to the United States and emerging markets.

6.6 Selection into Migration and Return Migration

To quantify the e�ects of migration and return migration on cross-sectional country human

capital stocks, in addition to understanding the human capital returns to experience abroad,

it is also important to understand who selects into migration and return migration. This

question speaks to one of the primary debates surrounding international migration �ows;

that is, does international migration create brain drain from some countries and, to what

extent does return migration act as a mitigating force.

To answer this question, we use the individual �xed e�ects recovered from the estimation

of equation (8) and then study the distribution of these worker e�ects by the decision to

remain in the origin country, the decision to migrate, and the decision to return migrate.

We focus here on the migrants from emerging markets, although our counterfactual analysis

in the subsequent section will use the �xed e�ects recovered for all individuals in our data.

Figure 7, panel A and C, show the distribution of individual �xed e�ects for workers

in emerging markets who stay in the origin country, emigrate to another emerging market

economy, emigrate to an advanced economy other than the United States, and emigrate to

the United States, using Glassdoor data and Revelio data respectively. We �rst see that

across all destination locations, migrants have higher estimated levels of human capital than
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non-migrants. Migrants to advanced economies other than the United States have slightly

higher levels of human capital than migrants to other emerging market economies. However,

there is a sharp discrepancy between migrants to the United States and other emerging

market workers. Migrants to the United States have substantially higher levels of human

capital than both non-migrants and migrants to locations other than the United States14.

Figure 7, panel B and D, shows the distribution of individual �xed e�ects for emerging

market migrants in the United States who stay in the United States and the distribution of

those who return migrate to their origin counties, relative to the distribution of �xed e�ects

for emerging market workers who remain in their origin countries, again using Glassdoor

Data and Revelio data respectively. The evidence here is a bit more mixed. According

to the Revelio data, in panel D, we see that return migrants are negatively selected on

human capital relative to those migrants who stay in the United States. In the Glassdoor

data, however, return migrants appear to have a slightly thicker right tail. However, in

both datasets, return migrants are still positively selected on human capital relative to non-

migrants15.

In Figure B10, using the Revelio data, we categorize the original populations of the

United States, advanced economies, and emerging markets into 20 ventiles using their indi-

vidual �xed e�ects. For each ventile, we determine the proportion of individuals migrating

to the US, advanced economies, and emerging markets. Panels a, b, and c illustrate the

migration shares for people originally from the US, AE, and EM, respectively. The �gure re-

veals that individuals with higher ability exhibit a greater likelihood of migration, evidenced

by a substantial increase in the probability of migration for the highest ability groups. This

pattern is more pronounced in emerging markets, less signi�cant in advanced economies, and

14Migrants from Emerging Markets to the US, Advanced Economies, and other Emerging Markets display,
on average, 12.9%, 6.2%, and 2.8% higher worker ability compared to non-migrants, respectively, according
to Revelio data (panel C of Figure 7).

15Returnees from the US to emerging markets and non-returnee migrants of emerging markets to the US
demonstrate 6.3% and 16.5% higher worker ability, respectively, in comparison to non-migrants of emerging
markets using Revelio Lab data (Panel D in Figure 7).
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even milder in the US. Focusing on individuals from emerging market economies, approxi-

mately 14.3% (5.5%) of those in the highest ventile of abilities migrate to other countries

(US), compared to around 6-10% (1-3%) for ventiles 1-17. Similar patterns are observed

for individuals from advanced economies, with a higher share migrating to other advanced

economies.

7 Impact of Migration and Return Migration on Skilled

Human Capital Stocks

We �nally use our estimates from the previous section to quantify the impact of migration

and return migration on total and per capita skilled human capital stocks. To do so, we

construct counterfactual estimates in which we shut down various aspects of international

migration �ows.

We �rst construct a counterfactual in which we shut down all skilled migrant �ows across

countries (except for education). This has three e�ects. First, it shuts down potential brain

drain, since migrants with disproportionately more human capital stock than the typical

worker now stay in the country rather than leave. On the �ip side, countries now do not

bene�t from skilled migrants into the country. Finally, for emerging markets especially, since

there is no more return migration from the United States and other advanced economies, a

portion of their workers accumulate less human capital than they otherwise would.

The cumulative result of these channels on the per capita human capital stock and total

human capital across countries is shown in Figure 9. As Figure 9 panel A shows, relative to

baseline, the e�ects of shutting down skilled migration on per capita human capital stocks is

sizable and heterogeneous across countries. Countries that see the largest percent increases

in per capita human capital include Nicaragua, Ireland, Lebanon, and Jordan, re�ecting

signi�cant levels of brain drain, while those who see the largest percent declines in per
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capita human capital include Angola, Mauritius, and Haiti. The United States sees a small

decline in its per capita human capital, re�ecting the fact that it bene�ts from brain drain

in the rest of the world.

Figure 9 panel B shows the impact of migration on total human capital stocks, which

incorporates the e�ects of brain drain and human capital accumulation, but also total migrant

�ows. The biggest percent increases in total human capital stocks occur in Jordan, Lebanon,

and Costa Rica, re�ecting the large migrant out�ows of skilled labor from those countries.

The biggest losers include Kuwait, the UAE, and Qatar, re�ecting the large populations of

migrant workers in those countries. Indeed, shutting down skilled migrant �ows is estimated

to reduce total human capital stocks in those countries on the order of 45%-60%.

While it is clear that skilled migration has large and heterogeneous e�ects on human

capital stocks across countries, this heterogeneity is not particularly correlated with GDP

or GDP per capita. Thus, while skilled migrant �ows has substantial impact on the cross-

sectional dispersion of human capital across countries, it by itself does not fully account for

explain income di�erences across countries.

