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1 Introduction

A promising direction for countries to achieve sustainable development is to boost innovation

in green technologies. Increasing incentives from environmental regulations and pressure from

the media stimulate green technology innovation of firms (Li et al., 2023). However, similarly

to the overall world’s creation of new technologies (Keller, 2004), innovation in environment-

related technologies (ENV-tech) is highly concentrated among a few countries (Haščič and Mig-

otto, 2015). This high concentration characterizes innovation production despite the well-known

fact that climate change effects increasingly challenge the planet.

During the period 1990-2011, the top three inventor countries accounted for about 57% of the

world’s total patent applications in environment-related technologies (Haščič and Migotto, 2015).1

Interestingly, two important trends are worth noting during the same period. First, notwithstand-

ing the high growth in all innovation activity (twofold the number of patent applications in 2011

compared to 1990), those in environment-related technologies are the fastest-growing innovations

(more than a threefold increase between 1990 and 2011). Second, we observe a constant reduction

in patent activity concentration, with a sharp decline in the top three inventor countries’ share in en-

vironmental innovation.2 These stylized facts call for investigating the main drivers of innovation

in environment-related technology.

R&D investments are, by any means, an important source of innovation (Stephan, 2010). How-

ever, rising R&D expenditure on green innovation might not be enough when it comes to changing

the technology path (e.g., from “dirty” to “clean” innovation). One reason is that technological in-

novation is a path-dependent process because its main inputs, research and knowledge production,

are also path-dependent (Aghion et al., 2019, Singh and Agrawal, 2011). Inventors’ knowledge

is, to some extent, tacit, making technology only partially codified and thus not easily transferable

(Polanyi, 1958). Ultimately, technology diffusion requires inventors and scientists to work together

in the same geographic location (Keller, 2004, David, 1992).3

1The share of the OECD countries is 88.8%, the EU28 hold the 26.8%, and the BRICS the 6.9% (See Haščič and
Migotto, 2015, Table 5, page 28).

2See Section 2 for details.
3Other important channels of technology diffusion identified by the literature are trade and foreign direct invest-

ments (FDI). Keller (2004) notes that imports represent a significant channel of technology diffusion, whereas the
evidence for benefits associated with exports is weak. Bahar et al. (2014) find that the export growth rate will increase
at 1.5% per annum if the neighboring country has a comparative advantage in existing products. Aitken and Harrison
(1999) show a positive correlation between inward foreign direct investment (FDI) and domestic firm productivity.
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Consolidated literature provides empirical evidence supporting highly skilled migration’s im-

pact on knowledge diffusion and innovation. One strand of the literature shows that networks of

high-skilled migrants with degrees and occupations in science, technology, engineering and math-

ematics (STEM) increase international knowledge diffusion (Miguelez and Noumedem Temgoua,

2020, Ganguli, 2015, Gaulé and Piacentini, 2013, Stephan and Levin, 2001), the scientific produc-

tivity (Gaulé and Piacentini, 2013), the stock of human capital and patenting (Kerr and Lincoln,

2010, Hunt and Gauthier-Loiselle, 2010, Kerr and Lincoln, 2010).4

More recent research focuses on migrant inventors, a particular subset of high-skilled migrants

representing a fundamental input for innovation production. Bahar et al. (2020) use the stock of

international inventors compiled by Miguelez and Fink (2017) to analyze the impact of migrant

inventors on the dynamics of patent applications for a large panel of countries for the years 1990,

2000, and 2010. They find that migrant inventors induce patenting activity (in both sending and

receiving countries) in the same technologies where the country (either sending or destination)

has a relative advantage. Ferrucci (2020) finds that Soviet inventors who migrated to Germany

following the collapse of the Soviet Union increased German patent production in technologies in

which the Soviet Union had previously specialized. He also finds that collaboration between Soviet

and German-based inventors increased the technology diversion of the latter. Using inventor-level

data Moser et al. (2014) find that German Jewish émigrés encouraged chemical innovation in the

US in the research fields of émigrés. Other studies confirm that the international migration of

inventors boosts innovation and that immigrant inventors are more productive than native-born

inventors (Akcigit et al., 2017, Pellegrino et al., 2023, Franzoni et al., 2014, Perret, 2022). How-

ever, the empirical literature lacks studies analyzing the relationship between migrant inventors

and environmental innovation. Recent research shows that green and non-green technologies dif-

fer in several ways, though to varying degrees. Green patents are generally more complex and

green technologies tend to be more novel compared to non-green technologies (Barbieri et al.,

2020). Thus, investigating the main drivers of green innovation is of fundamental importance for

policymakers to design effective policies aimed at accelerating the green economy transition.

The main research question of this study is whether migrant inventors have a positive effect on

4Park (2004) and Le (2010) show that not only the migrant workers but also the international students serve as a
channel for R&D spillovers. Beyond that, the channels of innovation and technology diffusion across countries are
discussed with respect to openness both theoretically by Buera and Oberfield (2020) and empirically by Ortega and
Peri (2014), among others.
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the production of new environment-related technologies. More specifically, we assume that mi-

grant inventors convey valuable knowledge that helps to overcome barriers to knowledge diffusion

and innovation production. We follow the empirical methodology of Bahar et al. (2020), though

our research differs in two main aspects. First, it focuses only on environmental technologies,

which are not directly identified by the International Patent Classification (IPC) used by Bahar

et al. (2020)). Second, it employs a novel dataset of migrant inventors constructed by Pellegrino

et al. (2023) that avoids the double counting problem of immigrant inventors.

As a measure of innovation performance, we use data on patent applications in environment-

related technologies developed by the OECD’s Directorate for Science, Technology and Industry.

As carefully pointed out by Haščič et al. (2015), patent inventions are particularly suited to study

environmental innovation for several reasons. Firstly, patents are a measure of innovation by def-

inition. Secondly, they represent an innovation output, though an intermediate one. Thirdly, they

facilitate the identification of specific environmental aspects. Lastly, patent data are accessible

globally, and long-time series are also available.5 Undoubtedly, patents per se are not a perfect

measure of innovation. As pointed out by Haščič et al. (2015) it is important to choose the ap-

propriate indicator depending on the objects of the analysis. Accordingly, for our analysis, we use

patents filed at least at two patent offices among the five largest intellectual property offices in the

world (IP5).6 This specific indicator allows us to control for the quality of the innovation output.

Indeed, this measure can be viewed as the quantity of self-selected valuable innovation. The in-

ventor will decide to protect its intellectual property in more than one jurisdiction only if the patent

has a potentially high economic value. Thus, claimed priorities can be viewed as representing in-

ventions of higher value as patenting is costly (for a discussion, see Haščič and Migotto, 2015).7

Figure 1 shows the number of environment patent applications at the IP5 Offices and the share of

5Other alternative measures are the following. The R&D expenditure and/or employment in R&D, (see, e.g.
Zacchia, 2020, Bottazzi and Peri, 2007), although they represent the input in the innovation production process. Total
Factor Productivity (TFP) growth is used as an indicator for the overall innovation output, in that it does not allow
to identify different technological aspects of innovation activity (see for example, Peri, 2012, Ortega and Peri, 2014,
Buera and Oberfield, 2020).

6The five patent offices are the following: the US Patent and Trademark Office (USPTO), the European Patent Of-
fice (EPO), the Japan Patent Office (JPO), the Korean Intellectual Property Office (KIPO), and the National Intellectual
Property Administration (CNIPA formerly SIPO) in China.

7Other candidate indicators to measure the innovation output include the number of patent applications, granted
patents, and bibliometric data (i.e., scientific publication). Those for quality of innovation output include the forward
citation measures. However, the bibliometric data is an intermediate output indicator of innovation and an ambiguous
indicator of market output.
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its top three inventor countries over the period 1990-2012. The absolute number of their patent

applications exhibits an increasing trend, but their share decreases over the same period. This dy-

namic suggests that an increasing number of countries are changing their technological path toward

green technology innovation. We explain this variation in green patenting activity with changes

in inventors’ migration and other determinants of innovation. Similar to Bahar et al. (2020), we

assume that innovation is favored by immigrant (emigrant) inventors originating from (residing in)

countries specialized in a given (environmental) technology. We use the revealed technological

advantage (RTA) (Bahar et al., 2020, Soete, 1987) as a measure of technology specialization.

