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Abstract: Immigration is a controversial topic that draws much debate. From a human sustainability
perspective, immigration is disadvantageous for home countries causing brain drains. Ample
evidence suggests the developed host countries benefit from immigration in terms of diversification,
culture, learning, and brain gains, yet less is understood for emerging countries. The purpose of
this paper is to examine the presence of brain gains due to immigration for emerging countries, and
explore any gaps as compared to developed countries. Using global data from 88 host and 109 home
countries over the period from 1995 to 2015, we find significant brain gains due to immigration
for emerging countries. However, our results show that there is still a significant brain gain gap
between emerging and developed countries. A brain gain to the developed host countries is about
5.5 times greater than that of the emerging countries. The results hold after addressing endogeneity,
self-selection, and large sample biases. Furthermore, brain gain is heterogenous by immigrant types.
Skilled or creative immigrants tend to benefit the host countries about three times greater than the
other immigrants. In addition, the Top 10 destination countries seem to attract the most creative
people, thus harvest the most out of the talented immigrants. In contrast, we find countries of origin
other than the Top 10 seem to send these creative people to the rest of the world.

Keywords: economic impact of immigration; emerging countries; innovation

1. Introduction

Innovation and technological advancement are building blocks for the long-term
sustainable growth and productivity of an economy (Aghion and Howitt 1992; Jones 1995;
Romer 1990). Behind all innovations, there are creative human minds. Therefore, the
world is competing to attract the brightest minds and the labor market for them has
become increasingly mobile. The global immigrant stock was 145.1 million in 1990, yet
by the year 2019, it reached 261.8 million, which is 3.4% of the total global population,
and 1.8 times more than three decades ago1. Immigration policies in the U.S. through its
H1B program, in UK and Canada through their point systems target to attract the selective
skilled groups who can meaningfully contribute to the development. Indeed, immigrants
make noticeable contributions to science and innovation. For example, the majority of the
Nobel laureates in physics and chemistry (Moser et al. 2014), more than 25% to innovations
and entrepreneurship (Kerr and Kerr 2020), about 40% of Ph.D. degrees in STEM, and more
than 50% in engineering and computer science (Kerr 2019) are attributable to foreign-born
immigrants in the U.S.

Despite its benefits, immigration still is a controversial topic that draws much debate.
Some would argue that only few origin countries win from the global migration while

1 Authors’ own estimate based on Global Migration data from the United Nations.
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the majority are losing exacerbating the imbalance (Beine et al. 2008). More recent studies
argue that migration is not a zero-sum game, with proper institutions it can be a win-win
situation for both home and host countries (Mi et al. 2020; Naghavi and Strozzi 2015; Vissak
and Zhang 2014). However, the extant literature largely focused on developed countries
in the context of the US (Bernstein et al. 2019; Kerr and Lincoln 2010; Moser et al. 2014),
Canada (Beach et al. 2007; Blit et al. 2020), Australia (Clarke et al. 2019), UK (Nathan 2015),
and OECD countries (Liu et al. 2010; Ortega and Peri 2009). The literature on developing
countries is generally theoretical, with very few empirical analyses focused on a single
country only.

The purpose of this paper is twofold. First, empirically examine the presence of
brain gains for emerging host countries. According to the World Intellectual Property
Organization’s reports, contribution of emerging countries to the world innovation remains
low and lagging behind (World Intellectual Property Organization 2019). Therefore, second,
we compare the degree of brain gains between emerging and developed countries. With
matched data of non-resident patents by 35 emerging and 64 developed countries of origin
to 36 emerging and 52 developed host countries over the period from 1995–2015, we study
the association between immigration and the non-resident patent rates.

After controlling for host country variables, and year fixed effects, we find evidence
of significant brain gains due to immigration. From an increase of immigrants by 1000 per
1 million population, a host country benefits from an increase of non-resident patents by 100
per 1 million population. However, we find significant brain gain gap between emerging
and developed countries. Brain gain benefits to the developed countries are approximately
5.5 times greater than that of emerging countries. From an increase of 1000 immigrants
per 1 million population, while a developed country benefits by an increase of 110 non-
resident patents per 1 million population, an emerging country benefits by an increase of
20 non-resident patents only. An association between the total immigration and the total
innovation aggregated at the host country level shows even stronger results economically,
statistically, and with much stronger explanatory power.

By further looking into immigrants by their country of origin, we find heterogeneity
in brain gains. Immigrants coming from either highly educated or R&D intensive countries
tend to benefit the host countries most. Brain gains from immigrants coming from highly
educated countries tend to be 2.4 times higher than the immigrants coming from less
educated countries. In addition, if the immigrants coming from R&D intense countries,
the benefits are three times bigger than less intense countries. Furthermore, developed
host countries tend to harvest the benefits of these educated, and inventive immigrants by
promoting resources and opportunities. The findings are consistent with the literature on
skilled immigrants’ outputs in developed host countries (Akcigit et al. 2017; Burchardi et al.
2020; Hunt and Gauthier-Loiselle 2010). Interestingly, though we do not find significant
differences between educated vs. less educated; research-minded vs. non-research-minded
immigrants coming to emerging host countries. The results imply that the treatments or
policies in the emerging countries are not strong enough to attract skilled immigrants.
Our findings for emerging countries support previous arguments that the innovations in
emerging countries are driven by needs, rather than opportunities thus less contributive to
the innovations (Anokhin and Wincent 2012; Bratti and Conti 2018).

We test the sensitivity of our analyses to Top 10 destination and Top 10 origin countries
versus the rest of the world. Although the results consistently hold in these various
subsample specifications, we find the brain gains to the Top 10 destination countries are
5.6 times higher than the rest of the world, and almost 4 times higher than the baseline
results. For the Top 10 origin countries, we find the opposite result. It is the rest of the world
that derives much of the result, and we see much smaller brain gain contribution coming
from the Top 10 home countries. We conclude that it might be while Top 10 destination
countries are the most popular, thus creative and talented citizens would prefer to live
there, deriving much of the results. On the other hand, the Top 10 country of origin might
not be the competitive environment for their citizens, that is why they might be losing
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more of their citizens to the rest of the world. It seems the background and upbringings
of the immigrants do play significant roles, and people coming from these regions of the
world are contributing less to the innovation than the rest of the world.

We realize that immigration is not a pure exogenous event. Rather, people who
immigrate to other countries do so consciously by evaluating their destination countries
among others, potential benefits, and threats. At the same time, some host countries
implement progressive immigration policies to attract the most talented global pool. We
conduct 2SLS regression analyses with push-factor instruments from home countries
to address the endogeneity issue. Furthermore, to address self-selection bias, we use
propensity score matching to create a more balanced sample and rerun the analyses. In our
2SLS and propensity score analyses, our results continue to hold, and we find significant
brain gains for emerging countries, yet there is still brain gain gap as compared to the
developed countries.