In Figure B11, we report the results of an alternative counterfactual in which we allow

for out-migration and return migration but shut down the in-migration of skilled foreign

workers. As Figure B11 panel A shows, the biggest winners in terms of per capita human

capital include Kuwait, Australia, Ireland, and Japan, although the e�ects are modest and

less than 1 percent. Indeed, the distribution is highly skewed. Countries such as Mauritius,

Mozambique, Yemen, and Haiti su�er large per capita losses on the order of 5-8 percent

when skilled in-migration is shut down. The United States also su�ers, with the per capita

human capital stock falling by approximately 1 percent, again re�ecting the highly skilled

human capital that migrates to the US.

Finally, Figure B11 panel B shows the impact of shutting down skilled in-migration from

foreign countries on total human capital stocks. Qatar, Luxembourg, United Arab Emirates,
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and Kuwait su�er large losses on the order of 60 to 80 percent from such a world. The United

States and other advanced economies also su�er signi�cant reductions in their total human

capital stocks, equal to approximately 10 percent for the United States and 15 percent for

other advanced economies.

8 Conclusion

In this paper, we leverage a novel dataset detailing the employment records of approximately

450 million individuals across 180 countries to explore return migration and the in�uence of

skilled international migration on the worldwide distribution of skilled human capital stocks.

Return migration proves a prevalent trend, as 38% of skilled migrants return to their origin

countries within a decade. The phenomenon of return migration correlates signi�cantly with

income similarity, cultural proximity, and industry growth in the migrants' origin countries.

We then employ a development accounting framework to formalize AKM-style model for

worker wages, and account for worker and country �xed e�ects, to examine the returns to

experience and education based on where that experience was acquired and the country the

worker currently works in. In emerging economies, a year of experience in the United States

increases wages by 59%-212% more than a year of experience in the origin country. We further

�nd that migrants to advanced economies are positively selected for ability compared to non-

migrants, yet among them, returnees demonstrate lower ability. Counterfactual simulations

indicate that abolishing skilled international migration would yield diverse impacts, ranging

from a -60% to 40% adjustment in total skilled human capital stocks across countries, and

a -3% to 4% adjustment in per capita skilled human capital stocks.
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Figure 1: Hazard Ratio of Out�ows

Notes: This �gure shows the out-migration rate observed over 10 years. In this analysis, we begin by
examining the total population within a country having the same origin country (i.e., the country they
initially appeared in the data) at time 0. Subsequently, for each time (t=1, 2,..., 10), the out-migration rate
is computed as the proportion of individuals who, by that year, have been observed in the data and residing
in another country. A similar approach is adopted for the global analysis (labeled world), yet considering
the entire world population. This involves calculating the weighted average of country-level out-migration
rates, where the weights are determined by the proportion of each country's population from the total world
population in our dataset. The individual weights are based on the formulation speci�ed in Equation 1. We
utilized data spanning from 2010 to 2022 to generate this �gure for a selected group of 134 ILO members,
each with more than 100,000 college-educated individuals, along with China and Saudi Arabia included in
the analysis. For further details on this dataset, refer to Appendix A. A comprehensive list of these 136
countries can be found in Table A1.
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Figure 2: Map Displaying Out�ows After 5 Years by Country

Notes: Refer to the notes on Figure 1. The content presented here mirrors Figure 1; however, we speci�cally focus on capturing the out-migration
rate snapshot for year 5 and visually display it on a map for each country.
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Figure 3: Hazard Ratio of Return Migration by Country of Origin

Notes: This �gure tracks the return migration of migrants over a decade, starting from their origin coun-
try�the country where an individual �rst appeared in our dataset (either through education or job records).
Migrants are followed from the �rst year they entered their destination country (time 0) across the subse-
quent 10 years (t=1 to t=10), monitoring those who return to their origin country during this period. For
the global analysis (labeled �World�), we calculate the weighted average of country-level return migration
rates. These weights are calculated based on the proportion of migrants from each country relative to the
total world migrants in our dataset. The weight calculation for individuals is speci�ed in Equation 1. The
data includes migrants who moved in 2000 or later and focuses on a group of 134 ILO member countries,
each with over 100,000 college-educated individuals, plus China and Saudi Arabia.
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Figure 4: Map Illustrating Return Rates After 5 Years by Country of Origin

Notes: Refer to the notes on Figure 3. This content mirrors Figure 3; however, our speci�c focus here is to capture the return migration rate snapshot
for year 5 and present it visually on a map for each country of origin.
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Figure 5: Return to Job Experience and its Transferability

Notes: This �gure shows the coe�cients ( � jj 0) and their standard errors for Equation 8, which includes

country-by-year, individual and �rm �xed e�ects (columns 3 and 6 in Table 4). The dependent variables are

the logarithm of salary estimated using Glassdoor salary data and the logarithm of salary imputed by Revelio

Labs in panels A and B, respectively. The average e�ect demonstrates the elasticity of salary in response to

an additional year of total experience for an individual with 10 years of total job experience, represented as

� a+ 2 � b� 10�, where a and b denote the coe�cients for total experience and total experience2, respectively.

The graph also includes incremental e�ects of job experience in di�erent regions and job categories. To

estimate this equation, we initially restrict our sample to individuals who have reported a bachelor's degree

at some point (although the results remain robust even after relaxing this criterion, as shown in Table

C5). To e�ciently handle the data size, we employ a 25% completely random sample and focus on the

years 2010-2022 (note that the results are consistent across di�erent sample sizes). We categorize years of

job experience into three groups based on countries: United States (US), Advanced Economies (AE), and

Emerging Market Economies (EM) observed until each respective year. Our salary data is imputed for each

position, irrespective of its duration, with only the �nal year of each position retained as an observation.

