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Abstract
The interrelations between trade, FDI and migrations have an important impact 
on the global economy that resulted in the golden age of globalization at first and 
in a process of slowbalization in the last decade. Against this background, this 
paper focuses on migrations and FDI and shows that migrant networks encourage 
cross-border investments. The presence of immigrants is likely to attract new FDI 
from their country of origin. FDI abroad, furthermore, are positively related to the 
presence of migrants, thanks to their knowledge of the two markets. We apply a 
multilevel mixed model to disentangle the hierarchical structure of the data in order 
to test the relations between FDI and (directional) migration flows. More specifically 
we test how and to what extent the structure of the international migrants’ network 
contributes to bilateral FDI flows, besides standard models. Results show that 
migrants’ networks exploit the information migrants have on both source and 
destination markets, and that a more diverse migrants’ community in investing 
countries lowers bilateral FDI.

Keywords  International Migration · FDI · Third country effect · Network

JEL Classification  F21 · F22

1 � Introduction and relevant literature

Over the past decades, international migrations have increased, making the world 
increasingly interconnected but also more “diverse”. At the same time, also foreign 
direct investment (FDI) has increased, together with the number of destination 
countries. In this paper, we show that immigration and FDI are closely related: more 
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specifically we show that networks of migrants trigger FDI, mainly by facilitating 
the flow of information (i.e. through the so-called “information channel”).

The interest on the economic role played by migrants’ networks has been 
growing over time, but so far, the focus has mainly been on the relationship between 
bilateral trade flows and migrants’ networks. The existing literature has shown that 
migrants establish a social and (in)formal infrastructure across countries, facilitating 
communication and economic exchanges (Leblang, 2010). The existing evidence 
suggests that this relationship is driven by mechanisms affecting both the demand-
side (e.g. White, 2007 discusses a “transplanted-home bias”), and the supply-side 
(e.g. Rauch, 2001’s ``Business and Social Network Effect’’). Among others, Gould 
(1994), Rauch and Trindade (2002), Peri and Raquena-Silvente (2010), Fensore 
(2016), Giovannetti and Lanati (2017) and Parsons and Vèzina (2018) find strong 
support in favor of a positive effect of migrants’ network on trade flows.

The role of migrants’ networks on capital flows has been less explored and results 
are less clear-cut, despite the apparent simplicity of the underlying mechanism. 
Migrants’ network effect, coupled with the privileged information migrants have 
about the origin-country market, should reduce the transaction costs, and migration 
would act as a complement for FDI (in the same way as it does for trade). Leblang 
(2011) suggests that the higher risk typically associated to cross border investments 
makes any available information on the investment environment extremely valuable. 
Against this background, the empirical evidence is mixed: Gheasi and Nijkamp 
(2017), Aroca and Mahoney (2005) and Checchi et al. (2007), among others, detect 
a negative impact of bilateral migration on FDI, suggesting that human mobility and 
FDI could substitute each other. Portes and Rey (2005) and Kugler and Rapoport 
(2007) highlight an heterogeneous relationship, with a negative impact mostly 
related to the migrants’ education/skill endowment, a dimension often overlooked 
in the early research.1 Controlling for the distribution of migrants across different 
educational levels, Kugler and Rapoport (2007), Docquier and Lodigiani (2010), 
Javorcick et  al. (2011), Cuadros et  al., (2016, 2019) and Burchardi et  al. (2019) 
detect a positive impact of better educated migrants’ on bilateral investment 
flows, suggesting that migration and investments are ultimately complementary.2 
Considering different types of FDI, Chan and Zheng (2022) find that migrants 
networks positively affected Mergers and Acquisition in China, and had no effect 
on Greenfield FDI. All these studies, however, focused on migration within a 
country or as a mostly bilateral phenomenon. Following a different approach and 
considering migration as a complex, globally interconnected phenomenon, Fagiolo 
and Mastrorillo (2014) test whether and how the migrants’ “business and social 
network effect” at bilateral level could also be affected by the overall structure of 
the International Migration Network (IMN), i.e., by how international migration 

1  FDI constitute a much more complex phenomenon with respect to trade. The evidence suggests that 
better educated individuals, whose social capital and informative capacity is likely to be larger than their 
less educated fellows, are more effective in facilitating FDI and capital acquisitions (both back home and 
in their new destinations).
2  Other studies include Federici and Giannetti (2010), Flisi and Murat (2011), De Simone and Manchin 
(2012), D’Agosto et al. (2013) and Wang (2017).
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connects countries globally. The way countries integrate with each other is likely 
to affect not only the way information on the investment environment in a potential 
receiving country reaches potential investors, but also how different streams of 
information from different locations is pooled and elaborated by the investors 
themselves. Sgrignoli et  al. (2015) and Metulini et  al. (2018) find evidence that 
the efficiency of migrants in providing valuable information depends on the size 
of bilateral migration and on how well both investing and recipient economies 
integrate in the global migration system. Looking at the business and tourism 
travel network, Fagiolo and Santoni (2014) explore whether better integration 
leads to larger productivity gains, through the effect of international mobility on 
trade flows. Garas et al. (2016) detected a positive correlation between a country’s 
integration in the IMN and its bilateral direct investment position.3 To the best of 
our knowledge, two main aspects are under-investigated. First, there is no discussion 
on skill and educational heterogeneity of migrants’ network within a complex 
network perspective, despite evidence suggesting that the educational endowment 
of migrants’ network is crucial for its impact on investments. Second, the relevance 
of the indirect network effects has been only partially explored, leaving a substantial 
gap in the understanding of the relationship between migration and FDI flows.

