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Abstract : Skilled migration is a key component of the globalization process. Recent theoretical
literature shows that such migration affects the source countries in a number of ways. In particular, it
has been suggested that remittances, return migration, network effects favoring international
transactions and technology diffusion, as well as brain gain channels, may compensate the sending
countries for their loss of human capital. These channels have been examined in the recent empirical
literature, but have never been quantified so as to make them comparable. The purpose of this paper is
to bring them together in an integrated framework and attempt to quantify the global impact of the
brain drain on sending countries. We first provide a set of original indicators documenting the
magnitude of highly skilled migration. We present data on emigration rates to the OECD by
educational attainment, expand the coverage of this database by introducing non OECD host countries,
study the gender dimension and the age of entry structure of skilled emigration, and document the
brain drain of scientists and of healthcare professionals. We then review and test the theoretical
mechanisms at work. We cover the “human capital”, “screening-selection”, “productivity” and
“institutional” channels through which skilled emigration affects developing countries present and
future economic performance. We also analyze the links between brain drain and remittances. The
development of a simple partial equilibrium model allows us to combine these various mechanisms in
an integrated setting. Using numerical experiments and parameters taken from existing empirical
studies, we quantify the costs and gains of the brain drain for developing countries. At the
macroeconomic level, the brain drain generates short-run and long-run positive net gains for many
developing countries, while adverse overall impacts are found only in a small number of countries
exhibiting very high skilled emigration rates higher. Finally, we discuss the potential impact of various
policy reforms in the light of the empirical and simulation results.

JEL Classication: F22, J, O15.
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1. Introduction

According to the United Nations, the number of international migrants increased from 75
million in 1960 to 190 million in 2005. In percentage of the world population, the rate of
migration only rose from 2.5 to 2.9 percent and has been stable between 1990 and 2000. Over
the same period, the world trade/GDP ratio increased from 10 to 30 percent (and from 20 to
30 percent between 1990 and 2000), while the ratio of FDI to world output has increased
threefold during the 1990s. From these figures one may conclude that globalization is all
about trade and FDI, not about migration. However, the picture changes once one focuses on
South-North migration, and on its skilled component in particular. The proportion of
immigrants living in the most developed countries has tripled since 1960 and has doubled
since 1985, following the same growth pattern as the trade/GDP ratio. In addition, migration
to the OECD area is increasingly skilled, and these skilled immigrants increasingly originate
from developing countries. Hence, while migration to the OECD area has increased at the
same rate as trade, skilled migration (or brain drain) from developing to developed countries

has increased at a faster pace' and is certainly one of the major aspects of globalization.

While the magnitude of the brain drain has increased significantly over the last decades, panel
data reveal that in terms of emigration rates (or brain drain intensity), some developing
regions have experienced a slight decrease in the intensity of their brain drain thanks to the
concomitant rise in educational attainments there (see Defoort, 2008). However, many small
developing countries exhibit brain drain rates well above 50 percent, and the brain drain is
also a matter of concern for many European countries which see a significant fraction of their
best scientists and academics emigrate to the United States and, to a lower extent, to Canada

and Australia.

What are the causes of the brain drain at the international level, and what are the
consequences for sending countries? How are the answers to these questions likely to be
affected by the current economic crisis? To address these issues, this paper first provides (in
Section 2) a quantitative assessment of the evolution and spatial distribution of the brain drain

using updated data on emigration rates to the OECD by educational attainment. We expand

' The total number of highly educated immigrants living in the OECD member countries has increased by 70
percent during the 1990s (and has doubled for those originating from developing countries) against just a 30
percent increase for unskilled immigrants.



the coverage of the database by introducing non OECD host countries, study the gender
dimension and the age of entry structure of skilled emigration, and document the brain drain
of scientists and of healthcare professionals. In Section 3 we review the channels through
which skilled emigration can affect the source country. In particular, recent literature suggests
that remittances, return migration, diaspora externalities and network effects favoring
international transactions and technology diffusion, as well as brain gain channels, may
compensate the sending countries for their loss of human capital. We divide these channels
into a “human capital”, a “screening-selection”, a “productivity” and an “institutional”
channels, and also analyze the links between brain drain and remittances. The development of
a simple partial equilibrium model allows us to combine these various mechanisms in an
integrated setting. Using numerical experiments and parameters taken from existing empirical
studies, we then quantify the costs and gains of the brain drain for developing countries and to
analyze how these balance out. Our computations suggest that at a macroeconomic level, the
brain drain generates short-run and long-run positive net gains for many developing countries,
while adverse overall impacts are found only in a small number of countries exhibiting very
high skilled emigration rates higher. Finally, we discuss in Section 4 the policy implications

of the analysis against the background of the current economic crisis.

2. The size of the brain drain

Due to the lack of harmonized data, the literature on the consequences of high-skill
emigration has long, remained essentially theoretical. Recently, new data sets have been
developed to assess the magnitude of the phenomenon. This section describes these new data
sets and expands their coverage to feature the multiple dimensions of the brain drain. It is
divided in five sub-sections providing an original set of indicators of highly skilled migration.
In sub-section 2.1, we start by describing the updated version of the data set of Docquier,
Lowell and Marfouk (2009) on emigration rates by educational attainment. Then, sub-section
2.2 expands the coverage of this database, introducing non OECD host countries (such as
Eastern European, Latin American, Persian Gulf countries, South-Africa, Singapore, etc.).
The gender dimension of the brain drain is investigated in sub-section 2.3 whereas sub-section

2.4 produces adjusted skilled emigration rates by country of training. Sub-section 2.5 presents
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original measures of the brain drain of elites (such as PhD holders and researchers in science
and technology). Finally, the emigration of healthcare professionals is documented in sub-

section 2.6.

2.1. Extensive measures of the brain drain

The first serious effort to put together harmonized international data set on migration rates by
education level was by Carrington and Detragiache (1998, 1999). They used US 1990 Census
data and other OECD statistics on international migration to construct estimates of emigration
rates at three education levels for 61 developing countries (including 24 African countries).
Adams (2003) used the same technique to build estimates for 24 countries in 2000. Although
Carrington and Detragiache's study initiated new debates on skilled migration, their estimates
suffer from a number of limitations. The two most important ones were: i) they transposed the
education structure of the US immigration to the immigration to the other OECD countries
(transposition problem); ii) immigration to EU countries was estimated based on OECD
statistics reporting the number of immigrants for the major emigration countries only, which

led to underestimate immigration from small countries (under reporting problem).

Docquier and Marfouk (2006) generalized this work and provided a comprehensive data set
on international migration to the OECD by educational attainment. The construction of the
database relies on three steps: i) collection of Census and register information on the structure
of immigration in all OECD countries (this solves the transposition and under reporting
problems noted for Carrington Detragiache); (ii) summing up over source countries allows for
evaluating the stock of immigrants from any given sending country to the OECD area by
education level, and iii) comparing the educational structure of emigration to that of the
population remaining at home, which allows for computing emigration rates by educational
attainment in 1990 and 2000. Defoort (2008) computed high-skill emigration stocks and rates
from 1975 to 2000 (one observation every 5 years). She used the same methodology as in
DMO06 but only focuses on the six major destination countries (the USA, Canada, Australia,
Germany, the UK and France). Her study shows that, at the world level or at the level of
developing countries, the average emigration rate of high-skill workers has been extremely
stable over the period, excepted in sub-Saharan Africa and Central America where significant
increases were observed. This suggests that the heterogeneity in high-skill migration is mostly

driven by the cross-section dimension.



More recently, Docquier, Lowell and Marfouk (2009) updated the data using new sources,
homogenizing 1990 and 2000 concepts, and introducing the gender breakdown. They provide
new stocks and rates of emigration by level of schooling and gender. The methodology
consists in aggregating homogenized immigration data collected in receiving countries, where
information about the birth country, gender and education of natives and immigrants is
available from national population censuses and registers (or samples of them). Data

collection follows the following principles:

- 195 source countries are distinguished; the set of receiving countries is restricted to

OECD nations.

- The database only considers the adult population aged 25 and over. This excludes
students who temporarily emigrate to complete their education. In addition, this allows
comparing the numbers of migrants with data on educational attainment in source

countries.

- Migration is generally defined on the basis of the country of birth rather than
citizenship. Whilst citizenship characterizes the foreign population, the "foreign-born"
concept better captures the decision to emigrate and is time invariant. For five
receiving countries (Italy, Germany, Japan, Korea, Hungary), migrants are defined on

the basis of their citizenship.

- Three levels of education are distinguished (s=I/, m, h). Medium-skilled migrants
(indexed m) are those with upper-secondary education completed. Low-skill migrants
(indexed [) are those with less than upper-secondary education, including those with
lower-secondary and primary education or those who did not go to school. High-skill
migrants (indexed /) are those with post-secondary education. This extensive
definition is probably too broad to feature the brain drain of research-based
economies; it is however pertinent if one aims at capturing the loss of professionals

used in the adoption sector in developing countries.

Let M/ denote the stock of adults 25+ born in i, of gender g, skill s, living in country i at
1,88 g 8 g ry

time f. Aggregating these numbers over destination countries j gives the stock of emigrants

from country i: M| = ZjM "/ The comprehensive data set is provided in Table A.1 in

1,85 1,8.5

the appendix.



Unsurprisingly, the largest stocks of skilled emigration are obtained for the largest countries
of the world or for large countries populated by a majority of educated people. Nine countries
have more than 0.5 million skilled natives abroad, United Kingdom (1,478,477), Philippines
(1,111,075), India (1,034,373), Mexico (949,334), Germany (936,523), China (783,369),
Korea (612,939), Canada (523,463), Vietnam (505,503). Nevertheless, to allow comparison
across countries and periods, it is more appropriate to use a relative measure of the brain
drain. A more meaningful measure can then be obtained by dividing the emigration stocks by
the total number of people born in the source country and belonging to the same educational

(and/or gender) category. High-skill emigration rate can be defined as the proportion of the

total educated population born in the source country and living abroad. Denoting by N ; .. the

stock of individuals aged 25+, of skill s, gender g, living in source country i, at time ¢, the

. . . i _ i i i
emigration rate can be defined as m,, =M, /(Nt,g,s +M;,

). In particular, m, , is a
gendered relative measure of high-skill emigration from the source country i. This step
requires using data on the size, skill and gender structures of the adult population in the source
countries. Human capital indicators are taken from De La Fuente and Domenech (2002) for
OECD countries and from Barro and Lee (2001) for non-OECD countries. For countries
where Barro and Lee measures are missing, they can be predicted using alternative sources or

indicators (Cohen and Soto, 2007, or enrolment rates in secondary/tertiary education).

Maps 1 to 3 describe the geographic distribution of the brain drain. Map 1 focuses on high-
skill emigration rates observed in 2000. The most affected countries are small islands of the
Pacific and Caribbean which are hardly perceptible on the world map. The rate exceeds 75
percent in Guyana (0.892), Jamaica (0..847), Saint Vincent and the Grenadines (0.846),
Grenada (0.843), Haiti (0.834), Cape Verde (0.824), Palau (0.809), Trinidad and Tobago
(0.789), Saint Kitts and Nevis (0.785), Seychelles (0.772) and Tonga (0.756). Excepting Haiti,
all these countries have very low population size. If one excludes small islands and considers
countries with population above 4 million, the most affected countries belong to Central
America and Africa. In the first region, the main cause of the brain drain is the geographical

proximity with the United States. For the second region, poverty acts as a push factor.



Map 1. High-skill emigration rates in 2000
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The worldwide average brain drain rate increased from 5.0 to 5.4 percent between 1990 and
2000. In low-income countries, it increased from 5.5 to 7.5 percent. Map 2 shows the
geographic distribution of the rise in skilled emigration rate (measured by the 2000-1990
ratio). The rate of emigration has more than doubled in ten countries, including eight ex-
Soviet members, Guinea-Bissau and Rwanda. The ratio is above 1.5 in fourteen other
countries, including large nations (India, Pakistan, Brazil) and seven sub-Saharan African

countries.

Finally, Map 3 shows the geographical distribution of the ratio of emigration rates of high-
skill to low-skill adults. This indicator of quality-selection in emigration clearly depends on
the level of development of origin countries. Except in 5 cases (Belarus, Albania, Canada,
Germany and the United States), the ratio is above unity. It is usually low in high-income
countries. On the contrary, in poor countries with low levels of human capital, the emigration
rate of the highly skilled is much above that of the low skilled. A ratio above 100 is obtained
in eleven cases where low-skill emigration rates to OECD countries are extremely low
(Mozambique, Rwanda, Chad, Malawi, Niger, Papua New Guinea, Lesotho, Mongolia,
Uganda, Solomon Islands and Nigeria). Migrants from sub-Saharan African and South Asian

countries are particularly positively selected.

2.2. Magnitude of ‘“South-South” migration

The Docquier-Lowell-Marfouk’s dataset describes the structure of South-North and North-
North migrations. Generally speaking, the skill level of immigrants in non-OECD countries is
expected to be very low, except in a few countries such as South Africa (1.3 million
immigrants in 2000), the six member states of the Gulf Cooperation Council (9.6 million
immigrants in Saudi Arabia, United Arab Emirates, Kuwait, Bahrain, Oman and Qatar), some
Eastern Asian countries (4 million immigrants in Hong-Kong and Singapore only). Focusing
on OECD countries, the database should capture a large fraction of the world-wide educated
migration (a portion between 80 and 90 percent). Nevertheless, by disregarding non-OECD
immigration countries, it is likely to underestimate the number of high-skill emigrants from
several developing countries (such as Egypt, Sudan, Jordan, Yemen, Pakistan or Bangladesh
in the neighborhood of the Gulf states, Botswana, Lesotho, Namibia, Swaziland and

Zimbabwe, etc.).



To tackle this issue, we have collected immigration data from 29 additional non-OECD host
countries, 9 EU members or candidates (Bulgaria, Croatia, Cyprus, Estonia, Latvia, Lithuania,
Macedonia, Romania, Slovenia), 5 Latin American countries (Argentina, Brazil, Chile,
Colombia, Costa Rica), 10 Asian countries including GCC members (Singapore, Saudi
Arabia, Bahrain, Kuwait, Oman, Qatar, United Arab Emirates, Israel, Belarus, Philippines),
and 5 African countries (Kenya, Rwanda, Uganda, Ivory Coast, South Africa). Data are

provided in Table A.2 in the appendix.

In 2000, the OECD data set shows 58.2 million emigrants, including 20.4 million highly
skilled. Adding these 29 non-OECD countries, the stock of emigrants increases to 75.6
million, including 23.2 highly skilled. Figure 1 shows the distribution of the ratio of
emigration rates obtained in the full and restricted OECD databases, from the highest to the
lowest ratio. The maximal ratio amounts to 8.8 (Namibia) and thirteen countries exhibit a
ratio above 2. On the contrary, the ratio is below 1.1 in 124 cases. Figure 2 compares the
extended and restricted emigration rates in the 25 countries with brain drain above 5 percent
for which adding non-OECD countries increases the rate by more than one half. Southern
African and Middle East countries are particularly affected. On figure 3, it appears that the

extended database also drastically modifies the emigration rates of the low skilled.

Figure 1. Ratio of All-to-OECD brain drain rates in 2000
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Figure 2. Impact of non-OECD countries on the brain drain in 2000
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Figure 3. Impact of non-OECD countries on the low-skill emigration rates in 2000
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2.3. The gender dimension

Recently, new data sets documenting the gender structure of the brain drain were made
available (see Docquier, Lowell and Marfouk, 2009, or Dumont, Martin and Spielvogel,
2007). Both confirm the feminization of international migration and show that skilled women
exhibit higher emigration rates than skilled men, suggesting that skilled women have higher
propensities to emigrate. When the set of host countries is restricted to OECD members,
women’s average brain drain (one-country-one-vote) is on average 17 percent above men’s.
Adding non-OECD countries, the difference falls to 15 percent, as shown on Figure 4. Skilled
migration to the Persian Gulf and other low-income countries is less feminized than migration

to the OECD.

The feminization of international migration raises specific economic issues related to the
gendered determinants and consequences of migration. In particular, women’s brain drain is
likely to affect sending countries in a very peculiar way. Many studies have emphasized the
role of female education in raising labor productivity and economic growth, suggesting that

educational gender gaps are an impediment to economic development.

Docquier et al (2009) try to explain such gender differences. They build an empirical model
describing the determinants of males and females migration rates. Only accounting for
country-specific and gender-specific explanatory variables, standard ‘separate’ regressions
reveal that skilled women are more migratory than skilled men. But in a correctly specified
model that accounts for interdependencies between males and females, the existence of a
gender gap in international skilled migration is rejected. In addition to that, two qualitative
insights emerge. First of all, women and men exhibit heterogeneous responses to the same
traditional push factors and, more importantly, skilled women are more responsive to the

emigration of skilled men than the opposite.
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Figure 4. Brain drain by gender in 2000
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2.4. Accounting for country of training

Counting all foreign born individuals as immigrants independently of their age at arrival, the
previous data sets do not account for whether education has been acquired in the home or in
the host country. Controlling for the country of training can be important when dealing with
specific issues such as the fiscal cost of skilled emigration. Beine, Docquier and Rapoport
(2007) use immigrants' age of entry as a proxy for where education has been acquired and
propose alternative measures by defining emigrants as those who left their home country after
age 22, 18 or 12.2 Figure 5 shows the distribution of the ratios between corrected and
uncorrected emigration rates. Countries are ranked on the basis of the ratio of 22+ to
uncorrected rate. Also the correlations between these measures is high, the figure clearly
indicates that eliminating individuals who emigrated before age 22 reduces the brain drain by

about 50 percent in some cases. Controlling for age of entry appears to have a strong

* Data are provided in Table A.3 in the appendix.
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incidence on brain drain measures in the case of Central American and other countries such as
Portugal, Cape Verde, Laos, Germany or Italy (where the share of "familial" immigration
exceeds 40 percent). At the 22 threshold, the correction exceeds 40 percent (i.e. the corrected
brain drain is less than 60 percent of the uncorrected rate) in 23 cases: East Timor (51,1
percent), Mexico (51,4), Cambodia (53,0), Panama (53,3), Kuwait (54,7), Liechtenstein
(55,6), Costa Rica (55,8), Gabon (56,7), Comoros (57,0), Vietnam (57,5), Canada (57,6),
Papua New Guinea (57,6), Bahamas, The (57,7), Guatemala (58,1), Central African Republic
58,2), Laos (58,2), El Salvador (58,7), Vanuatu (59,0), Madagascar (59,1), Israel (59,2), Cuba
(59,5), Dominican Republic (59,5) and Solomon Islands (59,8). On the contrary, the
correction is very small for many ex-soviet and African countries. Figure 6 shows corrected

and uncorrected brain drain rates for selected countries.

Obviously, an approach based on census data is not perfect. As Rosenzweig (2005, p. 9)
explains, “information on entry year is based on answers to an ambiguous question—in the
US Census the question is ‘When did you first come to stay?’ Immigrants might answer this
question by providing the date when they received a permanent immigrant status instead of
the date when they first came to the US, at which time they might not have intended to or been
able to stay.” Only surveys based on comprehensive migration histories can provide precise
information about the location in which schooling was acquired. Still, the census is the only
harmonized data source available. Survey data are not available for many countries, and when
they are (for example, in the EU Labor Force Survey and in the European Community
Household Panel), they do not provide representative cross-sectional pictures of immigrants’
characteristics. Their coverage can be very small for countries with few emigrants. An
exception is the US New Immigrant Survey (NIS), a nationally representative multi-cohort
longitudinal study of new legal immigrants and their children to the United States. Comparing
proportions of skilled immigrants with US tertiary schooling obtained from the US census and
NIS in 2000, we obtain a correlation of 26.4 percent only. Out of 140 countries, the NIS
reports 24 zeros and 14 proportions is equal to 100 percent. Eliminating these observations
computed for small diasporas, the correlation increases to 37.4 percent, and even 47.7 percent
for countries sending more than 100,000 migrants to the US. These comparisons indicate that,
although NIS results are derived from answers to much more precise questions, there is a risk

of bias for countries sending a small number of migrants to the US.
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Figure 5. Ratio of corrected-to-general brain drain rates in 2000
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Figure 6. Corrected and general brain drain rates for selected countries in 2000
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2.5. The brain drain of scientists

General emigration rates may hide important occupational shortages (e.g. among engineers,
teachers, physicians, nurses, IT specialists, etc). In this sub-section, we turn our attention to
the upper tail of the skill distribution, i.e. PhD holders and researchers in Science and
Technology. These researchers are important for the R&D sector and for innovation, which is
crucial if the distance to the technological frontier is not too large. This is not the case in most
developing countries. However, at lower levels of occupation, these researchers can play an

important role in the adoption of foreign technologies.

Table 1 focuses on the emigration of PhD graduates. For 82 origin countries, we provide (i)
the numbers of PhD graduates working in the US, (ii) the shares of these PhDs among US
post-secondary educated immigrants by country of origin, (iii) the ratio of PhD holders living
in the US to the estimated number of PhD holders trained in their country (an estimate of the
emigration rate to the US of PhD holders by country of origin). To compute (i) and (ii), we
use the SESTAT database of the National Science Foundation. To calculate (iii), we use
UNESCO data on the flow of PhD graduates trained at origin (average 2002-2004) and
assume that the flows of new PhD graduates represent 4 percent in developed countries (a
proportion observed in some rich countries) and 5 percent of the stock in developing
countries: the size of the latter cohort of graduates amounts 1/20 of the total number of PhD
holders. This assumption seems highly reasonable and delivers emigration rates of Phd
holders compatible with those obtained for researchers employed in Science and Technology
(see below). The estimated emigration rate is obtained by dividing the stock living in the US

by the estimated stock domestically trained. Data are provided in Table A.4 in the appendix.

The highest numbers of foreign PhD holders are obtained for developed countries and large
developing countries such as China, Russia, Iran, Nigeria, Egypt. As a proportion of tertiary
graduates living in the US, the proportion of PhD is extremely high in the cases of Slovenia,
Cameroon, Georgia and Tunisia. The last columns indicates that the estimated emigration rate

of PhD holders is high for Latin American countries and some African countries.

Regarding the capacity to innovate, it is also interesting to focus on researchers employed in
S&T. This includes many PhD holders but also many other college graduates employed in this
sector. Table 2 compares migration of researchers employed in the US R&D sector (using the
SESTAT database) to UNESCO data on researchers nationally employed in S&T. We will

provide researchers’ emigration numbers and rates to the US for 70 countries, including 39
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developing states. The average emigration rates of developing countries (45.6 percent)

exceeds that of developed countries (21.4 percent). The rate is particularly high (above 80

percent) in the cases of Cambodia, Cameroon, Colombia, Costa Rica, Ecuador, Panama or

Vietnam.
Table 1. Top-30 suppliers PhD’s to the US
PhD graduates in the US Share in graduates in the US | Estimated mig. rate to the US

China 63153 | Slovenia 71,4% | Panama 93,2%
United Kingdom 24482 | Cameroon 51,7% | Ethiopia 91,3%
Canada 19122 | Georgia 46,1% | Colombia 84,4%
Germany 17840 | Tunisia 31,8% | Honduras 78,5%
Russia 12835 | Saudi Arabia 26,8% |Iceland 72,.9%
South Korea 12172 | Iceland 21,5% | Uruguay 71,8%
Iran 8996 |China 21,3% | Tanzania 65,8%
France 7277 |Estonia 19,6% |Cyprus 49,2%
Poland 6488 | Uzbekistan 19,6% | Macao 49,1%
Japan 6478 | Azerbaijan 19,6% | Trinidad and Tobago 47,2%
Mexico 5693 | Switzerland 18,1% | Argentina 37,0%
Nigeria 4862 | Croatia 18,1% | Cuba 30,7%
Egypt 4725 |Finland 17,8% | Cameroon 23,7%
Israel 4694 | Czech Republic 17,6% | China 22.8%
Argentina 4405 | Slovakia 17,6% | Cambodia 22,7%
Romania 4122 | Austria 17,4% | Bangladesh 21,7%
Italy 3997 | Israel 16,5% | Ghana 16,6%
Brazil 3952 | Hungary 16,3% |Ireland 16,0%
Turkey 3798 | Ghana 15,9% |Israel 15,9%
Colombia 3787 |Romania 15,8% | Canada 15,7%
Cameroon 3714 | Turkey 15,4% |Iran 15,1%
Ukraine 3701 |Russia 15,2% | Croatia 14,4%
Philippines 3658 | Ethiopia 12,5% | Jordan 14,4%
Spain 3435 | Spain 12,0% | Mexico 13,4%
Ireland 3294 | Argentina 12,0% | Armenia 12,8%
Cuba 3246 | Armenia 11,9% |Hungary 12,5%
Greece 2948 |France 11,6% | Bulgaria 11,7%
Ghana 2909 | Brazil 11,4% | Estonia 11,2%
Hungary 2877 | United Kingdom 11,3% | Lebanon 10,7%
Australia 2477 | Sweden 11,2% | Philippines 10,2%

Sources: SESTAT-NSF and UNESCO.
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Table 2. Researchers employed in Science and Technology in the US in 2003

Developing countries High-income countries
S&T S&T Brain S&T S&T Brain
Birth researchers researchers drain |Birth researchers researchers drain
in the US at home  to US in the US at home to US
Algeria 1242 5678 17,9% | Australia 4889 79919 5,8%
Bolivia 2214 1140 66,0% | Austria 3815 26563 12,6%
Brazil 10980 79600 12,1% | Belgium 4767 32229 12,9%
Bulgaria 4497 9400 32,4% | Canada 72584 122809 37,1%
Myanmar 1727 732 70,2% | Hong Kong 26602 12410 68,2%
Cambodia 3030 239 92,7% | Cyprus 591 532 52,6%
Cameroon 3643 472 88,5% | Czech Republic 2455 17232 12,5%
Chile 5496 10120 35,2% | Denmark 2561 25035 9,3%
China 158524 907743 14,9% | Estonia 813 3063 21,0%
Colombia 19362 4487 81,2% | Finland 791 39897 1,9%
Costa Rica 4659 529 89,8% | France 16072 195638 7,6%
Cote d'Ivoire 288 1292 18,2% | Germany 59213 269703 18,0%
Croatia 1666 6722 19,9% | Greece 6554 16546 28,4%
Ecuador 7012 595 92,2% | Hungary 4986 15001 24.9%
Ethiopia 2549 1649 60,7% |Iceland 1002 2034 33,0%
Guatemala 1415 398 78,1% | Ireland 9270 10741 46,3%
Indonesia 5163 45567 10,2% | Italy 15022 73181 17,0%
Kazakhstan 1108 10339 9,7% |Japan 34757 677723 4,.9%
Latvia 2728 3291 45,3% | Kuwait 1118 202 84,7%
Lithuania 2285 7105 24.3% | Luxembourg 100 2108 4,5%
Macedonia 80 1147 6,5% | Netherlands 7616 41082 15,6%
Madagascar 166 887 15,8% | New Zealand 3217 15911 16,8%
Malaysia 7955 10419 43,3% | Norway 3291 21339 13,4%
Malta 452 359 55,7% | Portugal 2581 20067 11,4%
Mexico 46356 42953 51,9% | Singapore 3397 21821 13,5%
Nepal 1739 1627 51,7% | Slovakia 1227 10008 10,9%
Pakistan 14682 12919 53,2% | Slovenia 202 4455 4,3%
Panama 7498 307 96,1% | South Korea 50605 154884 24.6%
Paraguay 335 489 40,6% | Sweden 3585 50091 6,7%
Romania 10900 20761 34,4% | Switzerland 3768 25616 12,8%
Russia 35588 478090 6,9% | United Kingdom 72396 177625 29,0%
South Africa 5906 16248 26,7%
Sri Lanka 4652 2703 63,3%
Thailand 7781 18430 29,7%
Tunisia 2003 11805 14,5%
Turkey 8878 31587 21,9%
Uruguay 1625 1244 56,6%
Venezuela 8058 3537 69,5%
Vietnam 44236 9863 81,8%
Average 45,6% | Average 21,4%

Sources: SESTAT-NSF and UNSECO
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2.6. Health professionals

Although innovation cannot be considered as a significant engine of growth in the developing
world, adoption is key. Adoption requires human capital of a different type (good
professionals, tertiary educated workers). The brain drain can be detrimental if it negatively

affects the inputs of the human capital sector (teachers, physicians, nurses).

