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A B S T R A C T

This paper studies the relationship between migration and the productivity of high-skilled workers, as captured
by inventors of international patent applications. Using machine learning techniques to uniquely identify
inventors across patents, we are able to track the migration patterns of nearly one million individual inventors
across countries. Migrant inventors account for more than nine percent of inventors in our sample. The
econometric analysis seeks to explain the recurring finding in the literature that migrant inventors are more
productive than non-migrant inventors. We find evidence that migrant inventors become about twenty-three
percent more productive after having migrated. The disambiguated inventor data are openly available.
1. Introduction

Attracting high-skilled migration is a high priority on the pol-
icy agenda (Bertoli et al., 2012). Immigrants are over-represented
among academics, scientists, and entrepreneurs in many high-income
OECD countries. In the European Union, the 2010 Lisbon Agenda and
the Europe 2020 Strategy have emphasized the urgency of attracting
foreign-born skilled workers in order to promote competitiveness (Eu-
ropean Commission, 2011). In the United States, the bipartisan Im-
migration Innovation Act of 2015 was introduced with the aim of
increasing drastically the number of visas for temporary skilled work-
ers. Elsewhere in the world, the Association of Southeast Asian Nations
(ASEAN) has recently set the ambitious goal of creating the ASEAN
Economic Community, a unified market facilitating the free flow of
skilled workers, among other objectives (IOM, 2014). The rationale
behind these policies is that migration allows a better allocation of
human capital, thereby raising productivity at the world level—a win-
win situation for origin and destination countries in the long term.
The counterarguments are that departures of intrinsically more produc-
tive individuals lead to a detrimental brain drain for origin countries
and may generate a crowding-out phenomenon of native workers at
destination countries.

This policy emphasis has been accompanied by a growing academic
interest in the topic. Of particular interest, as a recent special issue
in this Journal demonstrates, is the study of the role played by high-
skilled migrants in diffusing scientific and technical knowledge and,

∗ Corresponding author.
E-mail address: gabriele.pellegrino@unicatt.it (G. Pellegrino).

1 A rich body of work has investigated various economic questions related to immigration in general, including low-skilled migration. See Borjas
(1994), Friedberg and Hunt (1995), Gaston and Nelson (2002), Okkerse (2008), and Kerr et al. (2018) for comprehensive surveys of this literature.

consequently, promoting innovation (Breschi et al., 2020).1 The present
paper adds to the literature on high-skilled migration by studying the
productivity patterns of international migrant inventors. It builds on a
recent body of work in the economics of science and labor economics
that indicates that migrant scientists, a specific group of high-skilled
migrants, are more productive than non-migrant scientists. Stephan and
Levin (2001) show that a large proportion of the top-tier academic
researchers residing in the United States are foreign-born or foreign-
educated. Borjas and Doran (2012) show that mathematicians who
migrated to the United States from the states of the former Soviet Union
following its collapse were significantly more productive than U.S.
incumbent mathematicians. Gaulé and Piacentini (2012) study the pro-
ductivity performance of Chinese chemistry students enrolled in Ph.D.
programs in the United States. They show that Chinese Ph.D. students
are, on average, more productive than their non-Chinese counterparts.
Evidence on a productivity differential between locals and migrants
immediately calls the question of the source of this difference.

This paper contributes to the literature by presenting evidence that
migrant inventors become more productive as a consequence of the
move. It relates most closely to Franzoni et al. (2014), which provides
evidence on migrant scientists. Using an instrumental variable ap-
proach on cross-sectional survey data, they find that migrant scientists
seem to become more productive after a move. Unfortunately, they do
not investigate whether migrants were intrinsically more productive
than locals before migrating, thereby providing only part of the story.
Furthermore, the behavior of scientists, who publish papers in an
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academic context, may differ from that of inventors who file patents in
a corporate context.

Our analysis tracks the productivity patterns of inventors over
time, some of which are international migrants, some of which are
not. This setup allows us to estimate the intrinsic productivity level
of researchers and any potential productivity bump following their
migration. We exploit data on inventors listed on international patent
applications filed under the Patent Cooperation Treaty (PCT) route.2

hese data contain information on inventors’ countries of nationality
nd residence. We infer migration events by looking at differences
n residence and nationality countries following Fink and Miguélez
2013).3

Specifically, we apply a machine-learning algorithm to disambiguate
that is, uniquely identify) all inventors recorded in the database. We
dentify migrant inventors through differences in country of residence
nd citizenship. These data are openly available in order to encourage
ollow-on research.4

The results are as follows. First, a preliminary look at the data
eveals that migrant inventors make up about ten percent of total
nventors in our sample. Second, the econometric analysis suggests that
igrant inventors become more productive after they have moved. In

ur preferred setup, migrant inventors enjoy a twenty-three-percent
roductivity gain. The finding holds under a range of alternative spec-
fications and robustness tests. The analysis rules out several potential
xplanations for the productivity gain, and we speculate that it may be
riven by skill upgrading or greater fit (ala Jovanovic, 1979).

The present paper relates to the literature that studies individual-
evel effects of high-skilled migration. It specifically focuses on the
roductivity effects of migration on migrants. In doing so, it com-
lements an important stream of work that studies the productivity
ffects of migration on locals. For instance, Borjas and Doran (2012)
xploit the collapse of the Soviet Union and the consequent influx of
x-Soviet mathematicians to the United States. They study the impact
f migration on the productivity of U.S. mathematicians, pointing to
consistent decrease in the publication rates for native workers in

ubfields that attracted more ex-Soviet mathematicians. In a related
aper, Ganguli (2015) finds that the influx of ex-Soviet scientists in the
nited States increases the number of citations that U.S. papers make to
oviet-era papers, thus contributing to the diffusion of scientific knowl-
dge. More recently, Ferrucci (2020) studies the effect of the migration
o Germany of ex-Soviet Union inventors on the patent production of
erman inventors. He finds an increase in patent production in the

echnology fields in which the Soviets were most involved, due in part
o the creation of new collaboration ties between local and migrant
nventors. Moser et al. (2014) use a different natural experiment to
nvestigate similar research questions. They look at the effect on the
evel and quality of U.S. innovation caused by the influx of German
ewish chemistry scientists and professors during the Nazi Germany
eriod. The authors also find evidence of a positive effect of migration
n the productivity level of local inventors. Along the same line, Yoon
nd Doran (2020) and Moser and San (2020) show that the change in
he quota system introduced in the early 1920s in the United States
educed scientific discovery and patented inventions.

The present paper also relates to works that have leveraged patent
ata to study questions related to the international mobility of in-
entors. In particular, Miguelez and Noumedem Temgoua (2020) also
se the data assembled by Fink and Miguélez (2013). They study

2 For an inventor to be included in the dataset, she should have declared her
ntention (real or not) to seek protection in the United States when applying
or a PCT patent, see detailed explanations in Section 2.1.