In this paper, we bring together the two strands of literature—gravity and 
networks—to explore to what extent FDI outflows from 20 OECD countries can 
be explained by the immigrant network from the rest of the world. We aim at 
investigating the relationship between the direct and the indirect effect of migration 
on FDI, considering how countries integrate with respect to the global migratory 
flows beyond the pure bilateral perspective. We generalize a gravity model to a 
multilevel mixed approach (Goldstein, 2011; Rabe-Hesketh & Skrondal, 2008) 
for dyadic data. This choice allows us to model the hierarchical structure of the 
data, endogenizing the heterogeneity from the country-level network statistics in a 
bilateral framework. The contribution of this paper is twofold. First, we explore the 
network structure of global migration, and we study how the position of a country 
in the International Migration Network (IMN) influences bilateral investments 
decisions. Despite a substantial agreement on the positive impact of a country’s 
position in the IMN, two aspects remain largely under-explored: (1) how this 
position affects bilateral investment flows and (2) the distinction between emigration 
and immigration flows. The existing evidence doesn’t clarify if and how a more 
diversified immigrant community triggers FDI. To test for the “diversion effect”, 
we use directed (i.e., asymmetric) network statistics—distinguishing the inward 
connectivity of an investing country in the IMN and the outward connectivity of 
the recipient country. Second, we link the literature on the heterogenous economic 
effect of migrants to network theory. The existing evidence suggests that given 
that investments are a more complex internationalization mode than trade, the 

3  In line with Garas et  al. (2016) we study the migrants’ network effect on OECD investment flows 
toward the rest of the world but, instead of focusing on total migration, we control for the bilateral stock 
of educated migrants (consistently with the existing evidence on the heterogeneous effect of migrants’ 
network on FDI). However, as opposed to Garas et al. (2016) we preserve the direct nature of the IMN 
and propose an alternative estimation strategy correcting their the dependent variable and error’s mis-
specification.
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mechanisms at work may require high skilled human capital. Kugler and Rapoport 
(2007), Flisi and Murat (2011), Javorcik et  al. (2011), Leblang (2011), Foad 
(2012), Simone and Manchin (2012) and D’Agosto et al. (2013), among others, find 
evidence that the skill composition of the diaspora affects both inward and outward 
investments flows.4 However, the studies on the way the migrants’ skill composition 
affects FDI do not take into account the role and the characteristics of migrants’ 
network. The inclusion of both bilateral and (directed) network-related measures 
of international migration also helps disentangling the migration’s direct effect and 
the indirect role played by third parties—as well as the structure of IMN itself—in 
shaping FDI patterns from the OECD to the rest of the world.5

Our findings are consistent with the existing literature and show that 
the bilateral socioeconomic dimensions are important drivers of bilateral 
(greenfield) FDI flows. FDI are also positively influenced by better educated 
(higher skills) migrants. The results are robust to the overall network structure 
and suggest that bilateral FDI are both directly and indirectly affected by 
the degree of integration of the migrants’ network. As the presence of an 
established bilateral migration corridor directly affects the economic exchanges 
between two countries, bilateral FDI appear to be positively influenced by 
a country central position in the global migratory network, both in terms of 
connections’ size and quality.

Contrary to previous studies, we find that bilateral FDI between any two 
countries are (i) negatively affected by a more heterogeneous immigrant 
community in the investing country; (ii) positively related with the number of 
common connections between the two in the IMN; and (iii) positively affected 
by either country’s network centrality in the IMN, which helps overcoming 
weaker informative signals coming from relatively smaller direct migratory 
channels between countries. These findings suggest that, while overall direct 
and indirect migration positively contribute to bilateral FDI, network effects in 
the IMN can have an heterogenous impact on bilateral FDI.6

The paper is structured as follows. Section 2 describes the data on bilateral 
greenfield FDI and the migration network; Sect. 3 introduces the econometric 
approach and explains the Multilevel Mixed Effect Model. Results are discussed 
in Sects. 4 and 5 draws conclusions.

4  Similarly, the skill composition of the migratory network influences trading patterns between home 
and host countries. See for instance Peri and Raquena-Silvente (2010) and Giovannetti and Lanati (2017).
5  Despite the relatively limited size of the sample considered due to data availability—(which accounts 
for less than 20 percent of global bilateral migration channels) the results are still representative of more 
than 40 percent of the overall strictly positive greenfield FDI channels worldwide, over the period con-
sidered.
6  We also carried out an analysis in line with Garas et al. (2016) on our data, and we found that their 
misspecification error impacted on the overall estimates. We found a negative effect of the network level 
statistics on the stock of bilateral FDI.



89

1 3

Economia Politica (2024) 41:85–121	

2 � Bilateral greenfield FDI and the migration network: data 
and description

2.1 � Data

We reconstruct the bilateral FDI flows for the period 2003–2015 using the fDIMarket 
database (the Financial Times, 2018), to capture individual flows resulting in a new 
productive activity in the recipient country.7 Focusing on individual projects allows 
us to single out the role of extensive margin, i.e. the number of different transactions, 
and to analyze how the migrants-induced “information channel” affects the decision 
of “making an investment” rather than its size. To better identify the relationship 
between the migrants’ network and bilateral FDI, we exploit the structure of the 
dataset and focus on the number of bilateral investments project announced (instead 
of focusing on their value). The value may reflect investment-specific considerations 
that are independent of the role played by the migrants’ network. Following a 
similar reasoning, we also exclude investments in the extractive sector as well as 
those directed toward countries included in the tax havens list of the European 
Parliament.8

We integrate bilateral migrants’ stock data from two distinct sources: the 
UNDESA Bilateral Migration Database (UNDESA, 2015 revision), which we use 
to create the International Migrants’ Network (IMN) and the IAB Brain Drain 
Dataset (Brücker et  al., 2013), which provides information on the educational 
attainment of migrants for 20 OECD destination countries. The presence of highly 
educated migrants is included to control for the bilateral network effect. Given 
that information on the skill endowments of the bilateral migrants’ network is not 
available for countries outside of the IAB sample, we focus on all channels directed 
toward the IAB countries.9 We focus on Migrants’ stocks since flows require 
collecting information and accumulating social capital at destination, a process that 
may require time. Furthermore, migrants’ flows are more likely to reflect a country’s 
generic openness, a possibility that could undermine the identification of the true 