Consequently, education years are excluded from this analysis as they do not directly correspond to an

associated salary. The standard errors are clustered at the individual level, and 95% con�dence intervals are

displayed for each coe�cient.
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Figure 6: Returns to Education

Notes: This �gure illustrates the coe�cients from regressions of individual �xed e�ects on years of education

across various educational categories: top 50 schools, schools ranked 51-200, schools ranked 201-1000, and

all other schools. In panels A and B, we use individual �xed e�ects estimated from columns (3) and (6) in

Table 4, respectively. These regressions also have country-by-year and �rm �xed e�ects. Standard errors are

clustered at the individual level, and 95% con�dence intervals are displayed for each coe�cient. The same

coe�cients are also presented in Table C6 but in tabular format.
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Figure 7: Selection of Out�ows from Emerging Markets and Returnees

(a) Out�ows - Glassdoor (b) Return Migrations - Glassdoor

(c) Out�ows - Revelio (d) Return Migration - Revelio

Notes: Refer to the notes in Figure 5 and Table 4. Panels (a) and (c) show the distribution of estimated
individual �xed e�ects (for individuals working in �rms with at least 10 workers), as calculated in Equation
8, across four categories: 1) Individuals who consistently remain in their original Emerging Market (EM)
country (Stayers); 2) Out�ows from EM countries to the United States (to US); 3) Out�ows from EM
countries to Advanced Economies (to AE); and 4) Out�ows from EM countries to other EM countries (to
EM). On the other hand, panels (b) and (d) show the distribution of estimated individual �xed e�ects
across three categories: 1) Individuals who consistently remain in their original Emerging Market (EM)
country (Stayers); 2) Individuals who migrate from EM to the US and subsequently return to their EM
country (Returnees); and 3) Individuals who migrate from Emerging Markets to the US but do not return
and continue to reside in the US (Migrants). In panels (a) and (b), we utilize the individual �xed e�ects
estimated from column (3) in Table 4, while in panels (c) and (d), we use the individual �xed e�ects estimated
from column (6) of the same table.
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Figure 8: Event Study of Migration from EM to US and Return - At least 5 Years in US

Notes: Refer to the notes on Table 5. In this �gure, we implement the matching procedure outlined in

section 6.4 and the corresponding notes from Table 5. However, our analysis now expands to compare the

treatment and control groups across a wider temporal range: speci�cally, from 3 years prior to migration

(years -3 to -1) to 3 years following the return to the origin country (years 1 to 3). Similar to Table 5, our

matching process is based on the year (-1), the year before migration. We keep all observations within the

treatment and control groups if they have salary data available for the entire 3 years pre-migration and 3

years post-return, while also meeting the criteria of having resided in the United States for at least 5 years

(similar to Column (2) in Table 5, panel A). The shaded area in the �gure represents the years of migration

(US). Standard errors are clustered at the origin country level, and 95% con�dence intervals are displayed

in the �gure. Each point illustrates the di�erence in the logarithm of salary between each treatment and

control group, which is by de�nition zero at year (-1). Figure B9 in the appendix presents similar results,

but on all returnees regardless of the duration of their stay in the United States.
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Figure 9: Counterfactual: Migration Shut Down and Human Capital Change

(a) Average Changes (b) Total Changes

Notes: This �gure in panels (a) and (b) presents the average and total changes in human capital resulting from a counterfactual analysis that
assumes the shutting down of all �ows among countries, except for education, respectively. When simulating the shutdown of �ows, we replace all job
experiences abroad with job experiences gained in the individual's origin country. By utilizing the coe�cients and individual �xed e�ects estimated in
Equation 8 and in column (6) of Table 4, we compute the counterfactual human capital for each individual and subsequently aggregate these values
to �nd the averages for each country. To �nd the total changes, we aggregate the entire human capital stock for each country, using the weights
derived from Equation 1 to determine these aggregations. The colors red, blue, and green correspond to Emerging Market Economies (EM), Advanced
Economies (AE), and the United States (US), respectively.
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Table 1: Bilateral Flows and Country Characteristics

Log Out�ows Log Returns

(1) (2) (3) (4)

Log Origin GDP Per Capita -0.240*** 0.385*** 0.362***
(0.0871) (0.0531) (0.0540)

Log Destination GDP Per Capita 0.620*** 0.627*** -0.119***
(0.101) (0.101) (0.0416)

Log Distance -0.612*** -0.673*** -0.00475 -0.0317
(0.0690) (0.0939) (0.0345) (0.0420)

Common O�cial Language 1.277*** 1.323*** 0.126*** 0.137**
(0.152) (0.172) (0.0467) (0.0610)

Log Origin ILO Count 0.881*** 0.0707*** 0.0892***
(0.0349) (0.0190) (0.0241)

Log Destination ILO Count 0.745*** 0.760*** 0.0851***
(0.0276) (0.0319) (0.0243)

Origin Coverage 0.938*** 0.189* 0.223**
(0.202) (0.100) (0.0961)

Destination Coverage 0.499** 0.524** 0.305*
(0.234) (0.228) (0.178)

Log Out�ow 0.944*** 0.925***
(0.0284) (0.0288)