3 Thus, we are not in a position to track mobility events within countries
across cities or regions) since information on country of residence remains
nchanged.

4 The data are available from the Harvard Dataverse at https://doi.org/10.
2

910/DVN/AETFTF. a
the relationship between international knowledge diffusion and the
migration of inventors on a global scale. The authors find evidence
of knowledge diffusion for migrants’ host countries and home coun-
tries. Bahar et al. (2020) come to the same conclusions by using a
different set of patents/inventors data and employing an instrumental
variable approach. Similarly, Breschi et al. (2017) evaluate the role of
ethnic ties in the diffusion of technical knowledge using a database
of patents filed by U.S.-resident inventors of foreign origin. They find
evidence of a diaspora effect for Asian countries. Other relevant papers
include Caviggioli et al. (2020), Useche et al. (2020) and Marino et al.
(2020).

Finally, the paper also contributes to the technical literature that
has provided open datasets on disambiguated scientists and inventors.
Perhaps the most visible contribution in this field is the Author-ity
algorithm by Torvik et al. (2005), which disambiguates author names
in the MEDLINE database. Regarding patent data specifically, our work
is in the tradition of Li et al. (2014) and Morrison et al. (2017), among
others.

The rest of the paper is organized as follows. Section 2 introduces
the data and provides an overview of the migration patterns. Section 3
presents the econometric model, the baseline regression results, and
alternative specifications. Section 4 extends the analysis in several ways
to test to robustness of the findings and to shed light on the underlying
mechanism. Section 5 concludes.

2. Migration patterns

2.1. PCT data

We observe inventors listed in patent applications filed under the
Patent Cooperation Treaty (PCT). The PCT is an international treaty
that facilitates international patenting. It is administrated by the
Geneva-based World Intellectual Property Organization (WIPO) and
has 156 signatory member states as of April 6, 2022.5 The database of
PCT applications represents a rich and unique opportunity to study the
phenomenon of skilled workers migration because it contains highly
accurate information on both the country of residence and nationality of
each inventor.

Information on the nationality of inventors is a unique feature
of patent applications filed under the PCT. According to the treaty,
only nationals or residents of a PCT contracting state are entitled to
file PCT applications. Thus, to verify that each application fulfills at
least one of these two requirements, the PCT application form asks
for both nationality and residence (Fink and Miguélez, 2013). As a
general rule, the PCT system documents the country of residence and
nationality for applicants only and not for inventors. However, the
U.S. patent application procedure requires all inventors listed in a PCT
application to be listed as applicants—at least until 2012. Thus, if a
given PCT application includes the United States as a country in which
the applicant considered pursuing a patent, all inventors are listed
as applicants, and their residence and nationality information are, in
principle, available.6 Accordingly, we limit the scope of our analysis to
the sample of inventors observed for the period 1990–2011.

Fink and Miguélez (2013) provide a detailed account of the PCT
database used in the present analysis, and we refer the reader to
the original paper for a lengthy discussion. However, we discuss two
elements that are key to the present analysis. First, although not all

5 Fink and Miguélez (2013) offer a detailed description of the main
haracteristics and the functioning of the PCT system.

6 The United States is the most frequently designated country in PCT
pplications, implying that we have inventor nationality for the vast majority
f applications. However, the 2011 Leahy–Smith America Invents Act (AIA) in
he United States removed the requirement that inventors must also be named

s applicants (Fink and Miguélez, 2013).

https://doi.org/10.7910/DVN/AETFTF
https://doi.org/10.7910/DVN/AETFTF
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Table 1
Typology of migrant inventors.

Residence
always different from nationality

Residence
(at least once) equal to nationality

Change in residence and nationality Type of inventor No of
Inventors

Type of inventor No of
Inventors

Both residence and nationality
are constant over time

(1) Migrant
(move not recorded) 61,686 (5)Non migrant 790,957

Residence varies over time,
while nationality is constant

(2) Migrant
(move recorded) 645 (6) Migrant

(move recorded) 6,480

Nationality varies over time,
while residence is constant

(3) Double nationality migrant
(move not recorded) 238 (7) Double nationality migrant

(move not recorded) 8,020

Both residence and nationality
vary over time

(4) Double nationality migrant
(move recorded) 140 (8) Double nationality migrant

(move recorded) 2,963

Notes: The total number of immigrant inventors is 80,172, of which 11,361 have double nationality. The dataset records one (or more than one) move for 10,228 migrant inventors
(cases 2, 4, 6, and 8). Time period: 1990–2011.
countries are members of the PCT, the overwhelming majority of the
world population lives in PCT member states (including China, India,
Indonesia, Brazil, and Nigeria). Some highly-populated countries are
missing, though, notably Ethiopia, Bangladesh, and Pakistan. Second,
the PCT attracts more than half of international patent applications.
According to WIPO (2020), 56.7 percent of all international patent
applications went through the PCT system. About 54 percent of the
applications in 2020 originate from Asia, 22 percent from North Amer-
ica, and 22 percent from Europe. Taken together, these observations
suggest that the PCT data are not well-suited to study high-skilled
migration from Africa and South America. However, we note that we
still capture migration events from non-member countries if nationals
from these countries reside in PCT member states. For instance, a
Pakistani inventor residing in the United States and filing a PCT patent
will appear in the data as a Pakistani citizen with a U.S. residential
address.

Although PCT data offer a unique opportunity to track the inter-
national movement of inventors, several additional features need to
be highlighted. First, inventors in the raw PCT data are not uniquely
identified, such that we cannot directly track their movements over
time (an issuesimilar to thatfaced by Miguélez et al., 2010). To over-
come this limitation, we have developed a unique machine learning
disambiguation algorithm and have applied it to the PCT data, as
explained at length in Appendix A. The method reaches a (cross val-
idation) precision of about 95 percent and recall of about 80 percent.
Second, migration events are imperfectly observed because the country
of citizenship listed in the patent document is not equivalent to the
country of birth. For instance, it may well be the case that an inventor
appearing in the database as a non-migrant U.S. inventor may be
an Indian-born inventor who pursued her education in the United
States, obtained U.S. citizenship, and started patenting under her U.S.
citizenship for the first time. We will estimate the regressions models on
different data slices to alleviate these concerns to the extent possible.
Third, as already alluded to, not all patent applications are filed under
the PCT; international patent applications can also be filed under the
Paris convention. Consequently, our data are not representative of the
universe of patent applications, but we note that very few (if any)
studies exploiting patent data are. We will propose robustness tests to
understand potential selection effects.

2.2. Overview of migration data

The total number of disambiguated inventors, for which we have
complete information regarding their country of residence and nation-
ality, is 871,129. Defining the migration status of inventors from patent
data is not trivial, as several cases can arise. We group inventors into
eight categories, as shown in Table 1. The table provides a general
overview of the entire sample of inventors (observed for the period
1990–2011) resulting from the disambiguation procedure broken down
by the migration status of inventors.
3

Fig. 1. Number of PCT applications and inventors by patent filing year.