7  The decision to stop in 2015 is justified by two different motivations. On the one hand, the 5-years 
span of the migration data would have brought us to 2020, a year which has been ravaged by the outbreak 
of the Covid-19 pandemic. Second, the 4 years running from 2016 to 2020 have been characterized by 
a substantial push against international migration and the looming trade war between China and the US 
(which easily extended to the EU). Controlling for all these factors with a single wave would make the 
estimates uninformative of the true mechanism at study.
8  See https://​www.​europ​arl.​europa.​eu/​cmsda​ta/​147404/​7%​20-%​2001%​20EPRS-​Brief​ing-​621872-​Listi​
ng-​tax-​havens-​by-​the-​EU-​FINAL.​PDF for details.
9  The list of countries included in the IAB includes (in alphabetical order) Australia, Austria, Canada, 
Chile, Denmark, Finland, France, Germany, Greece, Ireland, Luxembourg, Netherlands, New Zea-
land, Norway, Portugal, Spain, Sweden, Switzerland, United Kingdom, and the United States. Whereas 
UNDESA collects data for 220 countries and autonomous territories around the world every 5  year. 
Focusing on the countries included in the IAB dataset alone excludes a good number of large investors, 
such as Italy, Japan, and China. The latter constitutes a particularly relevant loss. We conduct robustness 
checks to test the sensitivity of the coefficients to the exclusion of those countries using total bilateral 
migration as a control. The exclusion of these countries does not lead to significant changes in terms of 
sign, even though the numerical magnitude of the coefficients is reduced.

https://www.europarl.europa.eu/cmsdata/147404/7%20-%2001%20EPRS-Briefing-621872-Listing-tax-havens-by-the-EU-FINAL.PDF
https://www.europarl.europa.eu/cmsdata/147404/7%20-%2001%20EPRS-Briefing-621872-Listing-tax-havens-by-the-EU-FINAL.PDF
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mechanisms underlying the FDI-Migrants’ network relationship.10 Notice that, 
since global migration data are only available on a 5-year span basis, we match FDI 
data by aggregating all transactions at investing-recipient-year level and taking the 
5-years cumulate.

Additional controls (such as distance, GDP, common language etc.) are from 
the CEPII Gravity database (Conte et  al., 2021; Melitz & Toubal, 2014) and the 
World Development Indicators. We report the main descriptive statistics in Table 5 
in “Appendix 2”.

2.2 � Network description

The International Migration Network (IMN) for 2005, 2010, and 2015 can be 
represented as an Mt = Ni ∗ Nj adjacency matrix, where each row and column refers 
to a country, considered respectively as origin and destination. We define each entry 
of the matrix Mt asmt

i,j
= MigStockt

i,j
,∀i ≠ j , which captures the presence of a 

migrant population from country i to country j. Following this structure, the matrix 
Mt can be defined both in binary or weighted terms. In the first case, mt

i,j
 takes value 

1 if at least one person from country i is registered in country j ; in the second case 
mt

i,j
 represents the number of citizens with j citizenship residing in country i in the 

reference year. In either case, mt
i,j

 is set to null if and only if no citizens of country i 
resides in country j . In less formal terms, the IMN graph represents the whole set of 
migratory flows, a web of human movements connecting all countries in the world 
with each other.

This web can be symmetric (that is, a link is considered as strong as the sum 
of migrants’ population in either direction) or directed—when the direction of the 
migratory flow is kept into account. Contrary to Fagiolo and Mastrorillo (2014), 
Fagiolo and Santoni (2014), and Garas et  al.(2016), we preserve the directed 
structure of the migrants’ network, as the mechanisms linking them to FDI might be 
different depending on whether we consider the perspective of the investing country 
or that of the recipient one. This in turn requires distinguishing between incoming 
and outgoing migrants.11

Table 1 compares the structure of the IMN and the global FDI network (GFDIN, 
built following the same criteria of the IMN), to understand how and to what extent 
the two flows (co-) evolved under the network perspective.

In Panel A we can see that the IMN is denser (has a higher number of strictly 
positive connections) than the GFDIN. Nodes and Edges counts refer respectively to 

10  Also in this respect, we take distance from the analytical framework proposed by Garas et al. (2016).
11  Working with undirected networks generally solves many computational issues, e.g. the possibility to 
estimate in a single step the bilateral network effect. However, it does not allow to understand the chan-
nels through which the network dimension of the migrants’ network affects bilateral FDI. Consider the 
aggregate bilateral flow between two countries (denoted i and n). This implies that the value of the flows 
(or stocks) in both directions are added (ji = i → j + j → i). Suppose that i receives few migrants from j, 
despite a large number of investments, and that j invests very little in i despite receiving a large number 
of migrants. This two countries could not be distinguished from a different pair (c,d), characterized by 
average flows (stocks) of FDI and migrants in both directions.
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the total number of countries in the two networks and to the total number of strictly 
positive links. The fact that more countries exhibit positive migration flows and low 
(or zero) investment flows is consistent with the low number of firms with complex 
modes of internationalization (see Mayer & Ottaviano, 2008). The comparison of 
the two networks over time shows very different dynamics in the extensive margin, 
as represented by the trend in the degree statistics. In our case, the degree refers 
to the total number of strictly positive links a country receives from (IN) or sends 
to (OUT) other countries. This simple measure of connectivity in both networks 
shows how the IMN remain stable over time, while the GFDIN expand substantially 
between 2005 and 2010 and stabilize after.12

Panel B of Table 1 compares the size of the two networks (and their variation) 
over time. Contrary to past studies (Fagiolo & Mastrorillo, 2014; Sciabolazza, 2018), 
the IMN does not change substantially over the period considered. This may suggest 
that capturing sharp changes in the patterns of human mobility requires a longer 
time span than that covered by our data. On the contrary, the GFDIN experiences 
a substantial growth, proxied by the decrease in the average number of steps to link 
all countries through the shortest path (the so called average path length, or APL) 
and diameter (that is, the largest minimal distance in the network). Despite such a 
growth, the GFDIN remains sparser than the IMN.

The correlation between the two networks provides further information. Fig-
ure 1 plots the simple correlation between the migration and FDI flows in the two 
networks, i.e., the respective link weights—for every directed country pair i → j.13 
The pattern is coherent with the literature on Trade and Migration networks: dyads 
that are characterized by larger emigration ( i → j ) are also characterized by larger 
inflows of investment ( i ← j ). Furthermore, the economic and demographic size of 
the countries in the dyad are also positively correlated with link weights in both 
networks, consistently with the gravity literature on FDI and migration.14 A simple 
graphical comparison suggests that the IMN and the GFDIN might have co-evolved 
over time.