Our study contributes to the literature with a focus on developing countries There is
little evidence about immigrants to the emerging countries, and how they might contribute
to the host country’s innovation. We conduct cross country analyses, rather than a single
country. Therefore, the results are more generalizable. In addition, it fills the gap in
the literature by conducting comparative analyses between developed versus emerging
countries. The study has implications on the emerging host country’s immigration, policies
for growth, and development with indirect implications on human capital sustainability.

The rest of the paper is organized as below. In Section 2, we provide the literature
review, and develop our hypotheses; in Section 3, we explain the methodology; in Section 4,
we explain our results and robustness tests; and in Section 5, we provide conclusions,
explain the limitations of the research, and suggestions for future research.

2. Literature Review and Hypotheses Development

Opponents of immigration make arguments from both the home and host country’s
perspectives. From the home country’s perspective, sending their brightest and creative
people to the rest of the world can endanger the nation’s human capital sustainability
(Beine et al. 2008; Docquier and Rapoport 2012; Grubel 1966). Sustainable Development
Goals 2030 formulated by the United Nations emphasize the importance of reducing
inequality and improving education quality for a sustainable future for all. From the
host country’s perspective, a large flow of immigrants might deplete national resources,
crowd out local employees, creating tension between local and immigrant employees, and
exacerbate wage inequality (Das et al. 2020). Furthermore, communication barriers could
reduce mutual trust, and the exclusions of minority groups could lead to social unrest
and conflicts (Alesina and Ferrara 2005). In absence of synergy with the host institution,
productivity and inventive capability could be at risk (Mi et al. 2020).

Despite the above arguments, the positive evidence of immigration on innovation is
outnumbered. Hunt and Gauthier-Loiselle (2010) document that in the US, the innovation
rate by immigrants outweighs natives. They find that a one percentage point increase in
population share leads to a 9–18 percent increase in patents per capita. Similarly, immi-
grants with Chinese and Indian origins contribute significantly to innovation (Kerr and
Lincoln 2010). Immigration not only directly impacts innovation, but also has positive
spillover effects on their American peers’ productivity (Bernstein et al. 2019), patent collab-
orations (Kerr 2008), and innovation diffusions to local neighbors (Burchardi et al. 2020).
Brain gains expand beyond the US to include European countries (Bosetti et al. 2012; Ozgen
et al. 2012) and growth in OECD countries (Ortega and Peri 2009).

Furthermore, recent studies prove that brain gains due to immigration do not have
to be a zero-sum game so that immigrants can bring benefits to their home countries
contributing to the development. Immigrants maintain their ties, invest in their home
countries, give back by knowledge-sharing, collaborations, and technology diffusions (Kerr
2008; Naghavi and Strozzi 2015). Leveraging on their local knowledge and relationships,
they meaningfully contribute to their host firm internationalization with expansion into
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their home countries with mutual benefits on both sides (Vissak and Zhang 2014). Some
entrepreneurs work mobile and return to their country of origin with knowledge spillovers
and the best practices (Liu et al. 2010).

Most of the above studies are conducted for developed countries, without much
application to the emerging countries. The handful of studies that examine emerging
countries are descriptive and limited to policy recommendations (Aldieri et al. 2020). Low-
quality amenities and underdeveloped infrastructure in emerging host economies are not
comparable to the developed counterparties. Instead, these emerging countries might draw
unskilled immigrants mostly for cheap wages in labor-intensive sectors. No significant
benefits from immigration on innovations found in Italy may be due to the fact that a large
portion of immigrants are unskilled (Bratti and Conti 2018). Innovations in Russia are
clustered at few local centers without much diffusion to the other regions of the country
(Crescenzi and Jaax 2017). Aldieri et al. (2020) examined migration inflows both outside of
the country and domestically within the regions in Russia. While there is no significant
impact of domestic migration on innovation, they find a significant positive impact of
international immigrants. Kuzior et al. (2020) documented that Ukrainian immigrants in
Europe do not utilize their fullest potential due to the cultural shocks and hurdles they face
in the host country. Uncertainty and differences in perception results in an imbalance and
demotivation.

Host institutions and policy reforms are important to retain brain gains from immi-
gration (Davenport and Bibby 1999; Goldberg et al. 2011; Mayda 2010). Open policies for
global talents, and opportunities for growth for MNEs’ shown to be a significant factor
for China’s development (Kerr 2008; Liu et al. 2010; Vissak and Zhang 2014). Therefore,
building on the above arguments that immigration enriches idea generation, collaborations,
and knowledge diffusion, we assume the brain gains are still applicable to the emerging
countries, and hypothesize below:

Hypothesis 1 (H1). Emerging countries benefit from brain gains from immigration so that the
non-resident patent rate increases with the immigrant rate.

Elo (2016) argued that immigrants coming to emerging host countries are significantly
different from the ones who are coming to the developed host countries in terms of their
entrepreneurial motivations. Immigrant entrepreneurs in the developed countries seek the
best opportunities for themselves, thus offer the most valuable ideas and creations to the
host country. In contrast, immigrant entrepreneurs in emerging countries start businesses
out of survival, so such need-based innovations are not strong enough for rapid growth.
In a business-to-business setting, Anokhin and Wincent (2012) derive similar conclusions
why start-ups in developed economies make differences due to their opportunity-driven
incentives, while at the same time, start-ups in emerging countries are need-driven and
cannot contribute to the innovation as much.

Besides their motivations, immigrants can be heterogeneous by their skills. Because
major industries that contribute to the economy in emerging countries tend to be labor-
intensive, they may attract more unskilled immigrants (Bratti and Conti 2018). On the other
hand, developed countries rely on advanced technologies, as such they tend to attract more
skilled immigrants. Furthermore, Desmet et al. (2018) highlight potential mobility frictions
due to the costs associated with migration, particularly for low-income countries. Indeed,
our data show more frequent migration within emerging country groups, with a lower
portion of immigrants transferring to developed countries widening the inequality gap.

Alesina and Ferrara (2005) highlight a significant difference in institutional advance-
ment between emerging and developed countries. Because of the strong institution, de-
veloped countries are more inclusive of diversity. The production process is sufficiently
complex so that diversity in ethnicity and skills becomes complementary to improve output
and performance. On the other hand, skills can be easily substituted for less advanced
technologies in emerging economies. If a preference is given to a certain group or a minor
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ethnicity is excluded in a fragmented society, conflicts could be exacerbated and property
rights could be weakened.

Emerging economies lack proper policies, resources, and R&D facilities which hinder
them to harvest the most benefits from the talented immigrant pool. Naghavi and Strozzi
(2015) emphasized the role of intellectual property right policy for promoting the develop-
ment and growth in emerging economies. There are still significant gaps in FDI inflows and
friction-free policies for MNEs entering into the host economies. Because of heterogeneity
in immigrant incentives, skills, background, and host country’s institutional development
and innovation-friendly environment between emerging and developed countries, we
hypothesize:

Hypothesis 2 (H2). There is a brain gain gap between developed and emerging countries.