Not surprisingly, the vast majority of inventors in the sample are
not migrants. Indeed, 790,957 inventors, representing more than 90.8
percent of the total sample, have continuously resided in their country
of nationality over the observed period (case 5). The remaining 80,172
inventors (9.2% of the total sample) are considered migrants, and we
classify them into two broad groups. First, migrant inventors with
double nationality (or naturalized), accounting for 14 percent of the
total migrant inventors (cases 3, 4, 7 and 8; 11,361 observations).
Second, migrant inventors with single nationality, amounting to 68,811
observations (cases 1, 2 and 6). As shown in Table 1, the dataset
records one (or more than one) move for 10,228 migrant inventors
(cases 2, 4, 6 and 8; around 13% of the migrant group). These cases
correspond to situations where we observe the same inventors in two
patent applications with different residence/nationality status. We do
not observe the actual international move (i.e., change in the country
of residence) for the majority of migrant inventors (cases 1, 3 and 7,
amounting to 87% of the migrant group). These inventors migrated
prior to their first PCT patent application.

Fig. 1 shows the evolution of the number of inventors and applica-
tions over the period 1990–2011. From the second half of the 1990s,
there is a notable increase in both the number of inventors and the
number of applications. The growth reflects primarily an uptake of the
PCT system, rather than a burst in inventiveness (Danguy et al., 2013).
Growth temporarily halts in 2008, presumably as a result of the Global
Financial Crisis.

Fig. 2 focuses on immigrant inventors. It depicts the number (left
axis) and percentage (over the total sample of inventors, right axis) of
immigrant inventors by patent filing year. The migration of inventors
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Fig. 2. Number and percentage of immigrant inventors by patent filing year.

Fig. 3. Top-15 countries per share of immigrant inventors over total resident inventors.
Note: Absolute numbers showed next to each bin. The same inventor can appear in
more that one bin if s/he moves multiple times.

Fig. 4. Most populated corridors for the total sample of 80,172 migrant inventors.

appears to be a growing phenomenon, both in terms of absolute num-
bers and as a fraction of the total sample of inventors. Migrant inventors
account for about ten percent of all inventors listed in PCT applications
since the mid-2000s. The figure has reached a plateau since then.
4

Fig. 5. Most populated corridors for the sample of 10,228 migrant inventors for which
we observe an international move.

We do not claim that the migration figures we report are represen-
tative of the population of patenting inventors, let alone high-skilled
migrants in general. The PCT procedure is but one way of filing
patents. As mentioned previously, PCT applications target the interna-
tional market and are thus presumably of higher economic value than
purely national applications—not all inventions meet the profitability
threshold required to cover the cost of the international patenting
process (Harhoff et al., 2003; de Rassenfosse and van Pottelsberghe,
2013). If migrant inventors were more likely to produce high-value
inventions than non-migrant inventors, then the migration figures we
report would be inflated. It is not clear that this is the case (Guellec
and van Pottelsberghe, 2000), but we are cautious to not extrapolate
the findings outside the population of PCT patenting inventors.

2.3. Migration flows

Disambiguated inventor data enable the tracking of inventors across
countries. Fig. 3 lists the top 15 receiving countries ranked accord-
ing to the proportion of immigrant inventors over the total number
of inventors residing in that particular country. For each of the 15
countries we also report the absolute number of immigrant inventors.
Singapore, Switzerland and Belgium stand out with, respectively, 48
percent, 35 percent and 26 percent of their resident inventors being
a foreign national. The remaining countries show significantly lower
shares, ranging from 18 percent for the Netherlands and the United
States to seven percent for Italy. As expected, the United States is, by
far, the country with the largest pool of foreign inventors. It ranks
fifth in terms of share of immigrant inventors, but it records more
than 47,000 foreign nationals that have filed at least one PCT patent
application during the period 1990–2011.

Fig. 4 illustrates the most frequent immigration corridors. The start-
ing point (left-hand side) represents the country of first nationality and
the end point (right-hand side) represents the country of residence. It
emerges that inventor migration is a phenomenon extremely concen-
trated among a relatively limited number of receiving countries. The
majority of migrants reside in the United States, followed by Singapore,
Switzerland, the United Kingdom and Japan. On the other hand, out-
ward migration is more fragmented. China and India represent the two
most important sending countries, followed by the United Kingdom,
Canada and Germany. Note that Fig. 4 relies on the total sample of
80,172 immigrant inventors. However, as previously pointed out, for
most of these inventors, we do not actually observe any variation in
their country of residence during the study period.

To provide some evidence on the mobility events included in our
dataset, Fig. 5 reports the most frequent immigration corridors of the
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Fig. 6. Most frequent change or acquisition of nationalities.

10,228 migrant inventors for which we observe the actual move. China
and the United States remain the first sending and receiving countries,
respectively. However, some interesting differences with respect to the
previous figure emerge. India loses relevance as a sending country in
favor of other countries, such as Germany, the United Kingdom and
the United States. In particular, our dataset records a notable number
of moves by German inventors, with the United States, Netherlands and
Switzerland being the preferred destinations.

Comparing Figs. 4 and 5 provides some insights on the potential
reason for the move. We notice that German inventors typically move
to the United States after their first PCT patent application, whereas
Indian inventors typically move before their first PCT application.
This could indicate that Indians usually come to the United States for
education purposes and then stay to become inventors. An alternative
explanation – though less likely in our opinion – is that Indians were al-
ready inventing at home, but they were simply not filing PCT patents.7
Our data are silent on these issues.

As Table 1 shows, a sizable proportion of migrant inventors in
our sample (around 14%) have a double nationality or have acquired
a new nationality over the course of the study period. To further
characterize changes in citizenship, Fig. 6 depicts the most frequent
cases of inventor’s change (or acquisition) of nationality. The most
common cases refer to Chinese, Indian, U.K., German and Canadian
inventors changing or acquiring U.S. nationality. On the other hand,
many inventors from the United States have also experienced some
changes in their citizenship status in favor of various countries such as
China, Germany, the United Kingdom, Canada and India. As already
mentioned, it is important to note that the data do not allow us to
discriminate between cases of pre-existing double nationality, natu-
ralization or acquisition of new nationality. However, a more careful
inspection of the data reveals that most of the names and surnames of
the American citizen inventors who, at some point, have filed a patent
declaring Chinese or Indian citizenship, are typical Chinese and Indian
names (such as Zhang Lu and Agrawal Avneesh). Thus, most of these
inventors may be Chinese and Indian overseas born in the United States
or educated in the United States.

Migrant inventors may have different areas of technological special-
ization than locals. Fig. 7 provides descriptive evidence in this respect.
It reports the distribution of PCT applications by main technology area
for the United States (the country with the largest absolute number of
foreign inventors) and the top-4 giving countries to the United States,
namely China, India, Germany and the United Kingdom.