In poor countries shortages are particularly severe in the medical sector where the number of
physicians per 1,000 inhabitants is extremely low, as shown on Map 4. As stated in the
theoretical section, the collapse of a strategic sector is likely to negatively impact human

capital accumulation and long-run economic performances.

Clemens and Pettersson (2006), and Docquier and Bhargava (2006) provide data on the
emigration of healthcare workers. The first paper is based on data on African physicians
collected in nine important destination countries in 2000; emigrants are defined according to
their country of birth. The second uses panel annual data from 16 receiving countries and
define foreign migrants according to their country of training. Both evaluate the medical brain
drain in relative terms, dividing the number of physicians abroad by the total number of
physicians born or trained in each origin country. The difference in the definition of a migrant
is crucial since, due to the absence of medical school, eleven African countries have no
domestically trained physician emigrants abroad while they exhibit medical brain drain rates
between 5 and 15 percent if one uses the country-of-birth criterion. Here, we use the
Docquier-Bhargava’s data set, add South Africa in the set of destinations and use the concept
of country of training for all host countries (the original data set relies on an odd blend of

definitions). Panel data 1991-2004 are provided in Table A.5 in the appendix.

Map 5 shows the geographical distribution of the medical brain drain computed in Docquier
and Bhargava (2006). The average medical brain drain is particularly severe in Sub-Saharan
Africa, South Asia, East Asia and Latin America. The most affected countries exhibiting
emigration rates above 40 percent are Grenada, Dominica, Saint Lucia, Ireland, Liberia,
Jamaica and Fiji. Map 6 reveals that the medical brain drain rates has drastically increased in

many African countries but also in Lebanon, Cuba, Cyprus or the Philippines..
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Map 4. Physicians per 1,000 people, year 2004

T

fener ARz 0 R

IR TR LIGI
i

Map 5. Medical brain drain, year 2004

- P - Yedical brain drain n %,
4 ] . Woar A0
0%+ 10 o o

Rl LR L ]
A
AR
Fraas G T 00
I

rasser caliay

“dedical brain crain in W
Chage 19512302

e An
wan TN

o SRS AL

e -NE N

uun

s calias

19



3. Theory, evidence and implications

The brain drain is usually considered as a detrimental phenomenon for origin countries,
especially for developing ones. While such human capital flight has long been perceived as a
kind of spoliation, the new brain drain literature has emphasized many indirect and feedback
channels through which the brain drain may positively affect the sending countries. However,
to the best of our knowledge, the positive and negative effects of the brain drain have never
been quantified so as to make them comparable. This is the goal of this section, which builds
on a partial equilibrium setting of endogenous economic performances. In the next sub-

sections,

e we survey the channels discussed in the new brain drain literature and integrate them

in a unified theoretical framework;

e we extend existing cross-country studies on some of these channels (brain gain and
various diaspora externalities), which are usually based on the extensive measure of
the brain drain described in section 2.1, and test for the relevant effects using
alternative brain drain measures. The results are then used to help us calibrating the

parameters of our partial equilibrium model;

¢ Finally, we provide comparable country-specific numerical experiments for each
channel. We follow a “what if?” strategy and compute the hypothetical level of GDP
per capita obtained when the rate of high-skill migration is set at value of the low-skill
migration rate. In countries where the low-skill emigration rate is extremely low, we
divide the high-skill emigration rate by ten. Since emigration rates are based on stock
values, our experiment consists in instantaneously and permanently repatriating many
skilled emigrants. We consider the difference between the simulated and observed
levels of GDP per capita as a measure of the overall macroeconomic impact of the

brain drain.

Beine, Docquier and Rapoport (2008) used identical counterfactual simulations to estimate
the short-run net effect of the brain drain on human capital accumulation for each country and
region. We generalize this experiment to other channels. We use the same shock, simulate the
intensity of the major mechanisms depicted in the literature, and quantify the gains and costs

of the brain drain for each developing country. We characterize the magnitude of the net
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impact of the brain drain on GDP and income per capita for 148 developing countries,

distinguishing between the short-run (10 years) and the long-run impact.

In the remainder of this section, we first describe the general framework used to endogenize
economic performances. We then review and quantify the effects conveyed through the
‘human capital’, ‘screening-selection’, ‘productivity’ and ‘institutional’ channels. These
effects are combined in the general framework in sub-section 3.6. Finally, we discuss the

‘transfer’ channel and shows it has a moderate impact.

3.1. Endogenizing economic performances

Economic performances are reasonably gauged by the national level of GDP per capita.
Quantifying the effect of highly skilled emigration on GDP per capita requires analyzing how
the brain drain affects the determinants of the GDP. For this purpose, we need to use a

production function. Assume a constant-returns-to-scale (CRS) Cobb-Douglas production
function with two factors, physical capital ( K, ), and labor in efficiency units (). We further
assume that labor in efficiency unit is itself a nested CES function of high-skill labor — or
human capital -- (H,), and low-skill labor (L,). The average productivity of educated
workers employed domestically (¢, ), which depends on the quality of education and on the

distribution of innate abilities. The national GDP is given by the following expression:
(1) Y, =AK™“L =AK™[goHr +0-0)Lr]"",

where A, is a Hicks-neutral time-varying scale factor (total factor productivity), a is the
share of labor in national income, € is the weight of high-skill labor in total labor, and p is a

parameter determining the elasticity of substitution between high-skill and low-skill workers

(the elasticity of substitution is given by % ).

Assume developing countries are too small to significantly affect the international market for
capital (small open economy hypothesis). International movements of physical capital are
such that the returns to physical capital (net of risk premium and transaction costs) are
equalized across nations. Capital is assumed to fully depreciate in one period. From the
perspective of potential investors, each developing country is characterized by a given risk

premium (reflecting the quality of institutions and the extent of transaction costs). The
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following arbitrage condition implicitly defines the equilibrium amount of capital per worker

in the economy:

) R (1+¢)=(1-a)A K “E”

where R" is the risk-free international interest factor (one plus the interest rate), defined as
the interest factor in the most advanced countries and ¢, captures is the risk premium
associated to institutional quality (including the extent of international transaction costs).
Substituting (2) in (1) and dividing by the total population size (H, + L,) gives the following
expression for the GDP per capita:

l-a

l-a |« -
3 TN Ata t
(€. [R (1+¢,)} e

where e, = [q, oh’ +(1-60)1-h,)” ]”p measures the average number of efficiency units of
workers and h,=H,/(H,+L,) is the proportion of the highly skilled (with tertiary
education) in the resident population.

The domestic wage ratio between high-skill and low-skill workers amounts to

w e84 (1-m)"
w,, 1-6{ h

N

Equation (4) allows us to calibrate the parameters of the technological function. In a rich

country such as the United States, we have 1—h, =h, and ¢, can be normalized to unity.’

Since a tertiary educated worker earns a wage which is on average twice as high as the wage
of another worker (with secondary of primary education), we choose 8 =2/3. At the lowest
tail of the distribution, the share of educated workers in the labor force of poorest countries is
below one percent. For example, we observe 0.2 percent of educated in Mauritania whereas
the skill premium is around 10 (see Epifani and Gancia, 2008). Clearly, a Cobb-Douglas
function with a unitary elasticity of substitution cannot reconcile these stylized facts. By

choosing p =0.6 (an elasticity of substitution of 2.5), we obtain a reasonable skill premium

for developing countries. Many studies advocate using an elasticity greater than one (see

3 Following Barro and Lee (2001), Docquier, Lowell and Marfouk (2009) consider that workers with one year of
college in the US have post-secondary education. The US proportion of post-secondary educated in the labor
force was equal to 51.3 percent in 2000.
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Acemoglu, 2002). In their study on immigration and inequality, Otaviano and Peri (2008) use
a range of estimates between 1.5 and 3. Angrist (1995) recommends a value around 2 to

explain the trends in the college premium on the Palestinian labor market.

We focus on macroeconomic performances and levels of development. Since productivity is
time-varying, the level of GDP per capita is not a stationary variable. To study the

consequences of the brain drain, it is convenient to express the GDP per capita in proportion

of the level observed in the rich world, y; . Using (3) and taking logs, we obtain

A _
(5) 1n[y;j=lln( ;J+1n(e;j—l Y In(+9,)
yt a At el a

From (5), the log-ratio of GDP per capita is explained by differences in total factor

productivity, A, , human capital h,, average ability of high-skill workers ¢g,, and institutions
@,. A reasonable value for «, the share of labor in total income, is 2/3. Hence, the log-ratio

of productivity must be multiplied by 1.5 and institutional quality by 0.5. The recent literature
shows that each of these determinants of economic performances is likely to be affected by

the brain drain. Below, we discuss the five channels through which the brain drain impacts
infy, /y; ).

Disregarding all these channels can generate strong biases in the assessment of the impact of
the brain drain. For the sake of comparison, it is useful to quantify the cost of the brain drain
under the pessimistic and traditional view. For example, assume human capital formation is
unaffected by migration prospects. In the case of poor countries where high-skill emigration
rates are on average ten to twenty times higher than average emigration rates, reducing high-
skill emigration rates to country-specific low-skill rates would imply repatriating a majority of
skilled natives to the home country. This would dramatically increase the proportion of

educated in the labor force h, and labor in efficiency units e,. This shock can easily be

calibrated using the data on migration stocks and labor force by education levels presented in

Section 2.

In addition, assume that productivity is a concave function of human capital (A, = A,h) as in

Lucas (1988). Comparing total factor productivity and human capital, a reasonable value for
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the elasticity €is 0.4.% In such a simplistic framework, we can use (5) to simulate the costs of
the brain drain for each developing country. Figure 7 depicts the simulated change in GDP per

capita that would follow such a shock as a function of the skilled emigration rate in 2000.

The cost of the brain drain increases exponentially with the skilled emigration rate. According
to the traditional view, reducing the brain drain would strongly increase GDP per capita in the
most open countries. For example this would increase GDP per capita by 196 percent in
Guyana, by more than 150 percent in countries such as Jamaica, Haiti, or Trinidad and
Tobago. In PPP values, the GDP per capita in Guyana or Jamaica would be similar to that of
Western European countries. The effect would also be strong in many African countries such
as Gambia (+78 percent), Cape Verde (+77 percent) or Mauritius (+61 percent), and countries
such as Sierra Leone, Liberia, Ghana, or Kenya would experience a more than 40 percent
increase. Such figures are of course spectacular and questionable. In the next sub-section, we

list a series of arguments moderating the conclusion of traditional view.

Figure 7. Costs of the brain drain under the traditional view
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‘A simple OLS regression gives In(A)=6.6+0.41n(h). Productivity data are taken from Lodigiani (2008).
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3.2. The human capital channel

As stated above, the most obvious and measurable effect of the brain drain is the relocation of
talented people from developing to developed countries. In this section, we show that, when
human capital formation is endogenous and depends on migration prospects, the human

capital response to a restricted brain drain becomes ambiguous.

3.2.1. Theory of skilled migration and human capital formation

In the spirit of Barro, Mankiw and Sala-I-Martin (1995), we disregard micro-foundations and

consider that the dynamics of human capital is governed by the following process:
(6) h,=h0-0)+n(h)0,.0-m,)

where J is a rate of depreciation of human capital capturing the level and differential in

mortality or retirement of existing cohorts. The variable n(h,) captures the growth rate of the
labor force or the replacement of old by young workers; it is reasonably decreasing in A,
since more educated parents tend to have fewer children. The variable ©, is a function of

enrolment rates in tertiary education and captures the proportion of educated within the new

cohort of workers; it will be endogenized later. Finally, m, is the emigration rate of these

t

young educated adults.”

Clearly, if it exists, a steady state (denoted by subscript ss) of this economy implies

h,=n(h,)0® _ .1-m_)/o.Hence, for given enrolment rates ®,, the skilled emigration rate

reduces h,,, and h  other things equal. From (5), this effect clearly deteriorates average

t+1
economic performances at origin.6 Stricto sensu, for a given ®,, skilled emigration is usually
viewed as contributing to increased inequality at the international level, with rich countries
becoming richer at the expenses of poor countries. This was the essence of the early brain
drain literature of the 1970s: although Bhagwati and Hamada (1974) recognized the

endogeneity of @,, they did not consider it as a major mechanism.

? Introducing a probability of migration for the low skilled would not modify the nature of our results.
® If origin countries are large enough, this effect can be reinforced by the fact that rich countries benefit from the

. * . .. . . . . *
entry of talented workers, i.e. hm increases. If the origin country is too small to significantly impact hss (an

assumption compatible with the exogeneity of R : ), this effect vanishes.
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Let us now endogenize ©®,. A new generation of brain drain research has emerged since the

mid-1990s around the idea that migration prospects can foster domestic enrolment in
education in developing countries, raising the possibility for a brain drain to be beneficial to
the source country. These studies look at how the country's stock of human capital is built up
and how migration modifies the incentive structure faced by developing countries' residents
when making their education decisions. To summarize the literature, let us consider that the

investment in education @, is endogenous and depends on two sets of variables:

- The proportion of highly skilled, h,. The effect of h, is theoretically ambiguous.
Indeed, the fact that educated parents tend to invest more in the human capital of their
children implies a positive relationship between ®, and #4,. On the contrary, from (4),
h, negatively affects the domestic return to schooling, then discouraging people to
invest. Note that from cross-country comparisons the first effect seems to dominate. In
addition, human capital investments may depend on the proportion ﬁt of educated

workers employed in the production of human capital, such as teachers and health
professionals. A sector-specific brain drain can therefore be damaging for origin

countries.

- Migration prospects to developed countries. If education increases the probability of
migration to a high-wage destination, then migration prospects increase that expected
return to human capital and should lead to higher investment in education. The

magnitude of this incentive effect depends on the wage gap between origin and

developed countries, (1 —wy, I wy, )
Therefore, on the whole we have:

WH,I

(7 ©,=0\h, h,m|1-

*

WH,I

with positive partial derivatives, ®i , ®'2 , ®'3 >0.

A first implication of (7) is that the brain drain is more likely to reduce human capital
accumulation if it is concentrated in particularly strategic occupations ( ﬁt). The sectoral

dimension of the brain drain therefore matters. A second implication is that if skilled

migration prospects impact on educational choices, the net effect of skilled emigration
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becomes ambiguous. The idea that a country’s pre-migration stock of human capital is
endogenous to the prospect of migration is relatively old. For example, Bhagwati and Hamada
(1974) or McCulloch and Yellen (1977) recognized that migration prospects increase the
expected wage for skilled workers and thus stimulates human capital investments. More
recent theoretical contributions (Mountford, 1997, Stark et al., 1998, Vidal, 1998, Beine et al.,
2001, Stark and Wang, 2002) have explored the possibility for skilled migration to create
with

more human capital ex-ante than the ex-post loss. Plugging (7) into (6) and deriving A, ,

respect to m,, a marginal increase in m, stimulates human capital accumulation if and only if

(8) @;.(l—mt){l— W’j” j >0,

WH,I

This condition holds if educational choices respond to incentives ( @y is large), if the skilled

emigration rate m, is not to high, if the distance to the frontier is large enough (i.e. w,,, / w;,,t
is small) and if domestic enrolment in education is not too high. When
@;.(I—WHJ / WZ,; )> 0, (ht,ﬁt ,0), the human-capital maximizing emigration rate is positive.

Under this condition, a limited positive skilled emigration rate increases the proportion of

educated among remaining residents.

3.2.2. Empirical evidence

Equations (6)-(7) characterize the dynamics of human capital. In particular, equation (7)
suggests a positive effect of migration prospects on human capital investments. What is the

empirical evidence on this incentive mechanism?

Beine, Docquier and Rapoport (2008) used the Docquier and Marfouk (2006) estimates of
emigration rates for the highest (tertiary) education as their measure of brain drain and found
evidence of a positive effect of skilled migration prospects on gross (pre-migration) human
capital levels in a cross-section of 127 developing countries. They obtain a short-run elasticity
of human capital growth (log-change in the proportion of tertiary educated among natives) to
skilled emigration prospects in the neighborhood of 5%. This is not negligible for countries
where the average proportion of educated typically lies between 2 to 8 percent. Although

panel data would be better to refine the estimate of the convergence speed, the long-run
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elasticity amounts to 22.5 percent. These elasticities are very stable across specifications and

estimation methods (OLS and IV).

Tables 3 and 4 give a general overview of empirical results obtained in cross-country
regressions. In Table 3, we use the beta-convergence specification of Beine, Docquier and
Rapoport (2008). The dependent variable is the 1990-2000 log-change in the proportion of
tertiary educated among individuals born in the home country. We regress it on the 1990
proportion of tertiary educated (to capture convergence), on the 1990 skilled emigration rate
and the set of explanatory variables used in Beine, Docquier and Rapoport (2009). To
complement the latter study, we test several functional forms for the incentive mechanism and
we use an adjusted measure of the brain drain to account for country of training. The

following results emerge:

- Column (1) is the standard OLS regression based on Docquier and Marfouk’s skilled
emigration rates observed in 1990 for 103 countries. The incentive mechanism is
modeled by introducing the log of the skilled emigration rate in 1990. We confirm the
results commented above and obtain a short-run elasticity of 5.4 percent and a long-
run elasticity of 22.6 percent (i.e. 0.054/0.239). The sub-Saharan dummy is negative

and significant. The other controls are not.

- A potentially important problem with OLS regressions concerns the exogeneity of the
migration rate. When trying to determine the impact of migration on education, one
has to control for the reverse effect or for the joint impact of unobserved variables. To
address this issue, we provide IV estimates in column (2). The skilled emigration rate
is instrumented by the log of population size and the log of the total diaspora abroad.
We obtain identical results and a similar elasticity for the incentive effect. The F-stat
amounts to 124.41 in the first stage. The Hausman tests rejects endogeneity, indicating
that the skilled emigration rate can be treated as exogenous; we therefore proceed with

reference to the OLS results only.7

- In columns (3) and (4), we use two alternative specifications for the incentive
mechanism, one based on the log of one plus the skilled emigration rate and one based
on the skilled emigration rate. In both cases, the incentive mechanism is positive and

highly significant.

7 Same conclusion as in Beine, Docquier and Rapoport (2009) or Docquier, Faye and Pestieau (2008)
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In columns (5) and (6), we replicate the analysis of columns (1) and (3) when using an
alternative measure of the brain drain. We use the data set on emigration rates by age
of entry developed in Beine et al (2007) and exclude skilled emigrants who left their
country before age 22. Our skilled emigration rate is thus very likely to concern
individuals trained in their home country. Again, the incentive mechanism operates
and is highly significant. In column (5), the short-run elasticity is equal to 4.6 percent
and the long-run elasticity becomes 17.9 percent (i.e. 0.046/0.257). It is robust to the
specification. It is worth noticing that similar results would be obtained by excluding

individuals who left their country before age 12 or 18.

In unreported regressions we also tested for non-linearities in the migration-human
capital relationship using interactions between skilled emigration rates and a dummy
of economic development levels. The interaction term was never significant,
suggesting that the incentive effect operates with about the same magnitude in low-
income and medium-income countries. The results are also robust to the use of a
difference between (or a ratio of) high to low-skill emigration rates as a measure of

skilled migration prospects.

Table 3. Beta-convergence analysis of the incentive mechanism

€)) (@) 3 “ &) (©)

Constant -0.013 -0.015 -0.242 -0.237 -0.123 -0.321

(0.14) (0.14) (2.33)%*% | (2.31)** (1.64) (3.15)%**
Log of skilled mig rate in 1990 0.054 0.054 - - 0.046

(2.03)** | (2.15)** (2.02)**
Log of (1+ Skilled mig rate in 1990) 0.434 - 0.388
(2.77)%%* (2.80)#%*
Skilled mig rate in 1990 - 0.307
(2.67)%**

Log of human capital in 1990 -0.239 -0.239 -0.247 -0.248 -0.257 -0.263

(6.52)*F% | (6.70)*F* | (6.56)*** | (6.51)%** | (6.34)*** | (6.40)***

Sub-Saharan African dummy -0.450 -0.450 -0.440 -0.440 -0.440 -0.435

(4.29)5% | (4.49)%5% | 435y | (431)00% | (4.44)005 | (4.43)%0%%

Latin American dummy -0.091 -0.090 -0.086 -0.081 -0.080 -0.079

(1.46) (1.48) (1.33) (1.26) (1.32) (1.30)

Population density -0.000 -0.000 -0.000 -0.000 -0.000 -0.000

(1.36) (1.39) (1.60) (1.58) (1.31) (1.40)

Remittances per capita in 1990 -0.798 -0.798 -0.659 -0.659 -0.730 -0.639

(2.06)** | (2.13)** (1.82)* (1.82)* (1.89)* 1.70)*

Method OLS v OLS OLS OLS OLS
F-stat first stage - 124.41
Hausman 0.967
Observations 103 103 103 103 104 104
R-squared 0.46 0.46 0.47 0.47 0.45 0.46

Robust t statistics in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%
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In contrast, Faini (2003) found a depressing but not significant effect of tertiary emigration on
domestic enrollment in higher education, a finding he attributed to the choice of would-be
migrants to pursue their studies abroad.® Table 4 therefore uses alternative indicators of
human capital investments. In columns (1) to (6), we follow Faini’s specification and use
enrolment rates in primary, secondary and tertiary education. In columns (7) and (8), we use
the youth literacy rate. In each case, the incentive mechanism transits through the log of the
skilled emigration rate or the log of one plus the skilled emigration rate. The regression
method is OLS. Columns (1) to (6) reveal that the incentive mechanism is never significant at
the primary level but becomes significant at the secondary and tertiary levels under the
log(1+m) specification. However, it is not significant in the log(m) model. The log(l+m)
specification shows a significant and positive effect on secondary enrolment rates, but a
negative effect at the tertiary level. This is consistent with a story where skilled migration
prospects lead more students to invest in secondary schooling at home to buy and then
exercise the option of studying abroad at the upper level (see also Rosenzweig, 2008), an
interpretation we do not want to push too far given the lack of robustness of the results.’
Enrolment rates are obviously linked to lagged enrolment rates at the lower level. The sub-
Saharan African dummy is always significant. Regressions in columns (7) and (8) show that
skilled emigration prospects positively and significantly impact the youth literacy rate

whatever the specification.

8 As he himself acknowledged, however, his results must be taken with caution as they are based on enrolment
data known to raise measurement problems.

® Note also that while our main measure of human capital formation (the change in the proportion of highly
educated among natives) accounts for return migration of skilled migrants, school enrolment indicators do not,
which could also go part of the way towards reconciling the two approaches.
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Table 4. Robustness analysis of the incentive mechanism

€Y (©) 3 “ (6) (©) (@) ®)
School enrolment rates in 1995 in logs . .
Tertiary educ Secondary educ Primary educ Literacy rates in 1990
Constant -1.771 -1.695 -0.688 -0.802 4.525 4515 4414 4.266
(3.34)%** (3.03)#** (1.34) (1.60) (34.93)%** (35.63)*** (31.83)*** (29.92)**x*
Log of skilled mig. rate in 1990 -0.078 0.033 -0.001 0.043
(1.27) (1.19) 0.07) (2.11)**
Log of (1+ Skilled mig. rate) -1.261 0.563 0.101 0.283
(3.02)%** (2.71)%** (1.03) (2.14)**
Log of secondary enrolment in 1990 1.056 1.092
(10.1)*** (11.0)***
Log of primary enrolment in 1990 0.897 0.883
(8.62)*** (8.63)%**
Log of public expend. per student -0.029 0.007 0.177 0.176 0.024 0.022 0.054 0.053
(0.28) (0.07) (3.23)%** (3.36)*** (0.73) (0.66) (1.56) (1.51)
Sub-Saharan African dummy -0.635 -0.668 -0.639 -0.619 -0.294 -0.290 -0.370 -0.358
(3.23)*** (3.58)*** (6.83)%** (6.80)*** (3.64)%*** (3.61)*** (5.33)%** (5.19)***
Remittances per capita in 1990 -0.956 -0.890
(2.55)** (2.37)**
Method OLS OLS OLS OLS OLS OLS OLS OLS
Observations 118 118 123 123 123 123 88 88
R-squared 0.66 0.68 0.68 0.69 0.18 0.18 0.35 0.35

Robust t statistics in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%
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Obviously, causality is hard to establish in cross-sectional regressions and the “brain gain”
concept deserves further empirical investigations based on richer data. But globally, within
the limits of a cross-sectional analysis, our results point to a robust, positive and sizeable
effect of skilled migration prospects on human capital formation in developing countries. This
is confirmed by other macro studies such as Beine, Defoort and Docquier (2009) who use a
panel setting allowing to control for unobserved heterogeneity and for the endogeneity of the
emigration rate. They also find a significant incentive effect in developing countries, and

evidence that the incentive effect is particularly strong in low-income countries.

Evidence of a brain gain effect has also been found at a micro-level. For example, observing
the very high rates of enrolment in higher education in the Philippines in spite of the low
domestic returns to human capital, Lucas (2004) writes: “It is difficult to believe that these
high, privately financed enrolment rates are not induced by the possibility of emigration.
There are signs that the choice of major field of study ... responds to shifts in international
demands. Higher education is almost certainly induced to a significant extent by the potential
for emigration”. More recently, Batista et al. (2007) estimated that in the case of Cape Verde,
the brain drain not only has a net positive effect, it is also responsible for the bulk of human
capital formation in the country. Similarly, in their survey on Tonga’s “best and brightest”,
Gibson and McKenzie (2009) show that nearly all of Tonga’s very top high-school students
(85%) contemplated emigration while still in high school, which led them to take additional
classes (e.g., holiday classes, English classes) and make changes in their courses choices (e.g.,
favoring general discipline such as sciences or commerce). According to Gibson and
McKenzie, these substantial brain gain effects combined with high return rates the overall

largely positive effects of migration for Tonga in terms of human capital formation.

Another micro-example from the Pacific region is provided by Chand and Clemens (2008)
who compare educational investments of ethnic Fijians v. Fijians of Indian ancestry in the
aftermath of the 1987 military coup, which resulted in physical violence and then
discriminative policies against the Indian minority. The coup sparked massive emigration
among skilled Indo-Fijians, and led them to invest heavily in higher education in order to
“clear the bar” raised by the Australian (and New-Zealand’s) point system. While the political
situation has stabilized since the mid-1990s, the Indian minority is now significantly more
migratory and, for those who remain in Fiji, more educated than comparable ethnic Fijians.
Since this was not the case prior to the military coup, the authors interpret this as quasi-

experimental evidence on the brain gain channel.
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Finally, the case of Mexico also offers interesting insights on the prospect channel, in a
negative way though. For example, McKenzie and Rapoport (2006) report that living in a
migrant household has a substantial negative effect on children’s educational attainment in
rural Mexico. While migration may have positive effects on younger children, especially girls
from very poor households thanks to remittances, migration actually depresses schooling for
older children. This is consistent with the brain gain hypothesis as in the case of Mexico-US
migration, migration is massively illegal and illegal migrants are generally confined to low-
skill jobs for a long period of time. Indeed, most first-time migrants from Mexico travel to the
U.S. without documentation. Kossoudji and Cobb-Clark (2002) argue that there is no return
on schooling in the first job for unauthorized workers, and find that finishing high school only
pays off in terms of wages about four years after legalization. As a result, the prospect of
future migration may actually lower incentives to invest in education. This is confirmed by
Boucher et al. (2008) who compare internal and international migration from rural Mexico.
Since there is no restriction on internal migration in Mexico and Mexico-US migration is
massively illegal, in their paper heterogeneity in migration probabilities is due to variation in
pre-existing migration networks: people with higher internal/international networks will have
a higher propensity to migrate and this will drive education investment up or down depending

on whether migration raises or decreases the expected return to education.

