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Abstract

This paper studies return migration decisions of academic scientists. These deci-
sions are important for source countries because academic scientists hold a large stock
of human capital and tacit knowledge on the art of conducting science. Whereas sta-
tistical offices typically fail to follow workers who move across borders, I am able to
use publicly available academic records to reconstruct career histories. My data cov-
ers virtually every foreign faculty born after 1944 affiliated with a U.S. PhD-granting
chemistry, chemical engineering or biochemistry department between 1993 and 2010.
I estimate that only 9% of foreign faculty return to their home country during their
professional career. The most successful scientists are less likely to return, even though
they are more likely to move within the U.S. Conventional wisdom holds that the U.S.
provides a better research environment and stronger incentives than many countries.
However, after an adjustment period, return migration seems to have no negative effect
on the scientific productivity of the returnees.
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1 Introduction

Scientists and engineers are increasingly mobile and often cross national borders. As a science

and technology leader, the United States has been the recipient of large inflows of scientists

and engineers. More than a third of PhD holders in the U.S. Science and Engineering

workforce were born outside the U.S. (NSF 2007) and close to 60% of of engineering PhD

degrees recipients from U.S. universities hold temporary visas. Moreover, the foreign-born

make disproportionate contributions to U.S. science and innovation (Levin & Stephan 1999,

Hunt forthcoming, Gaule & Piacentini 2010). However, migration need not be permanent.

For instance, evidence from social security data compiled by Finn (2010) shows that 40% of

foreign PhD graduates from U.S. universities leave the country within five years.

Return migration decisions of scientists and engineers can be understood as the result of

utility maximization over the life cycle whereby migrants accumulate financial and especially

human capital in the destination before returning to their home country.1 Accordingly,

migrants are balancing the professional advantages of working in the destination country

versus psychic benefits from living in their home country. Psychic benefits include proximity

to friends and relatives, access to non-tradable goods and preferences for living in a society

that has certain cultural values. These psychic benefits can be large: Gibson & McKenzie

(2010) find that return migrants to New Zealand, Papua New Guinea and Tonga forfeit 40%

of their income flow by returning to their home country.

While the economics of return migration decisions are conceptually straightforward, we

know little about how the tradeoffs faced by skilled migrants play out empirically. How many

skilled migrants actually decide to return? To which extent do migrants respond to changing

conditions in the home country? Are successful migrants more or less likely to return?

This paper seeks to answer these questions by studying individual return migration de-

cisions empirically. By focusing on academic scientists, I am able to use publicly available

academic records to reconstruct career histories. I rely on the availability of fine-grained

1The alternative explanation for return migration is that migrant have incorrect expectations about their
prospects at destination. For a model of each explanation, see Borjas & Bratsberg (1996).

2



biographical data collected biennially by the American Chemical Society to guide students

in their choice of graduate schools. I also take advantage of the fact that the main output

of academic scientists, scientific publications, can be measured. My hand-collected data in-

cludes 1,953 individuals and covers virtually every foreign faculty born after 1944 who has

been affiliated with a U.S. PhD-granting chemistry, chemical engineering or biochemistry

department any time between 1993 and 2007.

Modeling the return migration decision as a risk in a discrete hazard model, I first

analyze the individual determinants of return. I show that return occurs early in the career

and that faculty with very strong publication records are less likely to return than faculty

with lesser publication records. This result confirms earlier findings of negative self-selection

into return migration (Borjas 1989, Borjas & Bratsberg 1996) but is derived using a more

direct approach. It is interesting to note that in my sample negative self-selection occurs

though the top, rather than the bottom, of the distribution: the most productive scientists

are less likely to return than average scientists but there is no differential between the least

productive and the average scientists.

I then contrast these results to the determinants of mobility of foreign faculty to different

academic positions within the U.S. I show that such mobility occurs throughout the career

and is more likely for faculty with very strong publication records than faculty with average

publication records.

Next, I use out-of-sample predictions to derive better estimates of the rate of return.

I estimate that among foreign faculty who had their first U.S. faculty appointment after

1993, 8.8% will return to their home country before the age of 65, assuming no change in

trend in future years. There is considerable variation of this rate across source countries,

with one in four Australians predicted to return compare to zero Indians. The propensity to

return is positively correlated with GDP per capita, both across and within source countries.

However, I find that return to China remains a rare event and is still five times less likely

than return to Taiwan.

Finally, I study the effect of return on the scientific output of the returnees. I use a
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selection on observables approach where each returnee is matched with a control scientist

who started his/her career in the same year, is in a university of similar quality and has

a similar pre-return publication profile. I find that return migration is associated with a

significant decrease in scientific output in the the two years after the return but seems to

have no effect after this adjustment period.

My results are relevant to the assessment of the net welfare cost or benefit of ’brain drain’

of skilled workers. Recent theoretical (Mayr & Peri 2008, Santos & Postel-Vinay 2003) and

qualitative (Saxenian & Hsu 2001, Saxenian 2005) contributions claim that return migration

is an important channel of ’brain gain’. While the low incidence of return I find in my sample

do not does necessarily disprove those claims, it casts a more pessimistic light on the welfare

effects of outmigration of the skilled for source countries.

2 Measuring return migration

Most existing studies of return migration rely on data collected by statistical offices. However,

statistical offices are typically not good at following workers as they move across countries.