3. Methodology
3.1. Data

We obtain non-resident patent data from the World Intellectual Property Organiza-
tion’s database. It reports the number of non-resident patents for a host country narrowed
down by each home country origin for each year. Next, we obtain global immigration
data from the United Nations’ website. The database covers global immigrant stocks by
destination and home countries from 1990 to 2019 for every five years. We merge the two
databases based on host, home countries, and the years and come up with a sample of
34,554 observations. We drop 13,000 observations for missing immigration, and 14,933 ob-
servations for missing patents and left with a sample of 6621 observations. Further, we
obtain country control variables from the World Bank and Heritage Foundation databases
and merge them with our sample using host country indicators and years. After drop-
ping missing values for control variables, our final sample consists of 5042 host-home
country-year observations.

We present immigration data for both developed and emerging countries in Figure 1a,b.
Figure 1a shows both immigrant and migrant stocks for developed countries. Over the last
three decades, immigrant stocks in developed countries continue to rise from 72.05 million
in 1990 to 221.37 million in 2019, while migrant stocks rise from 36.73 million in 1990 to
136.93 million in 2019. As a result, we see net immigrant inflow to the developed countries.
In Figure 1b, we show the same immigrant and migrant stocks for emerging countries.
While immigrant stocks in the emerging countries are relatively stable over the years,
39.98 million in 1990 and slightly dropped to 35.26 million in 2019, migrant stocks increased
from 71.49 million in 1990 to 119.12 million in 2019. As a result, we realize net migrant
outflow from emerging countries. Putting it together, we realize more in and outflow
volume for developed countries as compared to the emerging country group. However
over time, while more people are coming to the developed countries for immigration
purposes, we see more people are fleeing out of the emerging countries.



J. Risk Financial Manag. 2021, 14, 7 6 of 23J. Risk Financial Manag. 2021, 14, x 6 of 24 
 

 

 
(a) 

 
(b) 

Figure 1. The immigration and migration of Developed and Emerging countries. (a,b) show both 
immigrant and migrant stocks for developed countries and emerging countries respectively. 

In Figure 2, we visually present immigration among various income groups for the 
years 1995 and 2015. The majority of the citizens from the low and lower-middle-income 
countries of origin (shown in Figure 2a,c) tend to immigrate within the same income 
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ine where the developed countries’ migrants go in Figure 2e–h, they immigrated within 
the same upper-middle and high-income country groups which stayed the same over 
time. 

Figure 1. The immigration and migration of Developed and Emerging countries. (a,b) show both
immigrant and migrant stocks for developed countries and emerging countries respectively.

In Figure 2, we visually present immigration among various income groups for the
years 1995 and 2015. The majority of the citizens from the low and lower-middle-income
countries of origin (shown in Figure 2a,c) tend to immigrate within the same income groups
in 1995. However, there is an upward mobility shift to the upper-middle and high-income
countries of destinations (shown in Figure 2b,d) by the year 2015. When we examine where
the developed countries’ migrants go in Figure 2e–h, they immigrated within the same
upper-middle and high-income country groups which stayed the same over time.
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Figure 2. Immigration destination (in thousands). (a,b) show the immigration destination for low-
income countries in 1995 and 2015. (c,d) show the immigration destination for lower-middle-income
countries in 1995 and 2015. (e,f) show the immigration destination for upper-middle-income countries
in 1995 and 2015. (g,h) show the immigration destination for high-income countries in 1995 and 2015.

We identify 88 unique host countries welcoming immigrants from 109 unique home
countries over the years 1995, 2000, 2005, 2010, and 2015. Global total immigrant stocks



J. Risk Financial Manag. 2021, 14, 7 8 of 23

reached 261.7 million by 2019, and in Table 1, we report the Top 10 destination and origin
countries. Immigrants to the United States alone is 48.1 million and represents about 18.4
percent of the global immigrant stocks. While Top 10 destinations welcome 50.9 percent
of the total immigrants over the years, Top 10 origins lost 34.5 percent of their people to
other countries. Based on the World Bank’s classification with 41 host countries, about
46.6 percent of our sample countries are considered as emerging, the remaining 47 host
countries, 53.4 percent of the sample are considered as developed2. We present group mean
difference t-test results between emerging and developed host countries in Table 2.

Table 1. This table shows the Top 10 destination and Top 10 origin countries for immigrants. The
number of immigrants represents the cumulated immigrant stock of the country for 2019, and the share
of each country is computed as a percentage in aggregate global immigration over the same period.

Top Host Country Immigrants in Millions %

1 United States 48.1 18.4%
2 Germany 13.0 5.0%
3 Saudi Arabia 12.7 4.9%
4 Russian Federation 11.6 4.4%
5 United Kingdom 9.5 3.6%
6 France 8.3 3.2%
7 United Arab Emirates 8.3 3.2%
8 Canada 8.0 3.0%
9 Australia 7.5 2.8%

10 Italy 6.2 2.4%

Top Home Country Migrants in Millions %
1 India 17.5 6.7%
2 Mexico 11.8 4.5%
3 China 10.7 4.1%
4 Russian Federation 10.6 4.1%
5 Syrian Arab Republic 8.3 3.2%
6 Bangladesh 7.8 3.0%
7 Pakistan 6.5 2.5%
8 Philippines 6.0 2.3%
9 Ukraine 6.0 2.3%

10 Afghanistan 5.1 2.0%

Table 2. This table reports the summary statistics and the group mean difference t-test results for
emerging and developed country groups.

Emerging Developed Difference

Variables N Mean S dev N mean S dev t p

Non-resident patent rate 720 1.43 8.74 4322 5.06 22.48 4.28 0.00
Immigration rate 720 1.37 9.25 4322 2.12 12.57 1.52 0.13

Education 720 4.61 1.18 4322 6.22 1.23 32.54 0.00
R&D expenditure 720 1.28 1.17 4322 1.47 1.13 4.13 0.00

Net Export 720 (5.94) 7.49 4322 0.60 6.41 24.73 0.00
Net FDI 720 0.03 0.04 4322 0.06 0.10 5.44 0.00

GDP per cap 720 26.07 15.53 4322 29.56 20.26 4.41 0.00
Remittances 720 0.04 0.05 4322 0.01 0.02 (32.62) 0.00

Openness Index 720 67.32 8.80 4322 67.85 9.43 1.41 0.16
Pop (millions) 720 146.70 338.10 4322 54.51 99.54 (14.54) 0.00

Although the emerging and developed host country groups are not statistically signif-
icantly different in terms of the number of immigrants per 1 thousand population, they
are significantly different by the number of non-resident patents per 1 million population.

2 A complete list of host and home countries is available upon request.
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The developed countries are better off by 3.6 more patents that are 3.5 times bigger than
that of emerging host countries. Emerging countries are lagging in terms of education
rate, R&D expense, net export, attracting foreign direct investment inflows, as well as GDP
per capita. Additionally, emerging countries are more densely populated with an average
population of 146.7 million than the developed countries whose average population is
54.5 million. Furthermore, emerging countries benefit more from the remittances which
contribute 3 percent more to the GDP as compared to the developed world. The two groups
are not statistically significantly different in terms of their openness index.