Focusing on 2010, Figs. 2 and 3 compare the position of each country in the 
two networks and the type of prevailing connections. We focus on different meas-
ures of centrality: degree, strength (or, weighted degree), and average nearest 
neighbor centrality (ANNC, Barrat et  al., 2004).15 The strength statistic repre-
sents the weighted counterpart of the degree statistic: they capture the size of a 
country’s local network but weighting each link with the magnitude of the flow 

12  The slowdown was mostly due to the outbreak of the global financial crisis and its aftermath. Yearly 
data shows a clearer picture of the evolution of the GFDIN in that period.
13  Conversely from the subsequent econometric exercise, we extend the description to all potential coun-
try pairs, and not just to the reduced OECD 20-to-ROW pairs.
14  We base the coloring scheme (from red to light blue) on the product of i and j’s populations, while 
size reflects the product of the GDP of i and j. Coherently with the gravity framework, larger and bluer 
dots have a higher probability of being in the north-east side of the plot.
15  A given node’s Average Nearest Neighbor Centrality (ANNC) refers to the average (weighted) degree 
centrality of the other nodes that directly connects to it. “Appendix 1” reports a detailed description of 
the ANNC and the other measures of centrality used throughout the paper.
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represented by such a link. The “ANNC” measures refer to the average centrality 
of the direct connections to a country, binary and weighted respectively.

Each point in Fig.  2 represents a country as an ordinate couple 
(centrGFDIN

i
;centrIMN

i
) , colored from light to dark and sized from small to large, 

respectively, according to its GDP and population. Focusing on the left panel 
of Fig.  2, we see a positive correlation between the size of a country—defined 
considering both its wealth and its market size proxied by demography (the 
darkest and among the largest dots represents the US)—and its position in both 
the migrants and the FDI networks. In line with Fig. 1, larger economies tend be 
more central while smaller and poorer countries (in terms of population and GDP) 
are more peripherical in both networks. The correlation and the average centrality 
of a country’s directly connected neighbors (right hand side plots of Fig. 2) show 
how wealth and market size are inversely correlated with the centrality of the 
neighbors. In other words, it is easier (and more remunerative) for less integrated 
countries to connect with more central ones, and vice-versa.

Figures 3 and 4 highlight the dissortative pattern of the two networks (i.e., the 
prevalence of small-to-big connections over the total), by plotting the correlation 
between a country’s centrality and the average centrality of its neighbors, and the 
degree distribution in both networks respectively.

Table 1   Network comparison—general connectivity. Source: fDIMarket database (FDI) and UNDESA 
Population Division (Migrant’ stock)

Network Topological Comparison. APL = Average Path Length. Average in and out degree for both 
network are equal, as the number of incoming links the same as the number of outgoing links. Figure 4 
shows how the distribution of these links however changes depending on whether we look at the 
outgoing or incoming flows

2005 2010 2015

IMN GFDIN IMN GFDIN IMN GFDIN

Panel A: Connectivity
Nodes count 220 228 220 228 220 228
Edges count 10,534 1802 10,685 2399 10,688 2347
Average in-degree 47.88 7.9 48.57 10.52 48.58 10.29
Min. in-degree 0 0 2 0 2 0
Max. in-degree 212 47 204 57 204 64
Average out-degree 47.88 7.9 48.57 10.52 48.58 10.29
Min. out-degree 5 0 4 0 3 0
Max. out-degree 153 107 154 120 154 115
Panel B: Size
Density 0.22 0.03 0.22 0.05 0.22 0.05
APL 1.67 2.17 1.67 2.08 1.67 2.08
Diameter 4 6 4 5 4 5
Assortativity  − 0.29  − 0.23  − 0.28  − 0.19  − 0.28  − 0.25
Transitivity 0.56 0.46 0.57 0.45 0.57 0.45
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Fig. 1   Correlation between networks: trend over time. Notes: Correlation in migrants and FDI networks’ 
link weights. Both y and x axis are in logs. Markers’ size is proportional to the product of the population 
of country i and country j. Color (from light to dark) captures the dyadic product between the two coun-
tries’ GDP

Fig. 2   Country centralities. Notes: Correlation between centrality in the migrants and FDI networks. 
Both y and x axis are in logs. Markets’ size is proportional the population of the country, while coloring 
(from light to dark for higher values) reflects the country’s GDP. ANN(D,S) = Average Nearest Neighbor 
Degree or Strength (Barrat et al., 2004)
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The comparison of the two networks suggests that the correlation between diaspora 
and FDI goes beyond the pure bilateral perspective, involving the global structure of 
the two networks. Figures 1, 2 and 3 also suggest that gravity related dimensions are 
highly correlated with the link-weight distribution in both the IMN and the GFDIN.

Fig. 3   Dissortative patterns. Notes: Dissortative matching between investing and recipient countries (left) 
and between Immigration and Emigration countries (right). Both y and x axis are in logs. Markers’ size is 
proportional the population of the country, while coloring (from light to dark) reflects the country’s GDP. 
ANNC = Average Nearest Neighbor Centrality (generic for ANND and ANNS)
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3 � Estimation strategy

We now test the relationships between the migrants’ network and the bilateral FDI 
flows, explicitly considering the effect of a country’s position within the IMN. We 
believe that the inclusion of network statistics brings additional complexity to the 
data, and we consider network-level statistics as belonging to a higher order of 
information with respect to the dyad level information. The comparison conducted 
by Herman (2019) suggests that the inclusion of different combinations of fixed 
effects returns very similar estimates, both in terms of the link formation probability 
and in terms of trade volume.16

In this paper, due to the structure of our data and generalizing a gravity approach, 
we adopt a Multilevel Mixed Effects Regression (MMER) model for (hidden) 
hierarchical data, where the fixed component of the model controls for the gravity 
variables as well as for country and time. The additional layers (network and time) 
are then considered as higher hierarchical levels of information to be modelled 
specifically to better capture the endogeneity risks.