3.2.3. Implications

Relying on their baseline model, Beine et al. (2008) used counterfactual simulations to
estimate the short-run net effect of the brain drain for each country and region. The
counterfactual experiment consists in equating the high-skill emigration rate to the low-skill
rate.'” We replicate this counterfactual experiment on 148 developing countries using the
estimates of column (1) in Table 3. Figure 8 summarizes the results. The horizontal axis is the
skilled emigration rate whereas the vertical axis gives the percentage change in the proportion
of tertiary educated induced by our numerical experiment. The latter variable is a good

indicator of the cost of the brain drain in terms of human capital.

Comparisons between observed and simulated human capital levels show that the brain drain
depletes human capital in 79 countries (53.4 percent of the sample). These “losers” include

many small and medium-sized countries exhibiting skilled emigration rates above 50 percent.

!9 For countries with extremely low low-skill emigration rates, they divide the high-skill emigration rate by ten.
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In particular, the average loss experienced by some Caribbean and Pacific islands can be as
high as 15 percentage points (in terms of proportion of educated in the domestic workforce).
On the contrary, the brain drain has a positive but moderate net impact on human capital in
countries combining low levels of human capital (below 5%) and low skilled migration rates
(below 20%). This group of “winners” includes the main "globalizers" (e.g., China, India,
Brazil) and other countries such as Indonesia, Thailand, Mongolia, Venezuela, Argentina, or
Egypt. Figure 9 gives the long-run impact of our counterfactual experiment. The long-run
impact should be taken cautiously since panel data would help refining the estimate of the
convergence speed. Clearly, the number of countries benefitting from a decrease in skilled
emigration prospects declines to 29 (19.6% of the sample). The other developing countries
would suffer from a decrease in skilled emigration prospects. In our terminology, they

experience a “beneficial brain gain” (BBD).

Figure 8. Skilled migration (X-axis) and human capital (Y-axis) in the short-run
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Figure 9. Skilled migration (X-axis) and human capital (Y-axis) in the long-run

25% 1

20%

15% *

10%

5% A

K.
grd oA " T T T T T 1

®E

40% 0% 60% 0% 20% 20% 100%

-10%

3.3. The screening-selection channel

The recent contributions on brain gain all rely on probabilistic migration models in which the
probability of migration depends on the achievement of a given educational requirement,
which is observable, and not on individuals’ ability, which is not perfectly observable (i.e.,
migrants are assumed to be randomly selected among those who satisfy some kind of
prerequisite with informational content regarding their ability - in our case, education). If
high-skill migrants are positively selected within the high-skill population, this mitigates the

brain gain arguments of the previous section.

3.3.1. Theory on screening and economic performances

As discussed in Commander et al. (2004) or Schiff (2005), the brain gain implicitly arises
because foreign firms cannot perfectly screen migrants to distinguish the more able from the
less able. A necessary condition for a beneficial brain drain to occur is that the marginal

educated person must have a positive probability of emigration. Under perfect screening, the
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government or employers at destination would target the most able individuals and leave a
low probability of emigrating for the less able and a BBD would be impossible. A reasonable
counter-argument is that when taking education decisions, agents can hardly anticipate their
future position in the distribution of skills. Nevertheless, it is well documented that migrants
are positively selected at origin. Among the highly trained, the more able have a higher
probability to leave their country. Consequently, even in the optimistic case where the brain
drain generates a net increase in the proportion of educated at origin, the average level of

ability of remaining educated workers should decline. We have:
9) g, =q(m,) with ¢, <0.

Under screening and quality changes, the condition for a net qualitative brain gain becomes

more restrictive. Indeed, g,h, increases if

. w '
10) ©,.(1-m)|1-—2|>0 I 5@

t t
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3.3.2. Empirical evidence

To the best of our knowledge, there is no systematic study comparing the ability of educated
migrants to that of educated residents. However, there is a large sociological and economic
literature on network and selection (see Massey et al., 1993). Carrington, Detragiache and
Vishwanath (1996) show that when moving costs decrease with the size of the network
already settled in the destination, migration occurs gradually over time. Migration tends to
follow geographical, cultural or political channels and the most able individuals migrate first,
due to lower moving costs or higher incentives. Their presence reduces the migration costs of
the next group and the process continues as long as the benefits from migration exceed its
costs. McKenzie and Rapoport (2009) demonstrate that a decrease in Mexico-to-US migration
costs generally has a stronger effect on low-skill migration than on high-skilled migration. In
the same vein, accounting for the usual determinants of migration and addressing several
econometric issues, Beine, Docquier and Ozden (2009) use a bilateral international migration
data set to show that larger diasporas increase migration flows and lower their average
educational level. In comparing different education groups, these two studies confirm that

positive selection increases with migration costs.
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Matoo, Neagu and Ozden (2007) compare occupational attainment of immigrants to the
United States with similar education backgrounds but from different countries. After
controlling for age, experience and education level, they find that highly educated immigrants
from certain countries are less likely to obtain skilled jobs. For example, an hypothetical 34
year old Indian college graduate who arrived 5 years before, has a 69% probability of
obtaining a skilled job whereas the probability is only 24% for a Mexican immigrant of
identical age, experience and education. A large part of this country-level variation can be
explained by certain country attributes such as quality of education or English proficiency.
Other attributes leading to a self-selection include the GDP per capita, the distance to the US,

and the openness of US immigration policies to residents of a given country.

Although the empirical literature focuses on selection between groups, there is a strong
presumption that this selection pattern also applies within the educated group. The most able

among the skilled migrate first.

3.3.4. Implications

The literature reveals the quality of diplomas varies across countries and individuals. This
means that (i) diplomas acquired in different countries are heterogeneous, and (ii) the average

skill of educated emigrants differ from that of remaining educated workers.

Regarding the first source of heterogeneity, Dumont and Lemaitre (2007) illustrate the gap in
employment rates between natives and immigrants in OECD countries. This gap increases at
higher levels of schooling, revealing a problem of non transferability of human capital across
countries. The authors estimate that one third of the gap is explained by differences in real
abilities. This is confirmed by Coulombe and Tremblay (2007) for Canada. They evaluate that
the average ability gap between immigrants and natives with identical level of schooling
amounts to 3.2 years of schooling. However, it varies a lot across countries (from 1 to 7 years)
and is decreasing with home countries development level. In our partial equilibrium
framework, the average ability of workers depends on the level of development of their
country, reflected by the proportion of educated among natives. Assume a linear function with
a maximal ability difference of 20 percent between developing (with extremely low levels of

human capital) and leading countries (with proportions of tertiary educated around 50
percent). We have g™ =¢"" (h,)=0.84+0.4h,. This assumption is not essential for our

numerical experiment since we concentrate on the relative change in ability.
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Regarding the second source, the average level of ability varies across individuals. To
simulate (9), let us denote by 5 =q™ (1+ ) and qg=q," (1—29) the highest and lowest levels
of ability for skilled workers born in the origin country and assume that the individual ability

level is uniformly distributed between these two bounds. Hence, the average ability of skilled

natives gy is normalized to unity:

E + max
A1) qy=[aU@dg=—==4;

Q|
BN

In case of screening, skilled migrants are those at the top of the ability distribution. As m;, is

the skilled emigration rate, the ability ¢ of the highest remaining in the country is such that

((} + g)/ (5 + g): 1—m, . The average ability of remaining skilled workers is now given by

1 (51+g)(é—51)

q
U(g)dg = =q"™(1-9m,),
thq q)aq W q ( )

It is a linear decreasing function of the skilled emigration rate. Let us come back to our

12 =
()qf1

counterfactual experiment. Equating the high-skill emigration rate to the low-skilled rate
reduces the brain drain and the screening of talented workers. Consequently, the average
ability of the highly skilled is likely to increase in origin countries. The choice of ¢ is crucial
in our simulations. In the absence of evidence on this effect, we use a conservative

assumption and choose ¢ =0.15.

Figure 10 shows the percentage change in ¢, resulting from this experiment as a function of
the skilled emigration rate. Clearly, in the most open countries, screening is likely to play a
significant role on the average performances of high-skill workers at home. It reduces by 12

percent the average ability of educated workers left behind.
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Figure 10. Brain drain and the relative ability of highly skilled residents
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3.4. The productivity channel

If skilled migration affects total factor productivity, it is likely to have a strong impact on
economic performances. The multiplier is equal to 1/ ¢ as shown in equation (5), i.e. a value
around 1.5. In this section, we refer to diaspora or network externalities to explain this

mechanism.

3.4.1. Endogenous productivity with diaspora externalities

The new growth literature has stressed the existence of strong externalities related to human
capital and education, showing the social return to human capital exceeds he private return
(see Lucas, 1988, Azariadis and Drazen, 1990, and Klenow and Rodriguez-Clare for a
theoretical and empirical survey). However, the role of human capital is closely linked to the
level of development of the origin country. Human capital is key to a country’s innovation
and adoption capacity, but the various stages of the education system play different roles in

this process: the adoption of foreign technologies requires individuals with strong technical
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and professional skills developed through secondary or specialized higher education, while
innovation is research-based and requires the presence of high-level scientists and engineers.
Innovation plays a minor role in most developing countries, where adoption is the main

source of technological progress.

Following Benhabib and Spiegel (2005), the growth of total factor productivity may be

written as a function of the country’s capacity to innovate and adopt modern technologies. Let
us denote by ,u(q,h,) the function which measures the productivity gain resulting from

innovations. It is assumed to be a non-decreasing function of human capital, with possible
threshold effects accounting for the fact that innovation requires human capital to exceed a
certain critical mass (which is unlikely to be reached in most developing countries). The

function 7(qtht,X I) measures the speed of adoption of leading technologies. It is an

increasing and concave function of human capital and depends on other country
characteristics X; such as private R&D expenditures, public subsidies, degree of openness,

foreign direct investments, etc.

The recent literature shows that the size and composition of foreign diasporas abroad may
affect technology diffusion. The importance of expatriate networks has been emphasized
against the background of the successful examples of the Indian and Chinese diasporas which
are said to have greatly contributed to growth of the information technology sector in India or
Taiwan (see, e.g., Biao, 2006, Saxeenian, 1999, 2001, 2002, Opiniano and Castro, 2006 or
Pandey et al., 2006). These examples show that diasporas can foster productivity growth by
strengthening trade and investment linkages, increased technology transfers and adoption, and
knowledge circulation. Meyer and Brown (1999) and Meyer (2001) provide anecdotal
evidence on knowledge diffusion and “brain circulation”. It is worth noticing that the case

studies refer to countries with large diasporas in size.

More recently, the role of scientific diaspora networks has been identified using patent
citation data, notably by Agrawal, Kapur and McHale (2008) and Kerr (2008). Kerr (2008)
uses patent citation data to examine the international transfer of knowledge between the US
and the home countries of US-based diasporas, with scientists being assigned to a particular
diaspora by a name recognition software. He finds strong evidence of knowledge diffusion
along the ethnic diaspora channel, especially for the Chinese diaspora, and evidence that such
transfer have a direct positive effect on manufacturing productivity in the home countries,

especially in the high-tech sector. Similarly, Agrawal et al. (2008) developed a model in
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which innovation depends on knowledge access, and knowledge access partly depends on
membership in both co-location and diaspora networks. A necessary condition for the
movement of an innovator to the diaspora to increase knowledge access of the home country
(India in their case) is that the diaspora knowledge-access effect is stronger than the co-
location effect,'’ which could happen if emigration is associated with positive productivity
effects combined with continued strong ties with those remaining at home. While on average
the co-location effect is found to be much larger than the diaspora effect (hence the inference
of a net loss), the latter appears to be much stronger for the most cited patents, which are
presumably the ones with the highest social and economic value. This mitigates the
pessimistic conclusion about a net loss for the source country and opens the door for a

potentially beneficial overall effect.

In the light of these studies, it can reasonably be assumed that the skilled diaspora abroad M;

stimulates the speed of adoption, i.e. 7(qtht M, ).

Consequently, developing countries productivity growth can be modeled as

A A
(13)  Inf == \= g, )+ Ylg,h . M, ) In| ==

At At
In the rich world, only innovation matters

A\ oo
(14) m[A*J—u@Ju)

1

Combining these two equations allows us to characterize the dynamics of ln(At /A ), the

distance to the frontier:

(15) 1n(%J =[ulg,n,)- ulg; 1) N+ - Ag, b M, )]h{jz‘ ]

t+1 t

A steady state of this economy, if it exists, is determined by

(16) lr{ Ai J % a, = lu(qsshs's )_lu(qss hss )
A; t—yo0 y(qss hss , Mss )

" To undertake this, the authors have developed an original data set allowing for identification of Indian
inventors by their last names.
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The numerator is negative if origin countries innovate less than the leader. This is especially

the case if there is no innovation at origin, ,u(qtht)=0. The denominator is ambiguously

affected by high-skill emigration. On the one hand, skilled migration can boost or reduce
human capital at origin; on the other hand, it induces diaspora externalities which are

potentially important if the distance to the frontier is large, as apparent from (10).

3.4.2. Empirical evidence

Vandenbussche, Aghion and Meghir (2006), henceforth VAM, estimated a neo-
Schumpeterian model of this sort using panel data on OECD countries. Recently, Lodigiani
(2009) extended their framework by adding a diaspora externality: skilled emigrants living in
rich countries increase the capacity to adopt modern technologies. She re-estimated the model
on a larger sample of countries (92 countries, including developing countries) during the
period 1980-2000 (one observation every five years). She follows VAM and computes the log
of total factor productivity as the Solow residual of a standard Cobb Douglas production
function. Then, the log-change of total factor productivity (i.e., productivity growth) is
regressed on the lagged proximity with the technological frontier (total factor productivity in
the United States), the level of human capital (proportion of tertiary educated workers), the
log of the skilled diaspora residing in the United States, some interaction terms, and country

and time fixed effects.

In such a framework, the distance to the frontier is by construction correlated with the lags of
the dependent variable. To avoid endogeneity problems, it is instrumented using the two-
period lagged values of the log of distance, human capital and of the log of skilled emigrants
and interactions. Table 5 shows a selection of the most interesting results obtained in a GMM

framework with correction for heteroskedasticity.

Column (1) provides estimates without country fixed effects. Interaction terms and the
diaspora externality are not significant In column (2), country fixed effects are introduced
without interaction terms. The diaspora externality becomes significant. The best specification
is presented in column (3) which provides estimates with fixed effects and interaction terms.
All key variables are significant and have the intuitive signs. Hence, the dynamics of

productivity growth can be formalized as following:
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where In(A,,, / A;) is the rate of technical progress, A is the technological level of the leader

t+1
(typically, the United States), M, is the stock of skilled emigrants living in the leading
economy, A, is the proportion of educated in the remaining labor force, and F is the country

fixed effect.

Table 5. Explaining TFP growth with diaspora externalities

€9) (@) 3
Proximity with frontier (log) -0.019 -0.695%** -0.285%
(0.039) (0.147) (0.200)
Human capital 0.266* 0.198 1.436%*
(0.138) (0.473) (0.707)
Skilled emigration (logs) 0.009 0.0298* -0.103*
(0.010) (0.0164) (0.052)
Proximity x Human capital 0.346%** 0.878%*
(0.112) (0.476)
Proximity x Skilled emigration -0.001 -0.055%**
(0.004) (0.018)
Dummy 1995 -0.001 -0.0499%#%** -0.0370%**
(0.019) (0.0167) (0.018)
Dummy 2000 0.038%** -0.049%* -0.031
(0.017) (0.0243) (0.026)
Constant -0.105 -1.626%** -0.616
(0.099) 0.272) (0.505)
Country fixed effects No yes yes
Underid./IV relev test
Chi-sq(.) P-value 0.000 0.000
Anderson can. corr LR stat 779.38
Chi-sq(.) P-value 0.000
Hansen J stat eq. Ex 0.961
Chi-sq(.) P-value 0.6185
N 276 276
R2 0.693 0.693

Robust t statistics in parentheses
* significant at 10%; ** significant at 5%; *** significant at 1%

Confirming VAM, the interaction effect between proximity and the proportion of workers
with tertiary education is positive, meaning that skilled workers are more important for

growth in economies closer to the frontier. On the contrary, the interaction effect between
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proximity and the log of skilled emigrants is negative, implying that skilled emigration has a
depressing effect on growth when a country is closer to the frontier. Backward countries, that
rely more on adoption, can benefit more from a skilled diaspora as it facilitates technology

and knowledge transfers from abroad.

Given the specification above, In(A,,, / A, ) increases in , when ln(At 1A/ )> -1.64, i.e. when

t+1

the economy is not too far from the frontier. Moreover, In(A /At) increases in M, if

t+1

ln(At 1 A; )< -1.67, i.e. when is far from the frontier.

More recently, Papageorgiou and Spilimbergo (2009) estimated the effect of foreign
education on country-specific growth rates. In many developing countries, technology
diffusion is the main engine of growth. They show that technology adoption is greatly
facilitated by the expertise acquired by students trained abroad. Their analysis is based on
panel data on sectoral multi-factor productivity. Their specification is similar to (16) except
that the frontier is replaced by a weighted average of productivity observed in 50 destination

countries, with weights equal to the bilateral fraction of students trained in these destinations.

3.4.3. Implications

The empirical literature on diasporas and productivity is still in infancy and obviously needs
further development. In this section, we start by exploring Lodigiani’s model, derive its

implications and weaknesses, and compare it with alternative and meaningful scenarios.

First, equation (17) can be used to predict how changes in skilled emigration impact the
distance to the frontier in the short-run. Assuming that the leading economy grows at a rate of
g percent a year (set to 1.5 percent in our simulations) and that the time fixed effect for 2000

is time invariant, the proximity with the leader will converge to the following value:

a =
o 0.285-0.878/, +0.055In M,

t

Considering that technological distances in 2000 are at their long-run values, we use data on
ln(A2000 / A;OOO) to calibrate country fixed effects, F. Then, we use (17) and (17°) with

calibrated fixed effects to simulate the short-run and long-run impacts of any change in on
total factor productivity. Remember Figures 8 and 9 above gave the short-run and long-run

responses of the proportion of tertiary educated in the labor force. It is also straightforward to
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estimate the change in the stock of skilled workers abroad, M,. Then, plugging these two

variables into (17) and (17°) gives the predicted change in the distance to the frontier in the
medium term (after 10 years) and in the long-run. Figure 11 shows the long-run impact (the
short-run impact is very similar, with 60 percent of the long-run change occurring in the first

10 years on average). The change in the distance to the frontier, a / a,, , is represented as a
function of the observed distance to the frontier in 2000, a,,,. Clearly, countries which are
far from the frontier (a,,,,<0.17) would experience a decline in their relative performances,

due to lower adoption capacities. On the contrary, 65 countries (44 percent of the sample)
closer to the frontier would benefit from a lower brain drain. A first unfortunate corollary of
this model is that the decrease in adoption is particularly strong for relatively small countries
such as Swaziland, Malawi, Guyana, Ghana, Guinea-Bissau, Gambia and many other sub-
Saharan African countries. This is quite at odds with case studies indicating that diaspora-
induced technological spillovers are mainly obtained for larger countries. This counter-
intuitive result is probably due to the log-specification of the diaspora externality and the
absence of threshold size effects. The impact of a marginal migrant on adoption capacity is

greater for small states.

To avoid this problem, we consider a variant of Lodigiani’s model in which network-based
externalities only operate for countries with high-skill diasporas above 300,000. Affected
countries are the Philippines, India, Mexico, China, Vietnam, Poland and Iran. For other
countries, the diaspora terms enter the fixed effect. Under this scenario, changes in
productivity are much lower than those reported on Figure 11: the ratio now varies between
0.9 and 1.1. The highest decreases in total factor productivity are observed in the larger
countries of the world as well as in poor small states experiencing large increase in human
capital (Guyana, Jamaica, etc.). Indeed, consistently with VAM, Lodigiani’s model predicts
that increasing the proportion of tertiary educated is detrimental to adoption if the initial
distance to the frontier is large (secondary educated workers would be more efficient). Some

could consider this result as a second inauspicious corollary of the model.
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Figure 11. Long-run TFP response (Lodigiani’s specification)
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Figure 12. Long-run TFP response (Lucas’ specification)
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Finally, we can consider a third scenario assume that productivity is a concave function of
human capital (A, = A,h with £=4) as in Lucas (1988). We used the same hypothesis in

section 3.1 when we presented the traditional view (see Figure 7). The difference now is that
human capital formation is endogenized. Figure 12 gives the long-run change in productivity
under this scenario as a function of the high-skill emigration rate. Unsurprisingly, the pattern

is identical to Figure 9, with productivity changes varying between -20 and +50 percent.

We will come back to these three scenarios in section 3.6 when computing the global impact

of the brain drain on GDP per capita.

3.5. The institutional channel

The hypothesis that migration diaspora may generate positive externalities on the sending
country is not only valid for technology adoption. For example, migrants to relatively
democratic societies may have a positive impact on social, economic, and political institutions
at home. Since better institutions usually translate into higher total factor productivity, those
institutional channels are partly captured by the productivity responses quantified in the
previous section. However, as demonstrated in an increasing number of studies, diaspora
networks also help reducing international transaction costs and thus promote bilateral trade

and FDI between the migrants’ home and host countries.

3.5.1. Endogenous transactions costs and institutions

The importance of diasporas in facilitating trade has been the focus of many recent studies,
from both the theoretical (Greif, 1993; Rauch and Casella, 2003) and empirical perspectives
(Gould, 1994; Rauch and Trindade, 2002; Head and Ries, 1998). For example, Rauch and
Trindade (2002) estimate a global bilateral trade model for 63 countries in 1980 and 1990,
investigating whether the presence of large numbers of ethnic Chinese residents in the partner
country is associated with more trade. They computed the product of ethnic Chinese
population shares for each trading partner and add this variable in a gravity equation. Using
this extended gravity model, they find that country pairs with higher concentrations of ethnic
Chinese residents trade more with each other. In his seminal paper on US trade with 47
trading partners during 1970-1986, Gould (1994) also finds that the stock of immigrants

increases U.S. trade. Both studies finally find that immigrant networks induce less effect on
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trade in more homogeneous products, for which prices can effectively convey the relevant
information, than on trade in more differentiated products, for which matching the multifactor
characteristics of buyers and sellers is more important. Along these same lines, Head and Ries
(1998) estimate an extended gravity model of Canadian import and export patterns using
panel data from 1980 to 1992 on bilateral trade with 136 trading partners. They find that a

10% increase in the number of immigrants increases exports by 1% and imports by 3%.

On the whole, these studies provide evidence that networks are important in overcoming
informal trade barriers. Rauch (2003) stresses two major channels through these diaspora
effects operate. First, a diaspora creates (or substitutes for) trust in a weak international legal
environment. Co-ethnic networks provide community enforcement of sanctions to deter
opportunism and violations of contracts. If a party acts opportunistically, then its reputation
suffers within that network. Second, the diaspora may provide market information as well as
supplies matching and referral services. Co-ethnic networks can promote trade, because they
are familiar with the market needs in the origin country. They can provide to foreign investors
important information that may otherwise be difficult or costly to obtain. In addition, they
reduce communication barriers; migrants know the language, the culture, the values, the law
and the practices of their home country. They know their compatriots’ ways of thinking, and

they better understand who is trustworthy with regard to potential business partners.

As stated above, most of the diaspora externalities discussed in this section are captured in the
Solow residual representing total factor productivity. However, there is an additional effect
which is likely to complement the productivity response. Many recent studies investigated
whether FDI and migration are substitutes (as one would expect) or complements. Docquier
and Lodigiani (2008) find evidence of significant network externalities in a dynamic
empirical model of FDI-funded capital accumulation. Their analysis confirms that business
networks are mostly driven by skilled migration. Using bilateral FDI and migration data,
Kugler and Rapoport (2007) also found strong evidence of a complementarity between FDI
and skilled migration with a similar elasticity. By impacting governance, corruption, rent-
seeking and ethnic discrimination, by reducing communication and information barriers
between countries, diasporas also impact the incentive of foreign investors to invest in the
migrants’ home countries. In our neo-classical framework (5), this will affect the level of the

risk premium ¢,. The effect on economic performances is potentially high since the

coefficient (1— )/« associated with the risk premium is large. The effect of migration on
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institutional quality may be channelled through the emigration rate m, (which also captures

migration prospects) or through the migration stock, M, :

(18) ¢, =@(m, ,M,)

Any change in the risk premium will affect capital accumulation and GDP per capita.

3.5.2. Empirical evidence

Several empirical studies focus on the empirical relationship between brain drain and
governance. The stylized facts presented in Mariani (2007) suggest a strong relationship
between skilled migration and the allocation of talents. Specialization in productive fields
(measured by the proportion of students in Science and Engineering) is positively correlated
with the lagged skilled emigration rate. Specialization in rent-seeking fields (measured by the
proportion of students in law, theology and religion) is negatively correlated with the brain
drain. Obviously, the causality between the brain drain and the allocation of talents is
questionable and should be tested. Nonetheless, this disciplining mechanism others another

channel through which a limited amount of skilled migration can be beneficial for growth.

Spilimbergo (2009) shows that foreign-trained individuals promote democracy in their home
countries, but only if foreign education is acquired in democratic countries. While he does not
identify the exact mechanisms through which such an influence may materialize, he suggests
a number of possibilities we paraphrase as follows. First, locally available substitutes to
foreign-educated technocrats may be very imperfect, providing the latter substantial
bargaining power when setting minimal democratic standards to accept the job. Second,
foreign educated leaders may be keen to preserve the quality of their alumni networks, which
again requires serving reasonably democratic regimes, and more generally education abroad
may inculcate a sense of common identity with the international democratic community.
Third, foreign-educated individuals make it more difficult for dictatorial regimes to maintain
repression by spreading new ideas at home. Fourth, foreign-educated individuals can make
repressive activities more costly for a dictatorial regime, since they have easier access to
external media; in addition, foreign-educated individuals may lobby foreign governments to
press for changes at home. The last two of these mechanisms were among those we

mentioned in our introductory presentation above of the channels through which migration
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may affect home-country institutions, while the first two mechanisms could be generalized to

any individual experience of skilled emigration and return.

Finally, the potential for diasporas to affect institutional development at home has long been
recognized in political circles (see, e.g., a recent report commissioned by the CIA Strategic
Assessment Group (Lahneman, 2005)). And yet, the empirical assessment of these effects is
still very preliminary and, as for the productivity growth channel above, limited to just a few
working papers. First among them are Li and McHale (2006), who used the World Bank
governance indicators (Kauffman, Kraay and Mastruzzi, 2005) (henceforth KKM) and the
Docquier and Marfouk (2006) migration data set in their cross-sectional analysis. Focusing on
skilled migration, they examined the impact of the brain drain on sending country's
institutional development and instrumented the skilled emigration rate using country's
geographical characteristics. Taking advantage of the various components of the KKM
dataset, they concluded that the brain drain has a positive effect on “political” institutions
(i.e., on “political stability” and “voice and accountability”) but a negative effect on

“economic” institutions at home (i.e., on “government effectiveness”, “regulatory quality”,

“rule of law”, and “control of corruption”).