[Figure 1 around here]

The international mobility of inventors is not measured directly by the available statistics, but

proper indicators can be constructed by leveraging patent data (see Miguelez and Fink, 2017, for a

discussion). We use Pellegrino et al. (2023) disambiguated inventor database to create the migrant

inventors’ variables. The authors used machine learning techniques to uniquely identify inven-

tors across patents, and ultimately to track the migration patterns of nearly one million individual

inventors across countries.8 The main advantage of using this novel inventor database is that it

avoids the double-counting problem and reduces measurement errors. Both issues are highlighted

by Bahar et al. (2020), who use the stocks of migrant inventors compiled by Miguelez and Fink

(2017). We employ the instrumental variable (IV) estimation technique to address the endogeneity

concerns arising from possible measurement errors and reverse causality. The latter is due to the

fact that countries that increase their innovation activity also become more attractive to foreign

inventors. We construct our instrument by applying the same approach Bahar et al. (2020) used for

a similar analysis.

Our main results suggest that innovation in environment-related technologies rises with the

stock of immigrant and emigrant inventors. The point estimates indicate that a 10% increase in

immigrant inventors raises the environmental-patent applications of the hosting country by 1.3%

to 2.4% (depending on model specification). Differently, the effect of a 10% increase in emigrant

inventors on environmental-patent applications of the sending country ranges around the value of

2.5%. The estimates of a dynamic model confirm the main results and are consistent with the

path-dependence characteristic of innovation.

8A detailed data description can be found in Pellegrino et al. (2023).
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We then conduct a falsification test confirming that innovation is indeed triggered by inventors

residing in (or coming from) countries specialized in environment-related innovation. In further

robustness checks, we use different lags of our regressors and a modified database of our main

explanatory variables that keeps track of inventors over time. All the robustness analyses confirm

the main outcomes. The results related to the controls are also worth mentioning. Firstly, we

find robust evidence that innovation in environment-related technologies increases with natural

disasters. Secondly, environmental innovation also increases with the CO2 emissions per capita.

Finally, as expected, we find a positive effect of R&D expenditure and international trade on patent

applications.

This work contributes to three strands of literature. First, we add to the recent literature on

migrant inventors and innovation by showing that the mobility of inventors is also an important

factor in shaping technological paths toward green innovation technologies. Second, we add to the

vast literature on international migration and knowledge diffusion by showing that migrant inven-

tors are important drivers of knowledge diffusion that ultimately raise innovation in environment-

related technology. Finally, our analyses contribute to the literature investigating the main drivers

of environmental innovation for sustainable development by showing that, in addition to migrant

inventors, green innovation increases with CO2 emissions and natural disasters.

The remainder of this article is organized as follows. Section 2 describes the trends in environ-

ment patents, inventors, and their distribution across countries. Section 3 explains our empirical

strategy to identify the relationship between migrant inventors and environment-friendly innova-

tion activity. Section 3.4 describes the data used in our empirical analysis. Section 4 presents the

empirical results. The final section provides concluding remarks.

2 Trends in environmental innovation and inventors

2.1 Distribution of patent applications in environment-related technologies

Patent data are increasingly employed to measure technological innovation. Indeed, patents

present two important advantages compared with the two most commonly used indicators, that is

R&D expenditure and the number of scientific personnel in industries, they present two impor-

tant advantages. First, patents measure intermediate outputs of the inventive process, while R&D

and scientific personnel measure the inputs. Second, patent data are widely available and can be
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disaggregated into specific technological fields (Haščič et al., 2015, Breschi et al., 2014). On the

other hand, patents present some challenges as well: not all innovations are patentable (e.g., orga-

nizational, managerial, and non-technological innovations); patents are not the only way to protect

innovation, thus not all patentable inventions are patented.

Table 1 shows the pattern and dynamics of high-quality patent applications filed at least two

among IP5 for the 25 countries included in our analysis, where these 25 countries represent roughly

99% of patents’ world share. The first three columns report the compound annual growth rate in

environment-related technology and the corresponding number of patent applications in 1990 and

2012, which are the start and the end of our sample period. The last column shows the compound

annual growth rate for the overall technologies. The higher growth rates of environmental patents

compared to the overall patent applications are worth noting. Japan increased the green innova-

tion activity by almost 13%, which is five percentage points higher than the overall innovation

growth (8%). A similar trend is observed for the other two top innovating countries, namely the

US and Germany. The highest growth rates are observed in Asian countries. South Korea in-

creased the number of green patent applications by almost 38% versus 29% growth of the overall

innovation. India and Singapore increased their environmental patent activity roughly at the same

(very high) speed as the overall innovation. China is the only country showing a growth rate in

environmental patent applications lower than the overall growth rate, though both are among the

highest growth rates (40% and 52%, respectively). Germany, France, the UK, and Italy are the top

European innovating countries in environment-related technologies. The green patent application

growth rates for all these countries are twofold those registered for the total technologies. A sim-

ilar dynamic is observed in other European countries, such as Switzerland, Denmark, and Spain.

Overall, patent applications are rising for all technologies, but environmental patent applications

are growing faster.

[Table 1 around here]

2.2 International inventor mobility and patenting activity

This study uses the data on international migrant inventors identified from the information on

their nationality and country of residence in patent applications filed under the Patent Cooperation

Treaty (PCT). The main advantage of using the information on inventors from patent data is that it

provides a direct measure of migrants’ contribution to innovation in the destination country (for a

6



discussion, see Miguelez and Fink, 2017, Breschi et al., 2014). 9 On the other hand, patent data do

not provide an inventor identifier, which absence often generates the ambiguity problem. The latter

can be generated by inventors holding the same name, abbreviations in long names, or simply by

typographic errors. Pellegrino et al. (2023) uniquely identified all inventors recorded in the PCT

database employing a machine learning algorithm. We create the two variables of immigrant and

emigrant inventors using their disambiguated inventor data. According to these data, the number

of immigrant inventors kept rising until 2008, when the subprime mortgage crisis occurred and

regained the pre-crisis levels in 2011. We refer the reader to Pellegrino et al. (2023) for a detailed

discussion of the database construction and the descriptive statistics.

Figure 2 plots the number of migrant inventors against the number of environmental patent

applications per country, measured as a log difference between 1990 and 2012. Panel (a) in Fig-

ure 2 shows the number of immigrant inventors, while emigrant inventors are presented in panel

(b). A positive correlation emerges in both panels, suggesting that immigrant (emigrant) inventors

might favor the patenting activity of environment-related technologies in their destination (origin)

countries.

Panel (a) indicates that the stock of immigrant inventors and the environmental innovation

activity increased in all 25 destination countries during the sample period. Sizeable growth rates of

the two indicators emerge for some Asian countries, namely China, Singapore, and South Korea. A

huge increase in environmental patent applications is also observed for India, though the increase

in immigrant inventors is not eye-catching. High growth rates of immigrant inventors also appear

for top innovating countries such as the US, Japan, and Spain.

Panel (b) shows a positive association between the sending countries of migrant inventors and

their patent activity in environment-related technologies. While most immigrant inventors concen-

trate on a few destination countries, the panel of countries sending international inventors is wide

and characterized by different development levels. Indeed, some developed countries, like Canada,

the Netherlands, and Spain, are important as sending and destinations for migrant inventors. On

the other hand, many developing countries with high levels of outgoing inventors’ migration are

also raising their environmental innovation activity. Among the latter, Asian countries like China,

South Korea, India, and Singapore are worth mentioning.

9Moreover, the PCT system minimizes measurement errors by employing a single set of procedural rules for
applicants worldwide and collecting information based on uniform filing standards (Miguelez and Fink, 2017).
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[Figure 2 around here]

In summary, Panels (a) and (b) exhibit a positive correlation between the increase in migrant

inventors and the rise in environment patent applications. The positive correlation is heteroge-

neous across countries and does not seem to depend either on the economic development level

of the country or on the geographical location. In the next section, we empirically investigate

whether there is a causal effect of migrant inventors on inventive activity in environment-related

technologies.

3 Empirical strategy and data

3.1 Research hypothesis

This subsection describes the research hypothesis to be empirically examined. We consider the

following research hypothesis based on the literature in this research field.