Furthermore, we compare total non-resident patents over the years for developed
and emerging country groups in Figure 3. There is an apparent gap in contribution to
global innovation between developed and emerging countries. While the innovation over
the years is rapidly increasing for the developed countries, it is stagnant for the emerging
countries which is very concerning. We report the Top 20 inventive countries for both
developed and emerging country groups in Figure 4a,b, respectively. There is a wide range
of heterogeneity across countries within each group. The Top 5 contributors to global
innovation are U.S., Japan, South Korea, Canada, and Australia in the developed country
group and China, Russia, India, Brazil, and Malaysia in the emerging country group.

When people immigrate to another country, it is most likely that they consciously
choose which countries they might live in for the rest of their lives. Particularly, creative
people who have big dreams in life might pick a country where the likelihood of actu-
alization of their ideas is high (Akcigit et al. 2017). Without proper handling of such
unobservable self-selection, the issue could bias our results and could pick up spurious
correlations. To mitigate the issue, we balance our sample using the propensity matching
technique by Rosenbaum and Rubin (1983) and report our results in the robustness tests.

Furthermore, in our baseline analyses, although the dependent and independent
variables vary by host-home country and year match, the host country control and year
fixed effects are repeated for the same host and the time causing potential correlations in
error terms. In addition, one may argue that when both immigration and innovation rates
are separated by each country of origin, the results can be driven by the large sample size.
To address the issue, we aggregate both the number of immigration and the number of non-
resident patents at the host country level. As a result, our sample size drops significantly
from 5042 host-home-year observations to 407 host-year observations only for the full
sample. We report the results in robustness tests’ section.
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3.2. Model Development

In order to test the effect of immigration on innovation, we develop a model that links
immigration to patent rate similar to Bosetti et al. (2012)’s basic model framework as below:

Non − resident patent ratei, j,t = β0 + β1 Immigration ratei,j,t + γHost country controlsi,t + ϕTime FEt + εi,j,t, (1)
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where i is a host (destination), and j is a home (origin) country indicators, and t is a
time subscript. Burchardi et al. (2020) documented heterogeneity at the local level and
highlighted the importance of segregated data rather than aggregate data at the host
country level. Therefore, our dependent variable is the number of non-resident patents at
i country registered by the inventors from j country’s origin at time t scaled by the host
country’s population per million people. A key interested variable is the immigration rate.
We compute the immigration rate as the number of immigrant stock to i country coming
from j country at time t scaled by the host country’s population per thousand people.
The above measures are consistent with the literature on innovation and immigration
(Beine et al. 2008; Docquier and Rapoport 2012; Naghavi and Strozzi 2015). Therefore, the
coefficient of interest is β1, and we expect a significant positive value for an emerging
country subsample to support Hypothesis 1. In addition, the coefficient estimates for β1
must be statistically significantly different for emerging and developed country subsamples
to support Hypothesis 2.

Our choice of control variables is consistent with the literature to include various
host country’s resources to facilitate and promote innovation. We include education, net
export, GDP per capita, remittances, and population. R&D investment is shown to be an
important factor for innovation (Das et al. 2020). Similarly, Peri (2009) documents that R&D
spending tends to attract high-skilled immigrants to the host country. Therefore, we add
R&D expense as a control variable. In addition, having an open policy to attract MNEs
shown to contribute to the host country’s innovation (Goldberg et al. 2011; Liu et al. 2010).
We include FDI, and the country’s openness index as well. We explain how we measure
and construct each variable in Appendix A.

4. Results
4.1. Baseline Results

Table 3 presents our results from the baseline multiple regression analyses. Column
1 presents the results from the full sample. We find that on average when the number of
immigrants from a certain home country to a certain host country increases by 1000 per
1 million population of the host, the number of non-resident patents from the same home
country origin increases by about 100 per 1 million population.

The coefficient estimate is positive 0.10 and statistically significant at 5 percent. Most
of the control variables remain significant with few exceptions. Particularly, we find that an
increase in education rate, R&D expense, GDP per capita, and the degree of host country’s
openness promotes innovation by non-residents. On the contrary, the population and the
remittances adversely impact the innovation rate.

In Table 3, Columns 2 and 3, we present results from emerging, and developed country
groups, respectively. While 14.3 percent of our sample belongs to the emerging country
groups, 85.7 percent of the sample belongs to the developed country groups. As shown,
we see a significant positive impact of the immigration rate on innovation for both country
groups. More specifically, we find that an increase in the immigration rate by 1000 people
per 1 million population will result in an increase of 20 non-resident patents per 1 million
population for emerging countries supporting our Hypothesis 1. The result is consistent
with Aldieri et al. (2020) which focuses on Russia. Our results imply that the positive effect
can be applicable to the other emerging economies too. However, the same number of
an increase in immigration per 1 million population will lead to about 110 more patents
by the non-residents per 1 million population in a developed country, implying there is
an unequal gain from immigration to the degree of innovation for an emerging versus
a developed country. The coefficient estimates are statistically significantly different at
7 percent. A brain gain for a developed host country is approximately 5.5 times bigger than
that of an emerging host country in support of our Hypothesis 2.
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Table 3. Baseline results. This table reports the results from the OLS regression analyses. Column 1
shows the regression results for the entire sample. Columns 2 and 3 report the results for the emerging
and developed market groups, respectively. The dependent variable is the non-resident patent rate
and the main independent variable is the immigration rate. The standard errors are robust, and
p-values are in the brackets below. Statistical significances are represented by *** p < 0.01, ** p < 0.05,
* p < 0.1, respectively.

Variables Full Sample Emerging Countries Developed Countries

(1) (2) (3)

Immigration rate 0.10 ** 0.02 *** 0.11 **
(0.01) (0.01) (0.02)

Coefficient diff test chi2(1) = 3.24
p-val = 0.0717

Education 0.71 * 1.04 0.27
(0.05) (0.11) (0.54)

R&D expenditure 2.07 *** 0.34 ** 2.33 ***
(0.00) (0.01) (0.00)

Net Export −0.01 −0.06* −0.05
(0.88) (0.10) (0.32)

Net FDI 3.18 −26.59 3.77
(0.56) (0.13) (0.50)

GDP per cap 0.03 *** 0.03 0.03 **
(0.01) (0.27) (0.01)

Remittances −39.20 *** −7.01 −97.82 ***
(0.00) (0.20) (0.00)

Population −0.74 *** −0.85 ** −1.05***
(0.00) (0.04) (0.00)

Openness Index 0.17 *** 0.06 *** 0.18 ***
(0.00) (0.00) (0.00)

Constant −2.12 9.01 11.19
(0.74) (0.16) (0.13)

Observations 5042 720 4322
R-squared 0.04 0.09 0.05
TIME FE YES YES YES

4.2. Sensitivity to Immigrant’s Types

Evidence suggests that skilled immigrants bring values to the human capital of the
host countries, and contribute most to innovation and productivity (Bosetti et al. 2012;
Hunt and Gauthier-Loiselle 2010; Kerr and Lincoln 2010). In an emerging country context,
Aldieri et al. (2020) found a significant positive impact of skilled immigrants’ contribution
to the innovation and R&D expenditures. We proxy immigrants’ skills and creativities,
based on their country of origin’s relative education level and the R&D expenditures. It
is very common to use the degree of education to proxy relative skills (Blit et al. 2020;
Das et al. 2020; Peri et al. 2015). Therefore, we identify immigrants as skilled if their home
country education rates are above our sample median, or unskilled otherwise, and create
a dummy variable for it. Next, we interact the immigration rate with the skilled dummy
and introduce it to our baseline equation. Table 4 presents our results to the sensitivity of
skilled immigrants.