Observations 13447 13447 11514 11514
R-Squared 0.814 0.837 0.964 0.970

Origin FE Y
Destination FE Y

Notes: Table illustrates the outcomes of regression Equation 2. In columns (1, 2) the dependent variable
is the logarithm of bilateral �ows between two countries, while columns (3, 4) denote the logarithm of the
number of return migrations between pairs of countries. Bilateral �ows from country �o� to country �d� are
characterized as the weighted total number of individuals who are presently in country o but are located in
country d in the following year. Individual weights are derived from Equation 1. To derive the annual �ows
for each pair of countries, we �rst compute the �ows for each year from 2014 to 2018 (before the COVID-19
pandemic) and then average these values across the 5 years. Regarding the determination of return numbers
between countries o and d, we accumulate the total count of migrants originating from country o and residing
in country d who eventually return to their country of origin within 10 years. These return �gures encompass
all migrants who migrated from the year 2000 onward. All standard errors are two-way clustered based on
the country of origin and destination and are reported in parenthesis below the coe�cients. *** p< 0.01, **
p< 0.05, * p< 0.1
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Table 2: Industry Growth and Return Migration

All Mig < 5 Mig � 5 Mig < 5
(1) (2) (3) (4)

Origin Same Industry Growth 2.279*** 4.182*** 0.649** 4.013***
(0.557) (1.063) (0.291) (1.028)

Destination Same Industry Growth -7.390*** -9.354*** -2.431*** -9.490***
(1.535) (1.811) (0.835) (1.724)

Origin Adjacent Industries Growth 6.509***
(2.470)

Destination Adjacent Industries Growth -7.354**
(3.341)

Constant 5.402*** 8.847*** 2.112*** 8.894***
(0.0258) (0.0246) (0.0144) (0.313)

Observations 23001013 10948138 12052711 10883198
R-Squared 0.0475 0.0352 0.0132 0.0352

Origin by Year FE Y Y Y Y
Destination by Year FE Y Y Y Y
Industry by Year FE Y Y Y Y
Years from First Migration FE Y Y Y Y
Years from Last Migration FE Y Y Y Y

Notes: This table presents the estimation of Equation 3. Here, we construct an individual-level panel of
migrants employed (excluding those in education) in their destination country and de�ne a return dummy
as 100 if they return to their origin country the following year, and 0 otherwise. We utilize three-digit North
American Industry Classi�cation System (NAICS) industry codes for each �rm to identify the industry in
which the migrant works. The industry growth is calculated as the average growth (log(1 + growth)) of the
industry over the last three years. Column (1) includes all migrants, but in columns (2) and (3), we run
regressions separately on subsamples of migrants who have been in the destination country for less than 5
years and at least 5 years, respectively. In column (4), we also add the weighted growth of the adjacent
industries for each industry. Weights are derived from the transition matrix of domestic workers for each
county among di�erent industries. All analyses presented in this table are based on data collected from 2010
onwards. Standard errors are two-way clustered based on the country of origin and destination and reported
in parentheses below the coe�cients. *** p< 0.01, ** p< 0.05, * p< 0.1.
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Table 3: Firm Growth and Return Migration

All Mig < 5 Mig � 5 Mig < 5 Mig < 5
(1) (2) (3) (4) (5)

Firm Growth � Negative -9.619*** -15.97*** -4.853*** -14.94*** -10.85***
(1.085) (2.064) (0.674) (1.615) (1.053)

Firm Growth � Positive -3.487*** -5.270*** -1.320*** -4.803*** -4.478***
(0.256) (0.375) (0.129) (0.384) (0.402)

Multinational Company -0.727*** -0.730***
(0.148) (0.139)

Branch in Origin Country 3.182*** 2.943***
(0.318) (0.316)

Branch in Origin Country � Firm Growth � Negative -9.182***
(1.535)

Branch in Origin Country � Firm Growth � Positive -0.670
(0.548)

Observations 19257124 8799480 10505939 8747738 8747738
R-Squared 0.0639 0.0360 0.0121 0.0674 0.0676

Years from First Migration FE Y Y Y Y Y
Years from Last Migration FE Y Y Y Y Y
Origin by Industry by Year FE Y Y Y Y Y
Destination by Industry by Year FE Y Y Y Y Y

Notes: This table presents the estimation of Equation 4. Here, we construct an individual-level panel of migrants employed (excluding those in
education) in their destination country and de�ne a return dummy as 100 if they return to their origin country the following year and 0 otherwise.
The �rm growth is calculated as the average growth (log(1 + growth)) of the �rm employees from this year to the next year. We restrict the sample to
�rms with a median number of employees greater than 50 after 2010. We allow the slope to vary for positive and negative growth in �rm employees.
The �Multinational Company� dummy equals 1 if the migrant is now working in a multinational company, and �Branch in the Origin Country� equals
1 if the current multinational company has a branch in the migrant's origin country. All analyses presented in this table are based on data collected
from 2010 onwards. Standard errors are two-way clustered based on the country of origin and destination and reported in parentheses below the
coe�cients. *** p < 0.01, ** p< 0.05, * p< 0.1.
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Table 4: Returns to Job Experience

Glassdoor Revelio

(1) (2) (3) (4) (5) (6)

Incremental E�ect:

Exp in US � Now in AE 0.00908*** 0.00115 -0.00162 0.0120*** 0.00887*** 0.00878***
(0.00302) (0.00240) (0.00240) (0.000706) (0.00144) (0.00132)

Exp in US � Now in EM 0.0270*** 0.0137*** 0.0106*** 0.0225*** 0.0182*** 0.0184***
(0.00516) (0.00316) (0.00377) (0.00161) (0.00157) (0.00143)