Migrant knowledge diffusion hypothesis

Migrants, particularly highly skilled migrants, are considered to be a vehicle of knowledge

diffusion based on the evidence in the literature. In the process of knowledge creation,

inventors’ knowledge is, to some extent, tacit, making technology only partially codified and

thus not easily transferable (Polanyi, 1958) like tangible products. Ultimately, technology

diffusion requires inventors and scientists to work together in the same geographic location

(Keller, 2004, David, 1992, Perret, 2022). The immigrant (emigrant) inventors with such

knowledge, in this study from/in the countries specialized in environment-related innovation,

favor the patenting activity of environment-related technologies in their destination (origin)

countries.

The mechanism underlying migration and knowledge creation is that migration improves pro-

ductivity (Peri, 2012), economic output (Alesina et al., 2016) by diversity, and thereby migrants

are international drivers of productive knowledge (Bahar and Rapoport, 2018). In particular,

skilled immigrants boost innovation through positive spillovers in the receiving country (Hunt and

Gauthier-Loiselle, 2010), where the immigrants increase patenting per capita. Migrant inventors

are not only productive (Pellegrino et al., 2023) but also promote the technology-specific diffusion
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of knowledge across countries (Bahar et al., 2020) who found that countries are 25 to 60% more

likely to gain an advantage in patenting in certain technologies given a twofold increase in the

number of foreign inventors from other nations that specialize in those same technologies.

When we assume that the migrant inventor brings tacit knowledge based on the evidence in

the literature, the pattern of environmental innovation creation diffusion comes after the pattern

of international high-skilled migration. As the diffusion of tacit knowledge requires direct hu-

man interaction, it is reasonable to regard the migrant inventors from countries that specialize in

environmental innovation as an effective driver of environmental innovation diffusion.

3.2 Empirical specification

We use an innovation production framework approach (Mairesse and Mohnen, 2002, Furman

et al., 2002, Buesa et al., 2010, Ponds et al., 2009) based on the assumption that a country’s in-

novation performance is the result of a production function that can be generalized as follows:

yit = f(xit, uit) (1)

where yit is a country i innovation output of year t, xit is a vector of inputs expected to contribute to

innovation, and the residual uit can be viewed as the unexplained ability to innovate (Mairesse and

Mohnen, 2002).10 The advantage of using this theoretical approach is that it helps us to highlight

the role played by migrant inventors in the production of specific environment-related new tech-

nologies. Migrant inventors are considered drivers of knowledge diffusion, capable of conveying

particular skills related to specific technologies. International trade is another channel of tech-

nology diffusion, though to a lesser extent because technology is only partially codified (Keller,

2004). These are the two main factors that we can measure at the country-technology level. Other

factors are either unobservable, like the ability to innovate, or can be measured only at the country

level, such as the amount of R&D expenditure.

As the aim of this analysis is to study the effect of migrant inventors on environmental in-

novation, we first need to specify the appropriate measures for these variables. For the reasons

previously outlined, the innovation output yit is measured by the number of country i patent ap-

plications. More precisely, we consider patent applications in the environment-related technology
10Mairesse and Mohnen (2002) apply an accounting framework to compare innovation performance across seven

European countries and call the residual term of the innovation function innovativeness.
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j (j = 1, 2, .., 8) categorized according to the OECD Search Strategies for the Identification of

Selected Environment-Related Technologies (Haščič and Migotto, 2015).11 Concerning our main

explanatory variables, we focus on migrant inventors originating from countries that specialize in

a specific environment-related technology j. Immigrant inventors originating from countries that

specialize in the production of environment-related technology j are likely to carry valuable (tacit)

knowledge, which can boost the innovation performance of the destination country in the same

environment-related technology j. Similarly, sending countries of emigrant inventors residing in

countries that specialize in the production of environment-related technology j can benefit from

valuable knowledge spillovers.

We use the Revealed Technological Advantage (RTA) index to identify countries specializing

in environment-related technology j (Bahar and Rapoport, 2018, Bahar et al., 2020). The green

patenting RTA index of country i in the environment-related technology j and year t (RTAenvtech
i,j,t )

is computed as follows:

RTAenvtech
i,j,t =

envpati,j,t/yi,t∑
i envpati,j,t/

∑
i yi,t

(2)

where envpati,j,t is the number of patent applications of country i in the environment-related

technology category j.

For each country i, we construct the annual stock of immigrant inventors originating from

countries that specialize in environment-related technology j, as follows:

imminvi,j,t =
∑
s

inventorsimi,s,t × ESs,j,t, (3)

where s ̸= i is the origin country of immigrants, i is the destination country, and ESs,j,t is a dummy

variable taking value 1 if RTAenvtech
s,j,t ≧ 1, and 0 otherwise.

Similarly, the stock of emigrant inventors originating from country i and residing in countries

11The OECD search strategy covers about 80 technological fields in total. The eight environmental categories are
the following: Capture, storage, sequestration or disposal of greenhouse gases; Climate change mitigation technolo-
gies in the production or processing of goods; Climate change mitigation technologies related to buildings; Climate
change mitigation technologies related to energy generation, transmission or distribution; Climate change mitigation
technologies related to transportation; Climate change mitigation technologies related to wastewater treatment or
waste management; Environmental management; Water-related adaptation technologies.
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specialized in the production of environment-related technology j is computed as follows:

eminvi,j,t =
∑
s

inventorsemi,s,t × ESs,j,t, (4)

where i ̸= s, and ESs,j,t = 1 if RTAenvtech
s,j,t ≧ 1, and 0 otherwise.

Once the main empirical strategy has been outlined and the outcome and main response vari-

ables have been defined, we can specify the complete econometric model. Our main specification

used to study the effect of migrant inventors on patent applications in environment-related tech-

nologies takes the following form:

envpatijt = β0+βimimminvi,j,t−3+βememinvi,j,t−3+γxi,t−3+λtradei,j,t−3+αij+ϕt+εijt (5)

where xi,t−3 are country-level control variables, namely R&D expenditure, CO2 emissions and

the number of natural disasters. The intramural R&D expenditure (i.e., both public and private)

is part of the indicator set used to monitor the Sustainable Development Goals (SDGs) adopted

by the United Nations in 2015. Indeed, it is considered pivotal for a country to foster innovation

and, thereby, economic growth. Accordingly, we expect the innovation output to increase with

the effort devoted to R&D activities, which is measured as the overall public and private R&D

expenditure as a percentage of GDP. Furthermore, we estimate a possible non-linear relationship

between R&D expenditure and green patent applications. A positive (negative) sign of the coeffi-

cient estimated for the quadratic variable would indicate increasing (decreasing) returns of R&D

expenditure. Countries that experience a high level of air pollution should increase their effort to

find solutions to improve air quality. For this reason, we include the CO2 emissions per capita

among our controls.12 The occurrence of extreme natural disasters, such as floods, droughts, ex-

treme temperatures, or insect infestations that causes deaths and economic losses are also likely to

stimulate green innovation activity. Accordingly, we control for the number of historical natural

disasters. Following Bahar et al. (2020), we investigate the effect of international trade as another

important channel for technology diffusion by constructing the variable tradei,j,t−3 using the same

12We prefer to include a direct measure of environmental degradation instead of indirect indicators such as electricity
consumption or industrialization since there is no consensus in the empirical literature on the causal relationship
between CO2 emissions, energy consumption and industrialization (Idowu et al., 2023).
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weighting scheme used to construct the migration variables.13 In addition, we include technology

by country fixed effects (αij) to control for country-specific (unobserved) factors that might affect

both our regressors and the environmental patent applications in the environment-related technol-

ogy j. An example of such unobserved factors is the presence of advanced research infrastructures

and facilities in country i, which increases the innovation productivity of environment-related tech-

nologies and, at the same time, attracts migrant inventors from other countries. Similarly, year fixed

effects (ϕt) control for possible common shocks, affecting both international mobility of inventors

and environmental innovation. Including both types of fixed effects reduces the endogeneity bias

of our variables of interest.

All variables except “disasters” are transformed using the inverse hyperbolic sine (Burbidge

et al. (1988)).14 The advantage of this linear monotonic transformation is that it is similar to a log

transformation but is also defined for values equal to zero. As we also transform the dependent

variable, the estimated coefficients for the transformed regressors can be interpreted as elasticities.