Multilevel models are used in the international economics and business literature 
(see for instance, Drzewoszewska, 2014; Giovannetti et  al., 2018; Kapás & 
Czeglédi, 2020), as a generalization of fixed effects exogenous controls, to estimate 
the multilateral resistance (Anderson & Van Wincoop, 2003). Peterson et al. (2012) 
points out that the multilateral resistance estimate involves different “levels” of 
information (hierarchical data) that cannot be fully captured by exogenous fixed 
effects. MMER represent a useful generalization of gravity models, as they allow 
both to endogenize the fixed gravity effects when a hierarchical data structure exists, 
and to disentangles their effect in the error component, allowing the error term 
correlation to vary across dyads.17

3.1 � The regression model

We model the data hierarchical structure as shown in Eq. 1:

where p = (1,… ,P) and net = (1,… , nw) collect the variables of interests at a 
country pair level ( Pij,t ) and the additional controls at a network level ( netij,t , which 

(1)yij,t = �0 +

P
∑

p=1

Pij,t +

nw
∑

net=1

netij,t + uij + en + vt

16  The author also compares the results of the two types of gravity models (naïve and structural) with a 
non-structural, simplified gravity model of network formation adding importer and exporter fixed effects 
and concludes that network formation and growth might depend on complex network patterns that are 
not accounted for by structural gravity.
17  Multilevel models control for the heterogeneity of hierarchical data structure, allowing the correlation 
of the model’s stochastic component vary across dyads. Since the between group variability (in this case, 
the difference across country pairs) is generally larger than the within group variability (that is, within 
the same group of observations), the adoption of a mixed model allows exploiting and explaining a much 
larger amount of information leading to a more accurate estimation of data heterogeneity (Bell & Jones, 
2015).
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also represent our regressors of interest), with uij, en, vt being the “three levels” of 
the error term (country pair, network and time). yij,t , the dependent variable, is the 
cumulative number of FDI over a 5-year span.18 The inclusion of three stochastic 
components reflects the assumptions of non-homogeneity and non-constant correla-
tion in the structure of the error term across the different levels considered (as well 
as across dyads).

In our empirical analysis, Eq. 1 becomes:

where the dependent variable lnNumFDI5y
ij,t

 is the (log of the) number of greenfield 
FDI projects from country i to country n , cumulated over the precedent 5 years 
period. The set of coefficients of the terms reported in (2) under the term � represent 
our coefficients of interest, respectively for the emigration and immigration 
countries.19

According to the standard gravity literature, log-linearization would imply the 
exclusion of all null FDI flow, introducing a bias in our estimates. However, as we 
confine our analysis to the FDI flows from 20 OECD countries to the rest of the 
world, we focus on the denser part of the network. This leads to a negligible 
incidence of null FDI flows, compared to the whole FDI network, limiting the bias 
that would be introduced by the log transformation. The variable lnMig

High

ji,t−5
 repre-

sents the 5-years lagged bilateral stock of tertiary educated migrants from country j 
to country i . 

∑

�neti,t−5 and 
∑

�netj,t−5 are two vectors of both direct and indirect 
measures of network centrality (both local and global) as well as measures of third-
party network effects’ statistics for country i and country j respectively. In (2) all the 
network statistics are included with a 5-years lag.20

The decision to introduce all migrants’ related variables (our variables of interest) 
in lags depends on two main considerations. The first hinges on the necessity of 
mitigating reverse causality with respect to current FDI flows (Sheperd, 2021). 
Given the long time that is often required for greenfield FDI to realize, considering 
lagged migration might not be enough to reduce reverse causality. The time required 
for a new plant or activity to finalize could create some anticipation in perspective 
migrants, that might in turn decide to move to a country where they know an 
investment has been announced but not yet realized. However, FDIMarket reports 

(2)lnNumFDI
5y

ij,t
= �0 + lnMig

High

ji,t−5
+

nw
∑

net=1

�neti,t−5 +

nw
∑

net=1

�netj,t−5 +

P
∑

p=1

�Pij,t

18  The indices in (1) refer to the investing countries (i), the recipient country (j), and time (t). The index 
n refers to the error term related the network effect.
19  Since the three error terms are not included as variables in the estimation, they are excluded from 
Eq. 2.
20  We include the previous data point available in the UNDESA migration dataset, which reports infor-
mation with a five-year time interval between each other.
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the date an investment is announced (not realized), so that the anticipation argument 
is less likely to occur.21 The second consideration rests on the potential mechanism 
driving the relationship between migrants’ networks and FDI. Migrants’ networks 
need time to structure and establish the information channel mentioned above, so we 
consider lagged migration in our models.22

The term 
∑P

p=1
�Pij,t finally includes a vector of geographical, cultural, and economic 

bilateral controls such as (a) the geographical distance between the investing (destination) 
and the recipient (emigration) countries (computed as the geodetic distance between two 
countries centroid); and (b) the per capita GDP of both the investing and the recipient 
countries. We also include a set of dummy variables capturing respectively (c) border 
contiguity; (d) whether the two countries were part of the same colonial empire; (e) if 
the legal system of the two countries can be associated to the same set of principles; (f) 
whether a country pair is part of the same free trade agreement.

Tables  2 and 3 focus on the direct relationship between FDI and a country’s 
direct local centrality in the IMN (i.e. how much a country is directly integrated 
in the global migration network), highlighting degree, strength, and Average Near-
est Neighbor Centrality. Table 4 distinguishes common and exclusive connections 
between country pairs to break down IMN’s network centrality. Common connec-
tions in the IMN may influence the direct network effect by providing parallel chan-
nels for information flows among countries, mediated by national ties, and their 
effect might be either mitigated or amplified by the (relative) size of non-mutual 
ties. These mitigating effects can be interpreted as a form of indirect or "third-party" 
effect. To better understand the migration and FDI connections between countries, 
Fig.  5 provides a graphical example. Let us consider a simplified network with 4 
countries, with different characteristics and connections. Assume Country 1 is 
mostly an emigration country, with citizens migrating to Country 2 and Country 3. 
Country 2 is an investing and immigration country, with more limited emigration 
flows toward country 3 and 4. Country 3 receives migrants from the others, while 
country 4 only receives migrants from country 2 without sending anyone abroad, 
while receiving FDI from Country 2. Whether country 3 registers incoming or out-
going FDI is irrelevant to this example. As shown in the graph, Country 1 and 2 
share Country 3 as common connection on the IMN. Thus, migrants from country 1 
to 3 and from 3 to 2 might facilitate the flow of information between the Country 1 
and 2 in the first place. Country 4 is an exclusive connection of Country 2. Thus, it 
might divert investments from Country 2 to Country 1, provided the flow of infor-
mation vehiculated by national migrants’ networks is strong enough.