The KKM (2005) data set starts in the mid-1990s and is therefore not long enough to allow
for panel data analysis. To perform such an analysis, Docquier et al. (2009) used Defoort’s
(2008) panel data set and, for the institutional data, they used the Freedom House Index of
Political Rights and the Polity 2 Index of Democracy. Using GMM system estimator for
dynamic panel data models, they showed that total migration does promote institutional
quality, as does human capital. This suggest that the effect of skilled migration is ambiguous

and is likely to be positive when total migration is low and/or average human capital is high.

Coming back to FDI, it is noteworthy that the first studies to look at the migration-FDI
relationship did so in a bilateral setting. Kugler and Rapoport (2007) investigated the
migration-FDI relationship for “US-Rest of the world” flows throughout the 1990s. They
showed that US manufacturing FDI towards a given country are negatively correlated with its
current unskilled migration, as trade models would predict, while FDI in the service sector are
positively correlated with the initial U.S. skilled immigration stock of that country.'* In a

subsequent paper, they extended the scope of their study to include virtually all pairs of

"2 Their results are confirmed by and Javorcik et al. (2006) after instrumenting, while Kugler and Rapoport
(2007) used a differences-in-differences method.
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countries analyzed in a gravity model with adjustment for selection bias. They again found
that past skilled immigration significantly increases the occurrence and magnitude of FDI
inflows in the subsequent period (Kugler and Rapoport, 2006). Their results were shown to be
robust to the use of sub-samples of developed/developing FDI receiving countries only and to

different education classifications (skilled/unskilled v. primary/secondary/tertiary).13

Docquier and Lodigiani (2008) estimated a beta-convergence model governing the dynamics

of the stock of FDI-funded capital per worker, x,. Obviously, there is no data set providing

series of capital stock (a fortiori, FDI-funded capital stock) by country. They collect flow data
on foreign direct investments and the gross formation of physical capital from the World
Development Indicators for 114 countries in 1990 and 2000. Using an inventory method, they
estimate the stock of FDI-funded capital stock. Hence, the dependent variable is the average
annual real growth rate of the capital stock per worker funded via FDI inflows rather than the
levels of FDI. To address the question of whether the amount of FDI is influenced by the

stocks of migrants abroad, they regress the growth rate of x, on the log of the initial stock,

the log of the diaspora size, the educational structure of the diaspora and several control
variables capturing the labor market characteristics of the country. They first use Docquier-
Marfouk’s data set on emigration stocks and rates in 1990 to estimate the determinants of FDI
in a cross-country setting. Then, they use Defoort’s data set on emigration stocks and rates
from 1975 to 2000 in a panel regression with 4 observations per country. Table 6 shows the

results obtained in the parsimonious specifications.

Columns (1) and (2) describe the cross section setting. In (1), the estimated coefficients of the
log of the stock of total expatriates and of the share of high skilled migrants are positive and
highly significant. It could be argued that the migration stock is the only significant variable
capturing the size of the country. However, alternative specifications including both the size
of the labor force and the stock of expatriates give similar results despite a strong correlation
(0.68) between these variables. The proportion of skilled migrants is also an important source
of business externality. This suggests that business networks are mostly driven by skilled
migration. In column (2), diaspora effects are constrained to transit through skilled workers.
The short-run elasticity of capital per worker to high-skill migration amounts to 0.019. The

long-run elasticity amounts to 0.46 (0.019/0.041). A 10 percentage-point rise in the number of

3 Interestingly, Buch et al. (2006) show that immigration can also attract FDI from the migrants’ home to host
country; using regional differences for the origin-mix of immigrants to Germany, they show that the presence of
immigrants from a given country significantly affects the spatial bilateral pattern of FDI to the German Lander.
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skilled migrants increases the stock of capital per worker by 0.2% after one period, and by

4.6% in the long-run.

Table 6. Skilled migration and FDI accumulation

@ (@) (€) “
OLS OLS Panel Panel
1990-2000 1990-2000 1980-2000 1980-2000
Initial FDI-funded capital in logs -0.042 —-0.041 -0.032 -0.033
(4.21)%%* (4.06)*** (3.34)%** (3.08)*%**
Labor force growth rate —-0.043 -0.022 0.064 0.005
(0.24) 0.12) 0.29) (0.02)
Initial total migration stock in logs 0.017 - 0.025 -
(2.51)** - 1.72)* -
Initial share of skilled migrants 0.174 - 0.22 -
(2.04)** - (1.97)* -
Initial skilled migration stock in logs - 0.019 - 0.025
- (2.52)** - (1.80)*
High-income dummy 0.090 0.088 - -
(2.33)** (2.29)** - -
Initial democracy score 0.082 0.077 -0.156 -0.179
(1.95)* (1.74)* (2.04)** (2.27)**
Democracy x High-income dummy - - 0.181 0.232
- - (2.10)** (2.43)%*
Initial trade in logs 0.034 0.036 0.050 0.068
(2.13)%* (2.27)** (2.44)** (2.75)**
Trade x High-income dummy - - -0.030 -0.046
- - 1.27) (1.84)*
Initial GDP per capita in logs - - 0.024 0.021
- - 1.07) (0.75)
Constant —-0.040 0.013 -0.399 -0.291
(0.34) (0.13) (42.69)*** (2.34)**
Country and time dummies No No Yes Yes
Nb of observations 109 109 332 332
Nb of countries 109 109 83 83
R-squared 0.53 0.52
Hansen test - Pr>Chi2 0.512 0.225
Arellano-Bond test for AR(1) - Pr>z 0.083 0.082
Arellano-Bond test for AR(2) - Pr>z 0.413 0411

Such cross-sectional results can be biased and inconsistent given the dynamic nature of the
growth equation and the bias of omitted variables. In order to obtain more accurate results,
Docquier and Lodigiani extend their analysis in a panel setting using a more sophisticated
econometric method which accounts for the possible endogeneity of explanatory variables and
unobserved heterogeneity. There is a large debate about the most accurate methodology to

estimate growth equations (see Islam 1995, 2003; Caselli et al. 1996; Barghava and Sargan
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1983; Barghava et al. 2001). In column (3) and (4), we report the GMM system estimator for
dynamic panel data model. This technique exploits both the cross-sectional and the time
dimension of the data. It accounts for unobserved fixed effects. It controls for the potential
endogeneity of all the explanatory variables and allows for the inclusion of the lagged
dependent variable. The period of analysis is divided into 4 sub periods of 5 year each (1980-
85, 1985-90, 1990-95, 1995-00). The sample includes 83 countries for a total of 332
observations in a balanced panel data set. One of the most difficult issue to apply the above
dynamic panel technique is to identify the nature of the explanatory variables (they can be
endogenous, exogenous, weakly exogenous or predetermined). Several specifications were
tried. Given the Hansen and serial correlation tests, we finally retain a specification with the
time dummies and the high income dummy as exogenous variables; all the other time-varying
explanatory variables are considered as predetermined (instrumented with their one lagged

and earlier values).

The estimated coefficient of the log of the stock of the total number of expatriates and the
share of high skilled workers are positive and statistically significant. The magnitude of the
coefficient, at least for the log of the total stock of migrants, is in general higher than in the
cross-section analysis (0.025 to 0.03, instead of 0.02). Also, the log of the highly skilled
migration variable is positive and statistically significant. In model 4, the short-run and long-
run elasticities of the FDI-funded capital stock to skilled migration amount to 0.033 and 0.75,
respectively. A 10 percentage point rise in the number of high-skill migrants increases the
stock of capital per worker by 0.3% after one period, and by 7.5% in the long-run. This
comforts the results of the cross-section analysis, and is in line with results from empirical

studies in a bilateral setting (Kugler and Rapoport, 2006, 2007).

3.5.3. Implications

How could these empirical results be incorporated in our numerical setting? In (5), the

country risk premium can be modeled as
(19)  In(l+¢)=In(1+¢,)-gIn(m,)

where ¢ is the elasticity of the premium to the skilled diaspora size and In(1 + (/)0) is a constant

term.
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The country-specific constant term can be calibrated so as to match the risk rating observed in
2000. We use data available from the OECD for country-specific risk (CSR), which in turn
rely upon the Knaepen Package methodology. Countries are ranked from O (no risk) to 7
(maximal risk). Assuming that the maximal premium is equal to 40 percent for country with
CSR=7. We rescale the CSR by using the following formula in the following way:
WY, =1+.4xCSR/7. This is compatible with Caselli (2007) who show that on average, the

returns to capital are comparable between advanced and developed countries. The average
return to capital in poor countries is 1.6 times higher than in advanced countries after
correction for natural capital, and 1.25 times higher after correction for price differences.
Then, we use the elasticity presented in column (4) of Table 6, i.e. an elasticity of the FDI-
funded capital stock to skilled migration equal to 0.75. Relying on the fact that foreign direct
investments represent less than 10 percent of total investments in developing countries, the
calibrated value for ¢ is around 0.05 Figure 13 shows the impact of a reduction in skilled

emigration on the country risk premium in the long-run.

Figure 13. Skillled emigration and capital accumulation
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By reducing the size of the skilled diaspora, equating high-skill and low-skill emigration rates
would considerably increase communication and information barriers between host and origin
countries. The premium would increase by 12 percent in the countries experiencing the largest
change in their diaspora (countries for which our experiment consists in dividing the skilled
emigration rate by ten). Note that the short-run impact is very similar. Indeed, 85 percent of

the change happens in the first decade after the shock.

3.6. Summing up: brain drain and economic performances

In the previous sections, we reviewed and assessed the impact of the brain drain on the
different determinants of GDP per capita, i.e. A, ¢, a; and ¢. We can now plug these
predictions into (5) and simulate the effect on GDP per capita in the short-run (after 10 years)

or in the long-run.

Although the empirical literature on brain drain, human capital and foreign direct investments
is growing rapidly and delivers “mature predictions”, we have stressed the fact that diaspora
effects on technology adoption are still understudied and deserve further investigations.

Hence, we consider three scenarios regarding productivity externalities:

- Scenario 1 is based on Lodigiani’s model.'* Figure 14 shows the global impact on
GDP per capita. On average and contrary to the traditional view, the brain drain is
beneficial below 45 percent (i.e. the cost of the brain drain is negative) and the optimal
high-skill emigration rate is around 25 percent. In addition, the cost for small states is
limited to 30 percent of GDP (with a few exceptions). Most of the beneficial effect of
the brain drain is channeled through the impact on adoption capacity. Out of 148
countries, we detect 91 beneficial cases in the short-run and 112 in the long-run. This
includes large countries with low emigration rates. Nevertheless, as stated previously
(see sub-section 3.4.3), the group of main beneficial cases also includes sub-Saharan
African countries such as Swaziland, Malawi, Mozambique, Zambia, Mali,
Madagascar, Ghana, etc. This counter-intuitive result could be due to misspecification

problems in the modeling of total factor productivity.

- Scenario 2 is based on the variant of Lodigiani’s model where network effects only

operate for countries with high-skill diasporas above 300,000 people. The global

'* See Figure 11 for the simulation of the change in total factor productivity.
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impact on GDP per capita is given on Figure 15. On average, the brain drain is
beneficial for origin countries below 35 percent and the optimal high-skill emigration
rate is around 10 percent. The effect is much more limited than in the previous
scenario. Out of 148 countries, we detect 108 beneficial cases in the short-run and 125
in the long-run. The 15 main beneficial cases are India, China, Philippines, Vietnam,
Argentina, Venezuela, Iran, Mongolia, Maldives, Brazil, Thailand, Costa Rica,
Botswana, Egypt and Paraguay. On the contrary, among the countries where the short-
run cost of the brain drain exceeds 2.5 percent of GDP, we have El Salvador, Mexico,

Suriname, Lebanon, Cape Verde, Haiti, Fiji, Guyana, Belize, Jamaica, etc.

- Scenario 3 is based on a Lucas-type technological externality (A, = A,h, with e=4)."

The global impact on GDP per capita is given on Figure 16. On average, the brain
drain is beneficial below 20 percent (i.e. the cost of the brain drain is negative) and the
optimal high-skill emigration rate is around 5 percent. On the contrary, the costs are
very large for small states and follow the prediction of the traditional view. Out of 148
countries, we detect 85 beneficial cases in the short-run and 123 in the long-run. The
15 main beneficial cases are Maldives, Bhutan, Thailand, Brazil, Venezuela,
Mongolia, Indonesia, Argentina, Chad, Burkina Faso, Paraguay, Namibia, Botswana,
China and India. On the contrary, among the countries where the short-run cost of the
brain drain exceeds 20 percent of GDP, we have Kenya, Laos, Lebanon, Mozambique,
Liberia, Ghana, Sierra Leone, Gambia, Fiji, Belize, Cape Verde, Haiti, Jamaica,

Guyana.

Figure 17 plots the short-run and long-run impacts under scenario 2. Since the elasticity of
human capital formation to migration prospects is much larger in the long-run, it is not
surprising that more beneficial cases are obtained in the long-run. A very similar pattern is

obtained under scenarios 1 and 3.

"% See Figure 12 for the simulation of the change in total factor productivity.

56



Figure 14. Short-run brain drain cost under traditional and modern views (Scenario 1)
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Figure 15. Short-run brain drain cost under traditional and modern views (Scenario 2)
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Figure 16. Short-run brain drain costs under traditional and modern views (Scenario 3)
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Figure 17. Short-run and long-run impacts (Scenario 2)
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In sum, there is a big deal of uncertainty about the magnitude of the losses experienced by the
most affected countries, especially small states. However, for countries exhibiting low skilled
emigration rates (below 20-30 percent), gains are very likely to be observed. This pertains to
the vast majority of developing countries. The 2000 average level of GDP per capita in
developing countries is equal to US$3,782.2 (in PPP). Under the traditional view, it would
increase by 5 percent in the short-run. Under the modern view, it would decrease by 9.8
percent in Scenario 1, 10.3 percent in Scenario 2 and 7.7 percent in Scenario 3 after 10 years.
The long-run impacts would be -16.5, -17.8 and -32.2 percent, respectively. In addition,
lowering the brain drain could raise between-country inequality across developing countries.
Abstracting from within-country inequality'®, Figure 18 represents the effect of our numerical
experiment on the Lorenz curve. Under the traditional view, the new Lorenz curve (not
represented) perfectly coincides with the observed one. Under the new view, the Lorenz curve
clearly shifts downward in the long-run and in the long-run. The simulation is based on

Scenario 1 but similar patterns are obtained under the scenarios 2 and 3.

Figure 18. Brain drain and the Lorenz curve (Scenario 1)
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3.7. The transfer channel

Besides its direct effect on the domestic output level, migration also induces international
transfers. Migrants’ remittances constitute an important channel through which the brain drain
may generate positive indirect effects for source countries. Workers’ remittances often make a
significant contribution to GNP and are a major source of income in many developing
countries. Recorded remittance flows to developing countries increased almost fivefold from
US$57 billion in 1995 to US$240 billion in 2007, now representing roughly the same amount

as FDI and about three times as much as official development aid (World Bank, 2008).

Migrants’ remittances impinge on households’ decisions in terms of labor supply, investment,
education, migration of relatives, occupational choice, and fertility, with potentially important
aggregated effects on poverty rates, income distribution, and a variety of other economic
outcomes.'” This is especially the case in poor countries where capital market imperfections
(liquidity constraints) reduce the set of options available to members of low-income classes.
However, as rich countries increasingly pursue skill-selective immigration policies and
migration, as we have seen, is increasingly of the brain drain type, this has given rise to
questions as to whether the increasingly high-skilled nature of emigration from developing
countries will hamper the rise in remittances. We address this question theoretically and

empirically, before reframing it in within an accounting framework.

3.7.1. Do skilled migrants remit less? Theory and macro evidence

Theoretically there are several reasons to believe that there will be differences between the

remitting patterns of highly-skilled emigrants and less-skilled emigrants.

- On one hand there are several factors which would tend to lead highly skilled migrants
to be more likely to remit and/or to send a larger amount of remittances. First, highly
skilled individuals are likely to earn more as migrants, increasing the potential amount
they can remit. Second, their education may have been funded by family members in
the home country, with remittances providing a repayment of this family investment.
Third, skilled migrants are less likely to be illegal migrants, and more likely to have

bank accounts, lowering the financial transactions costs of remitting.

' See Rapoport and Docquier (2006) for a general survey
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- On the other hand there are several factors which may lead highly skilled migrants to
be less likely to remit or to remit less. First, highly skilled migrants may be more
likely to migrate with their entire household, so not have to send remittances in order
to share their earnings abroad with other household members. Second, they may come
from richer households, who have less need for remittances to alleviate liquidity
constraints. Third, they may have less intention of ever returning to their home
country, reducing the role of remittances as a way of maintaining prestige and ties to

the home community.

A priori then, it is not clear which direction will dominate, and thus whether the highly skilled

will remit more or less on average.

The only empirical evidence to look at this issue across a range of countries are two recent
papers (Faini, 2007, and Niimi, Ozden, and Schiff, 2008), which use cross-country
macroeconomic approaches to claim that the highly skilled remit less. Faini (2007) shows that
migrants’ remittances decrease with the proportion of skilled among emigrants; he takes this
as suggestive evidence that “the negative impact of the brain drain cannot be counterbalanced
by higher remittances”. Faini’s results are confirmed by Niimi et al. (2008) after
instrumenting. Such analyses can at best tell us whether countries which send more (or a
larger share of) highly skilled emigrants receive less or more remittances than countries that
send relatively less skilled emigrants. However, there are very many other ways that countries
differ, and so any correlation between remittances and the skill level observed across
countries may be spurious. For example, if poverty is a constraint to both migration and
education, we may find richer developing countries being able to send more migrants
(yielding more remittances), and that these migrants also have more schooling. Moreover,
these studies suffer from the fact that they use migration data for emigrants to the OECD area
only while the remittances data are for remittances sent from the rest of the world, not just the

OECD, which creates important potential sources of bias.

3.7.2. An accounting framework

To assess how the brain drain impacts remittances, we calibrate an accounting model on the
world data. High-skill and low-skill migrants remit fractions 7y, and 7y, of income earned
abroad. From the empirical literature, we have no idea about the difference between 7y, and ; .

For theoretical reasons, we can reasonably expect 7y, to be smaller or equal to ;. Let us define
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by Yo=Y#/ Vi the ratio of propensities to remit (Yp<1). The amount of remittances received in

developing countries can be written as
(20) R, =2.7 (Mg,t%yg,t +M;,ty3,t)

Where (M poaM (’“) are the numbers of high-skill and low-skill migrants in destination

country d, and (yg,t, yf,qt) are the income per capita of high and low-skill migrants at

destination.

Restricting the set of destinations to high-income countries, migrants’ income per capita by
education level can be estimated for each destination. We consider 33 high-income
destination countries (30 OECD members + Singapore, Saudi Arabia, South Africa). In all
these destinations, assume the average return to an additional year of schooling is 10 percent
and average years of schooling of workers are equal to 6 (for primary educated), 12 (for
secondary educated) and 16 (for tertiary educated). Hence, workers with tertiary and
secondary education earn respectively 2.6 and 1.8 times more than workers with primary
education. Using data on the structure of the labor force, we can proxy the levels of income
per capita of high-skill and low-skill workers in each high-income country. Due to
assimilation problems, immigrants earn on average less than native workers. Following
Dumont et Lemaitre (2007) or Coulombe and Tremblay (2007), we consider that assimilation
is a concave function of the ratio of GDP per capita between origin and destination countries,
with an elasticity equal to 15 percent. Hence, Ethiopian workers in the United States earn 45

percent less than US natives.'®

Using these predicted income levels at destination and data on remittances R, in 2000, we use
(20) to calibrate y; for 10 possible values of Y, (ranging from O to 1). Figure 19 shows the
calibrated propensity to remit of unskilled workers for ten important recipient countries
(where remittances represent 13 to 30 percent of GDP). The fraction y; obviously decreases
with Y. In some cases (Jordan or West Bank and Gaza), the propensity to remit exceeds 1

when 7y is too low. A value of ¥y between 0.5 and 0.75 seems quite realistic.

'® Ethiopian and US levels of GDP per capita are US$800 and 48,000 in PPP. The “assimilation rate” is given by
(48,000/800)"1°=0.541.
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Figure 19. Calibrated propensity to remit of low-skill migrants
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On this basis, we can compute the change in the amount of remittances which would be
observed if high-skill migration rates were reduced to low-skill rates. The shock reduces the
number of skilled emigrants to high-income countries. We suppose that the percentage change
is identical across destinations. For example, the shock reduces the Cambodian diaspora by
87.7 percent after 10 years and by 91.2 percent in the long-run. These percentages are applied

to the Cambodian diaspora in the US, Europe, Singapore, etc.

Figure 20 compares the results obtained for GDP per capita and income per capita. It focuses
on the long-run impact computed using Scenario 1 but similar patterns emerge in the short-
run under other scenarios. The impact of remittances appears to be rather limited. It shows
that responses in income per capita are perfectly correlated and almost equal to changes in
GDP per capita. The ‘transfer’ channel looks minor and, with a few exceptions, does not

significantly impact the gains and costs of the brain drain.
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Figure 20. Brain drain impact GDP per capita and income per capita
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4. Policy issues

In this section we evaluate the policy implications of the brain drain. In particular, we ask
whether sending countries should rethink their education policy in the face of the brain drain,
whether immigration policies in receiving countries are at odd with their aid and development
policies, and whether international cooperation is required (and feasible) in order to allow for
a better sharing of the surplus from international skilled migration. Finally, we discuss the
likely effects of the current crisis on the future of international skilled migration from

developing to developed countries.

4.1. Implications for education (and other) policies in sending countries.

Given that the social return to education is higher than its private return, education subsidies

can in theory (and are in practice) used to address human capital externalities. However, one
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may wonder whether education subsidies remain an appropriate policy response in a context
of brain drain. Stark and Wang (2002) explore how migration and education subsidies may
substitute one the other and be optimally combined as policy tools in the hands of home
country governments.19 Docquier, Faye and Pestieau (2008) refine this argument and provide
empirical evidence showing that it is indeed the case that public expenditures on education are
lower in high skilled emigration countries, including after controlling for possible reverse
causality. The rationale is the following: in case of beneficial brain drain, migration prospects
stimulate human capital accumulation and can be seen as a substitute for education subsidies;
in case of detrimental brain drain, each dollar invested in the public education system
generates lower social returns (the number of remaining skilled decreases) and induces higher
perception costs (less educated fiscal contributors). Finally, Poutvaara (2008) proposes a
theoretical model where the possibility of brain drain distorts the provision of public
education away from internationally transferable education (e.g., exact sciences, engineering,
economics, medical professions) and towards country-specific skills (e.g., law), with the
source country possibly ending up training too few engineers and too many lawyers; he then
demonstrates that such a negative outcome could be avoided by introducing graduate taxes or

income-contingent loans for students to be (re)paid also in case of emigration.

More generally, governments can, and should react to the departure of the highly educated by
adjusting the public supply of higher education. We just briefly discussed the case of
education subsidies and that of public education provision in particular fields. Other possible
routes include promoting foreign education, adjusting education quality, or having an export

strategy of skilled professionals.

Should local governments free ride on destination countries’ foreign education programs, and
encourage their students to educate abroad? Such a strategy induces positive and negative
effects. On the one hand, it would certainly represent a source of fiscal gain, at least in the
short run (especially for small countries suffering from high emigration rates); it would

reasonably increase the quality of tertiary education and allow local governments to reallocate

" In the same spirit, Docquier and Rapoport (2009) use a simple brain drain model allowing for introducing
(lump-sum) taxes and education subsidies. In this specific setting and under a balanced budget constraint, the
fiscal loss of the brain drain entails a fiscal adjustment through either higher taxes or lower subsidies. Reducing
education subsidies lowers the proportion (less efficiency) and income (less inequality) of skilled workers, while
increasing taxes stimulates education investments but disproportionately harms unskilled workers. Hence,
providing that liquidity constraints are not binding and human capital externalities are not too strong, the choice
between a fiscal adjustment through taxes or through subsidies raises an efficiency-equity trade off, with the
optimal policy-mix depending on the social objective (welfare function) of the government.
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subsidies to primary/secondary education or other types of productive investments.”® On the
other hand, outsourcing tertiary education makes access to education more unequal if
outsourcing costs are partly supported by family members. But most of all, as emphasized by
Rosenzweig (2005), foreign education provides its owners with a much higher probability to
find a job in the training country (due to better recognition of diploma, knowledge of the
culture and language, better quality of education, and network ties), meaning that students’
mobility is likely to further increase the brain drain and prove detrimental in the longer run,

especially where the brain drain is detrimental to start with.>'

An interesting policy is conducted by the Ministry of National Education in Turkey which
encourages Turkish students (the program includes an average of 1000 students per year) to
attend Master or Doctorate programs abroad. Students are selected via a central examination
system which is managed by the Higher Education Association. Selected students are offered
a scholarship (covering tuition and living expenses) but contractually commit to return after
training and to work in national universities or other national entities. As a rule of thumb,
students must work twice the years they have spent abroad with the scholarship. In other
words, if a student finished his/her doctoral studies in 5 years, s/he must work at least 10 years
in a predetermined job place. Students who do not return have to pay the amount in

commitment letter which they have signed before studying abroad.”

Should local governments instead increase education expenditures and try to improve the
quality of home-country higher education institutions in order to retain more students at
home? One possible answer is to design quality-assurance programs (i.e., certification of the
quality of higher education by national or international agencies) aimed at reducing
uncertainty about education quality while at the same time making it more transportable

. . . . . . .23
internationally, as has been done in a number of Asian and Latin American countries.

Which route is preferable certainly depends on the extent to which the quality of public
education impacts on the international transferability of human capital and on the extent to

which having foreign education increases the probability of staying in the country of training,

0 A possible endogenous policy response in source countries is to adjust the supply of public infrastructure
(Grossman and Stadelmann, 2008).

! Students” mobility and skilled workers mobility appear to be strongly correlated. Using UNESCO data on
foreign students in 2004 and the Docquier and Marfouk (2006) skilled emigration rates, we obtained a
correlation of .48 between the two.

22 For more details, see http://bologna.yok.gov.tr/Doktora/.

2 See Lien (2008) for a few examples and a theoretical discussion of the effects of such programs on the demand
for local and foreign higher education and the conditions (depending on the distribution of abilities, the initial
(pre-program) demand levels, and return rates) for such programs to be welfare improving.
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not to mention the role of home-country characteristics such as geographic, linguistic and
cultural proximity with the leading nations. It also depends on the social welfare function of
the government: as discussed in Docquier and Rapoport (2009), increasing taxes and subsidies
may be good for human capital accumulation but detrimental for the welfare of the low
skilled. In most circumstances, the fiscal adjustment to a detrimental brain drain raises a

tradeoff between efficiency and social justice.

Unfortunately, all these issues are currently largely understudied and therefore policy
recommendations in this area should be taken with great caution as they are not enough
evidence-based. To the least, policy recommendations should not be uniform as countries
with different characteristics are affected differently by the brain drain. As we have seen,
certain countries at intermediate level of development and with not too high skilled
emigration rates can take advantage of migration prospects and of having a skilled diaspora
abroad. Such countries should invest in public education quality so as to provide students with
internationally transferable human capital. They should also let the substitution between
migration prospects and education subsidy operate by allowing for private provision of higher
education in certain fields with high international demand (e.g., nursing school, engineering
schools). On the other hand, the poorest countries (with binding liquidity constraints and
poorly transferable education) with high skilled emigration rates should largely outsource
higher education training and rely on development cooperation programs (of the “training and
return” type) except for very specific needs (e.g., local teachers and civil servants at

intermediate levels).