Table 4, Column 1 presents our results from the full sample. The skilled dummy alone
adversely impacts on non-resident patents of the host country. It might be because a high
skill/education in a home country discourages immigration, so does the application of
patents in another country. While the coefficient estimate for the immigration rate remains
positively significant, the coefficient estimate for the interacted term is also positively
significant and economically twice as much as the immigration rate. In other words, the
brain gain is much greater for skilled immigrants as compared to unskilled ones. An
increase of skilled immigrants by 1000 per 1 million population would result in 240 more
non-immigrant patents per 1 million population as compared to unskilled immigrants. The
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coefficient estimate for the interaction term is statistically significant at 5 percent, while the
control variables remain consistent with the same signs as in the baseline.

In Table 4, Column 2 and 3, we compare our results from emerging and developed
country groups. After introducing the interaction term, neither the immigration rate nor
the interaction term is significant for the emerging countries. The results imply that there is
no significant difference in terms of their contribution to innovation among skilled versus
unskilled immigrants coming to emerging countries.

Table 4. This table shows the heterogeneity of our results to the immigrants’ skills. We proxy
immigrants’ skills by their country of origin’s relative education level. We create a skilled dummy
which takes a value of one if the home country’s education rate is above sample median value, and
zero otherwise. Column 1 shows the regression results for the entire sample. Columns 2 and 3 report
the results for the emerging and developed market groups, respectively. The dependent variable is the
non-resident patent rate and the main interested variable is an interaction term between immigration
rate and the skilled dummy. The standard errors are robust, and p-values are in the brackets below.
Statistical significances are represented by *** p < 0.01, ** p < 0.05, * p < 0.1, respectively.

Variables Full Sample Emerging Countries Developed Countries

(1) (2) (3)

Immigration rate 0.12 ** 0.03 0.12 **
(0.03) (0.75) (0.04)

Skilled −4.20 *** −2.40 ** −4.50 ***
(0.00) (0.01) (0.00)

Immigration rate * Skilled 0.24 ** 0.00 0.28 ***
(0.03) (0.98) (0.00)

Education 0.74 * 1.08 ** 0.33
(0.07) (0.01) (0.39)

R&D expenditure 1.73 *** 0.41 1.95 ***
(0.00) (0.37) (0.00)

Net Export −0.05 −0.06 −0.11 *
(0.31) (0.55) (0.08)

Net FDI 0.56 −29.09 ** 1.13
(0.93) (0.02) (0.77)

GDP per cap 0.05 *** 0.05 0.05 **
(0.00) (0.20) (0.05)

Remittances −35.87 ** −8.00 −98.82 ***
(0.02) (0.60) (0.00)

Population −1.58 *** −1.42 *** −1.99 ***
(0.00) (0.00) (0.00)

Openness Index 0.23*** 0.09 0.25 ***
(0.00) (0.16) (0.00)

Constant 14.19 *** 18.57 ** 23.93 ***
(0.01) (0.04) (0.01)

Observations 4350 622 3728
R-squared 0.05 0.10 0.06
TIME FE YES YES YES

It might be due to a lack of resources, intellectual property rights protection, proper in-
stitutions, facilities, and policies in place to promote skilled immigrants. Furthermore, there
has been some argument that says while immigrant entrepreneurs in emerging countries
are needs-driven, immigrant entrepreneurs in the developed countries are opportunity-
driven (Elo 2016). Our findings are consistent with it. For the developed country sample in
Column 3 on the contrary, we find much stronger and statistically significant coefficients.
Developed host countries are equipped with significantly more resources, open policies
for equal opportunities, and facilities for the advantage of skilled immigrants who are in
search of the best opportunities. Therefore, the brain gains for developed countries seem to
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be much stronger and significant. The results imply that the states of the host country play
significant roles in brain gains.

We find very similar and consistent results for creative immigrants. We use R&D
expenditure in the home country to proxy the creativity. We argue that immigrants who
are coming from an environment that recognizes innovation and invests in R&D heavily,
tend to be more innovation-oriented. Therefore, they could contribute to the host country’s
innovation more. We create an inventive dummy that takes a value of one for immigrants
whose home country’s R&D expenditure is above the sample median and zero otherwise.
Like previous analyses, we introduce an interaction term between the immigration rate
and the inventive dummy. We report our results in Table 5. Column 1 presents results
from full, Column 2 presents results from emerging, and Column 3 presents results from
developed country samples respectively.

Table 5. This table shows the heterogeneity of our results to the immigrants’ creativity. We proxy
immigrants’ creativity by their country of origin’s relative R&D expenditures. We create an inventive
dummy which takes a value of one if the home country’s R&D expenditure rate is above sample
median value, and zero otherwise. Column 1 shows the regression results for the entire sample.
Columns 2 and 3 report the results for the emerging and developed market groups, respectively. The
dependent variable is the non-resident patent rate and the main interested variable is an interaction
term between immigration rate and the inventive dummy. The standard errors are robust, and
p-values are in the brackets below. Statistical significances are represented by *** p < 0.01, ** p < 0.05, *
p < 0.1, respectively.

Variables Full Sample Emerging Countries Developed Countries

(1) (2) (3)

Immigration rate 0.03 0.32 0.03
(0.14) (0.66) (0.31)

Inventive −1.62 *** −0.60 −1.76
(0.00) (0.72) (0.22)

Immigration rate * Inventive 0.30 *** −0.30 0.46 ***
(0.00) (0.68) (0.00)

Education 0.44 1.77 *** 0.01
(0.36) (0.00) (0.98)

R&D expenditure 4.24 *** 0.76 4.64 ***
(0.00) (0.42) (0.00)

Net Export −0.05 −0.12 −0.10
(0.40) (0.33) (0.16)

Net FDI 4.64 −44.93 *** 4.88
(0.46) (0.00) (0.23)

GDP per cap −0.00 0.04 −0.00
(1.00) (0.52) (0.98)

Remittances −50.15 *** −19.59 −112.62 ***
(0.00) (0.35) (0.00)

Population −0.74 ** −1.08 ** −0.96 **
(0.02) (0.02) (0.02)

Openness Index 0.15*** 0.06 0.15 **
(0.00) (0.47) (0.02)

Constant −1.23 6.88 5.40
(0.87) (0.54) (0.58)

Observations 3678 443 3235
R-squared 0.05 0.10 0.06
TIME FE YES YES YES

The home country’s R&D expense rate is both negative and not-significant on the
host country’s innovation. Interestingly, after introducing the interaction term to the
equation, the immigration rate is no longer significant, but the interaction term in all
sample specifications as shown in Column 1. The inventive immigrants bring more value
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to the host. An increase of 1000 innovation-oriented immigrants per 1 million population,
translates into 300 more non-resident patents per 1 million population of the host country
as compared to other immigrants. The coefficient estimate for the interaction term is three
times greater than the coefficient estimate for the immigration rate in baseline results and
statistically significant at 1 percent.