There is one notable exception in the form of the German Socio-Economic panel which has

been widely used (see e.g. Dustmann 1996, Dustmann & Kirchkamp 2002, Gundel & Heiko

2008). However, the evidence derived from the German Socio-Economic panel is not very

informative with respect with mobility of the high-skilled because migrants into Germany

are mostly unskilled.2

The alternative that I use here is to focus on a particular group of migrants, academic

scientists, and take advantage of the public availability of academic records. A variety of

sources available on the internet make it relatively easy to reconstruct career histories and

track faculty who go back home. The more difficult part of the data collection strategy is

to find a good list of academic scientists who have been at the destination in the past. This

list cannot be too recent otherwise very few returns will be observed. This list needs to

2The mean number of years of schooling for immigrants in the panel is 9 with a standard deviation of 2
(Dustmann 1996).
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have information about the origins of scientists so that migrants can be identified by country

of origin. Moreover, it is highly desirable for this list to be available for successive years,

otherwise migration spells of relatively short duration cannot be observed. Finally, lists that

include only prominent scientists are not good candidates because that precludes studying

whether prominent scientists are more or less likely to return.

To illustrate these points, let me briefly describe two alternatives which would be inad-

equate for my purposes. A list of faculty employed by U.S. PhD-granting departments as

of 1993 is available from the National Research Council Assessment of doctoral programs

(NRC 1995). One of several problems with using this data is that neither migrants who were

hired after 1993, nor those who were hired before 1993 and returned before 1993 appear in

the list. Another approach would be to construct lists of foreign students graduating from

U.S. universities with PhD degrees in Science and Engineering by using biographic infor-

mation contained in doctoral theses (Mac Garvie 2007, Kahn & Mac Garvie 2010) or by

inferring origins from names (Gaule & Piacentini 2010). However, following students over

time and distinguishing those who return home from those who take industry jobs in the

U.S. is difficult.

2.1 Data collection

The main source of data used in this paper is the Directory of Graduate Research of the

American Chemical Society. The American Chemical Society surveys U.S. PhD-granting

chemistry departments every two years with the aim of providing information to prospective

graduate students. Because the size of the department is an important factor in the choice

of a graduate school, departments have an incentive to list faculty extensively. Comparisons

with lists of faculty on departmental websites suggest that the coverage of the directory is

excellent. The resulting directories are published in print and, from 1999 onwards, on the

web. The individual faculty listings from the directory have information on names, year of

birth, gender, education histories, postdoctoral training and university affiliation.

From the individuals who appear in the directory at least once between 1993 and 2007,
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I select the sub-sample of faculty who had received an undergraduate degree from a foreign

country and were born after 1944.3 In the absence of information on the country of birth, the

home country is assumed to be the country where the undergraduate degree was obtained.

This is not a major limitation because the country of undergraduate degree is a good proxy

for the country of origin.4

I reconstruct career histories by combining information from successive editions of the

directory. For individuals who cease to be listed in the directory, I conduct extensive manual

search to distinguish between returns to the home country, moves to a third country, moves to

industry, moves to U.S. academic jobs not listed in the directory, and deaths. A combination

of Google and LinkedIn searches are used. In some cases, publication data serve as as an

ancillary source. The results of this data collection effort are very encouraging as I am able

to reconstruct histories for all but 29 individuals (1.4%) of the sample.

The end result is a panel of 1,953 individuals with fine grained biographical information.

One limitation is that only faculties from chemistry, chemical engineering and biochemistry

departments, and not all fields of Science and Engineering are included in the data set.

However, within the included fields, the coverage is excellent and not biased towards faculties

who have been particularly successful or have had longer migration spells.

2.2 Descriptive statistics

I start observing careers in 1993 or when the individual is first listed in the Directory of

Graduate Research (whichever is later) until 2010. On average, an individual is observed for

10 years.

The full risk set includes 1,953 faculty. Of these, 1,339 (68.5%) do not go through any

3In restricting the sample to individuals born after 1944, I make sure that individuals in my sample have
not yet reached the retirement age when I collected the data (in 2010). This facilitates the reconstruction
of careers histories and thus enables more precise measurement of return migration.

4Evidence compiled by Kahn and McGarvie (2010) using the Survey of Earned Doctorates shows that
for 85% of PhD students graduating from U.S. universities in 2003 and 2004, the country of undergraduate
degree is the same as the country of citizenship. I expect this fraction to be higher for my sample because
the average faculty in my dataset is older and international mobility for undergraduate studies is a relatively
recent phenomenon.
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professional transition during the period of observations. 301 (15.4%) move to different U.S.

academic positions and only 100 (5.1%) return to the home country. Moves to U.S. industry

and move to third countries are infrequent (2.7% and 2.1% respectively). The overwhelming

majority of return migrants take an academic position in their home country. However, there

are few cases of return migrants taking positions industry: head of Unilever R&D in India,

a venture capital firm in Moscow or a startup in Canada.

Inevitably, given the way the data was constructed, there is a group of individuals with

missing career histories. This is problematic if the reason I am unable to reconstruct their

career histories is that they have returned to their home country. However, there only 29

individuals with missing career histories (I exclude those from the sample). Moreover, in

most of those cases, I strongly suspect either a death or a move to industry, because there

are no subsequent publications.