4.2. Immigration (and emigration) policy

In this paper we emphasized the distributional effects of the brain drain both within and
(mostly) across countries. In particular, we showed that certain home-country characteristics
in terms of institutional quality, technological distance, and demographic size, are associated
with the ability for a country to seize the benefits from skilled diaspora networks and,
similarly, that a “beneficial brain drain” is more likely where skilled emigration rates are
sufficiently small and human capital levels are not too high. The implications for migration

policy are far reaching.

From the perspective of developing countries, the main implication is that for a given

developing country, the optimal migration rate of its highly educated population is likely to be
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positive. This is shown formally by Docquier and Rapoport (2009) in a simple model where
wage differentials and credit-constraints combine to generate an inverse-U shape pattern
between optimal skilled emigration and level of development.24 Whether the current rate is
greater or lower than this optimum is an empirical question that must be addressed country by
country. In many instances, countries that would impose restrictions on the international
mobility of their educated residents, arguing for example that emigrants’ human capital has
been largely publicly financed, could in fact decrease the long-run level of their human capital

stock.

From the perspective of receiving countries, the main implication is that selective immigration
policies aimed at attracting the highly educated and skilled may or may not contradict the
goals of their aid and development policies depending on where the additional skilled
migrants come from. The difficulty then is to design quality-selective immigration policies
that address the differentiated effects of the brain drain across origin countries without
distorting too much their immigration system. Frequently suggested options include designing
specific incentives to return migration to those countries most negatively affected by the brain
drain, and promoting international cooperation aiming at more brain circulation. It has also
been suggested that in coordination with national and supra-national development policies,
quality-selective immigration programs could also include a blacklist of high-risk occupations
and/or origin countries (e.g., physicians and nurses originating from high medical brain drain
countries with less than 0.5 healthcare professionals per 1,000 people). However, there is little
a host country can do to alter the origin-mix of its immigrants. Empirical analysis on the
determinants of the brain drain (e.g., Mayda, 2009, Docquier, Lohest and Marfouk, 2007)
show that networks (diasporas) and invariant bilateral variables (such as geographic and
linguistic distance, colonial ties, etc.) largely explain the size and skill composition of
migration. Recalling that selective immigration policies can only select immigrants among a
pool of self-selected candidates, the main (but still limited) effect of such policies is to alter
the skill composition of immigration from given countries rather than sparking new migration
chains. A corollary is that some receiving countries may implement quality-selective
immigration policies which happen to be beneficial to origin countries, while others may

promote the same policies with adverse effects on development.

?* In their setting the optimal migration rate is zero for relatively rich countries, that is, for countries with a low
foreign wage premium, it then increases with the foreign wage premium as long as liquidity constraint are not
binding, and then decreases for poor countries where liquidity constraints are binding.
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For the sake of illustration, let us briefly analyze the origin-mix of skilled immigrants to
Western Europe (EU15). Europe is currently less selective than the United States and other
traditional immigration countries such as Australia and Canada. For example, while Europe’s
net skilled migratory balance was basically zero in 2000 (outflows of skilled Europeans to the
rest of the OECD area are more or less compensated numerically by inflows of skilled
immigrants from developing countries), it was largely positive for the United States, with a
net inflow of skilled immigrants representing 5.4 percent of the labor force, and even more so
for Canada (10.7 percent) and Australia (11.3 percent). This means that Europe also has the
greatest potential for more selectivity, and we are actually witnessing such a tendency in
many EU counties. Given what we know from cross-country analyzes on the push and pull
factors of migration, a change in European migration policies (such as the introduction of
point-systems or similar selection devices, or the European blue card project) is likely to
primarily affect the traditional suppliers of skills to the European economy. However, in spite
of its lower selectivity, Europe disproportionately attracts migrants from demographically
small, economically very poor (less developed), and institutionally disadvantaged countries,
especially African ones (see Figure 21).” These countries are typically those negatively
affected by the brain drain (see section 3.2.2 above) and which lack the characteristics and
institutional environment which help realizing the potential gains from diaspora networks.
Recent policy changes in Europe, if confirmed, are therefore likely to increase the brain drain

from these countries without generating any sizeable brain gain or compensating feedbacks.

From the analyses above we can also conclude with some confidence that the optimal
immigration and development policy mix will be different for different host countries.
Selective immigration policies in countries such as Canada, Australia and, to a lower extent,
the US and the UK,, are broadly consistent, and in some cases may even be seen as adjuvant
to source countries growth and development goals (with the exception of Caribbean and
Central American countries). In contrast, continental Europe’s situation raises a trade off
between immigration and development policy: more selectivity, which may be required from

a nationalistic viewpoint, would penalize further Europe’s main suppliers of skills. To attract

% For example, the share of skilled immigrants opting for Europe is more than twice the share of Europe in the
OECD’s population in the case of 22 countries out of 127 countries in our sample, and nearly all of them are
located in Africa.
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more skills and talent, Europe should first try to become more talent-friendly to try to get back

some of its many skilled expatriates and curb the exodus of European researchers.”®

Our second recommendation is to oppose creating blacklists of professions or source
countries from which it would be forbiddent to recruit skilled professionals. Economists tend
to dislike distortions, which often solve a problem by creating a bigger one. In the context of
brain drain, this is supplemented by a moral argument as the countries generally cited as
candidates for being blacklisted are precisely those where emigration is quite often provoked
by political and racial conflicts and/or oppressive and corrupted governments. Constituting
such blacklists would deprive many developing countries individuals from their basic right to
escape oppression and extorsion, and could even lead to higher political and economic
repression (Docquier and Rapoport, 2003). Finally, such blacklists of countries and
professions could be subject to protectionist lobbying and based on changing, and quite often
erroneous, appreciation of the role of migration in explaining professional shortages in
developing countries. For example, a proposal to ban recruitment of health professionals from
Sub-Saharan Africa has gained wide support in many healthcare and media circles; however,
it is doubtful whether the medical brain drain is detrimental to Africa in general; in many

cases, it appears to be beneficial, especially for countries with poor medical infrastructure.”’

%% See our second case-study in Docquier and Rapoport (2009b)
*7 See our first case-study in Docquier and Rapoport (2009b).

70



Fig. 21. Europe’s (EU15) share in the brain drain from developing countries
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4.3. Taxation policy: the case for a Bhagwati tax

The idea of introducing a "tax on brains" (later coined "Bhagwati tax") was first proposed in
the 1970s by Jagdish Bhagwati, according to the following principles: i) it is an income tax
paid by skilled emigrants on top of their regular income taxes, the tax revenue being
transferred by the tax authorities of the host country to the government of the home country;
ii) the rationale for the tax is double: compensation (of those left behind, for the externality
imposed on them, and of home country governments for their publicly financing education
costs), and equity (through redistribution of the rents earned by skilled emigrants as a result of
international restrictions on labor mobility); and iii) the tax is basically a tax on retained

citizenship (in its last version).

Given the dramatic rise of the brain drain during the last two decades and the current trend
toward increasingly selective immigration policies, one may ask whether the time has come to
think afresh about such a tax on expatriated brains. Or, in the words of Bhagwati (2009, pp.
10-11): “Now that the incomes of the skilled migrants have reached exceptionally high levels,

and even a small surcharge levied on US income of Indian citizens in the US would raise
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sums of money that could add significantly to the Indian budget, for example, the issue has

come back into economic research and public debate”.

In its current format, the Bhagwati tax proposal comes part of the way towards addressing the
various objections raised at different stages of its formulation. For example, to be consistent
with a “rent” rationale, the proceeds of the tax must be administered by some international
authority, which raises political feasibility issues and does not guarantee any direct or
proportional compensation for home countries. As seen, the proposal now states the proceeds
should be used to compensate those (public and private) left behinds, that is, households and
governments at home. As noted by Bhagwati, another objection was that there need not be
compensation in the first place as in many instances education is privately financed and/or
acquired abroad. In addition, many skilled emigrants would be unemployed or employed
ineffectively at home, while many others (or the same ones) emigrate to escape corruption,
violence or economic discriminations which should by no means be encouraged by fiscal
compensations.28 Finally, it was argued the tax was equivalent to an exit tax and represented a
form of extortion; again, as far as the last version is concerned this is easily refutable as one

can always voluntarily forfeit citizenship.

How would such a tax work, and which form should it take? As acknowledged by Bhagwati
(2009), the many iterations and changes finally led to something very close in practice to the
US tax system; he writes: “I discovered accidentally that this was in fact what the United
States was doing: taxing by citizenship, not by residence (as the Europeans did). The US
practice was the one that finally fitted neatly my thinking; and so the Bhagwati Tax took the

final form of extension of income tax jurisdiction to nationals abroad.”

Nevertheless, a number of issues may be raised against the Bhagwati tax proposal: some have
to do with legal and administrative feasibility (see McHale, 2009), others with the rationales
for taxing skilled emigrants, which can be reappraised in the light of the new economic
perspectives on the brain drain developed in this paper. Last but not least, and
notwithstanding time-consistency issues, the “tax on retained citizenship” argument may limit
the scope of the tax to just of few countries and individuals. To put it simply, the US tax

system cannot be extended worldwide because the threat of losing citizenship does not

% On the former point, Bhagwati (2009, p. 10) notes: “Today, that objection seems far less cogent as several
highly-skilled migrants, whether temporary or permanent, come with exceptional education from leading
educational institutions in key exporting countries such as India and South Korea, with that expensive education
fully financed by the governments.” On the latter point, see our discussions on the brain waste in section 4.2.4
above.
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operate for most origin countries. Regarding the other rationales for the tax, it seems the
“rent” argument can easily be reversed once one adopts a new growth theory perspective: in a
world of increasing returns and agglomeration effects, restrictions to international mobility of
the highly skilled, if anything, decrease the migration premium earned by skilled emigrants.
The compensation argument can also be challenged as many developing countries appear to
actually benefit from the interaction with their skilled diasporas as well as from the additional
incentives for people to invest in mobile human capital, as we have seen. * In contrast, the
countries for which emigrated citizens would not try to retain citizenship are exactly those
whose characteristics are conducive to a detrimental brain drain: poor institutions, very low

income, and low growth prospects.

There are, therefore, many good reasons to object to a tax on brains, and as many reasons to
go for it on both efficiency and equity grounds. Docquier and Rapoport (2009) discuss this
issue within their simple theoretical framework. They show that in terms of efficiency, a
Bhagwati tax is detrimental unless credit constraints on education investment are binding. In
both cases, redistributing the tax revenue as an education subsidy is more efficient than a
lump-sum transfer. In terms of social justice, however, taxing migrants and redistributing the
proceeds from the tax as a lump-sum transfer is preferable as long as spillover effects (human
capital externalities) are not too large.3 % There is a growing consensus that the rationale for
such a tax should be a surplus sharing one, and that it should be based at least partly on a
voluntary mechanism: retained citizenship, as advocated by Bhagwati, or an insurance-upon-

return tax cut, as suggested by Wilson (2008).

However, the magic formula that would gain wide support from all the sides involved has yet
to be found. In our view, a revised Bhagwati tax proposal should follow the following

principles:

1. The rationale for the tax is a surplus sharing one; in case a compensation is needed, then the
proceeds from the tax serve as partial compensation and mitigate the risks of seeing home
country governments disinvest in higher education, which would result in a global

inefficiency.

% Still, the relative losses of the losers may be substantial, and in any event the receiving countries and most of
all the migrants themselves appear to be the main beneficiaries.

%0 See also Wilson (2009), who shows that a tax on brains could benefit the home country even if home country
governments are malevolent.

*! Based on Rapoport and Von Weizacker (2009).
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2. The tax is on top of the regular income tax paid to host country government, and levied
according to a matching principle: for example, a 1 percent tax paid by the skilled expatriate
(defined as someone who left his home country after age 18) would be matched by an

equivalent amount paid by the host country government.

3. The migrant can choose whether the proceeds from the tax should be transferred to a
bilateral Fund, a global fund, or a NGO/charity of his choice. This prevents from rewarding
oppressive home country governments and should spark efforts on their side to induce

migrant opting for the first option.

4.4. Economic migration programs and the economic crisis.

In the second half of 2008, most industrialized countries entered in what appears as a deep
recession sparked by the financial crisis. The global recession, often described as the most
severe since the Great Depression of the 1930s, has resulted in rising unemployment and
pessimistic employment forecasts for the near future. In March 2009, the US bureau of
Statistics reported that the unemployment rate had risen by 3.4 percentage points over the past
12 months. Statistics Canada reported “job loss carnages” in all provinces and plead for
expanding the coverage of the Employment Insurance Program urgently. Similar increases in
unemployment rates have been observed in the last quarter of 2008 and the first quarters of
2009 in European countries such as France (after two years of decline), Germany, the United
Kingdom, Belgium, etc. Many observers predict a recovery of economic activity for 2010 but

the revival of the labor market could be delayed until 2011.

How will these developments affect skilled migration flows and stocks from developing to
developed countries? As underlined in this paper, the outcome will result from the interaction
between migrants’ self-selection decisions and receiving countries immigration policy

responses to the crisis.

Let us first focus on the supply side, that is, on migration (and return migration) decisions.
Obviously, some migrants may choose to return home after losing their jobs, or because they
expect lower benefits from staying over. On the other hand, the economic recession in the

Western world may transmit itself to developing countries through a number of channels,
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including decreases in trade flows and prices, lower inflows of remittances,”” lower foreign
investments or official assistance, which could in turn exacerbate migration pressure. This is
not certain though as wage differentials may actually be reduced and, in addition, lower
income at home may make migration more credit constrained (see, e.g., Rotte and Vogler,
2000). While the credit constraint argument would seem less relevant in the case of highly-
skilled workers, they may be more sensitive to the gloomy employment prospects and
concerned about future restrictions on immigration in destination countries. In any event, it is

difficult to predict which effect will dominate, be it for low-skill or high-skill workers.

So far, there have been no signs of massive returns. Regarding migration in general, the UN
“gender and migration virtual community” reports that “migrant sending countries currently
are not seeing a massive return of migrant workers as was predicted last fall, at least not from
advanced economies. Migrants working and residing in developed countries are apparently in
no hurry to return home, considering it easier to face the crisis in the EU, US and other
Northern societies.” In the case of skilled migration, however, this assessment is may be less
relevant and is contradicted by many media reports and anecdotal evidence of skilled workers
going back home. For example, official figures from the Philippines report over five thousand
Filipino skilled workers lost their jobs overseas from October 2008 to January 2009 and
returned. Another well know example is that of Poles massively leaving the U.K. (it is
estimated nearly a third has left) or Iceland. At the same time, it seems there is a slowdown in
the pace of arrival of low-skill immigrants. For example, US border enforcement authorities
reported a decrease in the number if illegal immigrants apprehended at the U.S.-Mexico
border, raising the possibility for poor labor market conditions in the US deter illegal
migration.33 However, the concomitant expected tightening of immigration laws at destination
may prevent current illegal migrants from returning and actually increase the stock of illegal

migrant workers.

Second, on the demand side, many changes are also expected due to increased political
pressures to adjust immigration policies to the new context.’® As is well known, political
decisions are sometimes opportunistic and based on populist considerations, and even more so

in the case of immigration policy, which is often dictated by attitudes towards immigrants.

32 The World Bank says global remittances are expected to fall by 0.9 percent in 2009, but could fall by as much
as 6 percent if the economic situation worsens.

33 See “Border arrests drop to 1970s level”, Los Angeles Times, March 8, 2009.

** According to media reports, large-scale protests have been held in Britain against the use of foreign workers at
an oil refinery. In a September 2008 poll, a survey conducted at the onset of the current crisis showed 66 percent
of Irish felt immigration policy should be made more restrictive.
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Kessler and Freeman (2003) demonstrated that right-wing populism increases under adverse
economic conditions in Europe. Examples of such “new protectionism” have been numerous
in the last few months. In February 2009, the United States enacted a law imposing strict
restrictions on hiring of skilled immigrant workers by companies receiving government
bailout money.35 In Spain, the Zapatero government has decided in the face of rising
unemployment to offer all non-EU immigrants a chance to cash in their unemployment
benefits; in exchange, they must leave the country and agree not to return for at least three
years. Malaysia and Saudi Arabia directed companies to lay off foreign workers first if they
needed to downsize, and Ireland is apparently in the process of reconsidering its liberal
immigration laws which allowed for massive levels of immigration to sustain the country's
economic growth since the late 1990s. In Italy, the Berlusconi government just passed (in

May 2009) a very strict legislation to fight illegal immigration.

At this stage, it is worth reminding that immigration policy has essentially long-run
objectives. In the case of skilled migration, these objectives have to do with the global
competitiveness of the economy, its ability to invest in research and development and take
advantage of the human and social capital skilled migrants bring in; attenuating the
demographic and fiscal burden of aging and offering a legal option against illegal migration,
on the other hand, are often cited as the main objectives in the case of low-skill workers. The
objective of dealing with occupational shortages may be relevant for both high and low-skill
workers; however, this is a short-term objective, which should not be central when designing
immigration policy. Certainly, the economic crisis will affect labor demand and the
magnitude of employment mismatch in many sectors and occupations. A steady-stream
monitoring of the labor market is necessary and could lead to changes in the demand for
certain types of economic immigrants. Nevertheless, rich country institutions should bear in
mind that the pre-crisis shortages could recur after the crisis or curb the revival of activity. In
addition, as far as long-run objectives are concerned, government could leave long-run targets
aside to avoid tensions on the labor market (just as they have given up budgetary orthodoxy to
revive economic activity with Keynesian plans). In sum, optimal adjustments of economic
migration programs are also difficult to predict and depends on the political priorities of

receiving countries.

> American Recovery and Reinvestment Act of 2009 (H.R. 1), final version published on February 10, 2009.
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On the whole, the last policy initiatives frequently appear as guided more by populistic
considerations than by economic principles, at least as skilled immigration is concerned.
Preventing firms from hiring qualified personnel in times of skill shortages, as enacted in the
US, is likely to delay recovery. Encouraging current migrants to go back home with social
benefits, as done in Spain, is likely to attract a new wave of migrants who will be less
integrated and increase negative public attitudes towards immigration. Malaysia and Saudi
Arabia have often used immigrants and minorities as scapegoats in times of economic
distress, and the last decisions on immigration follow that tradition. Finally, it is just wrong to

try to solve short-run problems by using long-run policy tools.

5. Conclusion

In this paper, we have largely demonstrated that the impact of highly skilled emigration on
sending countries needs not be detrimental. In terms of human capital, the brain drain
becomes highly detrimental when it exceeds a threshold which can be estimated around 20
percent. If one accounts for other feedback effects in terms of technology diffusion, better
institutions, screening-selection of skilled migrants, remittances, and induced trade and FDI,
the threshold can reasonably be expanded to 35 percent. A corollary of this is that the optimal
skilled emigration rate could be around 15 percent in developing countries. Obviously, these
numbers should be taken cautiously. First, the situation is likely to be very heterogeneous
across countries, especially if the brain drain is concentrated in certain sectors such as
healthcare and teaching. Second, the empirical literature remains relatively poor to guide
policymaking. In particular, due to data limitations, existing empirical studies are mostly
based on cross-sectional regressions, which is an inherent limit as this precludes from
capturing the complex dynamics of migration and human capital. The main research priority,
therefore, is to extend the empirical research on the growth effects of highly skilled migration

for source countries.
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7. Data appendix

List of comprehensive tables:

Table A.1. Extensive measure of the brain drain
Table A.2. Adding 30 non OECD host countries
Table A.3. Corrected brain drain rates by age of entry
Table A.4. PhD graduates in the US in 2003

Table A.5. Physicians’ brain drain 1991-2004 (in percent)



Table A.1. Extensive measure of the brain drain

Skilled emigration

""High-Low"' ratio

Skilled emigration

""High-Low" ratio

stocks of emigration stocks rates of emigration rates

1990 2000 Ratio | 1990 2000 Ratio | 1990 2000 Ratio | 1990 2000 Ratio
Afghanistan 18827 53358 2,83 | 0,89 1,14 1,28 | 12,8% 22,6% 1,76 | 30,11 37,30 1,24
Albania 28694 47357 1,65 | 0,17 0,24 1,40 | 15,3% 17,4% 1,14 0,99 0,96 0,97
Algeria 28809 86769 3,01 | 0,06 0,19 292 | 8.2% 9,4% 1,14 1,54 2,06 1,34
Andorra 307 640 2,08 | 0,46 0,92 1,98 | 8.4% 12,4% 1,47 3,57 4,75 1,33
Angola 3362 7769 2,31 | 0,36 0,29 0,81 | 2,5% 3,6% 1,46 6,32 4,07 0,60
Antigua and Barbuda 4317 9198 2,13 | 0,98 2,32 2,38 | 67,2% 68,5% 1,02 2,70 3,21 1,19
Argentina 73613 112428 1,53 | 1,75 2,06 1,18 | 3,4% 2,8% 0,81 8,86 5,65 0,64
Armenia 23748 30493 1,28 | 3,98 1,76 044 | 9,1% 8,9% 0,98 | 10,85 3,97 0,37
Australia 69262 117868 1,70 | 1,80 3,63 2,02 2,1% 2, 7% 1,30 1,79 2,69 1,51
Austria 117713 130148 1,11 | 0,72 0,94 1,30 | 16,7% 13,5% 0,80 2,39 1,87 0,78
Azerbaijan 1762 13744 7,80 | 0,27 1,87 7,03 | 0,4% 1,8% 4,29 0,79 4,39 5,53
Bahamas, The 5324 10973 2,06 | 0,97 2,19 2,25 | 36,4% 36,9% 1,01 4,30 5,15 1,20
Bahrain 1160 2491 2,15 | 1,72 2,33 1,35 | 42% 5,1% 1,22 | 10,42 9,24 0,89
Bangladesh 34559 83196 2,41 | 0,67 0,78 1,17 | 3,6% 4,4% 1,23 | 23,66 18,98 0,80
Barbados 24787 33736 1,36 | 0,97 1,42 1,46 | 68,5% 62,6% 0,91 2,64 2,46 0,93
Belarus 25696 43849 1,71 | 0,25 0,63 2,56 | 2,7% 3,2% 1,16 0,42 0,98 2,31
Belgium 76718 117048 1,53 | 0,52 1,02 1,97 | 52% 5,5% 1,07 1,46 1,86 1,27
Belize 8770 16121 1,84 | 0,92 1,52 1,66 | 66,8% 65,5% 0,98 4,30 5,28 1,23
Benin 2035 4265 2,10 | 0,83 1,09 1,31 | 84% 8,6% 1,02 | 55,65 49,58 0,89
Bhutan 72 137 1,91 | 1,56 0,59 0,38 | 0,4% 0,6% 1,23 | 53,04 14,76 0,28
Bolivia 18808 30338 1,61 | 2,69 2,53 094 | 6,7% 5,8% 0,86 | 18,53 11,73 0,63
Bosnia and Herzegovina 78071 89456 1,15 | 0,46 0,37 0,80 | 23,3% 20,3% 0,87 2,31 1,39 0,60
Botswana 740 1421 1,92 | 2,34 2,41 1,03 4,0% 5.1% 1,29 49,85 43,68 0,88
Brazil 63018 154451 245 | 1,30 1,31 1,0l | 1,3% 2,0% 1,59 | 15,02 11,85 0,79
Brunei 2728 3363 1,23 | 2,45 3,06 1,25 | 22,1% 15,0% 0,68 | 20,22 18,32 0,91
Bulgaria 59802 113042 1,89 | 0,25 0,44 1,73 | 6,5% 9,6% 1,47 0,84 1,00 1,18
Burkina Faso 1062 1860 1,75 | 0,48 0,48 0,99 | 2,0% 2,5% 1,25 | 22,94 20,71 0,90
Burma (Myanmar) 19046 30476 1,60 | 1,73 2,24 1,29 | 4,3% 3.9% 091 | 56,72 54,30 0,96
Burundi 1245 3192 2,56 | 1,31 1,76 1,34 | 9,0% 7,3% 0,80 | 187,65 74,33 0,40
Cambodia 26884 52227 1,94 | 0,29 0,43 1,50 | 22,5% 21,4% 0,95 7,82 7,79 1,00



Cameroon

Canada

Cape Verde

Central African Republic
Chad

Chile

China

China, Hong Kong SAR
China, Macao SAR
Colombia

Comoros

Congo, Dem. Rep. of the
Congo, Rep. of the
Costa Rica

Cote d'Ivoire
Croatia

Cuba

Cyprus

Czech Republic
Denmark

Djibouti

Dominica
Dominican Republic
East Timor

Ecuador

Egypt

El Salvador
Equatorial Guinea
Eritrea

Estonia

Ethiopia

Fiji

Finland

France

Gabon

11692
401406
3535
1176
692
61141
359547
182927
6089
123855
323
13065
6093
17400
7015
96796
241122
25793
61394
54483
221
5383
81368
865
58500
104456
59329
760
8064
8626
34392
25094
53454
212736
906

21916
523463
7543
1973
1343
86827
783369
292575
7849
233073
1261
21553
15419
27402
13518
102639
331908
43363
70455
67892
550
8269
153563
2543
110478
151078
134072
1812
12939
20005
52454
44892
72596
310754
2146

1,87
1,30
2,13
1,68
1,94
1,42
2,18
1,60
1,29
1,88
3,90
1,65
2,53
1,57
1,93
1,06
1,38
1,68
1,15
1,25
2,49
1,54
1,89
2,94
1,89
1,45
2,26
2,39
1,60
2,32
1,53
1,79
1,36
1,46
2,37

1,59
1,72
0,11
0,80
1,00
1,70
0,94
2,48
3,10
1,38
0,10
0,90
1,22
1,41
0,74
0,48
0,75
0,47
1,43
1,01
0,48
0,48
0,67
3,50
0,94
2,20
0,30
0,59
1,41
0,66
1,46
1,36
0,45
0,93
1,14

1,57
3,49
0,15
0,91
1,36
2,25
1,28
3,06
2,39
1,49
0,16
1,07
0,98
1,49
0,72
0,35
0,95
1,25
1,13
1,50
0,69
0,93
0,52
0,64
0,78
2,91
0,33
0,83
1,26
1,05
1,89
1,55
0,76
1,25
1,50

0,98
2,03
1,32
1,13
1,35
1,32
1,37
1,23
0,77
1,08
1,58
1,19
0,81
1,05
0,97
0,72
1,27
2,67
0,79
1,48
1,45
1,95
0,77
0,18
0,83
1,32
1,09
1,41
0,89
1,59
1,29
1,14
1,69
1,34
1,32

21,3%
4,9%
82,1%
4,9%
9,9%
6,8%
3,0%
32,5%
20,9%
10,6%
15,1%
11,6%
16,0%
8,3%
5,0%
33,6%
31,1%
27,4%
9,9%
7.4%
2,2%
71,7%
24,5%
6,8%
7,4%
6,1%
32,3%
12,7%
29,8%
5,8%
9,1%
65,3%
1,3%
2,6%
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17,1%
4,7%
82,4%
7.2%
9,0%
6,0%
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29,6%
15,6%
10,4%
20,7%
9,0%
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34,2%
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63,9%
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16,5%
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31,7%
21,3%
35,2%
9,9%
9,8%
62,8%
12%
3,4%
14,4%

0,80
0,96
1,00
1,49
0,90
0,88
1,26
0,91
0,74
0,98
1,37
0,78
1,43
0,85
1,23
0,73
0,92
1,25
0,86
1,06
1,71
0,89
0,91
2,43
1,28
0,76
0,98
1,68
1,18
1,69
1,07
0,96
0,99
1,31
1,57

112,46
0,68
3,59

34,60

303,81
6,99

29,25
7,60
11,02
13,29
1,74

91,97

20,21
6,90

20,01
3,05
3,71
1,25
5,09
1,54
7,24
1,93
4,78
65,53
3,55
22,30
3,02
11,40

48,34
1,93
62,55
7,66
1,09
1,87
38,17

57,95
0,67
3,03

42,20

245,64
6,51

29,13
5,65
5,19
9,35
5,92

59,91
11,23
5,27
15,49
1,54
3,06
2,33
3,35
2,13
8,49
2,31
2,23
8,70
2,47
16,84
2,01
12,58
36,36
2,27
74,04
5,35
1,07
3,13
41,96