7 As explained below, the empirical analysis will control for potential
difference in the propensity to file PCT patents with the use of country of
origin fixed effects among other ways.
5

Fig. 7. Technology fields of U.S. inventors alongside those whose country of origin is
one of the top-4 ‘sending’ to the United States. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

Following Schmoch (2008) we identify four main areas of technol-
ogy: Chemistry, Electrical engineering, Instruments, and Mechanical
engineering.8 British, German and Chinese inventors migrating to the
United States are more frequently found in chemistry compared to
the baseline rate of about 35 percent for U.S. inventors. Along the
same lines, Indian and Chinese inventors migrating to the United States
are more frequently found in electrical engineering, compared to the
baseline rate of about 25 percent for U.S. inventors. On the other hand,
U.S. inventors are relatively more numerous than immigrant inventors
in the fields of instruments and mechanical engineering.

3. Migration and productivity

3.1. Empirical strategy

Our data on disambiguated inventors listed on PCT applications
offer a unique opportunity to study the productivity effect of migration.
We are able to track the patenting activity of inventors over time
and across countries. We estimate the following inventor-level panel
regression model with inventor fixed effects:

𝐸[𝑦𝑖,𝑡|AfterMove𝑖,𝑡, 𝑋𝑖,𝑡] = exp(𝛽1AfterMove𝑖,𝑡 + 𝛿𝑖 + 𝛿𝑡 + 𝛽2Xi,t ), (1)

where the dependent variable 𝑦𝑖,𝑡 identifies the number of patent
families filed by inventor i in year t. We model it as an exponential
function of the covariates following Hausman et al. (1984). Patent
filing strategies may vary across jurisdictions, with applicants in some
countries such as Japan filing multiple narrow patents and applicants
in other countries such as the United States filing broad patents. To
account for these institutional differences, we count the number of
(INPADOC) patent families that the inventor has contributed to rather
than the number of individual patents (de Rassenfosse et al., 2013). For
simplicity, we will use the term ‘patent’ and not ‘patent family’ in the
remainder of the document.

The variable of interest, 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒, is a binary indicator that
takes value 1 starting from the year preceding the first ‘move’ of the
migrant inventor i (as observed in patent documents). The one-year lag,
previously used by Singh and Agrawal (2010), reflects the fact that an
inventor is unlikely to produce a patentable invention right after her
move. It is also consistent with survey evidence presented in Appendix
E in de Rassenfosse and Jaffe (2018). This Appendix shows a histogram

8 We exclude some residual technology areas accounting for less than four
percent of the sample.
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on the time between initial expenditure on R&D and the first patent
filing for a sample of patent applicants at the European Patent Office.
Most patents are filed within one year of the start of the R&D project.

The coefficient 𝛽1 provides an indication of whether, and to what
xtent, inventors who move from one country to another become more
roductive. If the PCT data do not capture the move but we know that
he inventor is a migrant (cases 1, 3, and 7 in Table 1), then the variable
𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 takes value 1 for all 𝑡’s.9

The variable 𝛿𝑖 represents the inventor fixed effects. It accounts for
a potential selection effect by capturing unobservable, time invariant
individual characteristics that may cause variation in patenting activity
across different inventors. The use of inventor fixed effects implies
that the estimates exploit within-variations in the variable of interest.
Thus, identification will come only from observations corresponding
to inventors for which we actually observe a move. Next, 𝛿𝑡 includes
a vector of year fixed effects that control for systematic variations in
patenting activity over time (e.g., to capture the impact of the global
financial crisis).

Finally, the vector 𝑋 controls for confounding variables at the
nventor level. First, it includes a complete set of country of inventor
esidence fixed effects. As explained by Griliches (1990), not all in-
entions are patented and patents are, therefore, an imperfect proxy
f inventive output. We will obtain unbiased estimates of our variable
f interest as long as variations in the propensity to patent are random
ith respect to the migrant status of inventors. One systematic source
f variation in the propensity to patent relates to inventor’s country of
esidence. Firms in developed countries tend to rely more on the PCT
han firms in developing countries. The inclusion of country fixed effect
ontrols for the possibility that, say, an Indian inventor who moves to
he United States would be seen as more productive after her move
imply because her company in India did not patent frequently—or
pplied for non-PCT patents.10

Second, following Moser et al. (2014), we control for possible varia-
ions in productivity over the life cycle of an inventor by constructing a
ariable that records the number of years that have passed from the last
CT patent application filed by inventor 𝑖. Third, in order to control for
he size of the inventor’s collaborative network, we build a variable that
easures the average number of inventors that have collaborated in the

nventive process with inventor 𝑖 in year 𝑡 (as captured by the number
f inventors listed in the patent applications). Fourth, we control for the
ain technology class associated with patent applications by inventor
in year 𝑡, by including the set of 634 technological categories based
n the Cooperative Patent Classification (CPC at 4-digit level).11

The initial sample is composed of all 871,129 inventors, who have
iled a total of 2,597,315 PCT applications over the study period (see
able B.1 in Appendix). However, because we estimate equation (1)
ith fixed effects, a total of 598,429 inventors that have filed patent(s)

n only one year are dropped from the original sample, forming our
egression sample. Panel B of Table B.1 in Appendix reports basic de-
criptive statistics for the regression sample (𝑁 = 272,700 inventors and
,890,897 applications). This restriction increases the balance between
he sample of non-immigrant and immigrant inventors. Finally, because
ot observing a patent should not be treated as a missing value but as
zero, we create a balanced panel database by populating the missing
ata points at inventor/year level with zeros.

9 In an alternative specification, we will exclude inventors for which we do
ot record the move.
10 In addition, in a robustness test, we impose that inventors have at least
ne PCT patent prior to migrating. Many firms do not file for patents but
irms that do tend to do so frequently. Imposing at least one patent prior to
igrating allows us to identify patent-active inventors.
11 We identify the main technological class by considering the most frequent
6

PC (at 4-digit) class per inventor 𝑖 in year 𝑡.
.2. Results

aseline findings
Table 2 presents the results of the baseline estimates obtained by

pplying the pseudo-maximum-likelihood Poisson technique to takes
nto account the count data nature of the dependent variable.12 Col-
mn (1) reports the most parsimonious regression model. It shows a
ositive and statistically significant relationship between the variable
𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 and the number of patent applications filed by inventor i

n year t. More specifically, the point estimate implies that inventors
ho move from one country to another show a sensible increase in their
roductivity of about 0.23 additional patent application filed each year.
he gradual inclusion of the other control variables in columns (2)–(5)
educes the magnitude of this point estimate to about 0.07 in column
5), our preferred specification. Compared with an average of 0.30
atents per inventor per year between 1990–2011, this figure implies
twenty-three percent increase in patenting by immigrant inventors

ollowing their move. We add the time elapsed since the last patent
pplication in column (2), country of residence fixed effects in column
3), year fixed effects in column (4), and technology field fixed effects
n column (5).