Finally, we chose to lag all the regressors by 3 years for the following reasons. Firstly, although

the year of patent applications refers to the priority date, that is, the closest date to the date of

invention, we must consider the time needed for the research activity to be carried out and produce

an outcome that can be filed as a patent application. For example, a rise of the R&D expenditure

of country i in year t will first affect the research activity and, ultimately, the patent application.

Secondly, with regard to the migrant inventor variables, we must also consider that the information

regarding citizenship and residence of applicants is revealed only after the inventor has filed the

patent application. Thus, the real arrival year of the migrant remains unknown, unless it can be

inferred from previous patent applications. Lastly, we are aware that the choice of the time lag

might affect the results. Thus, we also estimate the model using different lags (see Section 4.2).

3.3 Instrumental variables

Our main variables of interest are not strictly exogenous in that some unobservable time-

varying country-technology characteristics might affect both the migration destination choice of

13That is, tradei,j,t =
∑

m tradei,m,t × ESm,j,t, where m ̸= i is the partner-country, tradei,m,t is the sum of
imports plus exports between country i and country m in year t, and ESm,j,t = 1 if RTAenvtech

i,j,t ≧ 1, and 0 otherwise.
14As pointed out by Bellemare and Wichman (2020), the approximation error increases noticeably for values less

than 10. More than 80% of values for the variable measuring the number of disasters are below 10, and 20% are equal
to zero. For this reason, we do not apply the inverse hyperbolic sine transformation to the number of disasters.
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inventors and the (environmental) patents dynamics. We address the potential endogeneity issues

by estimating the econometric model of equation (5) using the two-stage least squares estimator

(2SLS). We follow Bahar et al. (2020) to construct our instruments for the number of immigrant

and emigrant inventors. The rationale behind this method relies on the assumption that part of

the bilateral stock between two countries is proportional to the share of total migrants allocated in

the receiving country (pull factor) and to the share of total migrants originating from the receiving

country (push factor) . In more detail, we use the inventors’ data to compute push and pull factors

for each pair of countries i (receiving country) and s (sending country).15 The push factor for

country s is the share of total emigrant inventors from country s to all other destination countries

d, where d ̸= i, that is excluding country i:

PUSH−i
s,t =

∑
d invs,d,t∑

d

∑
s invs,d,t

, where d ̸= i (6)

Similarly, the pull factor for country i is the share of total immigrant inventors to country i

from all other origin countries o, where o ̸= s, that is excluding country s:

PULL−s
i,t =

∑
o invi,o,t∑

o

∑
i invi,o,t

, where o ̸= s (7)

Push and pull factors are then used to predict the bilateral stock of inventor migrants between

country i and country s, as follows:

IV invi,s,t = PUSH−i
s,t × PULL−s

i,t ×
∑
i

∑
s

invi,s,t (8)

Ultimately, we construct the two instruments using the same weighting scheme that we used to

compute the migrant inventor variables. Accordingly, the instruments for immigrant and emigrant

inventors specialized in environment-related technology j are computed as follows:

ETInvIV m
i,j,t =

∑
s

IV invi,s,t × ESs,j,t (9)

15A similar approach has also been used by Burchardi et al. (2018) to study the effect of migration on FDI.
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where m = immigrant, emigrant if the instrument is computed either for the immigrant or

emigrant inventors of country i specialized in the environment-related technology j.

Our instruments must satisfy the exclusion restriction. Specifically, the push and pull factors

used to predict inventor migrant flows must not be correlated with innovation dynamics except

through the presence of the migrant inventors themselves. As the push and pull factors have been

computed by excluding information about the specific country pairs being analyzed (i.e., country

s and country i), we believe this assumption holds. Moreover, including country-year fixed ef-

fects in our model helps control for the overall attractiveness of inventors to the analyzed country,

further reducing endogeneity concerns. Clearly, the instruments must also be correlated with our

endogenous variables. In this regard, the first-stage results discussed in Section 4.1 show that our

instruments are good predictors of our migrant inventors’ variables. In addition, empirical support

for the validity of the adopted instrument is provided by the Kleibergen-Paap chi-squared statistics

for the underidentification test and the Kleibergen-Paap F statistic for the weak identification tests

(See Table 5).

3.4 Data

The environmental innovation activity is measured by the number of patent applications of

country i for the environment-related technology j over the period 1990-2011. As discussed in

the Introduction, we use patent family size to measure patent value and focus on family size two

and greater (the higher-value inventions that have sought patent protection in at least two jurisdic-

tions). We consider the following eight categories of environment-related technologies: Capture,

storage, sequestration, or disposal of greenhouse gases; Climate change mitigation technologies in

the production or processing of goods; Climate change mitigation technologies related to buildings;

Climate change mitigation technologies related to energy generation, transmission or distribu-

tion; Climate change mitigation technologies related to transportation; Climate change mitigation

technologies related to wastewater treatment or waste management; Environmental management;

Water-related adaptation technologies.

The international migrant inventors data are taken from Pellegrino et al. (2023). Their dataset

contains information on inventors listed in patent applications filed under the PCT administered

by the WIPO, covering the years from 1978 to 2012. The major advantage of this database is the

presence of a unique identifier for the disambiguated inventors. The information on the country’s

14



nationality (i.e., citizenship) and residence are the key variables that allow us to identify migrant

inventors.

Indeed, the identification of migrant inventors is based only on the distinction between the

country of residence and citizenship (the country of birth is not available). Therefore, our sample

of migrant inventors includes cases of inventors with double nationality and non-movers, as the

information on the year of migration is not available. Nevertheless, both types of (long-term)

migrant inventors are important for our empirical investigation. They are likely to keep in contact

with both countries of origin and destination (e.g., through collaborative work and social networks).

Hence, they can facilitate knowledge diffusion between these countries.

The control variables in our regression include gross domestic expenditure on R&D (as a %

of GDP), CO2 emission per capita, the number of natural disasters, and trade. Data measuring

the expenditure on R&D (as a % of GDP) is drawn from the UNESCO database. The data on

CO2 emissions (metric tons per capita) is retrieved from the World Bank Data Bank. The number

of natural disasters per country is the count of natural disasters per affected country. The data

on natural disasters are taken from the Emergency Events Database (EM-DAT) database, which

is made available by the Centre for Research on the Epidemiology of Disasters (CRED) at the

Catholic University of Louvain.16 A country more prone to natural disasters will likely raise the

overall safety level, including safety management, preparation, and prevention. The experiences of

natural disasters in affected countries are considered a driver of innovation in environment-related

technology developed to prevent disaster events or reduce their impacts. Finally, the data used

to construct the international trade variable is retrieved from the Atlas of Economic Complexity

Dataverse, Harvard Dataverse Repository.

The descriptive statistics are presented in Table 2. As previously pointed out, both the cross-

country and the within-standard deviation of patent applications are large. The same is valid for the

two variables measuring the stock of migrant inventors, which are our main regressors of interest.

As for the control variables, substantial variation emerges for the stock of international trade and

the number of natural disasters. The latter statistics are not surprising as it is known that some

countries frequently suffer from natural disasters, while others are rarely affected.

16The EM-DAT is a global database on natural and technological disasters and contains data on the occurrence
and effects of natural disasters from 1900 to the present. Recorded disasters in EM-DAT conform to at least one of
the following criteria: EM-DAT includes all disasters from 1900 until the present, conforming to at least one of the
following criteria: 10 or more people dead; 100 or more people affected; The declaration of a state of emergency; A
call for international assistance.
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[Table 2 around here]

4 OLS Results

We start by assuming that all regressors are exogenous. The corresponding results of the OLS

estimates are shown in Table 3. The first specification (column (1)) includes only the R&D expen-

diture (and its squared term) as the main innovation input, along with the country by environment-

related technology fixed effects and year dummies (included in all specifications). Then, we add

two environmental determinants, namely the CO2 emissions and the number of natural disasters

(column (2)). The third specification represents the full model of equation (5), which includes

our variables of interest, namely the stocks of immigrant and emigrant inventors. The specifica-

tions in columns (4) and (5) exclude immigrant and emigrant inventors, respectively, to account for

possible collinearity between the two regressors. The last specification includes only the migrant

inventors’ variables.