When we split the sample by emerging and developed country groups, we find signif-
icantly different results. After introducing the above variables, the coefficient estimates
for the emerging countries’ loss significances as shown in Column 2. We find no differ-
ences for inventive versus other immigrants. There seems to be no competitive advantage
for these innovation-oriented citizens in an emerging country as compared to their less
innovation-oriented counterparties. However, when they switch their destination from
an emerging to a developed country, they could benefit more from its open policies for
innovation, and contribute to the number of non-resident patents. The results are consistent
with Enkhtaivan and Davaadorj (2020)’s argument that emerging countries need to be
responsive to global dynamism to change their openness policies. The coefficient estimate
for the interaction term is 0.46 and significant at 1 percent. An increase of 1000 innovation-
oriented immigrants (per 1 million population of the host country) contributes to 460 more
patents as compared to their less innovation-oriented counterparties when they land in
a developed host country. Immigrants coming from high R&D invested home countries
might be more self-motivated, and in search of know-how to begin with. When they
change their environment to live in a developed country, they tend to contribute to the host
country’s innovation more.

Results from Tables 4 and 5 suggest multiple implications for practice. First, the states
of the country of origin for immigrants are heterogeneous, thus have different implications
on the host country’s innovation rate. Second, the state of the host country’s economy
seems to determine whether there would be an actualization of brain gain or not. Third,
the current data show strong positive brain gains from immigrants coming from high
education and high R&D invested home countries. However, when the sample is split for
emerging and developed groups, the results are driven by the developed countries only
and not significant for emerging countries. Naghavi and Strozzi (2015) highlighted the
role of intellectual property rights in brain gains from migration for an emerging country.
We agree with their conclusion. To reduce the gap in brain gains from immigration, and
become more competitive, emerging countries need to implement policies to attract more
skilled, innovation-oriented people to their countries, at the same time, supply necessary
resources and equal opportunities for them.

4.3. Sensitivity to Different Sub-Samples

From Table 1, we see that immigration is neither randomly nor uniformly distributed
for home and host countries. While certain destinations attracting more immigrants may be
due to their living amenities, equal opportunities, and more open policies, certain countries
of origin tend to lose more of their human capital to other countries (Desmet et al. 2018).
Burchardi et al. (2020) documented that high-skilled people tend to be mobile, selectively
choose where to go, pick the hottest destination and urban areas for prosperity for their
families within the U.S. For such non-random choices, results might be driven by certain
samples and could be biased. Next, we test the sensitivity of our results to the Top 10
destination and Top 10 origin countries.

In Table 6, Columns 1 and 2, we compare the Top 10 destinations to the other host
country groups. While 25 percent of the sample immigrants choose to go to Top 10
destination countries, the remaining 75 percent immigrated to other countries. When
we split the sample, the immigration rate remains positive and statistically significant
on the innovation rate for both samples. However, in terms of economic significance,
Top 10 host countries listed in Table 1, seem to benefit almost 5.6 times as much as other
countries. While an increase by 1000 immigrants to these Top 10 countries per 1 million
population results in 390 more non-resident patents per 1 million population, the rest of
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the host countries results in only 70 more non-resident patents. The difference in the above
coefficient estimates is statistically significant at less than 1 percent. The results suggest
that it could be since Top 10 destinations for immigration might attract the most talented
global workforce because of their popularity, as such, the benefits from brain gains are
much higher than the others.

Table 6. This table shows the sensitivity of our results to various subsamples. Columns 1 and 2 report
the results for the Top 10 versus non-Top 10 destination countries. Columns 3 and 4 report the results
for the Top 10 versus non-Top 10 origin countries. The dependent variable is the non-resident patent
rate and the main independent variable is the immigration rate. The standard errors are robust, and
p-values are in the brackets below. Statistical significances are represented by *** p < 0.01, ** p < 0.05, *
p < 0.1, respectively.

Variables Non-Top 10 Host Top 10 Host Non-Top 10 Home Top 10 Home

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

Immigration rate 0.07 *** 0.39 *** 0.50 *** 0.07 ***
(0.00) (0.00) (0.00) (0.00)

Coefficient diff test chi2 (1) = 7.51 p-value < 0.01 chi2 (1) = 6.72 p-value < 0.01
Education 0.01 1.79 0.64 * 0.68 ***

(0.99) (0.10) (0.07) (0.01)
R&D expenditure 1.71 *** 3.78 *** 2.12 *** 1.75 **

(0.00) (0.00) (0.00) (0.02)
Net Export 0.11 * −0.30 * −0.07 −0.03

(0.05) (0.06) (0.22) (0.50)
Net FDI 2.71 1.47 2.77 −2.17

(0.41) (0.96) (0.46) (0.50)
GDP per cap 0.03 0.06 0.04 0.01

(0.32) (0.14) (0.10) (0.81)
Remittances −21.40 −151.30 * −51.78 *** −15.93

(0.14) (0.07) (0.00) (0.19)
Population −1.83 *** 0.23 −0.72 ** −0.24

(0.00) (0.86) (0.02) (0.31)
Openness Index 0.18 *** 0.14 * 0.19 *** 0.16 ***

(0.00) (0.08) (0.00) (0.01)
Constant 19.58 ** −25.41 −4.08 −7.19

(0.01) (0.39) (0.59) (0.25)
Observations 3765 1277 4351 691
R-squared 0.05 0.08 0.05 0.20
TIME FE YES YES YES YES

In Table 6, Columns 3 and 4, we compare the Top 10 country of origin versus other
country groups. While 18.9 percent of the immigrants are coming from the Top 10 country
of origin, the remaining 81.1 percent of the immigrants are coming from the rest of the
world. Desmet et al. (2018) argued that due to the high cost associated with immigration, it
is not a choice for everyone. In Columns 3 and 4, the coefficient estimate for immigrant rate
remains positive and statistically significant at 1 percent for both sub-samples. However,
the economic significance is very different for the two subsamples. While an increase of
immigrants by 1000 per 1 million host country’s population translates into an increase in
non-resident patents by 60 per 1 million population only if the immigrants are coming
from Top 10 country of origin, the rest of the world contributes an increase of 530 more non-
resident patents per 1 million population. The coefficient estimates are statistically different
at 2 percent of significance. The results imply that countries that are losing more of their
citizens to other countries are most likely be in worse living conditions, lack of resources,
and income. Therefore, people migrating from such environments might not necessarily
be equipped with skills or ideas that can contribute to the host country’s innovations as
compared to other immigrants coming from the rest of the world.
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4.4. Robustness Tests
4.4.1. Addressing Endogeneity Issue

Thus far, in our analyses, we treat immigration as an exogenous shock. Countries in
an attempt to attract the most talented human capital in today’s increasingly global world
might promise various benefits and equal opportunities for everyone. If that is the case, it
might be the progressive immigration policies and the current number of innovations that
determine the immigration rate, but not the immigration impacting the innovation causing
an issue of reverse causality. Furthermore, missing some significant variables that impact
the innovation from the analyses could bias the results. Furthermore, ample evidence
in a single country (Hunt and Gauthier-Loiselle 2010; Moser et al. 2014) or in multiple
countries (Beine et al. 2008; Ozgen et al. 2012; Peri 2009) settings suggests immigration
is indeed endogenous. Therefore, to address potential endogeneity issues, we introduce
some instrument variables and conduct two-stage regression analyses.