The econometric specification is robust to selection of more pro-
uctive inventors being more likely to migrate. Indeed, the fixed-effect
odel allows the variable 𝛿𝑖 to be correlated with the covariates. Thus,

he fact that more productive inventors may also be more likely to move
s not a concern in our setup. Nevertheless, one could argue that a
igration event is such an important event that it fundamentally alters

nventor’s unobserved characteristics, i.e., the inventor fixed effect may
ot be ‘fixed’. Capturing such productivity shock is precisely the role
f the variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒. Yet, we provide an alternative modeling
trategy in column (6). We estimate the inventor fixed effects using only
re-move information. The predicted fixed effects are then included in
n pseudo-maximum-likelihood Poisson estimations model that covers
oth the pre-move and the post-move period. The coefficient of interest
eaches 0.088, which provides a upper-bound estimate for the effect of
igration.13

The post-move inventor’s productivity level may also be influenced
y the inherent characteristics of the employer. Migrant inventors
ay be more likely to be employed by more productive and finan-

ially sound companies, which could positively affect their post-move
ropensity to patent. To control for this possibility, we extend the
aseline specification by including a complete set of patent assignee
ixed effects.14 As shown in column (7) of Table 2, the inclusion of this
dditional set of fixed effects only slightly reduces the magnitude of the
oefficient of interest.

lternative specifications
The results reported in Table 2 are robust to a broad range of

ifferent specifications.
First, we test the sensitivity of the main results when considering

ifferent time periods. Indeed, Fink and Miguélez (2017) show that the
overage of inventors’ residence and nationality information provided
y PCT data increases substantially after 2004, with a change to PCT
ules providing that all PCT applications automatically include all PCT
ember states as designated states, including the United States (for

12 We have used the Stata command ppmlhdfe, which allows to include
multi-way fixed effects.

13 To run the model in column (6) of Table 2, we exclude all inventors for
which we do not have information on the year in which they move.

14 The information on patent assignees provided by the WIPO dataset is
of good quality. Nevertheless, we have further improved the assignees name
harmonization by performing an extensive manual inspection to thoroughly
check for the presence of typos, variations and abbreviations in company

names.
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Table 2
Pseudo-maximum-likelihood Poisson estimations.

(1) (2) (3) (4) (5) (6) (7)

After Move 0.233*** 0.273*** 0.284*** 0.107*** 0.077** 0.088*** 0.069***
(0.009) (0.008) (0.009) (0.005) (0.005) (0.005) (0.004)

Inv. fixed effects Yes Yes Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes Yes Yes
Time since last patent No Yes Yes Yes Yes Yes Yes
Countr. of Res. fixed effects No No Yes Yes Yes Yes Yes
Year fixed effects No No No Yes Yes Yes Yes
CPC fixed effects No No No No Yes Yes Yes
Inv. fix. eff. (before move) No No No No No Yes No
Assignee fixed effects No No No No No No Yes

Number of observations 5,999,400 5,999,400 5,999,400 5,999,400 5,999,400 5,994,582 5,994,582
Number of migrant inventors 33,865 33,865 33,865 33,865 33,865 33,646 33,646
𝑅2 0.11 0.17 0.17 0.30 0.32 0.35 0.42

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one starting from the
year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed as average marginal effects
(AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
Table 3
Pseudo-maximum-likelihood Poisson estimations: Different time periods.

(1990–2011) (1990–2003) (2004–2011) (2000–2011)

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

After Move 0.077*** 0.101*** 0.087*** 0.104***
(0.005) (0.007) (0.003) (0.009)

Inv. fixed effects Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes
Time since last patent Yes Yes Yes Yes
Countr. of Res. fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
CPC fixed effects Yes Yes Yes Yes

Number of observations 5,999,400 3,817,800 2,181,600 3,272,400
Number of migrant inventors 33,865 33,865 33,865 33,865
𝑅2 0.32 0.30 0.33 0.29

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed
as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
which information on inventors’ residence and nationality is system-
atically requested, see Section 2.1). Accordingly, we estimate the full
specification on two distinct time periods: from 1990 to 2003 and
from 2004 to 2011. The estimated coefficients of these two models are
reported in Table 3 columns (2) and (3). For comparative purposes,
we also report the coefficient of Table 2, column (5), in the first
column. The sign and significance of the coefficient of interest are in
line with the baseline results. We also extend the second time period
to 2000–2011 in column (4), with quantitatively similar results.

Second, we test the robustness of our main results to the definition
of immigrant inventors. In particular, we re-estimate equation (1) by
considering two restrictive definitions of immigrant inventors. In the
first case, reported in Table 4, we exclude from the sample inventors
with a declared double nationality (categories 3, 4, 7 and 8 in Table 1).
We are concerned by the possibility that some inventors with dou-
ble nationality may not be immigrants, but rather second-generation
migrants or native inventors who have acquired another nationality.
The coefficient of interest remains practically unchanged (0.069). In
the second case, reported in Table 5, we use an even more stringent
definition of immigrant inventors. We exclude immigrant inventors for
which we cannot observe any actual move (i.e., change in country of
residence, cases 1, 3 and 7 in Table 1). Once again, the results confirm
the main findings, with the coefficient of interest reaching 0.088.

In a final specification, we have restricted the sample to patents in
the field of chemistry, in which patent protection is known to be an
effective appropriation mechanism (Cohen et al., 2000). The propen-
sity to patent is higher in this field than in others, and patent data,
therefore, measure an inventor’s output more accurately. The results,
7

reported in Table B.2 in Appendix B, confirm the positive impact of
migration on productivity (coefficient about 0.05 in column 5).

Taken together, the results confirm the presence of a boost to
productivity following a move. In our preferred specification, inventors
experience a twenty-three-percent increase in productivity.

4. Additional analyses

4.1. Exploring country-level heterogeneity

As mentioned in Section 2, one of the distinctive features of the PCT
database is its international coverage. In this subsection, we take advan-
tage of this unique feature of our database and explore heterogeneity
at the country level.

Disaggregation by receiving and sending country
We first run the main model on a selected number of receiving

countries. We focus on the top five countries in terms of total number of
applications filed by immigrants during the period 1990–2011, namely
the United States, Germany, the United Kingdom, China, Switzerland,
and all the remaining countries pooled together. Table 6 presents the
estimation results separately for each country. In all the models, the co-
efficients are positive and statistically significant. They range between
0.062 for Great Britain and 0.175 for China. It would be erroneous to
interpret the differences across countries as saying that some countries
offer a more productive environment for migrant inventors than others.
Indeed, the composition of migrant inventors, technological fields, and
yearly number of patents per inventor differ from one sample to the
next.
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Table 4
Pseudo-maximum-likelihood Poisson estimations: Excluding immigrant inventors with double nationality.