(Insert table 1 about here)

For the purposes of analyzing the determinants of return migration, I chose to drop

subsequent years for individuals moving to a third country, taking an industry position or

moving to U.S. institutions not covered in the Directory of Graduate Research. Given that

the focus of this paper is on moves from U.S. PhD-granting institutions to the home country,

this seemed more consistent than keeping these individuals in the dataset after they move.5

Turning to the descriptive statistics on the demographics of my sample (see table 2), the

average scientist in my dataset is male, was born in 1960 and started his career as faculty

in 1995. The majority (53%) of faculty in the data came as graduate students, 34% came

as postdoctoral students and 13% as faculty. Because origin is inferred from the country

of undergraduate degree, the sample does not include migrants who have entered the U.S.

as undergraduate students. For those who came to the U.S. as faculty, in the majority of

cases this was their first faculty appointment (i.e. they did not have a faculty appointment

in their home country or a third country before coming to the U.S.).

5Of course, the migrant might still return to his home country after moving to a third country, taking
an industry position, or moving to U.S. institutions not covered in the Directory of Graduate Research.
However, this occurs rarely in my sample.
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(insert table 2 about here)

Compared to the full risk set, the group of returnees has a smaller fraction of women, a

lower fraction of migrants who came as graduate students and a higher fraction of migrants

who came as faculty. In terms of origins, the sources countries with the largest groups of

migrants are China, India, the United Kingdom, Germany, Canada and Russia (figure 1). In

terms of the incidence of return, the rate is relatively high for Western European countries,

Canada and Australia and very low for China and India (figure 2).

(insert figure 1 and 2 about here)

3 Measuring scientific output

Scientific output plays two important roles in this paper. First, I use past scientific output as

a proxy for ability to investigate selection into return migration. The output of a scientist is

a function of not only of his own ability but also of equipment, laboratory space and grants

which enables the recruitment of junior associates. However, in the U.S. the allocation of

such resources is competitive and ultimately reflects the talent of the principal investigator.

Second, scientific output is the dependent variable when I investigate the effect of return on

the productivity of the returnees.

I match scientists in my sample to the articles they published between 1990 and 2009. As

a bibliographic data source, I use Scopus rather than the more commonly used ISI Web of

Science. Scopus has the important advantage of attributing affiliations to individual authors

which enables me to do a reliable automatic match between people and publications.6 A

publication is successfully matched to an individual if (1) the last name and first initial

are identical (2) the middle initial is identical (however a missing middle initial does not

disqualify an otherwise successful match) and (3) the affiliation is correct.

6By contrast Web of Science only provides a list of authors and a list of addresses for each publication. If
there is more than one address and one author, addresses cannot be unambiguously assigned to authors.While
ISI Web of Science and Scopus each claim to have better coverage than the other, it is clear that all important
scientific journals are covered by both. In particular, Scopus covers 100% of articles indexed in Medline,
thus covering life sciences extensively.
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I choose to focus on the number of articles weighted by journal impact factors as main

metric. This is a commonly used measure that has the advantage of simultaneously taking

into account the quantity and quality of research. In principle, citations at the level of article

may be a better measure of quality. However, they are considerably more difficult to obtain

and one might worry that return may have a negative effect on the citations, thus biasing

the measure.

The distribution of the average yearly number of publications, weighted by journal impact

factor is plotted in figure 3. The average is computed from 1990 or the year of career

start (whichever is later) until 2009 or a censoring event occurs (whichever is earlier). For

returnees, post-return years are included in the average.

(insert figure 3 about here)

Figure 3 is based on the average output over the whole period of observation. However,

in terms of regressions, I need a time-varying measure that excludes future years. Thus, I

use the moving average computed from 1990 or the year of career start (whichever is later).

Since the underlying relationship between scientific productivity and propensity to return

may be highly linear, I construct five indicator variables for quintiles of the moving average.

4 Who goes back?

I model the decision to return using the individual-year as the unit of observation. The

alternative is to use the individual as the unit of observation and let the dependent variable

be whether return has occurred any time during the observation period. The latter approach

is not appealing because several of the covariates of interest are inherently time-varying.

However, when using the individual-year as the unit of observation, it is not reasonable to

assume that the observations are independently distributed. Thus, the standard errors in all

specification will be clustered by individuals.

I use a discrete-time hazard model (Cox 1972) for the decision to return. Let πit =

Pr[returnit|returnit′,t′<t = 0, Xit]. My specifications are of the form:
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Log[
πit

(1− πit)
] = αt + β′Xit (1)

where αt is a set of year dummies and Xit a vector of independent variables, typically

including indicator variables for age, gender, type of immigration (as graduate students, post-

doctoral fellows or faculty), past productivity and country fixed effects. In practice, this will

be a simple logit of the decision to return. When a return has occurred, the subsequent years

of observations are dropped from the sample.

The odds ratio estimated through the logistic regression on the propensity to return are

reported in table 3, column 1. Women are less likely to return. The effect is large (-45%)

although not statistically significant. Return migration is seven times more likely to occur

between the age of 35 than 45 than after the age of 50.7 These effects are consistent with

the life cycle view where return migrants first accumulate human (or other) capital and then

go back home where they enjoy a higher utility of consumption.

In terms of the effect of the type of entry, individuals who entered as faculty are three

times more likely to return than those individuals who came as graduate students. The

difference between individuals who came as postdoctoral fellows and those who came as

graduate students is much smaller and not significant. When interpreting this result, it

is important to keep in mind that only individuals who became faculty in the U.S. are in

the sample. Given that I do not observe the decision to return directly after graduate and

postgraduate training, my results are uninformative as to the relative incidence of return of

the population of migrants who came as post-doctoral fellows compared to the population

of migrants who came as graduate students.