Building on Fagiolo and Mastrorillo (2014), we create four additional meas-
ures of bilateral network integration between any two countries in our dataset: 

21  This argument is not counteracted by the way we define the dependent variable as the cumulated num-
ber of projects over the period t − 4 to t, given that it is unlikely for migrants to be able to anticipate the 
announcement of a greenfield FDI happening in the subsequent year.
22  Notice that this argument is reinforced by using the stock of bilateral migrants, which also takes time 
to build and already mitigates concerns of reverse causality. Notice however that this strategy barely miti-
gates reverse causality by removing the temporal element that might lead to the co-determination of both 
migrants network and FDI flows. Additionally, it does not mitigate (let alone solve) other potential endo-
geneity concerns.
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one measuring the extent of the common (or overlapping) connections between 
the two, a second measuring the extent of the exclusive (or complementary) net-
work of either one of the two with respect to the other. We consider a third coun-
try to be part of the complementary network of a country pair ij if it welcomes 
migrants from country j but none of its nationals resides in country i or if its 
people migrated to country i but none of its resident originates from country j.

In this respect, our approach differs from previous work (e.g. Fagiolo & Mas-
trorillo, 2014; Garas et al., 2016), in which a country is considered to be part of 
the common or of the complementary network of a dyad irrespective of the direc-
tion of the migration flows between the three countries. The relevant empirical 
issue here is to determine which one dominates within a country pair—whether 
it is the diversion effect which we could expect being at play when the exclu-
sive non-overlapping migrants’ network is large, or the incremental effect a larger 
common network could generate. This is likely to depend on (a) the total number 

Table 3   Average nearest neighbor centrality

t-statistics in parentheses. Robust Standard Errors. Estimates refer to a 3-level regression with random 
intercepts. Dyads are nested in networks, all nested in time. The table reports the estimates from the 
Eq.  2 where the dependent variable lnNumFDI5y

ij,t
 represents the cumulative number of FDI projects 

announced over the past 5  years, and explores the contribution of local first-degree connectivity to 
bilateral FDI flows. The coefficient of the LRtest refers to the log-likelihood Ratio test of the multilevel 
specification against the linear model. Table 8 in “Appendix 3” reports each levels’ group numerosity. 
Table 10 reports the degree of freedom computed with the ANOVA approach
+ p < 0.1, *p < 0:05, **p < 0:01, ***p < 0:001

(1) (2) (3) (4)
Model Multilevel Multilevel Multilevel Multilevel

Dependent variable lnNumFDI
5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t

lnMig
High

ji,t−5
0.263*** 0.259*** 0.214*** 0.234***

(16.79) (17.22) (26.53) (20.15)
lnANNCentralityIN−IN

i,t−5
0.115+

(1.94)
lnANNCentralityIN−OUT

i,t−5
0.177***
(4.63)

lnANNCentralityOUT−IN
j,t−5

 − 1.782***
(− 5.75)

lnANNCentralityOUT−OUT
j,t−5

 − 2.604***
(− 6.53)

LRtest 1524.86*** 1540.36*** 1218.00*** 1382.94***
Obs 9225 9225 9225 9225
Residual DF 9216 9216 9216 9216
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Table 4   Overlapping and complementary networks

t-statistics in parentheses. Robust Standard Errors. Estimates refer to a 3-level regression with random 
intercepts. Dyads are nested in networks, all nested in time. The table reports the estimates from the 
Eq.  2 where the dependent variable lnNumFDI5y

ij,t
 represents the cumulative number of FDI projects 

announced over the past 5 years, and explores the relative contribution of common and exclusive network 
connectivity to bilateral FDI flows. The coefficient of the LRtest refers to the log-likelihood Ratio test of 
the multilevel specification against the linear model. Table 8 in “Appendix 3” reports each levels’ group 
numerosity. Table 11 reports the degree of freedom computed with the ANOVA methodology
+ p < 0.1, *p < 0:05, **p < 0:01, ***p < 0:001

(1) (2) (3) (4)
Model Multilevel Multilevel Multilevel Multilevel

Dependent variable lnNumFDI
5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t

lnMig
High

ji,t−5
0.243*** 0.244*** 0.219*** 0.208***

(14.27) (14.21) (29.93) (37)
lnOverlappingIN

i,t−5
0.047*** 0.051***
(8.06) (8.38)

lnComplementaryIN
i,t−5

 − 0.010**
(− 3.19)

lnOverlappingOUT
j,t−5

0.128*** 0.082***
(5.2) (4.14)

lnComplementaryOUT
j,t−5

0.079***
(9.19)

LRtest 1584.26*** 1516.20*** 1425.06*** 1354.23***
Obs 9225 9225 9225 9225
Residual DF 9197 9196 9216 9179

Fig. 5   Overlapping versus 
exclusive network
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of connections between the two countries and on (b) the extent of the overlapping 
subnetworks in contrast to the non-overlapping subnetworks.23

4 � Discussion of the main results

We now analyze and discuss the results under three aspects of network integration in 
the IMN. The estimates reported, refer to 20 OECD countries with detailed migration 
data by educational level.24 In line with the literature, all equations include a set of 
standard gravity controls.25 To test for the appropriateness of the multilevel model, 
for each specification we run a Likelihood Ratio (LR) Test showing the existence of a 
hierarchical structure in the data. The test statistics strongly reject the null hypothesis 
of absence of a second/third level in the data, implying a strong bias in the OLS/FE 
estimates of the baseline model. This suggests that, in our case, the multilevel model 
is appropriate since a hidden hierarchical structure in the data is present.26

Our base model, with bilateral migration as the only parameter of interest, is 
reported in Column 1. The estimated coefficient for bilateral migration lnMig

High

ij,t−5
 is 

in line with the literature: the positive sign and the significance both confirm the 
importance of high skilled migration on bilateral investment, reinforcing the idea 
that migrants and investments might be complementary rather than substitutes. The 
remaining results extend the benchmark equation, including measures of network 
centrality. Columns from 2 to 7 in Table 2 explore the effect of different measures of 
directed local centrality (degree and strength) in the IMN. On average, FDI benefits 
from a more central position in the IMN of both the recipient and the investing 
countries. Overall, being more connected implies that more investments are likely to 
flow from country i to country j ( i → j).27 Quantitatively, our results suggest that the 
FDI-recipient outward centrality in the IMN outplays the investing side’s inward 
centrality. This result is robust across all specifications and suggests that the 
information channel is influenced by third party effects.