0,52
0,99
0,85
1,22
0,81
0,93
1,00
0,74
0,47
0,70
0,77
0,65
0,56
0,76
0,77
0,50
0,83
1,87
0,66
1,38
1,17
1,20
0,47
0,13
0,70
0,76
0,66
1,10
0,75
1,17
1,18
0,70
0,98
1,67
1,10



Gambia, The
Georgia
Germany
Ghana
Greece
Grenada
Guatemala
Guinea
Guinea-Bissau
Guyana
Haiti

Holy See (Vatican City)
Honduras
Hungary
Iceland
India
Indonesia
Iran

Iraq
Ireland
Israel

Italy
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kiribati
Korea
Kuwait
Kyrgyzstan
Laos
Latvia
Lebanon
Lesotho

1754
5702
791825
29353
129529
9695
33165
1468
244
62419
64873
20
21967
123210
5892
446082
105965
200417
34734
160657
55142
320614
161563
232985
17582
4295
50513
1721
335422
8959
632
26588
15004
95325
332

4448
15100
936523
67010
161670
15695
71480
3351
1763
116013
153285
31
51581
123292
7127
1034373
156650
303385
98208
228144
80415
395233
286932
278272
32961
17888
80266
935
612939
15677
3508
54964
28824
139700
280

2,54
2,65
1,18
2,28
1,25
1,62
2,16
2,28
7,22
1,86
2,36
1,52
2,35
1,00
1,21
2,32
1,48
1,51
2,83
1,42
1,46
1,23
1,78
1,19
1,87
4,16
1,59
0,54
1,83
1,75
5,55
2,07
1,92
1,47
0,84

0,39
0,53
0,97
0,79
0,27
1,02
0,31
0,25
0,10
1,52
0,62
1,16
0,62
1,07
1,36
1,27
0,50
2,31
1,05
0,43
2,24
0,18
0,88
3,67
1,49
0,61
0,90
1,77
1,36
6,18
0,51
0,29
1,30
1,07
1,35

0,57
1,20
1,47
1,39
0,37
1,24
0,30
0,45
0,14
1,43
1,01
2,15
0,45
1,24
1,46
2,41
0,91
2,58
0,96
1,01
2,70
0,25
1,28
5,41
2,36
1,14
2,09
1,65
2,41
4,90
1,28
0,43
1,99
1,30
1,95

1,46
2,27
1,51
1,77
1,37
1,22
0,98
1,80
1,46
0,93
1,61
1,86
0,73
1,16
1,08
1,89
1,81
1,12
091
2,36
1,20
1,45
1,46
1,47
1,58
1,86
2,33
0,93
1,77
0,79
2,53
1,51
1,54
1,21
1,44

76,2%
1,4%
6,1%

36,8%
15,2%

84,0%
19,5%
3,6%
8,4%

90,9%

76,6%

25,9%

22,4%
15,2%

26,4%
2,8%
5,5%

24,7%
8,0%

36,1%
8,6%
11,6%

85,5%
1,3%
9,0%
0,4%

46,6%

86,2%
9,8%
6,2%
0,3%

30,2%
6,0%

53,1%
8,2%

67,8%
2,8%
5,7%

44,6%
12,1%
84,3%

23,9%
4,6%

27,7%
89,2%
83,4%
28,4%
24,8%
12,8%
20,9%
4,3%
2,9%
14,3%
10,9%
33,7%
7,8%
9,6%
84, 7%
1,2%
1,4%
1,2%
38,5%
55,7%
1,5%
1,1%
0,9%
37,2%
8,5%
43,8%
4,1%

0,89
1,99
0,94
1,21
0,80
1,00
1,23
1,26
3,31
0,98
1,09
1,10
1,11
0,84
0,79
1,53
0,53
0,58
1,37
0,93
0,91
0,83
0,99
0,94
0,82
2,97
0,83
0,65
0,76
1,14
3,29
1,23
1,41
0,82
0,50

59,15
1,59
0,82

42,71
1,62
2.83
522
13,69
11,30
543
17,50
10,09
9,15
5,61
5,17

24,74
16,80

46,56
12,40
1,14
3,36
1,99
4,15
5,87
5,04
1,81

55,63

32,13
3,11

21,84
1,01
4,44
3,72
6,20

172,90

41,96
2,84
0,61

50,37
1,33
2,59
3,65
17,75
9,67
3,22
14,88
11,63
4,58
4,93
3,57
37,91
12,87

23,41
7,42
1,58
3,41
1,84
3,61
6,29
4,82
2,70
88,10

46,13
2,22
12,58
2,49
4,96
4,30
4,96

159,14

0,71
1,79
0,75
1,18
0,82
0,92
0,70
1,30
0,86
0,59
0,85
1,15
0,50
0,88
0,69
1,53
0,77
0,50
0,60
1,38
1,01
0,92
0,87
1,07
0,96
1,49
1,58
1,44
0,71
0,58
2,46
1,12
1,16
0,80
0,92



Liberia
Libya
Liechtenstein
Lithuania
Luxembourg
Macedonia
Madagascar
Malawi
Malaysia
Maldives
Mali

Malta
Marshall Islands
Mauritania
Mauritius
Mexico
Micronesia, Fed States
Moldova
Monaco
Mongolia
Morocco
Mozambique
Namibia
Nauru

Nepal
Netherlands
New Zealand
Nicaragua
Niger
Nigeria
Norway
Occupied Palestinian Ter.
Oman
Pakistan
Palau

12153
6596
526
26664
4391
41938
7149
2413
79177
78
1267
18321
421
546
20661
366782
810
4243
848
1319
87421
1681
615
137
5305
206282
96869
40315
715
62434
38119
12754
226
87929
602

20331
11213
804
38311
6421
71033
12406
5455
96461
145
3924
23132
1549
1799
23056
949334
1616
17513
1075
2194
150113
3565
985
185
9994
254734
174872
68958
1072
148616
44071
19668
484
220591
788

1,67
1,70
1,53
1,44
1,46
1,69
1,74
2,26
1,22
1,86
3,10
1,26
3,68
3,29
1,12
2,59
1,99
4,13
1,27
1,66
1,72
2,12
1,60
1,35
1,88
1,23
1,81
1,71
1,50
2,38
1,16
1,54
2,14
2,51
1,31

5,64
1,31
0,54
0,34
0,50
0,45
1,02
0,55
3,13
1,67
0,05
0,35
1,86
0,10
0,65
0,18
2,90
0,44
0,46
4,96
0,17
0,54
1,76
3,88
2,10
1,06
2,65
0,92
1,12
2,37
0,78
1,38
0,71
0,54
3,64

2,98
1,71
0,81
0,64
0,73
0,53
1,14
1,59
3,07
2,06
0,13
0,55
2,02
0,24
0,65
0,21
2,02
1,46
0,93
4,77
0,20
0,68
2,33
2,68
2,16
1,37
3,69
1,03
1,02
4,27
1,30
2,96
1,41
0,89
5,72

0,53
1,30
1,50
1,89
1,46
1,18
1,12
2,87
0,98
1,23
2,50
1,55
1,09
2,34
1,00
1,15
0,70
3,29
2,03
0,96
1,23
1,27
1,32
0,69
1,03
1,29
1,39
1,12
0,91
1,80
1,66
2,14
1,98
1,63
1,57

47,2%
5,3%
17,0%
8,4%
7,5%
27,6%
6,8%
13,3%
26,3%
1,3%
10,3%
68,8%
31,0%
5,3%
66,9%
10,9%
36,0%
1,5%
16,7%
12,8%
23,0%
20,3%
3,0%
82,5%
6,2%
11,4%
16,9%
27,8%
8,2%
7,8%
8,0%
15,4%
0,3%
7,6%
88,5%

44,3%
4,3%
18,5%
8,3%
1.2%
29,4%
1,7%
20,9%
10,5%
1,2%
14,7%
58,3%
42,8%
8,5%
55,8%
15,5%
35,7%
4,1%
17,9%
1,4%
18,0%
22,5%
3,4%
72,0%
4,0%
9,5%
21,8%
30,2%
5,4%
10,5%
6.2%
12,0%
0,4%
12,7%
80,9%

0,94
0,81
1,09
0,99
0,96
1,07
1,13
1,57
0,40
0,95
1,43
0,85
1,38
1,61
0,84
1,42
0,99
2,75
1,07
0,58
0,78
1,11
1,13
0,87
0,65
0,83
1,29
1,08
0,66
1,35
0,77
0,78
1,21
1,66
0,91

138,77
12,55
1,81
0,84
1,39
2,17
36,94
94,82
57,86
17,52
12,31
2,62
18,89
7,03
8,29
1,32
27,91
1,17
0,95
363,04
3,92
291,90
22,31
87,36
166,07
2,34
3,06
7,14
338,83
84,46
2,04
9,19
447
16,88
54,31

58,04
9,60
1,60
1,30
1,33
1,78

35,52

224,09

18,19
14,27
17,85
2,54
9,80
10,43
7,23
1,11
11,02
3,31
2,14

148,00
2,76

269,61

23,92

47,64

71,70
1,94
2,53
6,35

186,66

103,00
1,54
13,28
5,90

23,62

69,18

0,42
0,76
0,88
1,56
0,96
0,82
0,96
2,36
0,31
0,81
1,45
0,97
0,52
1,48
0,87
0,84
0,39
2,84
2,27
0,41
0,70
0,92
1,07
0,55
0,43
0,83
0,83
0,89
0,55
1,22
0,76
1,44
1,32
1,40
1,27



Panama

Papua New Guinea
Paraguay

Peru

Philippines

Poland

Portugal

Qatar

Romania

Russia

Rwanda

Saint Kitts and Nevis
Saint Lucia

Saint Vincent and Grenadines
Samoa

San Marino

Sao Tome and Principe
Saudi Arabia
Senegal

Serbia and Montenegro
Seychelles

Sierra Leone
Singapore

Slovakia

Slovenia

Solomon Islands
Somalia

South Africa

Spain

Sri Lanka

Sudan

Suriname

Swaziland

Sweden

Switzerland

55946
6714
4907
80397
634919
309955
77346
464
84387
62851
1121
4338
3446
6415
11692
330
126
6171
7112
75468
1521
9348
28779
42377
12053
482
12127
76943
85864
59414
7307
28176
382
52627
61847

58062
11680
7223
163931
1111075
454560
145767
953
162904
270445
4284
8040
7480
13046
14245
301
514
10649
15728
161079
2487
16625
47351
66172
24102
773
26736
173021
154653
117557
18315
34093
828
80557
92557

1,04
1,74
1,47
2,04
1,75
1,47
1,88
2,06
1,93
4,30
3,82
1,85
2,17
2,03
1,22
0,91
4,09
1,73
2,21
2,13
1,63
1,78
1,65
1,56
2,00
1,60
2,20
2,25
1,80
1,98
2,51
1,21
2,17
1,53
1,50

4,37
3,53
1,15
2,18
2,99
0,66
0,09
1,85
0,77
0,31
1,27
0,91
0,57
0,89
0,52
0,30
0,12
3,01
0,16
0,26
0,53
2,41
1,74
0,25
0,42
2,57
0,69
2,69
0,14
1,01
2,17
0,29
1,77
1,27
1,16

3,76
3,92
1,27
2,14
4,07
1,16
0,16
325
1,05
1,59
1,79
1,48
1,05
1,37
0,50
021
0,12
4,39
0,24
043
0,89
1,79
3,37
045
0,44
2,48
0,66
5,63
0,34
1,16
1,89
0,36
1,83
2,11
1,44

0,86
1,11
1,10
0,98
1,36
1,77
1,80
1,76
1,36
5,10
1,42
1,63
1,86
1,55
0,94
0,70
1,01
1,46
1,53
1,65
1,69
0,74
1,93
1,76
1,03
0,96
0,95
2,09
2,39
1,15
0,87
1,25
1,03
1,66
1,24

24,0%
37,2%
3,9%
6,0%
12,6%
14,5%
15,8%
1,6%
8,1%
0,5%
12,9%
78,8%
63,0%
80,9%
82,3%
22,6%
12,4%
0,9%
14,1%
10,7%
77,8%
43,9%
25,3%
12,5%
8,6%
38,8%
21,5%
11,9%
3,5%
27,0%
6,8%
69,2%
3,7%
4.2%
7,1%

16,7%
27,8%
3,8%
5,8%
13,5%
14,2%
18,9%
2,1%
11,2%
1,4%
26,3%
78,5%
68,6%
84,6%
73,4%
15,1%
26,6%
0,9%
17,1%
14,6%
77,2%
49,2%
14,5%
14,3%
10,9%
25,7%
34,5%
71,4%
4,2%
28,2%
6,8%
65,8%
5,3%
4,5%
9,5%

0,70
0,75
0,98
0,98
1,08
0,98
1,20
1,29
1,38
2,89
2,04
1,00
1,09
1,05
0,89
0,67
2,15
1,02
1,22
1,37
0,99
1,12
0,57
1,14
1,28
0,66
1,61
0,62
1,20
1,04
1,00
0,95
1,46
1,07
1,35

11,03
283,21
10,79
9,15
7,69
3,29
1,16
11,51
3,15
0,51
317,52
2,01
4,57
3,99
2,20
3,06
4,15
18,74
8,06
1,47
5,00
173,94
17,97
1,05
1,85
207,29
25,63
46,30
1,18
24,80
181,15
1,73
35,51
2,32
1,83

8,34
177,37
10,88
4,52
747
3,68
1,41
13,44
2,95
2,43
268,61
1,89
4,44
3,24
1,80
1,52
2,67
18,04
8,74
1,62
5,54
85,15
11,29
1,45
1,29
115,65
18,99
21,46
1,93
16,90
80,38
1,79
27,53
1,88
5,03

0,76
0,63
1,01
0,49
0,97
1,12
1,22
1,17
0,94
4,74
0,85
0,94
0,97
0,81
0,82
0,50
0,64
0,96
1,08
1,10
1,11
0,49
0,63
1,38
0,70
0,56
0,74
0,46
1,64
0,68
0,44
1,04
0,78
0,81
2,75



Syria

Taiwan
Tajikistan
Tanzania
Thailand

Togo

Tonga
Trinidad and Tobago
Tunisia

Turkey
Turkmenistan
Tuvalu

Uganda
Ukraine

United Arab Emirates
United Kingdom
United States
Uruguay
Uzbekistan
Vanuatu
Venezuela
Vietnam

Yemen

Zambia
Zimbabwe

32219
163868
419
21191
48668
3354
6362
79953
24584
113128
242
99
20694
93388
631
1147979
315336
17850
2712
360
35683
217491
11582
6736
14403

52760
274168
2415
33099
87655
7523
9051
118099
39264
174689
1234
129
35877
249015
1770
1478477
426103
24661
14966
485
81043
505503
6985
13990
33989

1,64
1,67
5,76
1,56
1,80
2,24
1,42
1,48
1,60
1,54
5,10
1,30
1,73
2,67
2,80
1,29
1,35
1,38
5,52
1,35
2,27
2,32
0,60
2,08
2,36

0,97
7,86
0,29
1,14
1,25
0,81
0,66
2,36
0,13
0,10
0,46
0,73
0,82
0,21
1,87
1,50
1,80
1,24
0,32
2,47
3,03
0,85
0,35
1,76
2,24

1,14
9,12
2,24
2,17
1,18
0,81
0,60
2,13
0,20
0,11
1,32
0,27
1,88
0,77
3,52
2,50
3,23
1,49
2,60
1,74
3,87
0,98
0,76
2,24
6,89

1,17
1,16
7,82
1,90
0,95
1,01
0,90
0,90
1,56
1,12
2,87
0,37
2,31
3,60
1,88
1,67
1,79
1,20
8,12
0,70
1,28
1,16
2,19
1,27
3,08

1,5%
15,4%
0,2%
10,8%
2,4%
13,5%
80,8%
80,0%
17,4%
8,3%
0,1%
75,4%
42,7%
2,3%
0,6%
17,8%
0,5%
7,9%
0,3%
13,0%
3,5%
23,7%
24,0%
19,6%
71,6%

6,1%
12,7%
0,6%
12,1%
2,2%
16,3%
75,6%
78,9%
12,4%
5,8%
0,4%
64,9%
36,0%
4,3%
0,7%
17,1%
0,5%
9,0%
0,8%
8,3%
3,8%
26,9%
6,0%
16,4%
13,1%

0,82
0,83
3,41
1,12
0,92
1,21
0,93
0,99
0,71
0,69
2,62
0,86
0,84
1,85
1,24
0,96
0,91
1,14
2,95
0,64
1,09
1,14
0,25
0,84
1,71

7,10
28,81
0,56
47,75
13,11
38,53
2,71
9,63
2,82
1,62
0,92
23,63
85,13
0,46
11,75
3,95
0,52
6,22
0,63
31,72
18,91
21,82
24,10
123,20
31,85

5,50
17,18
4,28
85,92
8,23
28,59
1,96
5,87
2,43
1,03
2,58
6,55
120,75
1,55
14,78
3,83
0,36
6,11
4,97
13,06
14,99
16,20
32,73
68,29
76,74

0,77
0,60
7,65
1,80
0,63
0,74
0,72
0,61
0,86
0,64
2,81
0,28
1,42
3,34
1,26
0,97
0,69
0,98
7,93
0,41
0,79
0,74
1,36
0,55
2,41

Source: Docquier, Lowell and Marfouk (2009)



Table A.2. Adding 30 non OECD host countries

Highly skilled emigration rates Low skilled emigration rates ""High-Low"' ratio of emigration rates
All OECD Ratio All OECD Ratio All OECD Ratio
Afghanistan 26,9% 22,6% 1,2 1,2% 0,6% 2,0 22,0 37,3 0,6
Albania 18,0% 17,4% 1,0 18,4% 18,1% 1,0 1,0 1,0 1,0
Algeria 9,9% 9,4% 1,1 4,7% 4,6% 1,0 2,1 2,1 1,0
Andorra 12,5% 12,4% 1,0 2,7% 2,6% 1,0 4,7 4,7 1,0
Angola 5,2% 3,6% 1.4 1,2% 0,9% 1,4 4,3 4,1 1,1
Antigua and Barbuda 70,4% 68,5% 1,0 44,7% 21,3% 2,1 1,6 32 0,5
Argentina 3.2% 2,8% 1,2 0,6% 0,5% 1,2 55 5,6 1,0
Armenia 10,4% 8,9% 1,2 2,9% 2,2% 1,3 3,6 4,0 0,9
Australia 2,9% 2,7% 1,0 1,2% 1,0% 1,2 2,3 2,7 0,9
Austria 14,1% 13,5% 1,0 7,6% 7,2% 1,1 1,9 1,9 1,0
Azerbaijan 3,1% 1,8% 1,7 1,0% 0,4% 24 3,1 4.4 0,7
Bahamas, The 37,0% 36,9% 1,0 7,3% 7,2% 1,0 5,1 5,1 1,0
Bahrain 27,6% 5,1% 54 13,1% 0,6% 23,7 2,1 9,2 0,2
Bangladesh 7,7% 4,4% 1,7 0,7% 0,2% 3,2 10,4 19,0 0,5
Barbados 62,7% 62,6% 1,0 25,8% 25,5% 1,0 2,4 2,5 1,0
Belarus 6,9% 3,2% 2,2 7,4% 3,3% 2,3 0,9 1,0 0,9
Belgium 5,8% 5,5% 1,0 3,1% 3,0% 1,0 1,9 1.9 1,0
Belize 65,6% 65,5% 1,0 12,6% 12,4% 1,0 5,2 53 1,0
Benin 13,9% 8,6% 1,6 4,5% 0,2% 25,8 3,1 49,6 0,1
Bhutan 0,7% 0,6% 1,2 0,0% 0,0% 1,3 13,8 14,8 0,9
Bolivia 7,6% 5,8% 1,3 3,0% 0,5% 6,1 2,5 11,7 0,2
Bosnia and Herzegovina 28,3% 20,3% 1,4 24,1% 14,6% 1,6 1,2 1,4 0,8
Botswana 8,4% 5,1% 1,6 2,0% 0,1% 16,9 4,2 43,7 0,1
Brazil 2,2% 2,0% 1,1 0,2% 0,2% 1,1 11,5 11,8 1,0
Brunei 16,6% 15,0% 1,1 1,6% 0,8% 2,0 10,2 18,3 0,6
Bulgaria 10,5% 9,6% 1,1 10,4% 9,6% 1,1 1,0 1,0 1,0
Burkina Faso 11,0% 2,5% 4,4 41,0% 0,1% 336,2 0,3 20,7 0,0
Burma (Myanmar) 4,2% 3,9% 1,1 0,1% 0,1% 1,4 39,8 54,3 0,7
Burundi 13,0% 7,3% 1,8 1,9% 0,1% 19,0 7,0 74,3 0,1
Cambodia 21,5% 21,4% 1,0 2,8% 2,7% 1,0 7,8 7,8 1,0




Cameroon

Canada

Cape Verde

Central African Republic
Chad

Chile

China

China, Hong Kong SAR
China, Macao SAR
Colombia

Comoros

Congo, Dem. Rep. of the
Congo, Rep. of the
Costa Rica

Cote d'Ivoire
Croatia

Cuba

Cyprus

Czech Republic
Denmark

Djibouti

Dominica
Dominican Republic
East Timor

Ecuador

Egypt

El Salvador
Equatorial Guinea
Eritrea

Estonia

Ethiopia

Fiji

Finland

France

Gabon

18,1%
4,8%
82,8%
8.9%
16,8%
6,7%
4,1%
29,7%
15,7%
11,1%
23,1%
12,6%
26,4%
7,2%
6.2%
26,3%
29,2%
35,3%
9.0%
8,0%
3.9%
64,1%
22,7%
22,2%
9.8%
8,4%
32,3%
22,0%
42,1%
11,1%
10,7%
62,8%
7,3%
3,6%
19,1%

17,1%
4,7%
82,4%
7.2%
9,0%
6,0%
3,8%
29,6%
15,6%
10,4%
20,7%
9,0%
22,9%
7,1%
6,1%
24,6%
28,8%
34,2%
8,5%
7,8%
3,8%
63,9%
22,4%
16,5%
9,5%
4,7%
31,7%
21,3%
35,2%
9,9%
9,8%
62,8%
7,2%
3,4%
14,4%

1,1
1.0
1.0
1,2
1.9
1,1
1,1
1,0
1,0
1,1
1,1
1,4
1,2
1,0
1.0
1,1
1,0
1,0
1,1
1.0
1.0
1.0
1,0
1,3
1.0
1,8
1,0
1,0
1,2
1,1
L1
1,0
1,0
1,1
1,3

0,3%
7.2%
27,5%
0,2%
0,2%
1,3%
0,2%
5,4%
3,3%
1,6%
3,6%
0,8%
2,4%
1,4%
0,4%
16,8%
9,5%
15,4%
2,8%
3,9%
0,5%
28,3%
10,4%
2,2%
4,1%
2,7%
16,0%
2,1%
2,4%
5,0%
0,3%
11,9%
6,9%
1,1%
0,5%

0,3%
6,9%
27.2%
0,2%
0,0%
0,9%
0,1%
5.2%
3,0%
1,1%
3,5%
0,2%
2,0%
1,3%
0,4%
16,0%
9,4%
14,7%
2,5%
3,7%
0,4%
27,6%
10,1%
1,9%
3,9%
0,3%
15,8%
1,7%
1,0%
4,3%
0,1%
11,7%
6,7%
1,1%
0,3%

1,1
1,0
1,0
1,3
5,7
1.4
1,3
1,0
1,1
1,4
1,0
53
1,2
1,0
1,0
1,1
1,0
1,0
1,1
1,1
1,1
1,0
1,0
1,2
1,1
9,8
1,0
1,2
2,5
1,2
2,3
1,0
1,0
1,1
1.4

54,7
0,7
3,0
39,5
80,8
5,1
25,2
55
4,7
7,0
6,4
15,9
11,0
52
15,3
1,6
3,1
2,3
3,2
2,1
8,0
2,3
22
9,9
24
3,1
2,0
10,4
17,7
22
352
53
1,1
3,1
40,2

57,9
0,7
3,0

42,2

245,6
6,5

29,1
5,7
52
9,3
59

59,9
11,2
53
15,5
1,5
31
2,3
34
2,1
8,5
2,3
22
8,7
2,5
16,8
2,0
12,6
36,4
2,3
74,0
5,4
1,1
3,1
42,0

0,9
1,0
1,0
0,9
0,3
0,8
0,9
1,0
0,9
0,7
1,1
0,3
1,0
1,0
1,0
1,0
1,0
1,0
0,9
1,0
0,9
1,0
1,0
1,1
1,0
0,2
1,0
0,8
0,5
1,0
0,5
1,0
1,0
1,0
1,0



Gambia, The
Georgia
Germany
Ghana
Greece
Grenada
Guatemala
Guinea
Guinea-Bissau
Guyana
Haiti

Holy See (Vatican City)
Honduras
Hungary
Iceland
India
Indonesia
Iran

Iraq
Ireland
Israel

Italy
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kiribati
Korea
Kuwait
Kyrgyzstan
Laos
Latvia
Lebanon
Lesotho

68,2%
4,9%
6,0%

45,9%
12,7%
84,3%
24,4%
7,4%
28,9%
89,4%
83,4%
30,3%
25,3%
13,4%
21,1%
6,0%
3,9%
14,7%
12,5%
34,1%
8,4%
10,3%
84,7%
1,3%
11,4%
2,3%
40,0%
55,8%
7,6%
12,7%
1,7%
37,4%
11,4%
45,5%
24,8%

67,8%
2,8%
5,7%

44,6%
12,1%

84,3%

23,9%
4,6%

27,7%
89,2%
83,4%

28,4%

24,8%
12,8%

20,9%
4,3%
2,9%
14,3%
10,9%
33,7%
7,8%
9,6%
84, 7%
1,2%
7,4%
1,2%
38,5%
55,7%
7,5%
7,1%
0,9%
37,2%
8,5%
43,8%
4,1%

1,0
1.8
1.0
1.0
L1
1.0
1,0
1,6
1,0
1,0
1,0
1,1
1,0
1,0
1.0
1,4
1,3
1,0
1,2
1.0
1,1
1,1
1,0
1,1
1,6
1,9
1,0
1,0
1,0
1,8
1.9
1,0
1,3
1,0
6,0

1,9%
2,2%
9,9%
3,2%
9,4%
32,9%
6,6%
7,.5%
3,1%
29,9%
5,7%
2,4%
5,5%
2,8%
6,0%
0,5%
0,5%
0,8%
2,4%
21,7%
3,4%
5,5%
23,7%
0,3%
8,4%
1,1%
0,7%
1,2%
3,5%
8,7%
0,9%
7,6%
2,9%
11,2%
12,5%
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1,6%
1,0%
9,4%
0,9%
9,1%
32,5%
6,5%
0,3%
2,9%
27,7%
5,6%
2,4%
5,4%
2,6%
5,9%
0,1%
0,2%
0,6%
1,5%
21,4%
2,3%
5.2%
23,5%
0,2%
1,5%
0,4%
0,4%
1,2%
3,4%
0,6%
0,4%
1,5%
2,0%
8,8%
0,0%

1,2
2,3
1,1
3,6
1,0
1,0
1,0
29,1
1,1
1,1
1,0
1,0
1,0
1,1
1,0
4.4
2,0
13
1.6
1,0
15
1,1
1,0
1.6
5.5
2.4
1,5
1,0
1,0
15,4
2,3
1,0
1,5
13
482,0