(insert table 3 about here)

The most interesting part of these results are the effects of past productivity on the deci-

sion to return. Individuals who have very strong publication records (top quintile) are twice

less likely to return compared to those with very weak publication records (bottom quintile).

7The life cycle patterns are also apparent in the raw data (see figure 7).
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Individuals in the second quintile are also less likely to return but there is hardly any differ-

ence in the point estimates for the third and fourth quintile. Although both successful and

less successful scientists return to their home country, the most successful are less likely to

do so.

The interpretation of the latest set of results is complicated by the fact that return may

be anticipated. Scientists who expect to return to their home country may reduce effort to

publish and seek funding, and downsize their lab, so that lower productivity may the result

of the decision to return rather than its cause. This, however, is less a problem than it

may seem. The output of returnees is not characterized by a pre-return downward trend

(results not shown). Moreover, effort and lab size are reflected in scientific output with a lag,

not so much because of the publication lags but because of the time needed to conduct the

experiments. If, for instance, downsizing the lab occurs one year before the return, the result

in terms of lower scientific output are unlikely to be seen until after the return has occurred,

and post-return publications do not factor in my measure of the strength of the publication

record. Ultimately though, one cannot exclude the possibility that plans to return and choice

of efforts are jointly determined a number of years in advance.

Given that return migration is a type of job mobility, one might wonder whether the

patterns found above are specific to return migration or whether they reflect determinants

of job mobility more generally. For instance, assortative matching would predict that job

mobility is more likely to occur early in the career. To address this issue empirically, I

compare return migration to within-U.S. academic job mobility. Moves to other academic

jobs within the U.S. are the most frequent form of job mobility with an incidence ratio three

times as high as that of return migration and six times as high as moves to industry. The

estimation of the propensity to move to a different U.S. academic position is done using the

same methodology as the study of the propensity to return.

The results are displayed in the second column of table 3. Interestingly, the propensity

to move within the U.S. increases moderately with age whereas the propensity to return was

sharply decreasing after the age of 45. In other words, within-U.S. academic job mobility
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occurs throughout the career whereas return migration occurs disproportionately early in

the career. Gender and type of entry have no noticeable effect on within-U.S. academic job

mobility. Finally, individuals at both end of the distribution are more likely to move within

the U.S than those in the middle. This is sharp contrast to the results on return migration,

where the most productive individuals were less likely to move. In summary, stars and older

individuals do move, just not to their home countries.

5 How many go back?

So far I have been mostly silent about how many scientists actually choose to return. 5.1% of

the migrants in the sample return to their country and in a given year the incidence of return

is 0.5%. However, a much more intuitive and satisfactory number would be the fraction of

migrants who return to their home country at any point during their career. Given that my

data spans only 18 years (1993-2010), this is not directly observable. However, it is possible

to estimate that number using out-of-sample of predictions.

Specifically, I use estimated coefficients from the regression at the individual level to

predict the odds of return in each future year (i.e. after 2010) until each migrant reaches

the age of 65. In doing so, one needs to assume something about future time trends. My

assumption is that there is no time trend, or in other words that all year fixed effects are

the same. This is a reasonable assumption for the years that I do observe - none of the year

effects of the baseline specification are significant and the point estimates display no clear

time trends. However, it is impossible to know if that pattern will hold for future years.

I first run a regression similar to the baseline specification (table 3 column 1) but without

year fixed effects and productivity indicator variables. Having saved the estimated coeffi-

cients, I exclude individuals who had their first U.S. faculty appointment before 1993. The

problem with those individuals is that I do not observe peers who have returned before 1993,

which introduces an important bias when estimating the rate of return.

Next, I extend the dataset by creating pseudo-observations for each migrant for each year
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until the migrant reaches the age of 65. These pseudo-observations share the time-invariant

characteristics of the migrant (country of origin, gender, type of entry) and future age is

trivially deducted from the year of birth. Then, I use the estimated coefficients to predict

π̂it = Pr[returnit|returnit′,t′<t = 0, Xit] for the pseudo-observations. Finally, the probability

of return Πi between 2011 and the year Ti when the individual reaches the age of 65 is

calculated as:

Πi = 1−
Ti∏

t=2011

(1− π̂it) (2)

Then, I compute the average predicted propensity to return after 2010 for those who stayed

until 2010 (4.3%). The final result is as follows: among foreign faculty who had their first

U.S. faculty appointment after 1993, 4.5% have returned to their home country by 2010 and

a further 4.3% are expected to return to their home country before the age of 65, assuming

no change in trend in future years. Distinctions by country of origin are available in table 4

column 6.

6 Return to which source countries?

I now turn to the exploration of the cross-country variation in the incidence of return. Such

differences can be large with 1 in 4 Australians predicted to come back at some point in

their career and virtually no return to India. A number of statistics for countries that have

15 or more individuals in the sample are displayed in table 4. The incidence rate is equal to

the number of returns divided by the number of years at risk. Column 5 reports the country

fixed effects from the baseline specification of the return migration model (table 3 column

1). Thus, these fixed effects represents the odds of return to a particular country relative

to the reference country, i.e. the UK, taking into account control variables (age, gender and

timing of entry, productivity and school quality). Column 6 displays the results by country

of the out-of-sample predictions exercise described in the last section.

(insert table 4 here)
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6.1 Source country characteristics and the incidence of return

This subsection investigates the relationship between source country characteristics and the

propensity to return at the individual level. The focus is on income per capita and scientific

strength. Income per capita is measured in 1000’s constant PPP-adjusted 2005 dollars and

obtained from the World Bank World Development Indicators. Scientific strength is mea-

sured in terms of number of publications in 25 core chemistry journals by million inhabitants.