Overall, the OLS results suggest a positive and statistically significant effect of R&D expendi-

ture on environment-related patent applications. However, the negative coefficient of the squared

term indicates that the marginal returns are decreasing.17 The rise of CO2 emissions will likely

encourage the production of clean technologies. The results are robust along all the specifications

and suggest that a 1% increase in CO2 emissions per capita raises the green patent applications by

0.75% (the full model in column (3)). Clear evidence emerges for the impact of natural disasters,

suggesting that one more natural disaster event increases the green patent applications by about 0.7

percentage points. The estimated coefficient of the trade variable has the expected positive sign

but is not statistically significant.

As for the migrant inventor variables, both coefficients are statistically significant across the

different specifications, and their difference is never statistically significant. According to the OLS

results, a 10% increase in migrant inventors raises the applications for patents in environment-

related technologies by about 0.7%.

Overall, the OLS estimates suggest that migrant inventors favor environmental technology pro-

duction in both receiving and origin countries. However, we are aware of the possible endogeneity

concerns. Potential bias might arise from inventor migrants holding private information that affects

17The turning point value for the full model is equal to 5.2%, which is higher than the sample distribution maximum
value of 4.4% (see Table 2).
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their destination choices. Furthermore, path dependency for some environment-related technology

(e.g., energy generation, transmission, or distribution) and omitted variables are other potential

sources of bias. Thus, we apply the IV estimation technique in the next sections to obtain consis-

tent coefficients for our main variables of interest.

4.1 IV Results

We start the discussion of the 2SLS estimation by showing the first-stage results in Table 4.

Our instruments are those described in subsection 3.3. Columns (1), (3), (5), and (7) report the

first stage results when the dependent variable is the immigrant inventors. Similarly, the emigrant

inventors variable is the corresponding dependent variable for the results reported in columns (2),

(4), (6), and (8). The first two columns show the first stage results for the corresponding model

specification of column (3) in Table 3. The F-tests reject the null hypothesis of weak instruments

at the 1% level in all the specifications. Indeed, the coefficient of the instrument for the immigrant

inventors’ variable is always positive and significant at the 1% level. The instrument for emigrant

inventors is always positive and significant at the 1% level when the dependent variable is emi-

grant inventors. At the same time, it is not significant when the dependent variable is immigrant

inventors. Interestingly, the results indicate that some other regressors strongly correlate with the

migrant inventor variables. Indeed, a rise in CO2 emissions has a negative impact on immigrant

inventors and increases the out-migration of inventors. Moreover, a rise in the occurrences of nat-

ural disasters represents a push factor for national inventors and reduces the number of immigrant

inventors.

Table 5 presents the results of the IV estimations. The model specification in the first column

corresponds to the full model of column (3) in Table 3. The first point to notice is that both coeffi-

cients of the migrant inventor variables are positive and statistically significant, and the results are

robust to alternative model specifications. More in detail, a 10% increase in immigrant inventors

raises the green patent applications by 1.3% (column (2)). A 10% increase in emigrant inventors

raises environment-related patent applications by 2.6% (column (2)). The point estimates of im-

migrant and emigrant inventors are larger for the 2SLS than the OLS estimations. These higher

estimates suggest that the prevailing sign of endogeneity bias is negative.18 However, it is impor-

18A negative bias in the OLS estimates is not unreasonable if unobserved factors that increase environmental patents’
production would also serve as push factors for potential immigrant inventors.
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tant to note that the differences between OLS and IV coefficients are never statistically significant.

Regarding the other regressors, the IV results confirm the OLS results. The environmental

patent applications rise with the R&D expenditure, showing a decreasing marginal rate only at

very high R&D values,19 and natural disasters. Moreover, the IV results confirm the positive effect

of trading activities with countries specialized in the same environment-related technology. To

conclude, all the 2SLS estimations report the Kleibergen-Paap chi-squared statistics for the under-

identification test and the Kleibergen-Paap F statistic for the weak identification tests. The results

of the first test confirm that our instruments are relevant. Similarly, for the weak identification test,

all the reported values are well above 16.78, the value indicated by Stock and Yogo (2005) for two

endogenous regressors and two instruments.

4.2 Robustness analysis

In this subsection, we use the baseline model specification in equation (5) to conduct four

robustness checks. The first is a falsification test on the weighting scheme applied to construct

our main regressors and the trade variable. In the second analysis, we estimate a dynamic version

of equation (5) to control for path dependency in innovation. The third analysis uses a modified

sample where migrant inventors are tracked across years. Finally, we apply a different set of lags

to our regressors.

The falsification test aims to verify that our results are not driven by pre-existing trends in

migrant inventors or omitted variables. We alter the weighting scheme so that the migrant inventor

variables are constructed by keeping only immigrant (emigrant) inventors from (to) countries not

specialized in environment-related technologies. Formally, in equations (3) and (4), we modify the

dummy variable ESs,j,t so that it takes value 1 if RTAenvtech
s,j,t < 1, and 0 otherwise. The results

reported in Table 6 show that the effect on green patent applications is not statistically significant

when we count only immigrant inventors from countries not specialized in the same ENV-tech

innovation j. Moreover, the sign of OLS estimated coefficients is negative, and the magnitude of

both OLS and IV estimated coefficients is very small. Concerning the results for the emigrant

inventors, all the estimated coefficients have a negative sign and are not statistically significant (IV

results) or barely statistically significant (OLS results). As for the other regressors, the results are

19Also, for the IV estimates, the turning points are not feasible in that they are higher than the maximum value in
our sample.
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very close to those found in the previous estimates (see Table 3 and Table 5).

We then introduce the dynamic structure in the patent production model, which is widely used

in the empirical literature (see, for example, Hausman et al., 1984, Hall et al., 1986, Blundell et al.,

1999, 2002, Crépon and Duguet, 1997, Cincera, 1997, among the others). Innovation has also

been proven to follow a path-dependent process in green versus dirty (i.e., polluting) technologies

(Aghion et al., 2016). Accordingly, we test the path-dependency hypotheses by adding the lagged

dependent variable to our model. The sample period is large enough to prevent shocks in the lagged

variable from being correlated with the fixed effects. Thus, we can use the 2SLS estimator.20 The

results in Table 7 show a positive and significant impact at the 1% level of the lagged dependent

variable. The coefficients of immigrant inventor variables are positive and statistically significant.

Similarly, the estimated effects of emigrant inventors are positive and statistically significant across

model specifications. Overall, including the lagged dependent variable does not change the results

of R&D expenditure. The effect of CO2 emissions in column (2) is not statistically significant.

Overall, it is worth noting that the estimated coefficients are smaller in magnitude than the corre-

sponding coefficients estimated in Table 5, but the differences are not statistically significant. It is

also worth pointing out that the estimated impact of disasters is positive and statistically significant

at a 1% level across the different specifications.

In the third check, we fully exploit the disambiguated inventor dataset to address a limitation

of the data. The inventor’s information is recorded when a patent application is filed and does

not include the year of migration. Consequently, the inventor might have migrated before the

patent application year. Furthermore, migrant inventors appear in the dataset only if they have

contributed to a new invention. To construct more accurate measures of the stocks of immigrant

and emigrant inventors, we track the information on residence and nationality for each uniquely

identified inventor and impute such information during the interval between the patent application

filings. Although this measure is imperfect because we cannot observe the inventors who have

never filed a patent application or those who stopped filing a patent application, these imputed data

allow us to measure the impacts of migrant inventors more accurately. We estimate our model

using a sample with migrant inventors tracked across years, and the results are shown in Table 8.

Compared to the results in Table 5, the outcomes confirm that the estimated impacts of migrant

20We also applied the GMM to estimate the dynamic model, the results of which are shown in the Appendix, Table
C.1.
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inventors are positive and statistically significant. The magnitude of coefficients estimated for im-

migrant inventors reported in Table 8 (columns (1)–(3)) are close to those of the previous estimates

(columns (1)–(3) of Table 5). Similarly, the estimated effects of emigrant inventors in columns

(1), (2), and (4) of Table 8 are not statistically different from those reported in the corresponding

columns of Table 5.