Exp in AE � Now in US 0.0145*** -0.00137 -0.000507 0.0128*** -0.00465*** -0.00542***
(0.00263) (0.00178) (0.00196) (0.00105) (0.00159) (0.00151)

Exp in AE � Now in EM 0.0165*** 0.00429 0.00489* 0.0141*** 0.00220*** 0.00233***
(0.00540) (0.00292) (0.00293) (0.000747) (0.000556) (0.000499)

Exp in EM � Now in US 0.0177*** -0.00379** -0.00510*** 0.00344* -0.00504*** -0.00568***
(0.00431) (0.00164) (0.00164) (0.00193) (0.000986) (0.000910)

Exp in EM � Now in AE 0.00463** -0.00338 -0.00322** -0.00783*** -0.00256*** -0.00255***
(0.00197) (0.00232) (0.00149) (0.000694) (0.000524) (0.000533)

Own-Market E�ect:

Total Exp � Now in US 0.0276*** 0.0238*** 0.0170*** 0.0366*** 0.0371*** 0.0349***
(0.00331) (0.00191) (0.00172) (0.00175) (0.00137) (0.00135)

Total Exp � Now in AE 0.0284*** 0.0236*** 0.0181*** 0.0257*** 0.0266*** 0.0255***
(0.00244) (0.00222) (0.00172) (0.000962) (0.00121) (0.00123)

Total Exp � Now in EM 0.0584*** 0.0508*** 0.0319*** 0.0244*** 0.0234*** 0.0225***
(0.00753) (0.00575) (0.00611) (0.00107) (0.00122) (0.00124)

Total Exp 2 � Now in US -0.000595*** -0.000590*** -0.000359*** -0.000761*** -0.000945*** -0.000881***
(0.0000752) (0.0000354) (0.0000277) (0.0000415) (0.0000334) (0.0000312)

Total Exp 2 � Now in AE -0.000569*** -0.000538*** -0.000342*** -0.000497*** -0.000784*** -0.000757***
(0.0000532) (0.0000337) (0.0000360) (0.0000257) (0.0000266) (0.0000266)

Total Exp 2 � Now in EM -0.00134*** -0.00144*** -0.000699*** -0.000438*** -0.000705*** -0.000674***
(0.000238) (0.000162) (0.000170) (0.0000351) (0.0000277) (0.0000279)

Observations 4181469 4181469 4181469 22960532 22960532 22960532
R-Squared 0.831 0.924 0.938 0.818 0.897 0.905

Country by Year FE Y Y Y Y Y Y
Individual FE Y Y Y Y
Firm FE Y Y

Notes: Refer to the notes on Figure B7. This table presents the coe�cients (� jj 0) for Equation 8. The

dependent variable in columns (1-3) and (4-6) is the logarithm of Glassdoor salary and Revelio Lab imputed

salary data, respectively. The sample used for this analysis comprises a 25% completely random sample

of individuals who have reported holding a bachelor's degree at some point and includes years following

their last education year (graduation). In columns (3) and (6), we further restrict the sample to individuals

for whom we can estimate their Glassdoor salary for at least 75% of their positions. The standard errors,

clustered at the individual level, are reported in parentheses below the coe�cients. *** p< 0.01, ** p< 0.05,

* p< 0.1.
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Table 5: Di�erences in Salaries: Matched Treatment and Controls Pre-Migration to US and
Post-Return to EM

Entire Sample Mass Layo�

Total Mig. Years � 5 Total Mig. Years � 5
(1) (2) (3) (4)

Panel A: Glassdoor Salary

Treatment � Post 0.0763*** 0.144***
(0.0112) (0.0113)

Observations 18802 4721
R-Squared 0.922 0.837

Panel B: Revelio Salary

Treatment � Post 0.0911*** 0.131*** 0.0864*** 0.174***
(0.00611) (0.00803) (0.0128) (0.0353)

Observations 195492 40218 5753 924
R-Squared 0.709 0.694 0.710 0.782

Notes: This table presents the regression results of a matching regression that matches the treatment
group (comprising individuals migrating from Emerging Markets to the US and subsequently returning to
their origin country) to control individuals who never migrate. The matching process focuses solely on the
characteristics observed in the year just before migration. We restrict the sample to individuals who were
employed the year before migration. The characteristics used for matching include the country of origin, years
of job experience, the �rm, and role (150 categories) of employment at the time of migration. Additionally,
we match based on the years of education categorized into di�erent university ranks (as illustrated in Figure
6) (In Table C7 we do not match on education records). The dependent variable in panels (a) and (b) is
the logarithm of Glassdoor salary and Revelio salary, respectively. Here we use observations from the year
before migration and the �rst year after return. All columns control for the matched group (each treatment
individual and their matched control individual) by time �xed e�ects and also treatment by time �xed e�ects.
Column (1) represents the entire sample, while column (2) focuses on a subsample of returnees with at least 5
years of experience in the US. Columns (3) and (4) mirror columns (1) and (2), respectively, but speci�cally
consider a subsample of migrants who experienced a mass layo� in their �rm just before returning. We
de�ne a mass layo� as a reduction in the total number of employees by more than 10% within a single year,
speci�cally for �rms with a minimum of 50 employees, which corresponds to the median number observed
from 2010 to 2022. All standard errors are clustered at the country of origin level and are reported in
parentheses below the coe�cients. *** p< 0.01, ** p< 0.05, * p< 0.1.
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A Data Appendix

In this appendix, we aim to provide further insights into our professional pro�les dataset and

explain the data cleaning processes we implemented. Additionally, we discuss the validity

checks performed on the dataset to ensure its accuracy and reliability.