Other country characteristics and in particular the levels of faculty compensation may

be relevant to the return decision. In fact, a long tradition in labor economics going back

to John Hicks sees differences in wages as the main determinant of migration decisions. It

is telling that India, which has both a large scientific diaspora and chronic difficulties in

staffing faculty positions in its most prestigious universities, also has low wages for senior

faculty (around USD 2,500 per month). However, data availability considerations prevent

me from exploring this systematically.8

In the first three columns of table 5 column 1, I look at the variation between sources

countries by removing the source country fixed effects of the baseline specification (table 5

column 1) and introducing source country characteristics. Then in the last three columns,

I investigate the within country variation by including source country fixed effects. All

specifications include year fixed effects and indicator variables for gender, age, type of entry

and productivity (not shown but very similar to the baseline specification (table 5 column

1).

(insert table 5 here)

Unsurprisingly, there is more return to rich countries with a difference of 1000 USD in

GDP per capita associated with odds of return 6% higher (table 5 column 1). There is more

return to scientifically strong countries (column 2) but not when controlling for GDP capita

(column 3). In the specifications with sources country fixed effects, changes in GDP per

capita lead to more return. In a given country, an increase of 1000 USD in GDP per capita

8Existing cross-country data on faculty compensation is very poor. Relatively best is the cross-country
comparison in Rumbley, Pacheco and Altbach (2008) but it covers only 12 countries and is not time-varying.
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increases the odds of return to that country by about 20% (column 4). Changes in scientific

strength lead to more return (column 5). However, the effect is not significant and disappear

when I control for changes in GDP per capita (column 6).

Overall, this evidence suggests that migrants are responsive to changing conditions in

their home country. However, whereas GDP per capita matters, scientific strength has

surprisingly little effect on the propensity to return.

6.2 Return to China

The case of China is of special interest, both due to the size of the country and the ma-

jor changes that occurred in the last two decades. The higher education system in China

dramatically expanded in the last decade with the number of undergraduate and graduate

students in China growing at approximately 30% per year since 1999 (Li et al. 2008). Par-

ticular efforts have been deployed to bring a dozen elite Chinese institutions to world class

status under project 985 (ibid.). A series of programs have been launched to attract migrants

back home - “Hundred People”, “300 Talents”, “Changjiang Scholars”, “Outstanding Over-

seas Talent”, “Thousand-Person Plan” (Normile 2000, Xin 2009). The salaries promised to

returnees under these programs are large by Chinese standards. For instance, under the

Changjiang Scholars launched in 1999, a recipient receives an annual salary four times as

large as that of a typical professor (Normile 2000).

(insert figure 4 here)

Yet the expansion of higher education and the return programs elicited little response

within my sample. Comparing the 90s to the 00’s, the incidence of return did increase but

only by a small amount (see figure 4). For comparison purposes, I also plot the incidence of

return to Taiwan, which is substantially higher, both in the 90’s and 00’s. It should also be

noted that the stay rates documented by Finn (2010) for Chinese PhD students 5 years after

graduation from U.S. universities are the highest of all major source countries and display

no sign of decrease over time.
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Why is the rate of return to China so low despite the return programs? One interpretation

is that in the 90s conditions for faculty in China relative to the U.S. were so unattractive that

conditions in China had to improve substantially before migrants would consider returning.

The wage for a Chinese professor in 2000 was reported to be around USD 10’000 (Normile

2000) and the pre-2001 return rate for Chinese faculty was zero in my sample.

7 Does return have an effect on the productivity of the

returnees?

In this section, I analyze the effect of return on the scientific output of the returnees. Scientific

output reflects not only ability but also incentives, access to research equipment, and number

and quality of junior associates. One expects that the U.S. offers a research environment

that is resource-rich and embeds more high-powered incentives relative to many countries.

If that is the case, then return to the home country should lead to a decrease in scientific

output. A pervasive theme in the economics of science is that scientists derive nonmonetary

benefits from the production of scientific output, either through sheer curiosity or through

benefits in terms of status (Stephan 1996, Stern 2004). Thus if return had a negative effect

on scientific output, this would be an important factor in reducing the attractiveness of

return for prospective return migrants.

From the perspective of the source countries the desirability of attracting returnees also

depends on whether returnees are continuing to produce scientific knowledge at the same

rate as if they were in the U.S.

A related question is addressed by Kahn & MacGarvie (2008, 2010). They study the

effect of U.S. location on scientific productivity by comparing foreign PhD students financed

by a Fullbright scholarship who must leave the U.S. after the end of their program to a

matching group of other foreign students who are under no obligation to return. They find a

negative effect of being located abroad, but only for students originating from poor countries.

The approach taken here is similar: I construct a matching group based upon observables
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but different in that I am studying scientists who are further advanced in their career. This

enables me to use productivity as an independent investigator before the return as a matching

criterion. Another advantage is that virtually all scientists in my sample keep working in

academia, which is not the case for students. However, the downside is that my sample size

is inevitably limited by the relatively small number of returnees.

To construct the control group, I start by forming all pairwise combinations of returnees

and stayers in my database. For each returnee, I select among the potential controls those

who are of the same gender, are located within institutions of similar quality, were first listed

in the same edition of the directory of graduate research and are born within five years of

the returnee. Among the remaining possible control scientists I select the best match by

minimizing the sum of squared differences in scientific output between the control and the

returnee over the four years before the return. In line with the rest of the paper, scientific

output is measure in terms of number of publications weighted by journal impact factors.