359
22
0,6
14,2
1.4
2,6
3,7
1,0
9,4
3,0
14,6
12,4
4,6
4,7
35
12,0
8,4
18,5
53
1,6
2,5
1,9
3,6
4,2
1.4
22
59,7
45,4
22
1,5
2,0
4,9
39
4,0
2,0

42,0
2,8
0,6

50,4
1,3
2,6
37
17,7
9,7
32
14,9
11,6
4,6
4,9
3,6
37,9
12,9

23,4
74
1,6
34
1,8
3,6
6,3
4,8
2,7
88,1

46,1
22
12,6
2,5
5,0
43
5,0

159,1

0,9
0,8
1,0
0,3
1,0
1,0
1,0
0,1
1,0
0,9
1,0
1,1
1,0
1,0
1,0
0,3
0,7
0,8
0,7
1,0
0,7
1,0
1,0
0,7
0,3
0,8
0,7
1,0
1,0
0,1
0,8
1,0
0,9
0,8
0,0



Liberia
Libya
Liechtenstein
Lithuania
Luxembourg
Macedonia
Madagascar
Malawi
Malaysia
Maldives
Mali

Malta
Marshall Islands
Mauritania
Mauritius
Mexico
Micronesia, Federated States of
Moldova
Monaco
Mongolia
Morocco
Mozambique
Namibia
Nauru

Nepal
Netherlands
New Zealand
Nicaragua
Niger
Nigeria
Norway
Occupied Palestinian Territory
Oman
Pakistan
Palau

46,1%
5,6%
18,6%
10,7%
7,3%
32,0%
7,8%
26,0%
17.4%
1,2%
26,7%
58,5%
42,9%
11,2%
56,9%
15,6%
48,7%
8,0%
20,2%
7,9%
21,0%
36,1%
29,4%
72,1%
5.2%
9,9%
21,9%
32,4%
11,3%
10,9%
6,4%
19,4%
0,5%
17.2%
93,4%

44,3%
4,3%
18,5%
8,3%
7.2%
29,4%
7, 7%
20,9%
10,5%
1,2%
14,7%
58,3%
42,8%
8,5%
55,8%
15,5%
35,7%
4,1%
17,9%
7,4%
18,0%
22,5%
3,4%
72,0%
4,0%
9,5%
21,8%
30,2%
5,4%
10,5%
6,2%
12,0%
0,4%
12,7%
80,9%

1,0
1,3
1,0
1,3
1,0
1,1
1,0
1,2
1,7
1,0
1,8
1,0
1,0
1,3
1.0
1,0
1,4
2,0
1,1
1,1
1,2
1,6
8,8
1.0
1,3
1,0
1,0
1,1
2,1
1,0
1.0
1,6
1,2
1.4
1,2

71,8%
1,6%
11,7%
10,0%
5,5%
19,9%
0,2%
0,5%
32%
0,1%
18,9%
23,1%
4,5%
2,6%
8,0%
14,0%
12,7%
2,2%
9,7%
0,1%
7,5%
2,8%
3,5%
1,6%
0,2%
5,1%
8,9%
10,2%
2,8%
0,3%
4.4%
1,7%
0,1%
1,2%
7,6%
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0,8%
0,4%
11,6%
6,4%
5.4%
16,5%
0,2%
0,1%
0,6%
0,1%
0,8%
23,0%
4,4%
0,8%
7,7%
13,9%
3,2%
1,2%
8,4%
0,0%
6,5%
0,1%
0,1%
1,5%
0,1%
4,9%
8,6%
4,8%
0,0%
0,1%
4,0%
0,9%
0,1%
0,5%
1,2%

10,3
35
1,0
1,6
1,0
1,2
1,1
54
5,5
1,2

22,9
1,0
1,0
32
1,0
1,0
39
1.8
1,2
1,2
1,1

34,1

25,2
1,0
3,1
1,0
1,0
2,1

94,7
3,1
1,1
8,5
22
2,3
6,5

59
3,6
1,6
1,1
1,3
1,6
34,3
514
5,4
12,1
1,4
2,5
9,5
4,2
7,1
1,1
3,8
3,6
2,1
129,3
2,8
12,7
83
45,8
29,5
1,9
2,5
32
4,1
34,1
L5
2,5
33
13,9
12,3

58,0
9,6
1,6
1,3
1,3
1,8

35,5

224,1

18,2
14,3
17,9
2,5
9,8
10,4
72
1,1
11,0
33
2,1

148,0
2,8

269,6

23,9

47,6

71,7
1,9
2,5
6,3

186,7

103,0
1,5
13,3
59

23,6

69,2

0,1
0,4
1,0
0,8
1,0
0,9
1,0
0,2
0,3
0,9
0,1
1,0
1,0
0,4
1,0
1,0
0,3
1,1
1,0
0,9
1,0
0,0
0,3
1,0
0,4
1,0
1,0
0,5
0,0
0,3
0,9
0,2
0,6
0,6
0,2



Panama

Papua New Guinea
Paraguay

Peru

Philippines

Poland

Portugal

Qatar

Romania

Russia

Rwanda

Saint Kitts and Nevis
Saint Lucia

Saint Vincent and the Grenadines
Samoa

San Marino

Sao Tome and Principe
Saudi Arabia
Senegal

Serbia and Montenegro
Seychelles

Sierra Leone
Singapore

Slovakia

Slovenia

Solomon Islands
Somalia

South Africa

Spain

Sri Lanka

Sudan

Suriname

Swaziland

Sweden

Switzerland

17,1%
28,9%
5,4%
6,5%
14,1%
15,1%
20,2%
2,3%
13,9%
2,4%
30,7%
84,4%
68,7%
84,6%
73,5%
15,3%
27,5%
1,1%
19,0%
16,4%
78.5%
49,6%
15,5%
14,7%
12,6%
26,0%
38,2%
7,7%
4,7%
29,1%
17,8%
66,0%
19,5%
4,6%
10,1%

16,7%
27,8%
3,8%
5,8%
13,5%
14,2%
18,9%
2,1%
11,2%
1,4%
26,3%
78,5%
68,6%
84,6%
73,4%
15,1%
26,6%
0,9%
17,1%
14,6%
77,2%
49,2%
14,5%
14,3%
10,9%
25,7%
34,5%
7,4%
4,2%
28,2%
6,8%
65,8%
5,3%
4,5%
9,5%

1,0
1.0
1.4
1,1
1,0
1,1
1,1
1,1
1,2
1,7
1,2
1,1
1,0
1,0
1,0
1,0
1,0
1,2
1,1
1,1
1.0
1,0
1,1
1,0
1,1
1,0
1,1
1,0
1,1
1,0
2,6
1,0
3,6
1,0
1,1

2,5%
0,2%
5,2%
1,8%
3,0%
4,5%
14,3%
0,3%
5,3%
1,1%
1,9%
70,2%
15,8%
26,4%
41,0%
10,0%
10,1%
0,2%
3,1%
9,9%
14,9%
0,7%
1,6%
10,1%
9,4%
0,2%
2,4%
0,5%
2,7%
2,0%
1,5%
36,9%
1,3%
2,5%
2,0%
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2,0%
0,2%
0,3%
1,3%
1,8%
3,9%
13,4%
0,2%
3,8%
0,6%
0,1%
41,6%
15,4%
26,1%
40,7%
9,9%
10,0%
0,1%
2,0%
9,0%
14,0%
0,6%
1,3%
9,8%
8,5%
0,2%
1,8%
0,3%
2,2%
1,7%
0,1%
36,7%
0,2%
2,4%
1,9%

1,3
1,3
15,1
1.4
1,6
1,2
1,1
2,0
1.4
1,9
19,6
1,7
1,0
1,0
1,0
1,0
1,0
3,6
1,6
1,1
1,1
1,1
1,2
1,0
1,1
1,1
1,3
1,4
1,2
1,2
17,7
1,0
374
1,0
1,0

6,8
147,2
1,0
3,5
4,7
33
14
75
2,6
2.2
16,0
1,2
44
3.2
1.8
1,5
2,7
6.0
6.1
1,7
53
76,2
9,9
L5
1.3
110,9
15,6
16,3
1.8
14,6
11,8
1.8
2,7
1.9
5.2

8,3
177,4
10,9
45
75
3,7
1,4
13,4
2,9
2.4
268.6
1,9
44
32
1.8
1,5
2,7
18,0
8,7
1.6
55
85,1
11,3
1,4
1.3
115,7
19,0
21,5
1,9
16,9
80,4
1.8
27,5
1,9
5.0

0,8
0,8
0,1
0,8
0,6
0,9
1,0
0,6
0,9
0,9
0,1
0,6
1,0
1,0
1,0
1,0
1,0
0,3
0,7
1,0
1,0
0,9
0,9
1,0
1,0
1,0
0,8
0,8
0,9
0,9
0,1
1,0
0,1
1,0
1,0



Syria

Taiwan
Tajikistan
Tanzania
Thailand

Togo

Tonga

Trinidad and Tobago
Tunisia

Turkey
Turkmenistan
Tuvalu

Uganda

Ukraine

United Arab Emirates
United Kingdom
United States
Uruguay
Uzbekistan
Vanuatu
Venezuela
Vietnam

Yemen

Zambia
Zimbabwe

8,0%
13,0%
1,6%
13,0%
2,4%
19,0%
75,7%
79,0%
14,3%
6,4%
0,8%
65,2%
39,2%
6,7%
0,9%
18,0%
0,5%
12,0%
1,9%
8,4%
4,0%
27,1%
33,0%
23,6%
20,9%

6,1%
12,7%
0,6%
12,1%
2,2%
16,3%
75,6%
78,9%
12,4%
5,8%
0,4%
64,9%
36,0%
4,3%
0,7%
17,1%
0,5%
9,0%
0,8%
8,3%
3,8%
26,9%
6,0%
16,4%
13,1%

1,3
1.0
2,6
1,1
1,1
1,2
1,0
1,0
1,2
1,1
2,3
1,0
1,1
1,5
1,2
1,1
1,2
1,3
2,3
1,0
1,0
1.0
5,5
14
1,6

2,5%
0,9%
0,8%
0,6%
0,3%
4,6%
39,0%
13,9%
5,7%
5,9%
0,4%
10,0%
2,4%
3,6%
0,1%
5,3%
2,0%
4,6%
0,7%
0,7%
0,3%
1,7%
3,8%
0,4%
1,7%

1,1%
0,7%
0,1%
0,1%
0,3%
0,6%
38,7%
13,4%
5,1%
5,6%
0,1%
9,9%
0,3%
2,8%
0,0%
4,5%
1,3%
1,5%
0,2%
0,6%
0,3%
1,7%
0,2%
0,2%
0,2%

22
1,2
53
4,5
1,2
81
1,0
1,0
1,1
1,0
3,0
1,0
8,0
1,3
3,0
1,2
1,6
3,1
4,1
1,1
1,2
1,0
20,6
1.8
10,3

32
14,8
2,1
20,5
7.4
4,1
1,9
5,7
2,5
1,1
2,0
6,5
16,4
1,9
5,9
34
0,3
2,6
2,8
11,6
12,9
16,0
8,8
55,1
11,9

55
17,2
4,3
85,9
82
28,6
2,0
59
24
1,0
2,6
6,5
120,7
1,5
14,8
3,8
0,4
6,1
5,0
13,1
15,0
16,2
32,7
68,3
76,7

0,6
0,9
0,5
0,2
0,9
0,1
1,0
1,0
1,0
1,1
0,8
1,0
0,1
1,2
0,4
0,9
0,8
0,4
0,6
0,9
0,9
1,0
0,3
0,8
0,2
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Table A.3. Corrected brain drain rates by age of entry

Year 1990 Year 2000
Rate 0+ Rate 12+ Rate 18+ Rate 22+ Rate 0+ Rate 12+ Rate 18+ Rate 22+
Afghanistan 12,8% 12,4% 11,5% 10,7% 22,6% 22,0% 20,7% 19,6%
Albania 15,3% 15,1% 14,9% 14,2% 17,4% 17,1% 16,9% 16,2%
Algeria 8,2% 6,8% 6,0% 5,2% 9,4% 7,8% 6,9% 6,1%
Andorra 8,4% 7,6% 7,3% 6,6% 12,4% 11,3% 10,8% 9,8%
Angola 2,5% 2,4% 2,3% 2,1% 3,6% 3,3% 3,2% 2,.9%
Antigua and Barbuda 67,2% 64,4% 59,4% 51,3% 68,5% 65,3% 59,6% 51,3%
Argentina 3,4% 2,.9% 2,7% 2,5% 2,8% 2,4% 2,2% 2,0%
Armenia 9,1% 8,6% 7,8% 7,0% 8,9% 8,4% 7,7% 7,0%
Australia 2,1% 1,8% 1,6% 1,5% 2,7% 2,4% 2,2% 2,1%
Austria 16,7% 14,2% 13,0% 11,2% 13,5% 11,7% 10,9% 9,5%
Azerbaijan 0,4% 0,4% 0,4% 0,4% 1,8% 1,8% 1,7% 1,7%
Bahamas, The 36,4% 29,7% 25,2% 21,6% 36,9% 30,0% 25,2% 21,3%
Bahrain 4.2% 3,7% 3,3% 2,9% 5,1% 4.5% 4.1% 3,6%
Bangladesh 3,6% 3.5% 3,3% 3,0% 4.4% 4.3% 4.1% 3,7%
Barbados 68,5% 65,2% 60,0% 53,8% 62,6% 58,8% 52,9% 46,7%
Belarus 2,7% 2,6% 2,6% 2,4% 3.2% 3,1% 3,0% 2,.9%
Belgium 5,2% 4.3% 3,9% 3.5% 5,5% 4.,6% 4.2% 3,7%
Belize 66,8% 62,9% 56,5% 49,0% 65,5% 61,5% 55,0% 47,1%
Benin 8,4% 7.4% 6,5% 5,1% 8,6% 7,6% 6,8% 5,5%
Bhutan 0,4% 0,4% 0,4% 0,4% 0,6% 0,5% 0,5% 0,5%
Bolivia 6,7% 6,2% 5,6% 4,7% 5,8% 5,3% 4.8% 4.0%
Bosnia and Herzegovina 23,3% 22.9% 22,5% 21,6% 20,3% 19,6% 19,4% 18,5%
Botswana 4,0% 3,7% 3,4% 3,1% 5,1% 4.5% 4.1% 3,6%
Brazil 1,3% 1,2% 1,1% 1,0% 2,0% 1,9% 1,8% 1,7%
Brunei 22,1% 20,1% 18,4% 16,4% 15,0% 12,8% 11,0% 9,3%
Bulgaria 6,5% 6,4% 6,3% 6,2% 9,6% 9,3% 9,2% 8,9%
Burkina Faso 2,0% 1,6% 1,4% 1,2% 2,5% 2,2% 2,0% 1,7%
Burma (Myanmar) 4,3% 4,0% 3,9% 3,8% 3,9% 3,7% 3,6% 3,5%
Burundi 9,0% 8,4% 8,1% 7,5% 7,3% 6,9% 6,7% 6,4%
Cambodia 22,5% 18,7% 15,0% 12,7% 21,4% 17,4% 13,6% 11,3%
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Cameroon

Canada

Cape Verde

Central African Republic
Chad

Chile

China

China, Hong Kong SAR
China, Macao SAR
Colombia

Comoros

Congo, Dem. Rep. of the
Congo, Rep. of the
Costa Rica

Cote d'Ivoire
Croatia

Cuba

Cyprus

Czech Republic
Denmark

Djibouti

Dominica
Dominican Republic
East Timor

Ecuador

Egypt

El Salvador
Equatorial Guinea
Eritrea

Estonia

Ethiopia

Fiji

Finland

France

Gabon

21,3%
4,9%
82,1%
4,9%
9,9%
6,8%
3,0%
32,5%
20,9%
10,6%
15,1%
11,6%
16,0%
8,3%
5,0%
33,6%
31,1%
27,4%
9,9%
7,4%
2,2%
71,7%
24,5%
6,8%
7,4%
6,1%
32,3%
12,7%
29,8%
5,8%
9,1%
65,3%
7,3%
2,6%
9,2%

19,1%
3,6%
79,8%
3,8%
8,2%
5,9%
2,8%
28,4%
19,5%
9,5%
13,7%
10,5%
14,4%
6,9%
4,4%
31,7%
24,8%
23,6%
8,9%
6,3%
1,8%
69,5%
21,9%
6,7%
6,5%
5,5%
29,5%
11,7%
29,4%
5,5%
8,6%
59,8%
6,6%
2,1%
7,1%

17,8%
3,2%
77,9%
3,3%
7,1%
5,3%
2,6%
24,7%
18,5%
8,6%
12,3%
9,9%
13,9%
5,8%
4,1%
30,4%
20,9%
21,8%
8,4%
5,9%
1,6%
66,1%
17,9%
6,6%
5,6%
5,2%
25,0%
11,2%
28,0%
5,2%
7,9%
54,3%
6,1%
1,9%
6,1%

15

14,7%
2,7%
76,3%
2,9%
6,3%
4,8%
2,4%
21,6%
17,0%
1,5%
9,6%
9,2%
13,0%
4,6%
3,8%
28,4%
18,2%
17,7%
7.5%
5.2%
1,5%
60,6%
14,6%
6,3%
4,6%
4,7%
20,3%
9,8%
24,5%
4,7%
6,6%
49,2%
5,3%
1,7%
5,0%

17,1%
4,7%
82,4%
7.2%
9,0%
6,0%
3,8%
29,6%
15,6%
10,4%
20,7%
9,0%
22,9%
1,1%
6,1%
24,6%
28,8%
34,2%
8,5%
1,8%
3,8%
63,9%
22,4%
16,5%
9,5%
4,7%
31,7%
21,3%
35,2%
9,9%
9,8%
62,8%
12%
3,4%
14,4%

15,5%
3,5%
79,4%
5,7%
7,8%
5,1%
3,5%
25,5%
14,4%
9,3%
18,3%
8,4%
20,3%
5,9%
5,4%
22,8%
23,0%
29,5%
7,8%
6,8%
3,0%
60,9%
20,0%
12,5%
8,4%
4,2%
28,8%
19,9%
34,5%
9,2%
9.3%
56,8%
6,4%
2,9%
11,4%

14,5%
3,1%
76,9%
4,9%
7,1%
4,6%
3,3%
21,8%
13,5%
8,5%
16,1%
8,2%
19,3%
4,9%
5,0%
21,5%
19,5%
27.2%
7,4%
6,4%
2,6%
57,2%
16,3%
10,2%
7,3%
4,0%
23,8%
19,2%
32,8%
8,8%
8,5%
51,4%
5,9%
2,6%
9.8%

12,2%
2,7%
74,2%
4,2%
6,5%
4,1%
3,0%
18,6%
12,4%
7,4%
11,8%
1,7%
17,8%
4,0%
4,7%
19,7%
17,1%
22,2%
6,7%
5,6%
2,3%
51,1%
13,3%
8,4%
6,1%
3,6%
18,6%
17,0%
28,9%
8,1%
7,1%
45,0%
5,1%
2,4%
8,2%



Gambia, The
Georgia
Germany
Ghana
Greece
Grenada
Guatemala
Guinea
Guinea-Bissau
Guyana
Haiti

Holy See (Vatican City)
Honduras
Hungary
Iceland
India
Indonesia
Iran

Iraq

Ireland
Israel

Italy
Jamaica
Japan
Jordan
Kazakhstan
Kenya
Kiribati
Korea
Kuwait
Kyrgyzstan
Laos
Latvia
Lebanon
Lesotho

76,2%
1,4%
6,1%

36,8%
15,2%

84,0%
19,5%
3,6%
8,4%

90,9%

76,6%

25,9%

22,4%
15,2%
26,4%
2,8%
5,5%
24,7%
8,0%
36,1%
8,6%
11,6%
85,5%
1,3%
9,0%
0,4%
46,6%
86,2%
9,8%
6,2%
0,3%
30,2%
6,0%
53,1%
8,2%

75,9%
1,4%
4,8%

36,1%
13,0%
82,7%
17,5%
3,1%
8,0%
90,1%
74,9%
22,5%
20,2%
13,5%
24,8%
2,6%
5,1%
23,6%
7.4%
33,6%
6,9%
9,3%
83,7%
1,0%
8,1%
0,4%
45,2%
85,7%
71,8%
5,7%
0,3%
24,5%
5,1%
49,7%
7,9%

75,7%
1,3%
4,2%

35,2%
11,6%

79,9%
14,9%
2,9%
7,8%
88,4%

70,7%

20,6%
17,3%
12,4%
23,7%
2,5%
4,8%
21,3%
6,8%
32,2%
6,1%
7,9%
80,1%
0,9%
7.2%
0,4%
43,8%
85,4%
6,9%
4,5%
0,3%
20,6%
4,3%
46,4%
7,8%
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74,9%
1,3%
3,6%

33,0%
10,1%

75,2%
11,4%
2,6%
7,6%

85,5%

65,6%
18,6%
13,9%
10,8%

22,1%
2,2%
4,2%
18,7%
6.2%
29,2%
5.2%
6,7%
76,2%
0,8%
5,6%
0,4%
41,2%
85,2%
6,2%
3,2%
0,3%
17,5%
3,8%
40,7%
7,6%

67,8%
2,8%
5,7%

44,6%
12,1%
84,3%

23,9%
4,6%
27,7%
89,2%
83,4%
28,4%
24,8%
12,8%
20,9%
4,3%
2,9%
14,3%
10,9%
33,7%
1,8%
9,6%
84,7%

1,2%
1,4%
1,2%

38,5%
55,7%
1,5%
71,1%
0,9%
37,2%
8,5%
43,8%
4,1%

67,3%
2,7%
4,7%

43,8%
10,5%
82,8%
21,4%
4,3%
25,1%
88,0%
81,7%
25,2%
22,5%
11,4%
19,6%
4,1%
2,7%
13,5%
10,1%
31,3%
6.2%
7,9%
82,5%

1,0%
6,7%
1,2%

37,1%
54,0%
5,9%
6,4%
0,9%
30,0%
7,3%
40,6%
4,0%

67,0%
2,7%
4.2%
42,7%
9,5%
80,1%
18,2%
4,1%
24,0%
85, 7%
78,0%
23,3%
19,2%
10,5%
18,7%
3,9%
2,5%
12,0%
9,5%
30,1%
5,5%
6,9%
78,4%
0,9%
5,8%
1,1%
35,8%
52,7%
5,1%
5,3%
0,9%
25,4%
6,4%
37,3%
3,9%

65,6%
2,6%
3,6%

40,1%
8,4%

75,7%
13,9%
3.9%
22,2%
82,4%
73,4%
20,9%
15,4%
9,1%
16,9%
3,4%
2,2%
10,2%
8.8%
27.2%
4,6%
6,0%
74,0%
0,8%
4,5%
1,1%
33,5%
51,8%
4,6%
3,9%
0,9%
21,6%
5,7%
31,7%
3.8%



Liberia
Libya
Liechtenstein
Lithuania
Luxembourg
Macedonia
Madagascar
Malawi
Malaysia
Maldives
Mali

Malta
Marshall Islands
Mauritania
Mauritius
Mexico
Micronesia, Federated States of
Moldova
Monaco
Mongolia
Morocco
Mozambique
Namibia
Nauru

Nepal
Netherlands
New Zealand
Nicaragua
Niger
Nigeria
Norway
Occupied Palestinian Territory
Oman
Pakistan
Palau

47,2%
5,3%
17,0%
8,4%
1,5%
27,6%
6,8%
13,3%
26,3%
1,3%
10,3%
68,8%
31,0%
5,3%
66,9%
10,9%
36,0%
1,5%
16,7%
12,8%
23,0%
20,3%
3,0%
82,5%
6,2%
11,4%
16,9%
27,8%
8,2%
7,8%
8,0%
15,4%
0,3%
7,6%
88,5%

46,0%
5,1%
14,3%
7,7%
6,6%
25,7%
5,4%
13,0%
22,8%
1,1%
8,6%
66,0%
31,0%
4,9%
62,4%
8,7%
35,7%
1,4%
14,1%
12,7%
20,5%
19,8%
2,8%
77,6%
6,1%
9,5%
13,6%
25,6%
6,9%
7,6%
6,8%
14,6%
0,3%
7,0%
87,6%

43,0%
5,0%
12,7%
7,3%
6,2%
24.,4%
4,6%
12,9%
20,4%
0,9%
8,1%
63,4%
31,0%
4,8%
59,7%
6,9%
35,3%
1,4%
12,9%
12,7%
19,2%
19,2%
2, 7%
73,5%
5,8%
8,6%
12,8%
21,4%
6,2%
7,3%
6,3%
14,0%
0,3%
6,5%
86,7%
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39,4%
4,8%
10,3%
6,8%
5,5%
22,4%
4,0%
12,7%
17.4%
0,8%
7,0%
58,5%
31,0%
4,4%
56,3%
5,6%
33,9%
1,3%
11,4%
12,5%
17,8%
18,5%
2,5%
69,6%
5,3%
1,5%
11,8%
18,3%
5,7%
6,5%
5.4%
13,0%
0,3%
5,6%
84,4%

44,3%
4,3%
18,5%
8,3%
7.2%
29,4%
1,7%
20,9%
10,5%
1,2%
14,7%
58,3%
42,8%
8,5%
55,8%
15,5%
35,7%
4,1%
17,9%
7.4%
18,0%
22,5%
3,4%
72,0%
4,0%
9,5%
21,8%
30,2%
5,4%
10,5%
6,2%
12,0%
0,4%
12,7%
80,9%

43,1%
4,2%
15,3%
7,6%
6,4%
26,8%
6,1%
20,5%
9.0%
1,1%
12,2%
54,2%
42,8%
7,6%
51,7%
12,4%
35,3%
4,0%
15,0%
7,3%
15,8%
21,6%
3,0%
65,6%
3,9%
8,0%
17,8%
27,7%
4,9%
10,3%
5,3%
11,3%
0,4%
11,7%
79,1%

40,3%
4,0%
13,5%
7,1%
6,0%
25,5%
5,2%
20,2%
8,0%
1,0%
11,4%
50,6%
42,7%
1,3%
48,9%
9,9%
34,9%
3,9%
13,7%
1,3%
14,5%
21,2%
2,8%
60,3%
3,8%
12%
16,7%
23,2%
4,6%
9,9%
4,9%
10,8%
0,3%
10,9%
77,3%

36,9%
3.8%
10,3%
6,5%
5.2%
23,5%
4,5%
20,1%
6,5%
0,8%
9,6%
45,0%
42,6%
6,4%
44,6%
8,0%
32,8%
3,7%
12,1%
7.2%
13,3%
20,7%
2,7%
55.,4%
3,5%
6,3%
14,4%
19,7%
4,3%
9,0%
4,2%
10,1%
0,3%
9.5%
72,7%



Panama

Papua New Guinea
Paraguay

Peru

Philippines

Poland

Portugal

Qatar

Romania

Russia

Rwanda

Saint Kitts and Nevis
Saint Lucia

Saint Vincent and the Grenadines
Samoa

San Marino

Sao Tome and Principe
Saudi Arabia
Senegal

Serbia and Montenegro
Seychelles

Sierra Leone
Singapore

Slovakia

Slovenia

Solomon Islands
Somalia

South Africa

Spain

Sri Lanka

Sudan

Suriname

Swaziland

Sweden

Switzerland

24,0%
37,2%
3,9%
6,0%
12,6%
14,5%
15,8%
1,6%
8,1%
0,5%
12,9%
78,8%
63,0%
80,9%
82,3%
22,6%
12,4%
0,9%
14,1%
10,7%
77,8%
43,9%
25,3%
12,5%
8,6%
38,8%
21,5%
11,9%
3,5%
27,0%
6,8%
69,2%
3,7%
4,2%
7,1%