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

After Move 0.214*** 0.261*** 0.273*** 0.095*** 0.069***
(0.013) (0.013) (0.013) (0.007) (0.003)

Inv. fixed effects Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes
Time since last patent No Yes Yes Yes Yes
Countr. of Res. fixed effects No No Yes Yes Yes
Year fixed effects No No No Yes Yes
CPC fixed effects No No No No Yes

Number of observations 5,751,152 5,751,152 5,751,152 5,751,152 5,751,152
Number of immigrant inventors 22,581 22,581 22,581 22,581 22,581
𝑅2 0.10 0.16 0.17 0.30 0.33

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1, 2, 5, and 6 as defined in Table 1. Coefficients are
expressed as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
Table 5
Pseudo-maximum-likelihood Poisson estimations: Excluding immigrant inventors for which we do not observe the actual move.

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

After Move 0.226*** 0.253*** 0.263*** 0.109*** 0.088***
(0.026) (0.026) (0.022) (0.011) (0.005)

Inv. fixed effects Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes
Time since last patent No Yes Yes Yes Yes
Countr. of Res. fixed effects No No Yes Yes Yes
Year fixed effects No No No Yes Yes
CPC fixed effects No No No No Yes

Number of observations 5,478,462 5,478,462 5,478,462 5,478,462 5,478,462
Number of migrant inventors 10,186 10,186 10,186 10,186 10,186
𝑅2 0.10 0.16 0.16 0.30 0.32

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 2, 4, 5 6 and 8 as defined in Table 1. Coefficients
are expressed as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
Next, we replicate the previous exercise by focusing on the top five
sending countries (i.e., nationalities). We re-estimate equation (1) by
focusing, in turn, on Chinese, American, German, British, and Indian
immigrant inventors. As in the previous case, we also estimate the
model on a sample that pools all the remaining migrant inventors
together. The results, reported in Table 7, are fairly consistent across
countries. The coefficient of interest ranges from 0.022 for Chinese
inventors to 0.077 for Indian inventors. Again, it would be erroneous
to interpret Table 7 as saying that some migrant inventors are more
productive than others—inventors specialize in different fields and
move to different countries such that comparison across countries is
not warranted.

Accounting for productivity differences within country
The regression models estimated so far are quite demanding, with a

large number of control variables, fixed effects, and data slicing. They
allow us to rule out several explanations for the productivity increase
such as moving to a more productive country. All specifications point
to the conclusion that migrant inventors experience a genuine increase
in productivity following a move.

In this section, we test the extent to which these productivity gains
might be driven by inventors moving to particularly productive regions.
To illustrate, if all migrant inventors in the United States were moving
to the Silicon Valley, we might be capturing a Silicon Valley effect
rather than a general migration effect. To address this concern, we focus
on the United States as a receiving country (for the sheer size of the
country and because we have fine-grained location data) and control
for a full set of 1,114 county dummies. We have been able to extract
the information for 54,819 inventors that have resided in the United
States for at least one year.

Table 8 reports the estimated coefficients. Column (5) presents the
8

same regression model than that in column (1) of Table 6; except that
sample size is now smaller because of data availability on inventor
regional location. The coefficient of interest has a similar magnitude
(0.085 vs. 0.094) such that we are confident that the difference in sam-
ple sizes does not drive our results. Controlling for regional dummies,
column (6), leaves the coefficient essentially unchanged.

4.2. Dealing further with selection

One possible remaining threat to the validity of our estimates relates
to the fact that immigrant inventors may be inherently more productive
than non migrant inventors. The use of longitudinal data together with
the inclusion of inventor fixed effects allow us to account, at least par-
tially, for the existence of positive selection among migrant inventors.
Furthermore, the use of country of residence and assignee fixed effects
account for the possibility that migrant inventors became more pro-
ductive simply because they moved to a better environment. However,
there may be other pre-move factors that may play a decisive role
in determining the post-move productivity differentials experienced by
migrant inventors.

In this section we carry out an additional test to control further
for some potential selection issues. We seek to reduce the heterogene-
ity among migrant and non-migrant inventors by adopting a match-
ing strategy. We create two groups of treated (migrant) and control
(non-migrant) inventors by exact matching on some relevant pre-move
inventor-level characteristics. More in details, we consider: the cumu-
lative number of patents filed by inventor 𝑖 up to the year of the
move; the filing year of her first patent, her country of residence before

move, and the CPC (4 digit) mode of her patent portfolio. As shown



Research Policy 52 (2023) 104631G. Pellegrino et al.
Table 6
Pseudo-maximum-likelihood Poisson estimations: Selected receiving countries.

US DE GB CN CH Other
countries

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

After Move 0.094*** 0.106*** 0.062*** 0.175*** 0.101*** 0.062***
(0.003) (0.012) (0.008) (0.011) (0.009) (0.004)

Inv. fixed effects Yes Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes Yes
Time since last patent Yes Yes Yes Yes Yes Yes
Countr. of Res. fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
CPC fixed effects Yes Yes Yes Yes Yes Yes

Number of observations 1,846,427 685,094 328,823 307,752 63,465 1,565,804
Number of immigrant inventors 22,268 3,354 2,870 2,008 1,669 11,867
𝑅2 0.31 0.36 0.33 0.47 0.40 0.36

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed
as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
Table 7
Pseudo-maximum-likelihood Poisson estimations: Selected sending countries.

CN US DE GB IN Other
countries

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

After Move 0.022*** 0.038*** 0.048 0.076*** 0.077*** 0.075***
(0.006) (0.008) (0.030) (0.005) (0.010) (0.004)

Inv. fixed effects Yes Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes Yes
Time since last patent Yes Yes Yes Yes Yes Yes
Countr. of Res. fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
CPC fixed effects Yes Yes Yes Yes Yes Yes

Number of observations 5,431,553 5,352,105 5,324,769 5,332,236 5,311,453 5,519,134
Number of immigrant inventors 9,500 8,902 3,838 4,490 3,049 14,437
𝑅2 0.32 0.32 0.32 0.32 0.33 0.33

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed
as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
Table 8
Pseudo-maximum-likelihood Poisson estimations: Controlling for regional heterogeneity (United States only).

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

After Move 0.257*** 0.297*** 0.298*** 0.111*** 0.085*** 0.083***
(0.008) (0.007) (0.007) (0.004) (0.003) (0.003)

Inv. fixed effects Yes Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes Yes
Time since last patent No Yes Yes Yes Yes Yes
Countr. of Res. fixed effects No No Yes Yes Yes Yes
Year fixed effects No No No Yes Yes Yes
CPC fixed effects No No No No Yes Yes
Regional fixed effects No No No No No Yes

Number of observations 1,206,018 1,206,018 1,206,018 1,206,018 1,206,018 1,206,018
Number of immigrant inventors 13,637 13,637 13,637 13,637 13,637 13,637
𝑅2 0.13 0.19 0.19 0.34 0.37 0.37

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed
as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
in Panel C of Table B.1, this matching procedure reduces substantially
the heterogeneity between the two groups of migrant and non-migrant
inventors.