Out of the 100 returnees in the sample, 17 observations cannot be used because the

return occurs too late (in 2008 and 2009). A control can be found for all the remaining

83 returnees. The distribution of scientific output accumulated by scientists in the control

group in the four years before the (counterfactual) return is similar to that of the returnees

and the controls (see figure 5). However, the returnees have slightly higher productivity than

the controls so that there is slight covariate imbalance.

(insert figure 5 here)

In terms of the econometric analysis, I am focusing on the difference OUTPUTit −

OUTPUTi′t between the productivity of the returnee and that of the control scientist. Specif-

ically, I estimate with ordinary least squares and clustering by returnee-control pair:

E[OUTPUTit −OUTPUTi′t|Xii′t] = β0 + β1AFTER RETURNit + δii′ (3)

where i is used to refer to the returnee and i′ to the associated control scientist. The variable

of interest is AFTER RETURNit which is an indicator variable that takes value one after

the return has occurred. δii′ corresponds to scientist-control pair fixed effects. By including

pair fixed effects, I am focusing the analysis on changes within a given scientist-control pair
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after the return.

I am also interested in two variants of the same analysis. In the first, I distinguish

between short run and longer run effects of return by replacing AFTER RETURNit by an

indicator variable corresponding to return having occurred in the two preceding years and

indicator variable for return occurring earlier. In the second variant, I explore the dynamics

of the effect of return over time by replacing AFTER RETURNit with a full set of indicator

variables corresponding to different times to, or since the return.

(insert figure 6 here)

I first graph in figure 6 the coefficients of the dynamic analysis and their associated

confidence intervals. The coefficient on the pre-return years is positive which reflects the

slight covariate imbalance mentioned above. There is sharp drop in the productivity of the

returnees (relative to that of the control) in the two years immediately following the return.

However, this is followed by an equally sharp recovery.

(insert table 6 here)

Switching to the regression analysis, the coefficient on return is negative, although not

significant, when pooling the post-return years in one indicator variable (table 6 column 1).

Distinguishing between the two years after the return and longer term effects (column 2), I

find a large, negative and significant effect of return on scientific output in the short run.

The coefficient for longer term effects is small and positive, although the confidence interval

is too large to reject either a positive or negative effect of return.

These results question the underlying assumption that returnees have access to less re-

sources in the home country than they would have if they had stayed in the U.S. The fact

that most returns are to rich countries is likely to be part of the explanation. Another

factor may be a ”second in Rome, first in the province” phenomenon whereby returnees are

relatively more attractive in their home country as collaborators and mentors for talented

students.
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8 Conclusion

The small magnitude of the return migration phenomenon in this sample and the fact that

the most successful scientists are less likely to return are worrisome from the perspective of

the sources countries. Moreover, the incidence of return is lowest for countries such as India

and China which, due to their distance to the technology frontier, could in principle benefit

the most from return migration. These results cast doubts on the suggestion from recent

theoretical or qualitative papers that benefits from return migration may be large enough

to outweigh the costs of the brain drain for source countries (Mayr & Peri 2008, Dustmann,

Fadlon & Weiss 2010, Santos & Postel-Vinay 2003, Saxenian & Hsu 2001, Saxenian 2005).

However, it is important to keep in mind that source countries may benefit from outmigration

of scientists and engineers through other channels, such as incentives to acquire skill in the

face of uncertain migration prospects (Mountford 1997) and diaspora networks acting as

knowledge banks (Kerr 2008, Agrawal, Kapur & McHale 2008).

The location decisions of the scientists implicitly reveal their preferences. For the majority

of them, either (a) the disutility of living in the U.S. relative to the home country is lower

(in absolute value) than the professional advantages, pecuniary, reputational or otherwise,

of working in the U.S. or (b) there is no disutility of living in the U.S. relative to the home

country.

The fact that the most successful scientists are less likely to return suggests that the

professional advantages of staying in the U.S. are relatively more important for them than

for less successful scientists. This result is consistent with other studies showing that the

problem of the brain drain is more pronounced in the right tail of the productivity and skill

distribution (St Paul 2004, Commander et al. 2008).

My other results are more encouraging for source countries. First, the propensity to

return is sensitive to conditions in the home country which suggests that policies aiming

to make return migration more attractive may be successful. Second, the returnees in my

sample are able to continue producing scientific knowledge at the same rate as if they were
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in America, after an adjustment period.

I conclude by suggesting two areas for future research which are closely related to this

study.

The first relates to the location decisions of migrant scientists and engineers at the end

of their graduate and/or postgraduate training. Finn (2010) uses Social Security Data to

measure the percentage of foreign graduate students who are no longer in the U.S. five

years after graduation. The resulting number, around 40%, is much higher than the rate of

return in my sample. This must reflect in large part a life-cycle effect: international mobility

decisions are mostly determined early in the career. However, how does ability influence the

decision to return at the end of graduate and/or postgraduate training? Do the brightest

and most promising foreign young scientists choose to stay in the U.S. or do their return to

their home country?