We use data from the International Labor Organization (ILO) on the number of college-

educated individuals across 186 member countries. Notably, China and Saudi Arabia, which

are not ILO members, are included separately. We added data for these countries from

independent sources, totaling 240 million in China and 6 million in Saudi Arabia. Countries

with fewer than 100,000 college-educated individuals are excluded from our analysis. Thus,

our primary focus is on the remaining 134 ILO members and the two additional countries,

each with at least 100,000 college-educated individuals.

We also use the International Monetary Fund's classi�cations of Advanced Economies

(AE) and Emerging Market and Developing Economies (EM) in our analyses (International

Monetary Fund 2023). In the paper, we use �EM� to abbreviate Emerging Market and

Developing Economies. We categorize the United States separately because of its signi�cant

presence in our dataset. Table A1 shows the number of college-educated individuals from

the ILO, professional pro�les, and whether the 136 selected countries are classi�ed as AE

or EM. Figure A1 also shows the ratio of professional pro�les in our dataset to the ILO's

counts of college-educated individuals.
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Table A1: Country Coverage and Weight Distribution

Part 1 Part 2 Part 3

N Country Cat. Link ILO ILO Yr Covrg W � N Country Cat. Link ILO ILO Yr Covrg W � N Country Cat. Link ILO ILO Yr Covrg W
(1) (2) (3) (4) (5) (6) (7) (8) (1) (2) (3) (4) (5) (6) (7) (8) (1) (2) (3) (4) (5) (6) (7) (8)