23  Differently from the existing literature, we preserve the directed structure of the network also in con-
structing the two overlapping and the exclusive subnetworks.
24  For the sake of space, we do not report the coefficients for the non-migrant-related controls in the 
main text. Such controls include geographical distance, colonial relationship, contiguity, the presence of 
similar legal system; and measures of country specific economic, such as per capita GDP. The estimates 
of the controls are consistent with the existing literature on the determinants of bilateral FDI, in terms of 
both sign and magnitude, and across all specifications. For reference, Table 7 in “Appendix 3” reports the 
full specification of the model discussed in Table 2.
25  As a robustness check, we compare the results from the multilevel model with the estimates we 
obtain from a gravity model estimated with high dimensional fixed effects. The estimates are reported in 
Table 15 in “Appendix 5”: all the standard gravity controls estimated effect are coherent with the litera-
ture (sign and magnitude).
26  We also compare the estimates from the Multilevel Model to both FE (two step gravity and dyad FE) 
and Bonus Vetus OLS. The estimates are consistent across different models. Results are available in the 
Online Appendix.
27  The only exception in this sense is represented by the inward binary degree centrality of the investing 
country, which remains not statistically significant when included as the only additional regressor in the 
equation.
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The measures of centrality in Table  2, however, do not consider the quality of 
each country’s position in the network, and do not allow to explore the sources of 
third party’s effects described in Fig. 5. For instance, it may happen that a country’s 
local centrality on the IMN captures the economy’s openness, with little correlation 
with the information channel triggered by bilateral migration. We believe that a 
better way to explore the presence and impact of third-party’s effects consists in 
splitting local centrality between overlapping and complementary bilateral networks. 
A positive and significant coefficient on the overlapping network can be interpreted 
as a bridge operating through countries (and the migrants’ community within them), 
mutually connecting iandj in the IMN.28

Table  3 examines the relative importance of the first-order connections (i.e., 
countries that are directly connected to either i or j—or to both) rather than 
the direct centrality of each country pair. The first two columns show that the 
inward and outward centrality of the investing country i’s first-order connections 
( lnANNCentralityIN−IN

i,t−5
 and lnANNCentralityIN−OUT

i,t−5
 ) have a positive impact on 

bilateral FDI toward j. This suggests that investing countries with more central 
connections on the IMN also have a higher probability of investing in country j. 
Country j can also convey information through its indirect connections with i. 
However, the relative importance of country j’s outward connectivity works against 
the positive effect of the direct bilateral channel. When considering the effect of 
direct bilateral migration, the more important the neighbors of country j, the stronger 
the ties. The results reported in Table 3 are in line with the existing literature on 
trade and migrants’ networks.

Table  4 compares the indirect network effect by disentangling the relative 
importance of the two countries common and exclusive connections. We 
consider investing (immigration) country i ’s inward connectivity against a 
recipient (emigration) country j ’s outward connectivity. An interesting pattern 
emerges. The coefficient for both the investing country’s inward and recipient 
countries outward overlapping networks (respectively, lnOverlappingIN

i,t−5
 and 

lnOverlappingOUT
j,t−5

 ) show that a larger number of shared connections between i 
and j translates into a higher number of bilateral FDI going fromi → j.29 Focusing 
on the size of the non-shared ties, we notice that, while the size and the volume of 
the complementary network for country j has a positive impact on bilateral FDI 
from i → j , a more diversified immigrant community in the investing country i 
(with respect to j ’s network, lnComplementaryIN

i,t−5
 ) significantly reduces bilateral 

FDI between the two countries, even if the numerical magnitude is low, on 
average. This suggests that, if shared and exclusive connections are considered 
separately, the positive effect of bilateral migration is mitigated, potentially due 
to the higher noise caused by the larger set of distinct streams of information 
generated by the different national communities. The bias introduced by the 

28  In network terms, belonging to different relational structures is defined in terms of communities. See 
Danchev and Porter (2018) for an extensive analysis of the evolution of the community structure within 
the IMN.
29  This refers to the number and the volume of countries to which the recipient j sends migrants to, and 
that in turn send migrants to i.
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information from exclusive migratory channels, therefore, reduces on average the 
bilateral migration’ positive effect. This effect is coherent with the idea that the 
capacity and the resources required for international investments are lower, on 
average, than those required to foster bilateral trade.

4.1 � Network scale effect

Our results show that being integrated in the IMN positively affects both the abil-
ity of a country to attract FDIs and to promote domestic investors abroad. Being 
more central in the IMN leads to larger in-/out-flows of FDI and makes informa-
tion flows more efficient in promoting bilateral investments. This may result from 
the availability of information that pushes investors towards countries characterized 
by a favorable investment environment (Fiorini et al., 2021; Lücke & Stöhr, 2018). 
Notice that in our paper, we assumed that being a central hub in the IMN has the 
same relevance as a driver of bilateral FDI at any level of total migration. Relatively 
low/high migration levels can impact the effectiveness of networks ties, everything 
else equal, as the size of a nationals’ community in a potential investing economy 
(and vice versa) is likely to determine how information reaches a potential investor. 
In this case, being central in the IMN helps reaching the critical mass of information 
that is necessary to trigger investments, even at low levels of bilateral migration. To 
test this hypothesis, we modify Eq. (2) as

where HighMigi,t is a dummy variable signaling if the migrant’ community from 
county j in country i exceeds the average size of all other immigrant community in 
country i. Using this approach, we divide the sample based on the relative impor-
tance of each potential investing country’ immigrant community. Coefficients plot-
ted in Fig. 6 summarize the main results, while Table 12, 13 and 14 in “Appendix 4” 
report the coefficients for each specification.