Finally, we estimate our model using different lags for our regressors. Accordingly, we use a

five-year lag instead of a three-year lag for the controls (see, for example, Chellaraj et al., 2008),

namely R&D expenditure, the number of natural disasters, and air pollution. Regarding the mi-

grant inventor variables, as we explained before, we have chosen a three-year lag in our preferred

specification because inventors’ information is recorded once the patent production has already oc-

curred, that is, when the patent application has been filed. For this reason, we try two different lag

structures: one with zero lags, and the other with a five-year lag.21 The results are reported in Table

9. Starting from our variable of interest, when we use the current values, the previous results are

confirmed for both immigrant and emigrant inventors, and the estimates are statistically (highly)

significant (columns 1 and 3). Results are confirmed using the original sample (column 2) when

we use a five-year lag. In contrast, the estimated coefficient for immigrant inventors is smaller than

the previous ones and appears statistically significant only at the 10% level (column 4). As for the

other regressors, we obtain mixed outcomes. The results for the R&D expenditure are not robust

to the five-year lags. The latter result suggests that the effect of the R&D expenditure ends before

five years. The results for the CO2 emissions are confirmed only when all variables are lagged by

five years (columns 2 and 3). Finally, the results for international trade and natural disasters are

always (highly) statistically significant and with the expected sign.

To sum up, the results in this subsection support our main outcomes. We find strong evidence

that the estimated effects of migrant inventors are positive and statistically significant by conduct-

ing four robustness tests, which reveal the nexus between migrant inventors and the creation of

environmental-related technology.

21The zero-lag structure might be appropriate for migrant inventors who moved after the beginning of our sample
period but filled a patent application after some years (e.g., migration year = 2000 and the first patent application filed
in 2003). Differently, the five-year structure assumes that all migrant inventors filed the first patent in the same year of
arrival.
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5 Concluding remarks

This analysis shows that immigrant and emigrant inventors can help countries achieve sustain-

able development by increasing innovation in environment-related technologies. Using the average

annual growth rate of immigrant inventors during our sample period, which is 20%, our estimates

suggest that they contributed to raising patent applications in environment-related technologies by

about 2.6%. Similarly, as the average annual growth rate of emigrant inventors is about 22%, their

estimated impact on green innovation activity growth is about 5.6% per year during the analyzed

period. Differences in the quality of international inventors might explain the higher impact of

emigrant inventors. Less attractive countries (e.g., those with high air pollution and frequent nat-

ural disaster events) are chosen by inventors of low quality. As a result, immigrant inventors in

less attractive countries are less productive than those in more attractive countries. On the other

hand, less attractive countries lose their high-quality national inventors. However, the latter might

still contribute to innovation in their country of origin, which mitigates the loss of inventive ac-

tivity in the sending countries.22 Concerning the other determinants, we find that environmental

innovation rises with R&D expenditure, international trade, air pollution (i.e., CO2 emissions),

and the number of natural disasters. The estimates of a dynamic model confirm that our results

are consistent with the path-dependence characteristic of innovation. Our results are robust to the

potential endogeneity of the main regressors, different model specifications, a modified inventor

dataset, different lag structures, and a falsification test on the weighting scheme used to consider

only migration of inventors from/to countries specialized in environmental innovation.

The findings of this study provide many implications for policymaking in environmental tech-

nology creation. Since environmental technology is critical for sustainable development and equally

important to tackle climate change and global warming worldwide, a special visa policy for en-

vironmental technology scientists or inventors could facilitate inventor mobility across countries

and global technology transmission for sustainable development. Other measures to foster closer

collaboration among international inventors for environmental innovation activities could also help

disseminate technology to mitigate climate change and achieve sustainable development.

22Data on high-skilled migration show that the OECD European countries struggle to compensate their science and
engineering emigrants with immigrants of the same quality (for a discussion, see Breschi et al., 2014).
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Figure 1: Environment patent applications and share of top 3 inventor countries
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Notes: The figure plots the number of environment patent applications along with the share
of top 3 inventor countries (Germany, Japan, and US). Observations span the year 1990-2012.
Data source: OECD data. See Appendix A for data definition and source.
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Figure 2: Environment patent applications and migrant inventors
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Notes: Panel (a) and (b) plot the difference of the log of the number of environment patent ap-
plications against the difference of the log of the immigrant inventors and emigrant inventors in
1990 and 2012, respectively. In panel (a), the difference of the log of the immigrant inventors in
1991 (Singapore, Spain); 1992 (China, South Korea, Russia); 1996 (India) for data availability.
Data source: Patent data are from OECD data. Inventor data are from Pellegrino et al. (2023).
See Appendix A for data definition and source.
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Table 1: Environment patent application dynamics
Environmental pantents All technologies pantents

Compound annual growth rate Applications Compound annual growth rate
Country 1990–2012(%) 1990 2012 1990–2012(%)

Japan 12.93 1503 6468 8.18
US 12.12 1309 5161 6.11
Germany 9.83 1028 3166 5.61
South Korea 37.90 42 1963 29.05
France 12.74 281 1184 5.04
China 40.73 13 784 52.31
UK 7.84 232 573 2.63
Italy 9.14 133 380 4.03
Switzerland 11.46 103 378 6.33
Canada 10.20 109 349 9.00
Netherlands 11.65 85 320 8.17
Sweden 13.53 59 270 10.10
Denmark 17.46 34 234 10.38
Austria 11.88 57 221 9.48
Finland 13.35 43 193 10.33
Spain 22.28 14 151 13.15
Australia 10.50 45 149 7.56
Belgium 14.76 22 113 9.81
Israel 15.79 17 99 15.15
India 44.42 1 82 47.45
Singapore 44.95 2(∗) 61 44.67
Norway 10.86 16 55 10.57
Russia 11.18 10 34 14.00
Brazil 21.10 3 30 12.86
Ireland 22.00 3 29 17.61

Note: The number of environment patent applications by Singapore in 1990 is the number in 1992
when the application was first recorded, so the corresponding compound annual rate is between
1992 and 2012. Data source: OECD data. See Appendix A for data definition and source.
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Table 2: Descriptive statistics
Mean Std. Dev. Min Max N/n/T̄

Number of environmental patents overall 72.15 220.96 0.00 2653.62 4528.00
between . 193.46 0.09 1533.79 200.00
within . 105.14 -671.14 1674.48 22.64

Emigrant inventors overall 145.82 389.06 0.00 3988.00 4505.00
between . 289.95 0.70 1774.61 200.00
within . 257.40 -1610.78 2359.22 22.52

Immigrant inventors overall 98.37 373.74 0.00 4723.00 4395.00
between . 291.98 0.11 2311.70 200.00
within . 226.26 -2173.33 2539.11 21.98

GERD as a % of GDP overall 1.96 0.81 0.56 4.42 4007.00
between . 0.75 0.76 3.51 200.00
within . 0.34 0.66 3.32 20.04

CO2 emission per capita overall 9.08 4.18 0.64 20.47 4528.00
between . 4.10 0.96 19.01 200.00
within . 0.93 5.56 12.65 22.64

Number of natural disasters overall 8.19 14.57 0.00 101.00 4528.00
between . 13.66 0.09 65.06 200.00
within . 5.56 -28.87 51.54 22.64

Trade (Billion US$ ) overall 172.16 209.51 2.27 1455.80 4528.00
between . 176.67 7.85 913.63 200.00
within . 112.05 -304.44 1005.55 22.64
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Table 3: OLS results
OLS - Environmental patents

(1) (2) (3) (4) (5) (6)
R&D exp. 3.403*** 1.731*** 1.809*** 1.846*** 1.622***

(0.755) (0.589) (0.635) (0.638) (0.607)

R&D exp.(squared) -1.033*** -0.566*** -0.550** -0.573*** -0.502**
(0.258) (0.202) (0.213) (0.213) (0.207)

CO2 emissions 0.977*** 0.750*** 0.791*** 0.930***
(0.214) (0.224) (0.228) (0.231)

Disasters 0.009** 0.007** 0.007** 0.007**
(0.003) (0.003) (0.003) (0.003)

Emig. inventors 0.066** 0.087*** 0.112***
(0.030) (0.032) (0.032)

Immig. inventors 0.072*** 0.085*** 0.069**
(0.028) (0.029) (0.031)

Trade 0.106 0.095 0.094
(0.133) (0.133) (0.137)