The literature on immigration uses the home country’s economic, demographic, and
social variables as push-factor instruments (Burchardi et al. 2020; Ortega and Peri 2009).
We introduce the home country’s income per capita, education rate, and population as
instruments on immigration rate to estimate its exogenous value in the first stage regression.
Next, using the predicted value, we run the second stage regression on innovation rate. We
report the results from 2SLS in Table 7. Columns 1 and 2 report results from the first and
the second stage regressions for the full sample. As shown, the home country’s income
per capita and population indeed impact the immigration rate to a host country. From the
second stage results in Column 2, the significance of the immigration rate becomes stronger
not only economically, but also statistically. The endogeneity test statistics show that the
immigration rate is endogenous, and it is appropriate to use the above instruments for the
analyses. F-test for the joint significance of the instruments is rejected at less than 1 percent
showing they are strong instruments.

In addition, overidentification tests cannot be rejected, implying the instruments are
sufficiently uncorrelated with the error term. In fact, for all other subsample specifications,
both emerging and developed country groups, the above instruments are shown to be
appropriate, strong, and valid. Therefore, we conclude that even after addressing the endo-
geneity issue, our results still support the presence of brain gains for emerging countries as
assumed in Hypothesis 1.

Although the statistical significance drops from 1 percent to 10 percent in the emerging
country subsample, the economic significance is stronger. After addressing the endogeneity
issue, an increase of immigration by 1000 per 1 million population at a host country can
promote innovation, so that the number of non-resident patents per 1 million population
can increase by 3780 for an emerging country. The same level of immigration rate can lead
to an even higher innovation rate, 6260 non-resident patents per 1 million population at a
developed host country. Results for the developed country subsample in Columns 5 and 6
show that the coefficient estimate for the immigration rate remains both economically and
statistically stronger, and almost twice as much as impactful than the emerging country
sample. Therefore, we conclude that after addressing the endogeneity problem, the results
show a brain gain gap between emerging and developed countries further supporting our
Hypothesis 2.
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Table 7. This table reports the results from the 2SLS regression analyses. We use push-factor home country variables such as
income per capita, education rate, and population as instruments. Columns 1 and 2 report results from the full sample,
Columns 3 and 4 report results from the emerging, and Columns 5 and 6 report results from the developed country groups
respectively. The dependent variable is the non-resident patent rate and the main independent variable is the predicted
immigration rate estimated from the first stage regressions. The standard errors are robust, and p-values are in the brackets
below. Statistical significances are represented by *** p < 0.01, ** p < 0.05, * p < 0.1, respectively. We test the strength,
identification, and validity of the instruments and report the results at the bottom of the table.

Full Sample Emerging Countries Developed Countries

Variables 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage

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

Immigration rate 6.14 *** 3.78 * 6.26 ***
(0.00) (0.06) (0.00)

Education 0.01 0.36 −0.68
(0.99) (0.62) (0.60)

R&D expenditure 1.65 *** −0.28 1.97 ***
(0.00) (0.54) (0.00)

Net Export −0.81** 0.15 −0.97 **
(0.02) (0.50) (0.02)

Net FDI −36.20 * −28.34 −35.27 *
(0.08) (0.40) (0.10)

GDP per cap 0.22 *** 0.13 * 0.22 ***
(0.00) (0.06) (0.00)

Remittances −58.91 61.91 −140.72 *
(0.21) (0.16) (0.09)

Population 2.00 ** −0.09 1.47
(0.04) (0.86) (0.11)

Openness Index 0.49 *** 0.49 *** 0.46 ***
(0.00) (0.01) (0.00)

Home GNI per cap −0.02 *** −0.04 *** −0.01**
(0.00) (0.00) (0.02)

Home Education 0.00 0.02*** −0.01
(0.62) (0.00) (0.53)

Home population 0.81 *** 0.28 *** 1.07 ***
(0.00) (0.00) (0.00)

Constant −11.54 *** −82.44 *** −5.17 *** −41.17 ** −14.61 *** −66.99 **
(0.00) (0.00) (0.00) (0.04) (0.00) (0.01)

Observations 16,888 4350 4351 622 12,131 3728
R-squared 0.01 0.05 0.02 0.11 0.01 0.06
TIME FE YES YES YES YES YES YES
F-stats (Strength) 12.87 p-val < 0.01 2.53 p-val = 0.06 11.23 p-val < 0.01
Hansen-J (Over-Identification) 2.08 (p = 0.35) 1.5 (p = 0.47) 2.33 (p = 0.31)
Endogeneity 53.34 p-val < 0.01 6.58 (p = 0.01) 49.44 p-val<0.01

4.4.2. Addressing Self-Selection Issue

We create a treated group for immigrants coming from highly educated countries
(our proxy for skilled immigrants) and choose to live in Top 10 destinations (our proxy
for host countries that offer the most open policies and equal opportunities). We identify
1616 observations as the treated group, and consider the rest of the sample as a control
group. We compute propensity scores for both treated and control groups using the logit
model, the likelihood of being a treated group based on host country’s R&D expense, GDP
per capita, and openness index. We then match each observation in the treated group with
an observation in the control group based on their propensity scores to create a balanced
sample of 1021 observations.

We report our results from the analyses in Table 8. After addressing the self-selection
issue by using propensity score matching, the coefficient estimates for the immigration
rate is significantly positive at 1 percent and economically stronger. In Column 1, we see
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that as the number of immigrants per 1 million population increases by 1000, the number
of non-resident patents increases by about 550 per 1 million population. Furthermore,
the coefficient estimates for the immigration rate from emerging and developed countries
subsamples in Columns 2 and 3, still show a significant difference. The brain gain is
driven mostly by the developed host countries. The benefits to the developed country
are more than 32 times higher than that of the emerging countries. While an increase of
immigrants per 1 million population by 1000 contributes to 970 new non-resident patents
in the developing countries, the same level of immigration rate can only result in 30 new
non-resident patents in the emerging countries. Our empirical results consistently show a
significant gap in brain gains between developed versus emerging countries in support of
Hypothesis 2.