Second, which effects does return migration have on the return destination in terms of

the quality of research, the training of students, and ultimately local entrepreneurship and

innovation? The answers to such questions have important implications for our understand-

ing of knowledge diffusion across countries but also, from a policy perspective, for how much

sources countries should invest in programs to attract more returnees.
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Table 1: Professional transitions of foreign faculty

Still in the U.S. in 2010

No professional transition 1,339 68.5%
Moved to a different U.S. academic position 301 15.4%
Took a job in industry in the U.S. 52 2.7%

No longer in the U.S. by 2010

Returned to the home country 100 5.1%
Moved to third countries 40 2.0%

Censored observations

Died or retired 21 1.1%
Total 1,953 100%

Notes: I start observing individuals in 1993 or when they are first listed in the Directory
of Graduate Research (whichever is later). I observe careers until 2010. However, for the
rest of the analysis, years after one of the followed events has occurred are excluded from the
analysis: return migration, moves to third countries and moves to U.S. academic positions not
in the Directory of Graduate Research. On average an individual is observed for 10 years.
29 individuals (1.4%) are excluded from the sample as their career histories could not be
reconstructed. A return to the home country cannot be excluded in some of those cases.

Table 2: Demographic - sample means

Full risk set Returnees
(n=1,953) (n=100)

Female 0.13 0.09
Born 1960 1960
Career start 1995 1992
Entered as graduate student 0.53 0.46
Entered as postdoc 0.34 0.36
Entered as faculty 0.13 0.18

Notes: The type of entry refers to the education/career stage when an individual first came in
the U.S. for an extended period of time. However, stays in the home country or a third country
might have occurred between the first entry in the U.S. and the first faculty appointment.
Because origin is inferred from the country of undergraduate degree, the sample does not
include migrants who have entered the U.S. as undergraduate students. For those who came to
the U.S. as faculty, this was their first faculty appointment in the majority of cases (i.e. they
did not have a faculty appointment in their home country or a third country before coming to
the U.S.). Career start is coded as the year after the last postdoctoral appointment ended, or
the year after PhD graduation if the individual did not follow post-doctoral training.
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Table 3: Selection into return and within-US job mobility

(1) (2)
Return migration Move to different

U.S. academic position
Female 0.553 1.045

(0.209) (0.166)
Age = 30-34 3.023* 0.397***

(1.768) (0.111)
Age = 35-39 6.940*** 0.845

(2.929) (0.142)
Age = 40-44 6.955*** 0.740*

(2.863) (0.118)
Age = 45-49 2.824** 0.966

(1.251) (0.150)
Entered as postdoc 1.212 0.948

(0.336) (0.129)
Entered as faculty 2.818*** 1.043

(0.986) (0.183)
Publication record = very strong 0.453** 0.947

(0.179) (0.143)
Publication record = strong 0.756 0.722**

(0.246) (0.120)
Publication record = average 0.945 0.815

(0.282) (0.123)
Publication record = weak 0.935 0.634***

(0.280) (0.103)
Country fixed effects Yes Yes
Year fixed effects Yes No
# of individuals 1,953 1,953
# of obs. 19,529 19,529

Notes: Standard errors clustered by individual in parentheses. *p < 0.1, ** p < 0.05, ***
p < 0.01. The omitted categories are: more than 50 years old; entered the US as graduate
student; individuals with very weak publication records. The estimation method is a logistic
regression, reporting odds ratio. Thus, a point estimate of less than 1 indicates a negative
effect. For instance, women are 45% less likely to return than men. The strength of the
publication record is constructed by computing the moving average of yearly scientific output
measured in terms of number of articles weighted by journal impact factor from 1990 or the
career start (whichever is later). The value of the moving average is used to create five quintiles
and their associated indicator variables.
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Table 4: Incidence of return migration across source countries

Origin country individuals years returns IR odds ratio lifetime odds
(1) (2) (3) (4) (5) (6)

Argentina 40 432 1 0.2% 1.3 5.0%
Australia 43 477 6 1.3% 6.0 24.6%
Canada 139 1,544 15 1.0% 4.6 16.9%
China 290 2,432 3 0.1% 0.4 1.7%
France 24 244 1 0.4% 1.6 10.0%
Germany 139 1,197 12 1.0% 3.2 15.0%
Greece 87 1,143 12 1.0% 5.1 20.5%
India 215 2,567 1 0.0% 0.2 0.1%
Iran 18 222 0 0.0% 0.0 0.0%
Israel 29 389 4 1.0% 6.1 17.0%
Italy 24 220 1 0.5% 2.3 4.6%
Japan 35 345 3 0.9% 4.1 15.1%
Mexico 18 192 1 0.5% 2.5 10.1%
Netherlands 26 314 1 0.3% 1.2 6.5%
Poland 31 385 2 0.5% 3.1 7.3%
Russia 107 888 2 0.2% 0.7 3.6%
South Korea 61 527 5 0.9% 4.2 13.8%
Switzerland 31 311 2 0.6% 2.1 8.8%
Taiwan 65 845 7 0.8% 6.7 15.5%
Turkey 20 204 2 1.0% 7.7 15.7%
United Kingdom 225 2,800 7 0.3% 1.0 3.8%

Notes: Column 1 indicates the number of individuals from a particular source country observed
in my sample who are at ’risk’ of returning. Countries with less than 15 individuals are not
shown in this table. Column 2 represents the number of years during which I observe the
’at risk’ individuals. I start observing individuals in 1993 or when they are first listed in the
Directory of Graduate Research (whichever is later). I stop observing individuals in 2010 or
after one of the following events has occurred: return migration, moves to third countries,
U.S. industry or U.S. institutions not covered in the Directory of Graduate Research. Column
3 is the number of actual returns observed. Column 4 is the incidence ratio (IR) which is
equal to column 4 divided by column 3. Column 5 displays the fixed effects from the baseline
logistic regression (table 5 column 1). These are expressed in terms of odds ratio relative to the
United Kingdom. For instance, return to Australia is six times more likely than return to the
United Kingdom. Columns 6 shows the result of out-of-sample predictions aiming to estimate
the probability that a return will occur any time before the age of 65 for the populations of
migrants who start their career after 1993, see text for a more detailed explanation.
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Table 5: Home country characteristics and return