18,7%
30,4%
3,4%
5,5%
11,4%
13,1%
12,8%
1,4%
7,7%
0,5%
12,1%
76,7%
60,2%
79,3%
78,5%
21,5%
11,7%
0,8%
12,4%
10,5%
75,3%
43,4%
21,5%
11,5%
8,0%
32,4%
21,2%
10,4%
2,9%
24,5%
6,5%
67,3%
3,5%
3,6%
6,1%

15,6%
26,0%
3,0%
5,1%
10,5%
12,4%
11,2%
1,4%
7.2%
0,4%
11,6%
72,2%
56,6%
75,7%
73,6%
20,9%
11,3%
0,7%
11,3%
10,1%
74,1%
42,1%
19,7%
10,7%
1,5%
27,8%
20,4%
9,4%
2,6%
22,9%
6,1%
66,0%
3,4%
3,4%
5,8%
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13,2%
22,6%
2,7%
4,4%
9,3%
11,3%
9,8%
1.2%
6,8%
0,4%
11,0%
65,5%
50,4%
69,7%
69.,7%
19,3%
10,8%
0,6%
10,0%
9,9%
72,0%
38,8%
17,0%
9,6%
6,8%
24,4%
19,1%
8,8%
2,3%
21,5%
5,5%
61,1%
3,2%
2,9%
5.2%

16,7%
27,8%
3,8%
5,8%
13,5%
14,2%
18,9%
2,1%
11,2%
1,4%
26,3%
78,5%
68,6%
84,6%
73,4%
15,1%
26,6%
0,9%
17,1%
14,6%
77,2%
49,2%
14,5%
14,3%
10,9%
25,7%
34,5%
1,4%
4,2%
28,2%
6,8%
65,8%
5,3%
4,5%
9,5%

12,8%
22,2%
3,3%
5,4%
12,4%
13,1%
15,9%
1,8%
10,7%
1,3%
25,6%
76,3%
65,6%
83,0%
68,3%
14,4%
25,8%
0,8%
14,9%
14,2%
75,5%
48,7%
12,1%
13,5%
10,4%
21,1%
34,0%
6,4%
3,6%
26,1%
6,5%
62,8%
4,9%
4,0%
8,4%

10,6%
18,8%
3,0%
5,0%
11,4%
12,3%
14,2%
1,7%
10,2%
1,2%
25,2%
72,0%
62,1%
79,9%
62,9%
14,1%
25,4%
0,7%
13,5%
13,8%
73,8%
47,7%
11,0%
13,0%
10,0%
17,9%
33,1%
5,8%
3,3%
24,6%
6,2%
60,8%
4,8%
3,8%
8,0%

8,9%
16,0%
2,6%
4,4%
10,2%
11,2%
12,7%
1,5%
9,6%
1,2%
24,3%
65,3%
56,4%
75,2%
57,3%
13,2%
23,8%
0,6%
12,0%
13,2%
71,1%
44,9%
9,3%
12,2%
9.0%
15,3%
31,6%
5,4%
3,0%
22,7%
5,7%
54,9%
4,3%
33%
7.2%



Syria 7,5% 7,0% 6,5% 5,6% 6,1% 5,7% 5,4% 4,7%
Taiwan 15,4% 14,0% 12,8% 11,8% 12,7% 11,6% 10,6% 9,8%
Tajikistan 0,2% 0,2% 0,2% 0,2% 0,6% 0,6% 0,6% 0,6%
Tanzania 10,8% 10,3% 9,5% 8,6% 12,1% 11,1% 10,4% 9,5%
Thailand 2,4% 2,0% 1,8% 1,6% 2,2% 1,9% 1,7% 1,5%
Togo 13,5% 12,5% 11,7% 9,8% 16,3% 15,4% 14,6% 12,9%
Tonga 80,8% 76,5% 71,9% 67,6% 75,6% 70,7% 65,6% 59,2%
Trinidad and Tobago 80,0% 77,6% 74.,2% 68,9% 78,9% 76,3% 72,6% 67,1%
Tunisia 17,4% 14,7% 13,2% 11,9% 12,4% 10,5% 9,4% 8,4%
Turkey 8.3% 7,7% 7,5% 7,0% 5,8% 5,3% 51% 4,8%
Turkmenistan 0,1% 0,1% 0,1% 0,1% 0,4% 0,4% 0,3% 0,3%
Tuvalu 75,4% 74,4% 74,0% 72,8% 64,9% 63,7% 63,1% 61,2%
Uganda 42,7% 41,2% 39,9% 37,6% 36,0% 34,2% 33.2% 31,2%
Ukraine 2,3% 22% 2,2% 2,0% 4,3% 4,2% 4,0% 3.8%
United Arab Emirates 0,6% 0,5% 0,5% 0,5% 0,7% 0,7% 0,6% 0,5%
United Kingdom 17,8% 15,1% 13,9% 12,5% 17,1% 14,7% 13,4% 11,9%
United States 0,5% 0,4% 0,4% 0,4% 0,5% 0,4% 0,4% 0,3%
Uruguay 7.9% 6,9% 6,2% 5,4% 9,0% 7,9% 7.2% 6,3%
Uzbekistan 0,3% 0,3% 0,3% 0,3% 0,8% 0,8% 0,8% 0,8%
Vanuatu 13,0% 10,8% 9,2% 8,3% 8,3% 6,8% 6,0% 4,9%
Venezuela 3,5% 3,1% 2,8% 2,5% 3,8% 3,4% 3,0% 2,7%
Vietnam 23,7% 20,4% 16,8% 14,0% 26,9% 23,0% 18,7% 15,5%
Yemen 24,0% 19,5% 16,8% 14,4% 6,0% 5,6% 5,4% 4,9%
Zambia 19,6% 18,4% 17,7% 17,0% 16,4% 15,4% 14,7% 14,1%
Zimbabwe 7,6% 6,5% 5,9% 52% 13,1% 11,5% 10,5% 9,1%
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Table A.4. PhD graduates in the US in 2003

PhD'sin USin % of PhD graduates per

Country of birth PhD's in US graduates year Ratio US/Flow Estimated rate
Argentina 4405 12,0% 363 12,1 37,0%
Armenia 1042 11,9% 345 3,0 12,8%
Australia 2477 10,8% 4383 0,6 2,1%
Austria 2371 17,4% 2082 1,1 4.2%
Azerbaijan 731 19,6% 321 2,3 9,9%
Bangladesh 2107 7.4% 367 5,7 21,7%
Barbados 208 2,6% 128 1,6 5,9%
Belarus (Byelarus) 293 3,4% 1149 0,3 1,2%
Belgium 798 5,8% 1304 0,6 2,3%
Brazil 3952 11,4% 35704 0,1 0,5%
Bulgaria 1109 6,7% 404 2,7 11,7%
Cambodia 460 5,9% 76 6,1 22,7%
Cameroon 3714 51,7% 888 4,2 23,7%
Canada 19122 7,3% 3939 4,9 15,7%
China 63153 21,3% 10320 6,1 22,8%
China, Macao 188 8,0% 9 19,9 49,1%
Colombia 3787 5,0% 34 112,2 84,4%
Croatia 1109 18,1% 318 3,5 14,4%
Cuba 3246 2,8% 354 9,2 30,7%
Cyprus 219 9,3% 9 25,3 49,2%
Czech Republic 1477 17,6% 1415 1,0 3,9%
Denmark 1114 9.2% 850 1,3 4,8%
Egypt 4725 10,5% 3874 1,2 5,6%
Estonia 424 19,6% 162 2,6 11,2%
Ethiopia 1160 12,5% 5 215,8 91,3%
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Finland
France
Georgia
Germany
Ghana
Greece
Honduras
Hungary
Iceland
Indonesia
Iran

Iraq
Ireland
Israel
Italy
Japan
Jordan
Kenya
Latvia
Lebanon
Liberia
Lithuania
Malaysia
Malta
Mexico
Moldova
Morocco
Netherlands
New Zealand
Nigeria

647
7277
852
17840
2909
2948
227
2877
490
1141
8996
866
3294
4694
3997
6478
622
611
122
1734
347
391
1038
108
5693
371
506
2229
1346
4862

17,8%
11,6%
46,1%
8,0%
15,9%
10,2%
1,4%
16,3%
21,5%
6,4%
8,3%
6,2%
8,0%
16,5%
6,6%
5,1%
6,1%
3, 7%
1,3%
6,6%
4,1%
6,9%
5,7%
8,5%
3,0%
6,3%
6,6%
1,6%
11,1%
7,5%
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1813
9814
547
24422
707
1226

970

8710
2438
5056
664
956
5851
13866
179
1101
62
701
526
317
634
46
1780
300
2238
2650
546
8385

0.4
0,7
1,6
0,7
4,1
24
75,7
3,0
70,0
0,1
3,7
0,2
5,0
4,9
0,7
0,5
35
0,6
2,0
2,5
0,7
1,2
1,6
2,3
32
1,2
0,2
0.8
2,5
0,6

1,4%
2,8%
7,0%
2,7%
16,6%
8,5%
78,5%
12,5%
72,9%
0,6%
15,1%
0,8%
16,0%
15,9%
2,6%
1,8%
14,4%
2,6%
8,7%
10,7%
3,1%
5,6%
7,3%
10,1%
13,4%
5,6%
1,1%
3,1%
8,6%
2,7%



Norway
Panama
Philippines
Poland
Portugal
Romania
Russia

Saudi Arabia
Serbia-Montenegro
Slovakia
Slovenia
South Africa
South Korea
Spain
Sweden
Switzerland
Tanzania
Thailand

Trinidad and Tobago

Tunisia

Turkey

Uganda

Ukraine

United Kingdom
Uruguay
Uzbekistan
Vietnam

258
2279
3658
6488

526
4122
12835

407

66

738

210
1758
12172
3435
1491
2304

318

701

449

869
3798

248
3701
24482

316

378

1559

2,2%
7,1%
0,7%
8,7%
5,3%
15,8%
15,2%
26,8%
2,9%
17,6%
71,4%
6,4%
6,2%
12,0%
11,2%
18,1%
1,1%
2,1%
2,0%
31,8%
15,4%
4,7%
6,1%
11,3%
6,3%
19,6%
1,3%

757

1560
5225
3626
3947
30601
1925
60
918
337
1013
7106
6925
3435
28717

5178
24
4227
2564
735
5900
14215

852
5089

0,3
284.9
23
1,2
0,1
1.0
0,4
0,2
1,1
0,8
0,6
1,7
1,7
0,5
0,4
0,8
39,8
0,1
18,5
0,2
L5
0,3
0,6
1,7
52,7
0,4
0,3

1,3%
93,2%
10,2%

5,7%

0,7%
4,8%

2,0%

0,8%

4,0%

3,0%

2,9%

1,7%

1,7%

1,9%

1,6%

3,0%
65,8%

0,7%
47,2%

1,0%

6,7%

1,6%

2,9%

6,2%
71,8%

2,1%

1,5%
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Table A.S. Physicians’ brain drain 1991-2004 (in percent)

Country 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004
Afghanistan 11.3 11.1 11.0 11.0 12.2 13.4 13.9 12.0 10.5 9.2 8.2 8.4 83 8.2
Albania 0.5 0.4 0.5 0.6 0.6 0.7 0.8 0.9 1.1 1.1 14 1.7 2.0 2.3
Algeria 1.2 1.3 1.3 1.3 1.3 1.2 1.2 2.4 3.6 4.7 5.7 6.7 7.0 7.1
Andorra 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.2 1.2 1.2 1.2 1.2 1.2
Angola 15.6 15.5 13.2 13.1 11.4 11.4 10.4 10.0 10.0 10.0 9.9 9.9 10.2 10.7
Antigua and Barbuda 16.9 19.4 24.2 25.6 29.8 23.9 27.9 32.0 359 37.6 432 47.0 48.8 51.8
Argentina 3.2 33 33 33 33 33 2.9 3.0 3.0 2.9 2.9 2.9 3.0 3.0
Armenia 0.7 0.8 0.9 1.1 12 1.2 1.6 1.7 2.0 22 2.0 22 24 2.6
Australia 22.0 21.9 22.7 21.9 21.5 21.9 12.4 13.2 13.3 12.5 12.3 11.8 11.0 13.8
Austria 7.3 6.9 6.8 6.1 5.9 6.0 5.7 59 6.0 5.9 5.9 6.1 6.6 6.6
Azerbaijan 0.1 0.1 0.1 0.1 0.2 02 0.2 0.3 0.3 0.3 0.3 0.3 0.4 0.4
Bahamas, The 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Bahrain 0.4 0.5 0.8 0.8 1.6 1.7 2.2 25 3.1 2.8 3.1 3.6 3.6 42
Bangladesh 5.4 5.4 5.6 5.7 5.9 6.0 6.1 6.5 6.7 6.5 6.0 6.2 6.3 6.6
Barbados 1.5 1.2 0.9 1.0 1.1 1.2 1.1 1.0 1.8 1.9 1.2 14.2 32.8 41.2
Belarus 0.1 0.2 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.4 0.4 0.5 0.5 0.5
Belgium 7.6 7.6 7.9 7.9 8.4 8.1 8.1 8.4 9.2 8.9 9.0 10.0 10.3 10.8
Belize 1.8 1.4 1.1 0.6 0.3 0.0 0.0 0.0 04 3.7 8.2 17.1 22.8 28.1
Benin 8.9 6.8 7.0 6.5 6.4 5.7 59 5.8 6.2 6.8 6.6 83 79 79
Bhutan 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Bolivia 10.9 10.8 11.2 9.5 7.8 6.6 59 5.6 5.6 52 5.8 5.7 5.6 5.6
Bosnia and Herzegovina 6.2 73 7.8 8.6 9.7 9.9 10.3 10.9 11.7 11.8 12.8 12.4 12.6 12.8
Botswana 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Brazil 0.8 0.8 0.8 0.8 0.9 0.9 0.7 0.9 0.9 0.6 0.6 0.6 0.6 0.7
Brunei 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Bulgaria 1.8 1.8 1.9 1.9 2.0 2.1 23 2.5 2.7 3.0 33 35 3.9 4.1
Burkina Faso 0.4 0.4 04 0.3 0.3 0.3 0.3 02 0.3 0.2 0.3 0.3 0.7 0.7
Burma (Myanmar) 332 29.2 22.0 16.2 11.9 11.9 10.4 10.6 10.5 10.4 10.5 10.7 10.8 11.2
Burundi 2.9 2.9 3.0 2.9 3.1 3.1 3.1 43 6.4 6.7 6.6 7.0 7.0 7.5
Cambodia 11.8 11.4 11.5 10.9 9.3 6.8 45 3.2 3.0 53 5.0 5.0 4.8 4.7
Cameroon 6.7 6.6 7.5 79 79 72 6.6 75 8.4 8.9 9.7 10.8 11.2 13.0
Canada 18.2 18.4 19.0 20.0 21.0 21.5 21.6 21.9 21.9 22.2 22.0 22.1 21.9 21.9
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Cape Verde
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Chile

China

China, Hong Kong SAR
China, Macao SAR
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El Salvador
Equatorial Guinea
Eritrea

Estonia

Ethiopia

Fiji

Finland

France

Gabon

Gambia, The
Georgia

0.0
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0.1
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0.4
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0.1

0.0
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5.7
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95.9
39.0
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2.5
8.0
7.8
0.0
0.0
2.3
16.3
25.8
4.5
22
0.3
0.0
0.1

0.0
2.6
1.9
5.6
0.1
35.8
0.0
6.3
0.0
11.2
4.8
6.9
04
5.8
52
0.0
44
6.1
0.0
96.0
40.8
23.2
2.5
72
8.3
0.0
0.0
2.5
17.5
30.2
4.6
22
04
0.0
0.1

0.0
35
1.8
5.6
0.1
35.0
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5.8
0.0
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5.1
7.3
04
6.1
4.5
0.0
42
5.9
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27.8
2.6
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2.5
17.9
32.6
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22
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0.0
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39
0.9
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34.2
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59
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04
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42
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0.0
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2.6
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32.8
4.6
2.0
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0.0
3.8
0.9
53
0.1
34.0
0.0
5.8
0.0
10.3
6.6
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6.0
4.2
0.0
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0.0
96.8
30.8
33.7
2.8
52
5.7
0.0
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0.0
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0.0
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4.5
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13.7
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0.7
6.8
3.6
0.0
3.8
49
0.0
98.7
30.0
25.3
2.7
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4.5
1.7
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2.8
21.9
41.9
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2.1
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0.0
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02
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17.7
5.4
6.1
71.5

3.8
1.7
1.0
8.1
17.5
0.0
1.8
29.9
0.0
0.0
0.2
8.9
0.0
0.5
0.2
6.1
11.3
0.0
0.0
2.1
7.8
32.9
6.8
0.3
8.5
3.7
3.0
0.1
12.1
0.0
53
17.8
6.0
6.5
71.6

3.6
1.8
2.6
8.0
17.0
0.0
1.2
29.7
0.0
0.0
02
8.8
0.0
0.5
02
6.1
11.5
0.0
0.0
2.3
1.7
33.3
6.9
0.1
7.9
3.8
3.0
0.1
12.3
0.0
74
18.6
4.9
6.5
18.2
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3.6
1.8
1.9
8.0
9.6
0.0
1.1
24.8
0.0
0.0
02
9.1
0.0
0.6
02
5.4
9.5
0.0
0.0
3.0
7.4
20.6
6.6
0.1
8.2
4.0
29
0.1
12.5
0.0
6.0
18.4
3.7
6.4
17.4

3.8
2.0
32
7.9
9.5
0.0
1.4
24.5
0.0
0.0
0.4
9.5
0.0
0.6
0.3
5.6
9.8
0.0
0.0
33
7.3
21.7
6.5
0.1
9.2
4.0
2.8
02
13.1
0.0
6.7
18.5
4.1
6.7
17.9

3.7
2.1
3.6
8.5
9.0
0.0
14
25.3
0.0
0.0
12
8.1
0.0
0.8
0.3
59
9.8
0.0
0.0
29
7.0
21.8
5.7
0.1
9.8
33
2.3
0.2
13.4
0.0
6.3
21.4
4.1
5.7
17.6

39
22
3.8
10.8
8.7
0.0
2.0
254
0.0
0.0
12
8.5
0.0
0.9
0.3
6.1
6.6
0.0
0.0
33
6.8
21.9
52
0.1
10.4
33
1.9
04
13.1
0.0
5.6
24.2
3.8
5.7
17.2

39
2.3
5.1
17.3
8.9
0.0
2.3
24.6
0.0
0.0
12
6.7
0.0
1.1
0.3
6.1
6.6
0.0
0.0
3.7
6.8
21.3
4.7
0.1
11.0
3.1
1.6
0.5
12.4
0.0
5.7
24.4
3.8
5.7
16.9

4.0
2.3
34
21.4
9.0
0.0
2.7
24.5
0.0
0.0
1.3
7.6
0.0
1.2
0.3
6.4
6.8
0.0
0.0
4.1
7.3
21.8
4.2
0.1
11.6
32
1.5
0.6
12.6
0.0
5.7
25.0
3.8
5.7
17.6

4.1
24
34
30.5
9.1
0.0
2.6
24.9
0.0
0.0
1.5
1.7
0.0
1.3
0.3
6.5
6.1
0.0
0.0
6.0
7.4
21.3
33
0.1
12.0
32
1.5
0.6
13.2
0.0
5.8
25.0
3.7
5.7
17.3

4.1
2.6
3.6
31.5
9.3
0.0
3.0
25.1
0.0
0.0
1.5
7.8
0.0
1.3
0.3
6.6
6.2
0.0
0.0
8.8
7.6
24.8
33
0.1
12.8
32
1.5
0.6
14.2
0.0
59
25.5
3.8
5.8
17.2



Poland

Portugal

Qatar

Romania

Russia

Rwanda

Saint Kitts and Nevis
Saint Lucia

Saint Vincent and the Grenadines
Samoa

San Marino

Sao Tome and Principe
Saudi Arabia
Senegal

Serbia and Montenegro
Seychelles

Sierra Leone
Singapore

Slovakia

Slovenia

Solomon Islands
Somalia

South Africa

Spain

Sri Lanka

Sudan

Suriname

Swaziland

Sweden

Switzerland

Syria

Taiwan

Tajikistan

Tanzania

Thailand

43
23
0.0
4.1
0.2
52
28.5
71.1
0.0
0.0
0.0
0.0
1.0
54
53
24
3.0
23.5
3.8
24
0.0
16.0
31.7
6.7
64.8
12.3
3.7
0.0
3.7
12.0
17.9
12.0
0.1
7.0
14.4

44
2.3
0.0
43
0.3
53
29.9
70.3
0.0
0.0
0.0
0.0
1.1
44
55
2.3
33
24.0
4.0
2.5
0.0
16.5
31.6
6.8
65.3
14.2
3.8
0.0
39
11.6
18.4
11.9
0.1
7.1
14.0

4.6
24
0.0
49
0.3
53
32.6
68.0
0.0
0.0
0.0
0.0
1.3
3.7
5.7
2.7
34
24.3
39
2.6
0.0
17.2
334
7.1
65.5
15.7
4.1
0.0
39
11.2
18.1
12.0
0.1
7.0
14.1

43
2.5
0.0
5.1
0.4
10.5
32.7
68.9
0.0
0.0
0.0
0.0
12
2.5
5.8
2.6
35
224
4.0
2.5
0.0
18.0
33.6
6.8
52.7
15.2
43
0.0
3.8
11.0
17.7
11.4
0.1
6.9
13.8

4.7
2.5
0.0
53
04
15.1
29.1
69.4
0.0
0.0
0.0
0.0
1.0
33
5.8
2.6
3.6
214
43
2.5
0.0
19.8
34.5
6.9
50.6
16.1
43
0.0
4.0
10.5
17.3
10.9
0.2
7.1
14.0

4.6
24
0.0
55
0.4
15.5
29.2
69.7
0.0
0.0
0.0
0.0
1.0
2.6
59
2.3
3.8
21.4
5.0
2.5
0.0
19.8
35.5
6.5
48.8
18.0
6.5
0.0
42
10.5
16.8
10.8
02
8.1
9.7
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4.7
23
0.0
59
0.5
12.8
26.2
74.7
0.0
0.0
0.0
0.0
0.8
2.5
59
22
39
14.5
12.1
24
0.0
21.1
31.0
6.2
42.1
16.5
6.3
0.0
4.1
8.8
16.6
9.7
02
9.4
73

5.1
24
0.0
6.4
0.5
12.4
30.8
77.2
0.0
0.0
0.0
0.0
1.1
29
6.2
3.8
4.2
13.7
4.6
2.5
0.0
21.4
31.2
6.5
39.7
16.9
6.5
0.0
4.7
10.2
14.2
10.7
0.3
11.3
10.4

53
24
0.0
6.7
0.6
13.1
31.6
77.1
0.0
0.0
0.0
0.0
12
3.7
6.1
5.4
43
16.1
3.6
2.7
0.0
21.3
30.8
6.3
37.3
15.8
6.3
0.0
4.8
10.0
15.9
10.6
0.3
11.5
11.6

5.6
24
0.0
7.1
0.6
12.7
34.9
78.4
0.0
0.0
0.0
0.0
12
4.0
6.2
52
4.6
15.5
3.7
2.7
0.0
21.2
29.3
5.8
33.6
14.4
72
0.0
4.6
9.5
15.9
10.1
0.3
11.6
11.6

5.8
24
0.0
7.6
0.6
12.4
38.5
79.9
0.0
0.0
0.0
0.0
12
49
6.4
5.1
4.7
14.9
3.7
2.7
0.0
21.1
28.2
6.1
33.5
15.1
6.5
0.0
4.7
9.2
16.1
9.7
0.3
11.6
11.5

5.7
2.5
0.0
8.2
0.7
12.8
42.1
80.8
0.0
0.0
0.0
0.0
1.3
5.5
8.2
59
5.4
14.8
3.1
2.8
0.0
21.5
28.6
6.3
33.6
15.7
6.5
0.0
4.9
8.8
16.5
9.2
0.3
13.2
11.5

59
24
0.0
8.7
0.7
13.3
54.0
81.7
0.0
0.0
0.0
0.0
1.4
6.6
8.4
59
6.9
14.3
34
29
0.0
21.4
29.0
6.3
34.0
15.9
6.2
0.0
5.0
8.6
16.8
8.7
0.4
13.5
11.5

6.1
2.5
0.0
9.2
0.8
13.6
61.8
82.6
0.0
0.0
0.0
0.0
1.4
8.0
8.5
15
8.1
17.4
34
29
0.0
22.0
34.1
6.3
34.8
16.8
6.0
0.0
52
8.4
17.5
8.6
0.4
14.0
11.5



Togo

Tonga

Trinidad and Tobago
Tunisia

Turkey
Turkmenistan
Tuvalu

Uganda

Ukraine

United Arab Emirates
United Kingdom
United States
Uruguay

Uzbekistan

Vanuatu

Venezuela

Vietnam

Yemen

Zambia

Zimbabwe

10.6
0.0
0.8
4.7
3.7
0.0
0.0
43.7
0.3
10.1
16.2
02
2.3
0.0
0.0
2.3
6.0
2.5
20.0
18.5

14.6
0.0
0.8
39
3.8
0.0
0.0
43.4
0.3
9.6
15.4
0.2
2.5
0.1
0.0
22
5.6
1.7
21.2
19.3

13.6
0.0
0.8
39
3.8
0.0
0.0
434
04
7.8
14.3
0.2
2.6
0.1
0.0
2.1
5.6
1.3
21.5
19.6

15.5
0.0
0.7
4.5
35
0.0
0.0
40.7
0.4
6.3
14.9
0.2
2.6
0.1
0.0
2.0
5.4
1.3
21.9
19.7

11.7
0.0
1.0
3.8
35
0.0
0.0
40.6
0.4
5.4
13.4
0.2
2.5
0.1
0.0
2.0
5.1
1.1
244
19.4

11.1
0.0
1.1
32
5.7
0.0
0.0
40.3
0.6
5.1
13.5
02
24
0.1
0.0
2.0
4.7
1.2
24.1
22.0

12.7
0.0
1.6
3.6
3.0
0.0
0.0
37.2
0.7
43
12.3
02
22
02
0.0
1.5
4.2
1.4
22.8
23.3

13.8
0.0
22
35
33
0.0
0.0
37.3
0.8
4.1
13.0
02
24
02
0.0
2.3
5.1
1.3
23.0
25.4

15.5
0.0
2.7
3.7
33
0.0
0.0
36.7
0.9
4.0
12.5
0.2
2.4
0.3
0.0
23
4.7
1.3
23.2
27.7

15.6
0.0
4.7
3.8
32
0.0
0.0
36.2
0.9
3.8
12.6
0.2
2.4
0.3
0.0
2.4
4.6
14
23.9
30.4

17.0
0.0
6.8
39
32
0.0
0.0
36.1
1.0
3.8
12.7
0.2
2.4
0.3
0.0
2.4
4.5
1.3
24.3
34.5

17.9
0.0
8.7
4.1
3.1
0.0
0.0
32.5
1.1
4.0
12.3
02
24
0.4
0.0
24
4.5
1.4
25.1
40.6

17.1
0.0
11.3
4.1
3.1
0.0
0.0
33.0
1.2
4.1
12.5
02
24
0.4
0.0
2.5
4.4
1.5
25.9
42.2

17.6
0.0
15.2
4.2
3.1
0.0
0.0
34.2
1.2
4.6
12.6
0.2
24
0.4
0.0
2.7
4.4
1.6
27.5
45.2

Source: Docquier and Bhargava (2007) + Own corrections
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