Table 9 reports the estimation results obtained using the matched
sample. The coefficients of the variable of interest are positive and
statistically significant in all the models, and they are similar in mag-
nitude to the coefficients of the baseline model. These results provide
additional evidence that migrant inventors seem to enjoy a genuine
boost in productivity.
9

5. Conclusions

Existing literature has generally provided evidence that migrant
inventors are more productive than their non-migrant peers. This paper
moves the field forward by showing that migrant inventors seem to
become more productive after they have migrated.

Overall, we find that migrants enjoy a twenty-three-percent gain
in productivity following a move. This result is robust to a range
of specifications and can be observed across destination and sending
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Table 9
Pseudo-maximum-likelihood Poisson estimations: Matched sample.

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

After Move 0.240*** 0.300*** 0.302*** 0.118*** 0.113***
(0.012) (0.011) (0.011) (0.006) (0.004)

Inv. fixed effects Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes
Time since last patent No Yes Yes Yes Yes
Countr. of Res. fixed effects No No Yes Yes Yes
Year fixed effects No No No Yes Yes
CPC fixed effects No No No No Yes

Number of observations 2,595,274 2,595,274 2,595,274 2,595,274 2,595,274
Number of immigrant inventors 18,413 18,413 18,413 18,413 18,413
𝑅2 0.11 0.16 0.17 0.32 0.34

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed
as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
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countries. We have arrived at this conclusion thanks to the careful
disambiguation of the approximately 1 million inventors listed in PCT
patent documents using a machine-learning-based approach. These
data have allowed us to track the migratory movements of inventors
over time. An initial analysis of the disambiguated data reveals that
migrant inventors account for more than nine percent of the population
of inventors since the early 2000s. However, the majority of migrant
inventors are already residing in the host country prior to their first PCT
patent—for example, because they may have migrated for education.

We have arrived at the conclusion of a productivity boost by ex-
ploiting panel data with inventor fixed effects, and also considering
matching estimators. As to the reason for the boost, the econometric
analysis considers – and has ruled out – several potential explanations.
We have investigated the possibility that the effect is caused by differ-
ences in propensity to patent or productivity across countries, firms,
and regions within a country. We have also accounted for changes in
productivity over inventors’ lifecycle as well as changes in the collab-
oration network of inventors. Although the effect is very robust (also
holding under various alternative specifications and data slicing), we
note that the inherent nature of our data does not allow us to establish
a strong causal relationship between migration and the productivity
of inventors. We do not have a shock that ‘forces’ migration or an
instrument that induces as-if random variations in migration events.
Consequently, we cannot rule out the possibility that inventors decided
to move because they knew they would be more productive for some
reason that we cannot observe. Nevertheless, the empirical finding
remains.

We discuss four possible explanations as to why migrant inventors
ecome more productive after they have moved. First, migrants may
ork harder given their (presumably) more precarious visa status.
hould this be the case, the mobility effect we observe would diminish
ver time. A specification that controls for the effect of the passing of
ime left the coefficient of interest essentially unchanged, suggesting a
ifferent cause for the effect.15 Second, migrant inventors may simply
ove to a more productive environment relative to their home country.
his situation could arise, for example, because migrant inventors work

n labs that have better equipment than at home. However, we note that
he econometric regression models broadly account for this explanation
ith the inclusion of country of residence, region, and assignee fixed
ffects. Leaving two other potential mechanisms responsible for this
roductivity increase: human capital upgrading and better fit.

By moving to a new country, migrants are exposed to new knowl-
dge, new colleagues, new practices, representing opportunities to
pgrade their human capital. Alternatively, skilled inventors usually
igrate to a new country by choice, possibly with the knowledge that

hey will be more productive—for example, because they know they

15 The results are available upon request from the authors.
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will fit particularly well in the new environment (Jovanovic, 1979).
In the same vein, migrants might have escaped situations where they
were not in a position to exploit their creativity fully, for example, due
to ethnic or gender considerations (e.g., Sugimoto et al., 2015). Our
data are silent on the individual motives for migration, and we leave it
to further research to tease out these possible remaining mechanisms.

The analysis also offers policy implications. The central finding
is that migration raises inventors’ productivity and, consequently, in-
creases the overall patenting activity worldwide. This leads us back
to the tension between the risk of brain drain associated with liberal
migration policies and the overall benefits of free migration through
better human capital allocation. Do emigration countries lose precious
inventors if they are welcomed elsewhere? If, as we have shown, migra-
tion by itself is the booster of productivity, then the brain drain effect
appears relatively small. This explanation would speak in favor of the
free movement of inventors to maximize global innovation outcomes.
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ppendix A. Disambiguation algorithm

As inventors receive no unique identifier in the PCT applications
ataset, we must disambiguate all inventors in order to track migration
lows. Inventor ambiguity may arise from two sources. First, many
istinct inventors may possess the same name, thus creating uncertainty
s to which application belongs to which individual. Second, each
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inventor’s name may not be reported in the same way across each of his
or her patents, due to typographic error, transliteration error, incom-
plete reporting, etc. Our disambiguation approach follows in the vein of
Fleming and colleagues in that it employs a (trained) classifier to pre-
dict which patents may belong to the same inventor (Balsmeier et al.,
2015). Below, we outline the basic principles of the disambiguation
approach developed and applied herein.

Before describing our disambiguation approach in detail, let us
start with the lowest level element of the process – an inventor-patent
application pair – that we will refer to as a disambiguation-id. For
example disambiguation-id ‘‘2_US2011033658’’ refers to the second
inventor (Ron Hadar) on the PCT application corresponding to patent
document US2011033658. The final output of the entire process is a
set of clusters of disambiguation-ids, each corresponding to the best
estimate of the output of an individual inventor. The approach proceeds
through the following steps:

1. Blocking
2. Feature vector calculation
3. Feature vector classification
4. Cluster extraction and violation resolution

A.1. Blocking

Blocking is the process by which we establish which pairs of
disambiguation-id may end up clustered. For example, it is reasonable
to believe that two disambiguation-ids belonging to an inventor named
‘‘John Smith’’ may, in fact, belong to the same inventor, and hence,
are eligible to be assigned to the same cluster. On the other hand,
it is not reasonable to think that a disambiguation-id corresponding
to an inventor named ‘‘John Smith’’ and another corresponding to an
inventor named ‘‘Borislav Trifonov’’ may belong to the same inventor,
and hence are not eligible to be assigned to the same cluster.