1 United States US 70851 82699 2022 0.86 1.17 47 Finland AE 770 1144 2021 0.67 1.49 93 Azerbaijan EM 151 1476 2021 0.10 9.77
2 India EM 24097 59555 2020 0.40 2.47 48 Morocco EM 770 1131 2021 0.68 1.47 94 Ethiopia EM 150 427 2013 0.35 2.83
3 Brazil EM 16528 24692 2021 0.67 1.49 49 Israel AE 765 1580 2021 0.48 2.07 95 Myanmar EM 150 4379 2020 0.03 29.05
4 United Kingdom AE 15110 15083 2019 1 1 50 Vietnam EM 759 7774 2021 0.10 10.24 96 Cyprus AE 145 225 2021 0.65 1.55
5 France AE 10118 13245 2021 0.76 1.31 51 Austria AE 743 1672 2021 0.44 2.25 97 Slovenia AE 143 438 2021 0.33 3.05
6 Canada AE 8451 14232 2022 0.59 1.68 52 South Korea AE 740 15887 2022 0.05 21.44 98 Honduras EM 138 277 2019 0.50 2.01
7 Italy AE 5930 5779 2021 1.03 0.97 53 Hong Kong AE 734 1259 2021 0.58 1.71 99 Georgia EM 135 650 2020 0.21 4.80
8 Australia AE 5840 6107 2020 0.96 1.05 54 Ecuador EM 700 1273 2021 0.55 1.82 100 Latvia AE 134 381 2021 0.35 2.84
9 Spain AE 5715 10071 2021 0.57 1.76 55 Greece AE 654 1731 2021 0.38 2.64 101 Cambodia EM 128 561 2019 0.23 4.38
10 Germany AE 5706 13370 2021 0.43 2.34 56 Thailand EM 652 6697 2021 0.10 10.26 102 Estonia AE 125 289 2021 0.43 2.31
11 China EM 5553 240000 2022 0.02 43.21 57 Hungary EM 491 1485 2021 0.33 3.02 103 Nicaragua EM 123 275 2014 0.45 2.23
12 Netherlands AE 5248 3901 2021 1.35 0.74 58 Algeria EM 489 2293 2017 0.21 4.68 104 Sudan EM 113 1080 2011 0.11 9.50
13 Indonesia EM 4466 17582 2022 0.25 3.94 59 Ghana EM 455 845 2017 0.54 1.86 105 Mozambique EM 106 210 2015 0.51 1.98
14 Mexico EM 4402 11488 2021 0.38 2.61 60 Costa Rica EM 453 502 2021 0.90 1.11 106 Albania EM 102 564 2019 0.18 5.50
15 Turkey EM 3529 9142 2021 0.39 2.59 61 Sri Lanka EM 450 529 2020 0.85 1.18 107 Mauritius EM 102 110 2020 0.92 1.08
16 South Africa EM 3142 3705 2021 0.85 1.18 62 Qatar EM 425 558 2021 0.76 1.31 108 Botswana EM 95 328 2020 0.29 3.45
17 Argentina EM 2896 3319 2021 0.87 1.15 63 Tunisia EM 418 900 2017 0.46 2.15 109 Armenia EM 88 463 2021 0.19 5.23
18 Philippines EM 2595 10471 2018 0.25 4.03 64 Lebanon EM 356 600 2019 0.59 1.68 110 DR Congo EM 87 1715 2020 0.05 19.61
19 Colombia EM 2489 7247 2021 0.34 2.91 65 Serbia EM 333 872 2021 0.38 2.61 111 Afghanistan EM 86 506 2021 0.17 5.87
20 U.A. Emirates EM 2408 2915 2021 0.83 1.21 66 Jordan EM 332 715 2021 0.47 2.15 112 Namibia EM 83 102 2018 0.81 1.24
21 Sweden AE 2121 2462 2021 0.86 1.16 67 Dominican Rep. EM 323 664 2021 0.49 2.05 113 Bosnia and Herz. EM 80 284 2021 0.28 3.56
22 Pakistan EM 2035 6136 2021 0.33 3.01 68 Bulgaria EM 311 1062 2021 0.29 3.41 114 Macedonia EM 79 519 2021 0.31 3.27
23 Poland EM 1968 6304 2021 0.31 3.20 69 Guatemala EM 301 358 2019 0.84 1.19 115 Cuba EM 76 793 2010 0.10 10.40
24 Russia EM 1944 38060 2021 0.05 19.58 70 Uruguay EM 289 260 2019 1.11 0.90 116 Rwanda EM 64 327 2021 0.20 5.09
25 Nigeria EM 1889 11833 2019 0.16 6.26 71 Kuwait EM 275 530 2016 0.52 1.93 117 Burkina Faso EM 62 130 2018 0.48 2.08
26 Saudi Arabia EM 1870 6000 2020 0.31 3.21 72 Slovakia AE 247 801 2021 0.31 3.23 118 Papua New Guinea EM 62 240 2010 0.26 3.84
27 Chile EM 1869 2220 2021 0.84 1.19 73 Croatia AE 244 513 2021 0.48 2.10 119 Mali EM 62 145 2020 0.43 2.34
28 Switzerland AE 1860 2094 2021 0.89 1.13 74 Puerto Rico AE 243 587 2015 0.42 2.41 120 Madagascar EM 61 540 2015 0.11 8.73
29 Belgium AE 1853 2570 2021 0.72 1.39 75 Panama EM 235 344 2021 0.68 1.46 121 Malawi EM 61 112 2020 0.55 1.83
30 Malaysia EM 1811 4497 2020 0.40 2.48 76 Oman EM 230 411 2021 0.56 1.79 122 Uzbekistan EM 59 2681 2020 0.02 44.92
31 Egypt EM 1685 6113 2021 0.28 3.63 77 Nepal EM 228 751 2017 0.30 3.29 123 Palestine EM 57 404 2021 0.14 7.02
32 Denmark AE 1561 1203 2021 1.30 0.77 78 Ivory Coast EM 227 473 2019 0.48 2.08 124 Benin EM 53 189 2018 0.28 3.53
33 Peru EM 1541 4149 2021 0.37 2.69 79 Lithuania AE 221 695 2021 0.32 3.14 125 Haiti EM 53 388 2012 0.14 7.26
34 Portugal AE 1400 1741 2021 0.80 1.24 80 Uganda EM 213 1235 2021 0.17 5.78 126 Yemen EM 52 383 2014 0.14 7.37
35 Singapore AE 1370 1464 2021 0.94 1.07 81 Zimbabwe EM 207 953 2021 0.22 4.58 127 Moldova EM 51 279 2021 0.19 5.40
36 Ireland AE 1142 1307 2021 0.87 1.14 82 Iraq EM 200 2477 2021 0.08 12.34 128 Mongolia EM 43 515 2021 0.08 11.96
37 Bangladesh EM 1061 4108 2017 0.26 3.87 83 Bolivia EM 186 1470 2021 0.13 7.89 129 Guinea EM 41 338 2019 0.12 8.21
38 New Zealand AE 1054 1074 2020 0.98 1.02 84 Luxembourg AE 185 168 2021 1.10 0.91 130 Somalia EM 36 174 2019 0.21 4.82
39 Norway AE 966 1333 2021 0.72 1.38 85 Kazakhstan EM 183 7486 2020 0.02 40.90 131 Kosovo EM 35 147 2021 0.24 4.15
40 Japan AE 964 33210 2020 0.03 34.42 86 Cameroon EM 180 548 2014 0.33 3.04 132 Macao AE 33 134 2016 0.25 3.96
41 Venezuela EM 954 5035 2017 0.19 5.28 87 Belarus EM 179 1714 2021 0.10 9.58 133 Kyrgyzstan EM 26 566 2018 0.05 21.77
42 Iran EM 945 7205 2020 0.13 7.62 88 Senegal EM 166 186 2019 0.89 1.12 134 Laos EM 25 257 2017 0.10 10.05
43 Romania EM 932 1842 2021 0.51 1.98 89 Zambia EM 161 479 2021 0.34 2.96 135 Chad EM 16 134 2018 0.12 8.22
44 Ukraine EM 886 9494 2021 0.09 10.71 90 El Salvador EM 161 224 2021 0.72 1.39 136 Tajikistan EM 12 581 2016 0.02 48.37
45 Kenya EM 869 867 2019 1 1 91 Angola EM 153 438 2021 0.35 2.86
46 Czech Republic AE 782 1437 2021 0.54 1.84 92 Paraguay EM 152 494 2017 0.31 3.24

Notes: The table has three sections and lists the following for each country: order (1), country name (2), IMF country category (3), professional
pro�le counts (4), ILO college-educated counts (5), data year from ILO (6), country coverage (7), and country weight (8). The ILO counts re�ect
the number of college-educated individuals per country based on International Labor Organization data. The professional pro�le count includes users
within the country from two years before to two years after the ILO data year. Columns (4, 5) show values in units of 1,000 individuals. Country
coverage is calculated by dividing the professional pro�le count by the ILO counts, and country weights are the inverse of this ratio. The table includes
134 ILO member countries with over 100,000 college-educated individuals, plus China and Saudi Arabia, where we estimate 240 million and 6 million
college-educated individuals, respectively.
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Figure A1: Rate of Professional Pro�le to ILO College Educated Counts

Notes: Refer to the notes on Table A1. This map illustrates the country coverage (Column (7) in Table A1) for the selected 136 countries.
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Figure A2: Professional Pro�les Coverage Over Time