Observations 3802 3778 3675 3675 3763 4176
R2 0.53 0.54 0.55 0.55 0.55 0.51
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. All regressors are lagged
by three years. Country by patents’ sub-category fixed effects, and year dummies are included. *** significant at 1%,
** significant at 5%, * significant at 10%.
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Table 4: IV first stage results
The dep. var. is immig. inv. for models 1-3-5-7 and emig. inv. for models 2-4-6-8

(1) (2) (3) (4) (5) (6) (7) (8)
Immig. inventors (instr.) 0.569*** 0.240*** 0.569*** 0.241*** 0.569*** 0.499*** 0.221***

(0.024) (0.022) (0.024) (0.021) (0.024) (0.017) (0.018)

Emig. inventors (instr.) 0.017 0.205*** 0.019 0.211*** 0.201*** 0.013 0.205***
(0.015) (0.013) (0.015) (0.014) (0.013) (0.013) (0.012)

R&D exp. 0.433 0.117 0.639 0.542* 0.645 0.796***
(0.477) (0.278) (0.483) (0.280) (0.483) (0.297)

R&D exp.(squared) -0.294** -0.276*** -0.369** -0.430*** -0.367** -0.498***
(0.150) (0.089) (0.153) (0.091) (0.153) (0.096)

CO2 emissions -0.504*** 0.227** -0.393** 0.456*** -0.405** 0.853***
(0.151) (0.105) (0.161) (0.121) (0.161) (0.126)

Disasters -0.007*** 0.002** -0.007*** 0.003** -0.007*** 0.009***
(0.002) (0.001) (0.002) (0.001) (0.002) (0.001)

Trade -0.149** -0.307*** -0.140* -0.271***
(0.076) (0.064) (0.075) (0.066)

Observations 3675 3675 3675 3675 3675 3763 4176 4176
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. All regressors are lagged by three years. Country by patents’
sub-category fixed effects, and year dummies are included. *** significant at 1%, ** significant at 5%, * significant at 10%.
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Table 5: IV results
IV - Environmental patents

(1) (2) (3) (4) (5)
Immig. inventors 0.125*** 0.130*** 0.239*** 0.341***

(0.048) (0.047) (0.033) (0.052)

Emig. inventors 0.273*** 0.259*** 0.275*** 0.200***
(0.078) (0.076) (0.071) (0.071)

R&D exp. 1.806*** 1.600*** 1.685*** 1.468***
(0.349) (0.368) (0.370) (0.360)

R&D exp.(squared) -0.517*** -0.445*** -0.510*** -0.416***
(0.117) (0.124) (0.124) (0.123)

CO2 emissions 0.684*** 0.578*** 0.705*** 0.790***
(0.122) (0.134) (0.125) (0.137)

Disasters 0.005** 0.005** 0.006*** 0.005**
(0.002) (0.002) (0.002) (0.002)

Trade 0.149** 0.112 0.131*
(0.071) (0.069) (0.071)

Observations 3675 3675 3675 3763 4176
R2 0.50 0.50 0.51 0.51 0.44
Kleibergen-Paap underid. 110.04 113.56 343.20 126.53 123.58
p-val 0.00 0.00 0.00 0.00 0.00
Kleibergen-Paap weak id. 94.39 96.52 570.32 227.11 113.59
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. All regressors are lagged
by three years. Country by patents’ sub-category fixed effects, and year dummies are included. *** significant at 1%,
** significant at 5%, * significant at 10%.
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Table 6: Falsification test
OLS IV

(1) (2) (3) (4)
Emig. inventors -0.099* -0.098* -0.088 -0.090

(0.056) (0.056) (0.116) (0.116)

Immig. inventors -0.018 -0.017 0.006 0.009
(0.047) (0.047) (0.102) (0.101)

R&D exp. 2.053*** 1.937*** 2.057*** 1.939***
(0.625) (0.647) (0.356) (0.373)

R&D exp.(squared) -0.643*** -0.602*** -0.647*** -0.605***
(0.206) (0.214) (0.118) (0.124)

CO2 emissions 0.911*** 0.849*** 0.908*** 0.845***
(0.226) (0.240) (0.120) (0.127)

Disasters 0.008** 0.008** 0.008*** 0.008***
(0.003) (0.003) (0.002) (0.002)

Trade 0.083 0.084
(0.137) (0.069)

Observations 3675 3675 3675 3675
R2 0.54 0.54 0.52 0.52
Kleibergen-Paap underid. 8.44 8.45
p-val 0.00 0.00
Kleibergen-Paap weak id. 6.47 6.48
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. All regressors are lagged
by three years. Country by patents’ sub-category fixed effects, and year dummies are included. *** significant at 1%,
** significant at 5%, * significant at 10%.
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Table 7: Dynamic model
IV - Environmental patents

(1) (2) (3) (4) (5)
Immig. inventors 0.080* 0.084** 0.168*** 0.189***

(0.042) (0.042) (0.030) (0.041)

Emig. inventors 0.211*** 0.200*** 0.210*** 0.158***
(0.070) (0.068) (0.065) (0.061)

Patents(lagged) 0.393*** 0.393*** 0.397*** 0.407*** 0.440***
(0.020) (0.020) (0.020) (0.020) (0.019)

R&D exp. 1.205*** 1.031*** 1.079*** 0.914***
(0.320) (0.337) (0.339) (0.331)

R&D exp.(squared) -0.337*** -0.276** -0.321*** -0.244**
(0.109) (0.115) (0.115) (0.114)

CO2 emissions 0.276** 0.187 0.282** 0.333***
(0.112) (0.122) (0.114) (0.121)

Disasters 0.003* 0.003* 0.004** 0.003*
(0.002) (0.002) (0.002) (0.002)

Trade 0.126** 0.097 0.106*
(0.062) (0.060) (0.061)

Observations 3659 3659 3659 3747 4158
R2 0.59 0.59 0.59 0.60 0.58
Kleibergen-Paap underid. 108.48 112.03 336.23 123.14 121.77
p-val 0.00 0.00 0.00 0.00 0.00
Kleibergen-Paap weak id. 92.85 95.00 563.62 219.84 111.55
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. All regressors are lagged
by three years. Country by patents’ sub-category fixed effects, and year dummies are included. *** significant at 1%,
** significant at 5%, * significant at 10%.
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Table 8: IV estimates: sample with migrant inventors tracked across years
(1) (2) (3) (4) (5)

Immig. inventors 0.146*** 0.152*** 0.267*** 0.327***
(0.050) (0.050) (0.036) (0.053)

Emig. inventors 0.254*** 0.239*** 0.264*** 0.247***
(0.072) (0.071) (0.067) (0.069)

R&D exp. 1.840*** 1.655*** 1.723*** 1.488***
(0.351) (0.368) (0.371) (0.360)

R&D exp.(squared) -0.541*** -0.477*** -0.542*** -0.425***
(0.118) (0.124) (0.124) (0.123)

CO2 emissions 0.670*** 0.576*** 0.663*** 0.827***
(0.122) (0.133) (0.127) (0.135)

Disasters 0.004* 0.004* 0.005** 0.005**
(0.002) (0.002) (0.002) (0.002)

Trade 0.133* 0.121* 0.096
(0.070) (0.069) (0.069)

Observations 3689 3689 3689 3763 4239
R2 0.51 0.51 0.51 0.51 0.45
Kleibergen-Paap underid. 112.07 116.15 318.16 116.01 134.84
p-val 0.00 0.00 0.00 0.00 0.00
Kleibergen-Paap weak id. 125.66 128.39 879.38 269.00 137.91
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. All regressors are lagged
by three years. Country by patents’ sub-category fixed effects, and year dummies are included. *** significant at 1%,
** significant at 5%, * significant at 10%.
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Table 9: IV estimates: robustness using different lags
Original sample Immig. inventors tracked across years

(1) (2) (3) (4)
Immig. inventors 0.296*** 0.304***

(0.068) (0.071)

Emig. inventors 0.202** 0.250***
(0.082) (0.084)

R&D exp.(t-5) 0.483 0.810** 0.581* 0.743*
(0.349) (0.385) (0.343) (0.392)

R&D exp.(squared)(t-5) -0.139 -0.203 -0.193 -0.173
(0.119) (0.128) (0.118) (0.131)

CO2 emissions (t-5) 0.217 0.433*** 0.204 0.394***
(0.139) (0.141) (0.136) (0.144)