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

GDP per capita 1.065*** 1.077*** 1.205** 1.208**
(0.011) (0.019) (0.105) (0.110)

Scientific strength 1.031*** 0.989 1.015 0.992
(0.006) (0.015) (0.048) (0.049)

Country FE No No No Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Individual char. Yes Yes Yes Yes Yes Yes
# of individuals 1,851 1,851 1,851 1,851 1851 1,851
# of observations 18,360 18,360 18,360 18,360 18,360 18,360

Notes: Standard errors clustered by individuals in parentheses. *p < 0.1, ** p < 0.05, ***
p < 0.01. Income per capita is measured in 1000’s constant PPP-adjusted 2005 dollars and
obtained from the World Bank World Development Indicators. Scientific strength is measured
in terms of number of publications in 25 core chemistry journals by million inhabitants. The
estimation method is a logistic regression, reporting odds ratio. A difference of 1000 USD
in GDP per capita associated is associated with odds of return 6% higher and an increase
of 1000 USD in GDP per capita increases the odds of return to that country by 20%. The
individual characteristics that are included in both specification are gender, age, type of entry
and productivity indicator variables (as in the baseline specification -table 3 column 1)).
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Table 6: Effect of return on scientific output

(1) (2)

Any time after the return -1.695
(1.501)

One or two years has elapsed since the return -6.597***
(1.723)

More than two years have elapsed since the return 0.944
(1.925)

# of pairs of scientists 83 83
# of observations 1111 1111

Notes: Standard errors clustered by pairs in parentheses. *p < 0.1, ** p < 0.05, *** p < 0.01.
The analysis is conducted at level of the pair defined by the returnee and his/her matched
scientist. The control scientist started is another migrant who is first listed in the directory
in the same year as the returnee and was born within five years of the year of birth of the
returnee. Among the individuals satisfying these criteria, the control is selected by minimizing
the sum of squared differences between the productivity of the returnee and control in the four
years preceding the return. The dependent variable is the difference between the output of the
returnee (measured in terms of articles weighted by journal impact factors) and the output of
a control scientist. The specifications are estimated with ordinary least squares with pair fixed
effects and standard errors clustered by pairs.
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Figure 1: Geographical representation of the size of the risk set by country

Notes: Countries with less than five individuals at risk of return not indicated. The size of the circles does

not scale exactly to the number of individuals.

Figure 2: Geographical representation of the incidence ratio of return by
country

Notes: Countries with less than five individuals at risk not indicated. The size of the circles does not scale

exactly to the incidence ratio.
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Figure 3: Average yearly number of publications, weighted by journal impact
factor
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Notes: The average is computed from 1990 or the year of career start (whichever is later) until 2009 or a

censoring event occurs (whichever is earlier). The censoring events are deaths, moves to industry, moves to

third countries, moves to U.S. academic positions not covered in the directory of the American Chemical

Society. For returnees, post-return years are included in the average. The sample mean is 11.8 which is

equivalent to one publication in Angewandte Chemie, a leading chemistry journal.
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Figure 4: Return to China
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Notes: The higher education system in China dramatically expanded in the last decade. The number

of undergraduate and graduate students in China has grown at approximately 30% per year since 1999.

Particular efforts have been deployed to bring a dozen of elite Chinese institutions to world class status

under project 985. The salaries promised to returnees under these programs are large compared to Chinese

standards. For instance, under the Changjiang Scholars launched in 1999, a recipient receives an annual

salary four times as large as that of a typical professor. Yet the expansion of higher education and the return

programs elicited little response within my sample. Comparing the 90s to the 00’s, the incidence of return

did increase but only by a small amount (see figure 1). For comparison purposes, I also plot the incidence

of return to Taiwan.
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Figure 5: Covariate balance at baseline: stock of output
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Notes: The graph plots kernel densities of the stock of scientific output accumulated in the four year preceding

the year of return by returnees and their matched scientists. Scientific output is measured in terms of number

of scientific articles weighted by journal impact factor.

32



Figure 6: Dynamics of the effect of return on scientific output
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Notes: The analysis is conducted at level of the pair defined by the returnee and his/her matched scientist.

For each returnee, I select among the potential controls those who are of the same gender, are located within

institutions of similar quality, were first listed in the same edition of the directory of graduate research and

are born within five years of the returnee. Among the remaining possible control scientists I select the best

match by minimizing the sum of squared differences in scientific output between the control and the returnee

over the four years before the return. The specifications are estimated with ordinary least squares with pair

fixed effects and standard errors clustered by pairs. The difference between the productivity of the returnee

and that of the control scientist is regressed using ordinary least squares onto pair fixed effects and a set

of indicator variables corresponding to different times since, or to, the return (five years to the return and

more, four years to the return, three years to the return,..., three years after the return, four year after the

return, five years after the return or more). The resulting coefficients for these indicator variables and their

associated confidence intervals are plotted against time to/from return migration.
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Figure 7: Age at return
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Figure 8: Time from first U.S. faculty appointment to return migration
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