Notes: The �gure shows the professional pro�le coverage over time for the world average and selected
countries. To calculate the country coverage trend, we standardize the country coverage in the year 2022
(the �nal year in our dataset) to 100. Subsequently, we divide the count of professional pro�les in our data
for each country in each year by the count of users in 2022 to determine the country coverage across the
years. This calculation utilizes individual weights as de�ned in Equation 1. The �World� average represents
the aggregated weighted averages of all users, irrespective of their country.
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Figure A3: In�ows to the United States: Professional Pro�les vs. Current Population Survey
(CPS)

Notes: This �gure compares the in�ows to the United States in our professional pro�les data versus the
in�ows of people with a college degree in the Current Population Survey (CPS) 2022 data. The CPS 2022
data speci�cally represents individuals residing in the US in 2022. Similarly, we restrict our professional
pro�le sample to individuals residing in the US in 2022. The sample is further narrowed down to those who
entered the US in the last 5 years, covering the period from 2018 to 2022. The countries included in the
analysis are limited to a subsample of selected countries outlined in Table A1, which are also present in the
CPS data. Additionally, we focus on countries with non-missing values for the in�ows of college-educated
individuals from 2018 to 2022, resulting in a total of 79 countries for analysis. Individual weights are applied
for the professional pro�le measurement, noting that 77% of them share the same weight, corresponding to
the weight of the United States at Table A1.
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Figure A4: International Students in the United States: Professional Pro�les vs. IIE

Notes: This �gure illustrates the count of international students in the United States in 2022, comparing
our data with the Institute of International Education (IIE) data. The analysis involves 133 countries,
a subset of the 136 countries listed in Table A1 that can be merged with the IIE dataset. Individual weights
are applied for the professional pro�les measurement, noting that 84% of them share the same weight,
corresponding to the weight of the United States at Table A1.
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Figure A5: Stock of Migrants in OECD Countries: Professional Pro�les vs. DIOC

Notes: This �gure illustrates the count of college-educated employed migrants in OECD countries in the year
2011, comparing our data with the Database on Immigrants in OECD and non-OECD Countries
(DIOC) data. Each dot represents a pair of countries of origin (OECD and non-OECD) and destination
(OECD). The choice of 2011 as the reference year is due to its status as the last year with available bilat-
eral stock measures of migrants in the DIOC dataset. The analysis encompasses college-educated employed
migrants in 36 OECD countries originating from 112 selected OECD and non-OECD countries, which consti-
tutes a subset of the 136 countries listed in Table A1 that can be merged with the DIOC dataset. Individual
weights derived from Table A1 are applied to the professional pro�les measurement.

Table A2: Regression of Log Stock of Migrants in DIOC Data on Professional Pro�les

(1) (2)

Log Migrant Stock in LinkedIn 0.962*** 0.956***
(22.37) (23.92)

Constant 0.991*** 1.019***
(3.76) (5.26)

Observations 2776 2776
R-squared 0.724 0.892

Origin FE Y
Destination FE Y

Notes: Refer to the notes on Figure A5. In this table, the dependent variable is the logarithm of the stock
of college-educated employed migrants in the DIOC data, while the main independent variable is a similar
measure derived from our LinkedIn dataset. Standard errors, indicated in parentheses, are two-way clustered
at the country of origin and destination levels.
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B Appendix Figures

Figure B1: Share of Out-Migration for Education

Notes: Refer to the notes in Figures 1 and 2. This �gure illustrates the proportion of the total out�ows after 5 years that are in education in the
destination country.
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Figure B2: Out�ow to Education and Multinational Companies

Notes: See notes on Figure 1. This �gure shows the distribution of out�ows across various origin and destination country categories. The numerical
values displayed on the bars represent the out�ow rate after 5 years. The color divisions within the bars signify the total out�ows categorized into
education and job-related migrations. Within the job category, the divisions represent the migrations across three di�erent types: within the same
multinational corporation, across di�erent multinational corporations, and within local companies. For our categorization, multinational corporations
are de�ned as companies within our dataset that have a minimum workforce of 250 employees, with at least 10% of their employees located in countries
other than their primary operational country. Migrants who work in the same multinational corporation before and after migration are classi�ed
under the �same multinational corporation� category. All those who work in a multinational company in the destination country but not the same
as the origin country are classi�ed as �di�erent multinational corporations�. Migrants employed in non-multinational corporations in the destination
country fall under the �local companies� category.
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Figure B3: Re-migration of Migrants from the Host Country by Origin Country

Notes: See notes on Figure 3. This �gure is similar to Figure 3, but it now encompasses migrants who
depart the destination country to a third country (not solely returning to the origin country). In essence,
this �gure depicts the percentage of migrants who leave the destination country, either returning to their
origin country or moving to a third country.
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Figure B4: Return Migration to Education and Multinational Companies

Notes: See the notes on Figure 3. This �gure illustrates the distribution of returns across various origin and destination country categories. The
numerical values displayed on the bars represent the return rate after 5 years of migration. The color divisions within the bars represent the total
returns categorized into education and job-related aspects upon return to the origin country. Within the job category, the divisions signify the return
across three distinct types: within the same multinational corporation, across di�erent multinational corporations, and within local companies. In our
categorization, multinational corporations are de�ned as companies in our dataset with a minimum workforce of 250 employees, where at least 10% of
employees are situated in countries other than the primary operational country. Returnees who resume work in the same multinational corporation
before return (in the destination country) and after return (in the origin country) are classi�ed under the �same multinational corporation� category.
Those who work in a multinational company after return but not in the same one as when they were migrants are categorized as �di�erent multinational
corporations�. Returnees employed in non-multinational corporations in the origin country are classi�ed as �local companies�.
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