Disasters (t-5) 0.010*** 0.009*** 0.009*** 0.008***
(0.002) (0.002) (0.002) (0.002)

Trade (t-5) 0.256*** 0.376*** 0.225*** 0.368***
(0.070) (0.076) (0.069) (0.076)

Immig. inventors(t-5) 0.105*** 0.072*
(0.036) (0.041)

Emig. inventors (t-5) 0.155*** 0.245***
(0.053) (0.059)

Observations 3607 3441 3621 3455
R2 0.49 0.50 0.49 0.49
Kleibergen-Paap underid. 100.92 167.12 103.40 149.33
p-val 0.00 0.00 0.00 0.00
Kleibergen-Paap weak id. 71.21 141.53 86.55 145.20
Notes: Robust standard errors clustered by country and patents’ sub-category in parentheses. Country by patents’
sub-category fixed effects, and year dummies are included. *** significant at 1%, ** significant at 5%, * significant at
10%.
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Appendix

A Definitions of variables used in the estimations

Variable Name Unit Definition

Envpati,j,t asinh
(patent)

The number of patent applications of country i for
the environment-related technology j in year t, which
were filed at least at two patent offices among the
five largest intellectual property offices in the world
(the US Patent and Trademark Office, the European
Patent Office, the Japan Patent Office, the Korean In-
tellectual Property Office, and the National Intellec-
tual Property Administration in China).
The environment-related technology j is categorized
into eight environmental categories from 80 techno-
logical fields: Capture, storage, sequestration or dis-
posal of greenhouse gases; Climate change mitiga-
tion technologies in the production or processing of
goods; Climate change mitigation technologies re-
lated to buildings; Climate change mitigation tech-
nologies related to energy generation, transmission
or distribution; Climate change mitigation technolo-
gies related to transportation; Climate change miti-
gation technologies related to wastewater treatment
or waste management; Environmental management;
Water-related adaptation technologies.
According to the OECD Environment Directorate,
counts for aggregate technological domains are pro-
vided separately to avoid double-counting of inven-
tions. The count of “selected environment-related
technologies” is less or equal to the sum of its
sub-components (environmental management, cli-
mate change mitigation). This is because patents
are commonly classified in more than one technology
class. Therefore, each patented invention is counted
only once when aggregating across technological do-
mains. Data source: OECD data extracted from
the OECD STI Micro-data Lab: Intellectual Property
Database

Continues
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Variable Name Unit Definition

Immigrant inventorsi,j,t asinh
(immig.
inven-
tors)

Data on the number of immigrant inventors are from
Pellegrino et al. (2023), which uniquely identified all
inventors recorded in the Patent Cooperation Treaty
(PCT) database employing a machine learning algo-
rithm using the information on their nationality and
country of residence in patent applications filed under
the PCT.
As a variable in the estimation, we focus on migrant
inventors originating from countries specializing in
specific environment-related technology j, and con-
struct the annual stock of immigrant inventors orig-
inating from countries specializing in environment-
related technology j for each destination country i in
year t. Data source: Pellegrino et al. (2023)

Emigrant inventorsi,j,t asinh
(emig.
inven-
tors)

Data on the number of emigrant inventors are also
from Pellegrino et al. (2023), which uniquely iden-
tified all inventors recorded in the PCT database em-
ploying a machine learning algorithm using the infor-
mation on their nationality and country of residence
in patent applications filed under the PCT.
Similarly, as a variable in the estimation, we focus
on emigrant inventors originating from country i and
residing in countries specialized in the production of
environment-related technology j, and construct the
annual stock of emigrant inventors residing in coun-
tries specializing in environment-related technology j
for each sending country i in year t. Data source: Pel-
legrino et al. (2023)

RTAenvtech
i,j,t — The green patenting Revealed Technological Advan-

tage (RTA) index of country i in the environment-
related technology j in year t is based on patent appli-
cations filed under the Patent Cooperation Treaty. It is
defined as the ratio of a country i’s share of patents in
the environment-related technology j within the coun-
try i’s patents in all fields to a share of patents in
environment-related technology j in all patent fields
in year t. Data source: OECD Patent Database

Continues
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Variable Name Unit Definition

ESs,j,t — A dummy variable takes value 1 if RTAenvtech
s,j,t ≥ 1,

and 0 otherwise, where s ̸= i is the origin (resid-
ing) country of immigrants (emigrants), and i is the
destination (origin) country. This dummy variable
indicates that the country s specializes in producing
patents classified under environment-related technol-
ogy j.

Country Controls
GERD as a % of GDP % Gross domestic expenditure on Research and Devel-

opment (R&D) (as a % of GDP). Data source: UN-
ESCO database

CO2 emission per capita asinh
(CO2)

CO2 emissions in metric tons per capita. Data source:
World Bank Data Bank

Number of natural disasters — The number of natural disasters per country is the
count of natural disasters per affected country. The
Centre for Research on the Epidemiology of Disas-
ters (CRED) at the Catholic University of Louvain
publishes this information from 1900 to the present.
Recorded disasters conform to at least one of the
following criteria: 10 or more people dead; 100
or more people affected; The declaration of a state
of emergency; A call for international assistance.
Data source: Emergency Events Database (EM-DAT)
database

Trade asinh
(Trade)

International trade in billion US$. As the international
trade variable, we use the weighting scheme, that is,
tradei,j,t =

∑
m tradei,m,t × ESm,j,t, where m ̸= i

is the partner-country, tradei,m,t is the sum of imports
plus exports between country i and country m in year
t, and ESm,j,t = 1 if RTAenvtech

i,j,t ≧ 1, and 0 other-
wise. Data source: Atlas of Economic Complexity
Dataverse, Harvard Dataverse Repository
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B Migration and Patent Application Data Processing

Variable Processing Sample

Patent application Environment-related technologies No. of countries: 100
Observations: 105,757

Keeping IP5 ENV-TECH patents
IP5 ENV-TECH patents No. of countries: 100

Observations: 6,590
Grouping grouped into eight environment-
related technology domains & keeping
countries representing 99% of patents
world share
Patents No. of countries: 25

Observations: 6,475
Keeping period 1990-2012
Patents No. of countries: 25

Observations: 4,528

Migrant inventors Original data No. of inventors: 1,016,943
Observations: 3,046,627

Eliminating inventors with more than one
patent in the same year and country of resi-
dence

No. of inventors: 964,254
Observations: 1,712,591

Creating total number of immigrant inven-
tors by country of residence and nationality

NO. of countries:255
No. of Observations: 12,744

Immigrant inventor variable for each sub-
category measured only with the subsample
of specialized countries

No. of Observations: 4,395

Emigrant inventor variable for each sub-
category measured only with the subsample
of specialized countries

No. of Observations: 4,505

41



C Dynamic model specification

Table C.1: Dynamic model GMM
Dynamic model - Environmental patents

(1) (2) (3) (4) (5)
Patents(lagged) 0.181*** 0.179*** 0.260*** 0.187*** 0.189***

(0.058) (0.063) (0.051) (0.059) (0.060)

Immig. inventors 0.148** 0.241*** 0.186***
(0.059) (0.049) (0.060)

Emig. inventors 0.136** 0.105** 0.121*
(0.065) (0.051) (0.064)

CO2 emissions 0.097 0.246 0.052 0.261*
(0.167) (0.155) (0.159) (0.157)

R&D exp. 4.236*** 5.617*** 4.550*** 5.075***
(1.208) (1.248) (1.172) (1.205)

R&D exp.(squared) -1.025** -1.435*** -1.134*** -1.268***
(0.434) (0.458) (0.423) (0.440)

Disasters 0.017*** 0.028*** 0.022*** 0.023***
(0.006) (0.006) (0.005) (0.006)

Observations 3659 3762 4158 3659 3747
Nr of instruments 46.00 34.00 42.00 40.00 40.00
AR1(p-val) 0.00 0.00 0.00 0.00 0.00
AR3(p-val) 0.63 0.68 0.72 0.59 0.80
Notes: All regressors are lagged by three years. Robust standard errors clustered by country and patents’ sub-category
in parentheses. Country by patents’ sub-category fixed effects, and year dummies are included. *** significant at 1%,
** significant at 5%, * significant at 10%.
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