Table 8. This table reports the results after addressing the potential self-selection issue. We create
a balanced sample using the propensity score matching technique. The treated group consists of
skilled immigrants who live in Top 10 destination countries, and the control group is the rest of the
sample. We match the two groups based on their propensity scores without replacement within a
caliper of 0.05. Column 1 shows the regression results for the entire sample. Columns 2 and 3 report
the results for the emerging and developed market groups, respectively. The dependent variable is
the non-resident patent rate and the main independent variable is the immigration rate. The standard
errors are robust, and p-values are in the brackets below. Statistical significances are represented by
*** p < 0.01, ** p < 0.05, * p < 0.1, respectively.

Caliber 0.05 without Replacement

Variables Full Sample Emerging Countries Developed Countries

(1) (2) (3)

Immigration rate 0.55 *** 0.03 *** 0.97 ***
(0.00) (0.00) (0.00)

Education 0.41 0.36 −0.70
(0.70) (0.25) (0.57)

R&D expenditure 2.47 *** 0.65 ** 2.77 ***
(0.00) (0.01) (0.00)

Net Export −0.01 −0.06 −0.05
(0.92) (0.51) (0.62)

Net FDI 5.50 2.72 10.29
(0.75) (0.77) (0.58)

GDP per cap 0.06 *** 0.04 ** 0.08 ***
(0.01) (0.02) (0.00)

Remittances −82.35 ** 7.99 −136.63 ***
(0.01) (0.39) (0.00)

Population −0.65 −0.17 −0.94
(0.30) (0.33) (0.20)

Openness Index 0.20 *** 0.08 ** 0.18 **
(0.01) (0.03) (0.02)

Constant 2.35 −4.12 8.56
(0.89) (0.48) (0.70)

Observations 1021 130 891
R-squared 0.08 0.29 0.10
TIME FE YES YES YES

4.4.3. Addressing Large Sample Bias

Table 9 reports our robustness test results after addressing the potential large sample
bias. We see significant improvements in our results across all sample specifications. In
Column 1, the coefficient estimate for the total immigration rate increases from 0.10 to
4.79 as compared to the baseline. The statistical significance improves from 5 percent to
1 percent. Most importantly, the overall explanatory power of the model indicated by the
R-square also improves significantly to 73 percent. Therefore, after addressing potential
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large sample bias, our results support Hypothesis 1. The emerging and developed country
groups still show significant brain gain gap. The benefits to the developed world are about
3.6 times higher than that of the emerging countries which are statistically significantly
different at less than 1 percent. The results further support our Hypothesis 2.

Table 9. This table reports the regression results after addressing potential large sample bias. We
aggregate the number of non-resident patents and the immigration at the host country level before
finding the respective rates. As a result of this conversion, our data change from host-home-year to
host-year observations with a single observation per host country for each year. Column 1 shows
the regression results for the entire sample. Columns 2 and 3 report the results for the emerging and
developed market groups, respectively. The dependent variable is the non-resident patent rate and
the main independent variable is the immigration rate. The standard errors are robust, and p-values
are in the brackets below. Statistical significances are represented by *** p < 0.01, ** p < 0.05, * p < 0.1,
respectively.

Variables Full Sample Emerging Countries Developed Countries

(1) (2) (3)
Immigration rate 4.79 *** 1.34 *** 4.89 ***

(0.00) (0.00) (0.00)
Coefficient difference test chi2(1) = 23.94 p-value < 0.01
Education −23.15 6.43 −35.21 *

(0.24) (0.15) (0.06)
R&D expenditure 44.03 −1.02 87.15

(0.46) (0.80) (0.38)
Net Export −1.59 −0.83 ** −1.82

(0.29) (0.02) (0.45)
Net FDI 18.44 32.67 33.40

(0.68) (0.78) (0.60)
GDP per cap −1.33 0.12 −2.26

(0.59) (0.77) (0.53)
Remittances 10.96 −65.10 122.15

(0.97) (0.15) (0.90)
Population −6.39 14.66 −0.61

(0.88) (0.11) (0.99)
Openness Index 1.94 0.00 0.70

(0.58) (1.00) (0.90)
Constant 23.41 −275.98 15.22

(0.97) (0.11) (0.99)
Observations 407 164 243
R-squared 0.73 0.68 0.74
TIME FE YES YES YES

5. Conclusions

Brain gains for developed countries due to immigration have been explored exten-
sively, yet there has not been much explored for emerging countries. Who are the im-
migrants to emerging countries, and how much gains they bring to the host country in
comparison to the developed countries are not well understood. In a cross-country context,
over the last two decades, we find the presence of brain gains for emerging countries.
However, there is still a significant gap in brain gains when compared to developed coun-
tries. The estimated gap is about 5.5 times higher for developed countries exacerbating
the inequality between the two groups. Our data show that the migration rate fleeing
out of emerging countries is much higher than their immigration rate and increasing over
time. Moreover, one of the reasons for a gap in brain gains is emerging countries seem not
to fully utilize their skilled and inventive immigrants. We find no significant difference
between the above-talented immigrant pool versus unskilled immigrants coming to the
emerging countries. Innovations by non-residents in emerging countries seem to be driven
by needs for survival mostly, thus not competitive enough to fill the brain gain gap. There
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are no special treatments to adequately protect intellectual properties, promote inventive
thinking, and attract global talents to the emerging countries.

Our findings have policy implications for emerging countries’ development and
human capital sustainability. Evidence from China suggests that immigration does not
have a zero-sum game (Kerr 2008; Liu et al. 2010). With progressive policies on MNEs’
entry, and open policies for the migrant returns, their ties to home, collaborations on
innovations can accelerate the growth and bring values for the home countries too. For
immigrant inflows, selective screening of skilled people, and competitive offers seem to pay
off. Generous benefits and amenities for lives tend to attract international mobile talents.
However, to harvest the full benefits, it is also important to provide resources and facilitate
a healthy environment to nurture innovations.

Our study is not free from flaws. The representation of emerging countries in our
sample is limited to the countries that report their non-resident patents to the WIPO for
the observed years. Due to our data restriction, we could not directly identify individual
immigrant’s background information, rather we use proxy estimates. Our study does not
differentiate brain gains due to international collaborations which have become increasingly
common. It is fruitful to explore brain-sharing among countries. A future study with an
emphasis on emerging countries would be helpful.
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Appendix A

This table shows the data sources for variables we use in this study.

Variables Definition Source

Non-resident patent rate
The number of non-resident patents per 1 million
population

World International Property Organization

Immigration rate The number of immigrants per 1 thousand population United Nations

Education
The number of secondary school enrollment per
population

World Bank

R&D expenditure
Percent of research and development expenditure in
GDP

World Bank

Net Export Next export to GDP ratio World Bank

Net FDI Net FDI inflow to GDP ratio World Bank

GDP per cap GDP per capita in current thousand USD World Bank

Remittances Remittances to GDP ratio World Bank

Population Natural logarithm of total population World Bank

Openness Index Country’s openness index Heritage Foundation
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