In our disambiguation we take a hard line on blocking and do
not consider typographic errors. For two disambiguation-ids to be
‘‘blocked’’ together (eligible for assignment to the same cluster) they
must have the exact same family name. They must further have the
exact same first given name, or at least the corresponding initial (e.g.,
ohn and J are eligible). Similarly for second given names. We do not
onsider given names beyond the first and second. We implement such
strict blocking criterion due to the high quality of the underlying PCT
ata. It is important to understand that because we consider given name
nitials, blocking is not transitive i.e., ‘‘John’’ and ‘‘J’’ will be blocked, as
ill ‘‘James’’ and ‘‘J’’ but not ‘‘John’’ and ‘‘James’’. Indeed, such cases
re specifically resolved in Step 4 through violation resolution.

.1.1. Feature vector calculation
After blocking is complete, we calculate a feature vector for each

llowed pair of disambiguation-ids. The goal of each feature vector is to
ummarize the similarity, and dissimilarity, of the two disambiguation-
ds across a number of dimensions. As these vectors will later be fed to
(trained) classifier, the exact functional form of each element is not

ritical. What is critical is that as much relevant information as possible
s present for the classifier to use in order to discriminate between
atent documents that belong to the same inventor, and those that do
ot. Herein, features include: the overlap of cited patents; a flag for
hether one directly cites the other; various cosine similarity measures
f the patent classes, various cosine similarity measures of the classes
f the patents cited by each; overlap of assignees; overlap of assignee
ountries; flags for shared country of residence or nationality for the
ocal inventors; number of years between the two priority fillings;
verlap between co-inventors on the patents; and overlap between
11

ountries of residence of the co-inventors.
A.2. Cluster extraction and violation resolution

Once the feature vectors are collected, we apply a previously trained
classifier to them. The goal of the classifier is straightforward: to
correctly select those disambiguation-id pairs that belong to the same
inventor. Clusters are then extracted from that output in the next stage.
The construction and training of the classifier does merit description
however.

Our classifier is a Neural Network model implemented in Keras
(with Theano backend). It consists of a dense linear input layer, four
dense hidden layers with rectified linear unit activation (node counts
decreasing from 20 to 5), and an output layer with sigmoid activation.
It can be noted that, while this model slightly outperforms similar ones,
we found that with due care and attention almost any neural network
configuration can produce similar results.

To establish the training set we rely on an approach previously
used to study samples of researchers (Milojević, 2013) and for similar
disambiguation efforts (Balsmeier et al., 2015). Specifically, we use the
set of given names for which only one, unique, given name appears
for each. The logic of this approach being that if we observe a family
name with only one specific given name, it is highly unlikely that the
only two inventors in the entire data set with that family name would,
coincidentally, also have to same given name. Thus to construct the true
positive portion of our training set we collect the set of all family names
for which only one unique given name appears and that appear on at
least 5 patents. For each of those family names we then sample pairs of
disambiguation-ids in a fashion proportional to the number of patents
found for that family name. True negatives are much easier to find, as
any pair of patents for which not a single pair of inventors shares a
family can be very easily assumed to not have been invented by the
same person. In the training set the ratio of true negative pairs to true
positive pairs is 3:1 and the set, as a whole, consists of approximately
1.1 million disambiguation-id pairs. Once trained the classifier reaches
a (cross-validation) precision of about 95% and recall of about 80%.

A.3. Feature vector classification

While each blocked disambiguation-id pair is assigned a value of 1
or 0 by the classifier, we are still left with the problem of extracting
clusters from that data. Initially this is quite straightforward: we con-
struct a network of disambiguation-ids (a 1 indicates an edge) and pull
out the connected components. For each connected component, if there
exists no violations of the kind mentioned above (i.e. ‘‘John’’ connected
to ‘‘J’’ connected to ‘‘James’’) then that connected component is ac-
cepted as a cluster corresponding to an individual inventor. But if there
are violations, we follow a secondary procedure. We apply a network
community detection algorithm. Each community that does not contain
a violation is taken as a cluster. Each community that does contain
a violation is then recursively subjected to mincut until no violations
remain.

As a sanity check on the results of our disambiguation approach,
we cross reference, where possible, individual patents to the USPTO,
and in turn, to the USPTO’s in-house inventor disambiguation. While
results do fluctuate across family names, we note a relatively high
level of agreement with the USPTO (90+% precision, 75+% recall). But
we also note that when disagreements arise between USPTO and our
disambiguation, ours often ends up being correct following inspection.
In particular we note that there are several inventor profiles in the
USPTO disambiguation that contain many (some times more than 100)
highly distinct given names.

Appendix B. Additional summary statistics and robustness checks
See Tables B.1 and B.2.
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Table B.1
Summary statistics of sample used for the econometric regression.

Total Non Immigrant Immigrant

Panel A: Whole sample

No. of inventors 871,129 790,957 80,172
No. of applications 2,597,315 2,258,672 338,643
Average no. of applications x inventor 2.98 2.86 4.22
No. of applications with one inventor 662,627 582,666 79,961
No. of applications with at least two inventors 1,272,850 1,103,904 168,946

Panel B: Sample used for the main estimations

No. of inventors 272,700 238,835 33,865
No. of applications 1,890,897 1,608,060 282,837
Average no. of applications x inventor 6.93 6.73 8.35
No. of applications with one inventor 559,407 480,681 78,726
No. of applications with at least two inventors 817,498 690,831 126,667

Panel C: Matched sample

No. of inventors 117,967 99,590 18,377
No. of applications 858,629 722,103 136,526
Average no. of applications x inventor 7.28 7.25 7.43
No. of applications with one inventor 340,349 288,539 51,810
No. of applications with at least two inventors 274,824 229,211 45,613

Notes: Immigrant inventors are defined as inventors who have applied for at least one patent while residing in a country different from their country of nationality,
see Table 1. Time period:1990–2011.
Table B.2
Pseudo-maximum-likelihood Poisson estimations: Focus on chemistry.

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

After Move 0.195*** 0.224*** 0.222*** 0.096*** 0.051***
(0.012) (0.012) (0.014) (0.009) (0.006)

Inv. fixed effects Yes Yes Yes Yes Yes
Av. no of inv. Yes Yes Yes Yes Yes
Time since last patent No Yes Yes Yes Yes
Countr. of Res. fixed effects No No Yes Yes Yes
Year fixed effects No No No Yes Yes
CPC fixed effects No No No No Yes

Number of observations 1,382,348 1,382,348 1,382,348 1,382,348 1,382,348
Number of migrant inventors 9,983 9,983 9,983 9,983 9,983
𝑅2 0.12 0.17 0.18 0.27 0.31

Notes: The dependent variable measures the number of patents filed by inventor i in year t. The variable 𝐴𝑓𝑡𝑒𝑟𝑀𝑜𝑣𝑒 is a binary indicator that takes value one
starting from the year preceding the first move of the migrant inventor i. The sample is composed of cases 1 to 8 as defined in Table 1. Coefficients are expressed
as average marginal effects (AME). Robust standard errors in parentheses.
***, ** and * indicate significance at 1%, 5% and 10% level, respectively.
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