Figure 6 shows that both the bilateral stock of highly skilled migrants’ and the 
different measures of network centrality are significant. The bilateral migrants’ esti-
mate is larger for pairs in the above-average stock sample, while those related to net-
work centrality are lower. These results are consistent with the existence of a critical 
mass in the information flows between two countries. A high degree of attractive-
ness may not be enough to create a national community, since the community needs 
to be big enough to provide useful information to local investors. Thanks to its indi-
rect effects, network centrality (of both the potential investing country and the recip-
ient) becomes extremely relevant for FDI when the bilateral stock of migrants from 
a given emigration country j living in destination i is relatively small, compared to 
other migrants’ communities in the same country.

(3)
lnNumFDI

5y

ij,t
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ji,t−5
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∑
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net
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5 � Conclusions

In this paper, we generalize the existing evidence on migration and cross border 
investments’ relationships. Using social network analysis, we offer a different 
perspective on the possible impact of migrants’ networks on bilateral FDI. We show 
that the countries’ integration in the International Migration Network (IMN) may 
trigger channels that, in turn, can affect Greenfield FDI.

Fig. 6   Heterogeneous migrants’ network effects. Notes: Estimated bilateral and migrants’ network coef-
ficients from Eq. 3. Here we assess to what extent the network effect identified above are driven by the 
relative size of the total bilateral migrant population from country j to country i. The x-axis refers to the 
size of the coefficient for each sub-group. The labels “Below” and “Above” refer to the subsamples of 
country pairs ( i, j ) for whom the stock of migrants from country j to country i ranks below (above) the 
average size of the immigrants population in country i in a given year
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We introduce a series of network statistics in a Multilevel Mixed Effects Model 
to capture the hierarchical structure of our data. Controlling for a range of gravity-
related factors, our results are coherent with the existing literature and show how 
high-skilled migration and FDI are complementary. Furthermore, we show that 
the degree of integration of both emigration and immigration countries in the 
IMN reinforces this complementarity. In detail, we show that (i) it is necessary to 
distinguish the emigration from the immigration perspective in order to understand 
how the position of a country in the migrants’ network affects bilateral (FDI) flows; 
(ii) differentiating between common and exclusive connections on the International 
Migrants Network results in heterogeneous network effects; and (iii) the composition 
of the immigrants community in the investing country shapes bilateral FDI flows, 
independently of the bilateral migratory history between two countries. We 
highlight that the immigration network of the investing economy has a differentiated 
impact on bilateral FDI flows, as the size of the exclusive network negatively affects 
bilateral investments. The migrants’ information channel at bilateral level becomes 
noisy, as the network becomes more heterogeneous. This is consistent with the idea 
of considering FDI as rival goods, with potential destination countries competing 
for them.

In summary, our results highlight the complex yet largely positive relationship 
between international migration and FDI. From the potential recipient economy 
perspective, leveraging on the presence of fellow national communities abroad and 
on foreign national communities at home, constitutes an additional tool for pursuing 
strategic investments (from) abroad.

Appendix 1: Definitions of network centralities

(Weighted) Degree centrality

To intuitively understand how much integrated an actor is in the network, measures 
of local connectivity represent the most intuitive and straightforward indicators to 
deal with. as they do not take into consideration anything but the actor itself and the 
number of connections centered on her. Degree centrality In its binary formulation 
merely counts the number of connections of a node

where aij represents the ijth entry of A , the binary adjacency matrix. Degree 
centrality is associated to the extensive margin of network, i.e. to the number of 
(new) connections that an actor establishes. The intensive margin of a network can 
be capture by the Weighted degree centrality (or, Strength Centrality). Similarly 
to degree centrality, sums all entries of the weighted adjacency matrix W , while 
considering the size of the link rather than just its existence.

kij =

n
∑

j=1

aij ∀i ∈ G
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Both Degree and Strength centrality can be normalized in order to obtain a 
measure ranging between 0 and 1. Interestingly, despite both measures are based 
on a very similar type of information, they may not perfectly coincide in complex 
networks (even if their correlation is usually very large).30

Average nearest neighbor centrality (Barrat et al., 2004)

Measures of degree centrality taken alone offer a very limited perspective about the 
context an actor operates in. For instance, while they can provide information on 
the size/intensity of an actor own network, they do not take into consideration any 
characteristic of the partners it is connected with. Conversely, ANN measures are 
based on the average size and intensity of an actor’s neighbors connectivity, and 
represent a form of indirect measure of centrality. Similarly to its actor centered 
counterparts, ANN Degree (ANND) averages the number of connections centered 
on the partners of an actors (analogously, ANN Strength measures the average 
intensity of those connections). ANN centrality (Barrat et al., 2004) is defined as

where si represents the strength of node i and constitutes the normalizing factor (in 
the binary version, si is replaced by ki ). aij represents the ijth entry of the adjacency 
matrix A . wij is the weight of the link (that is conveniently set to 1 in the binary 
case); kj indicates node j ’s degree centrality. Comparing Degree (strength) and 
ANNC measures is particularly interesting under a topological perspective (see 
Fig.  3), as it allows to identify a network assortativity mixing patterns. In the 
econometric exercise, we consider the direction of each connection in the IMN to 
build different definitions of ANNC, depending on whether we are considering the 
inward or outward centrality of each neighbor.

Overlapping and complementary networks

In our bilateral framework, the way the IMN affects economic exchanges might also 
depend on the type of connections they share (or, alternatively, they do not share). 
The overlapping (non-overlapping, or complementary) network is defined as size of 
the common neighborhood shared (not shared) by two actors

sij =

n
∑

j=1

vij ∀i ∈ G

ANNCentrality =
1

si

n
∑

j=1

j = 1n
(

aijwijkj
)

30  For instance, actors with a lot of small connections may coexist with nodes with a small number of 
extremely large links. Measures of purely local connectivity fail to capture this possibility, since they 
tend to ignore the structural characteristics of the neighbors, or of the network itself.
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where I = (1,… , n) and J = (1,… ,m) represent the set of channels flowing in/to 
country i and j respectively.31 According to the literature, international migrants 
favors economic exchanges by widening and forming a network through which 
information can flow. Migrants networks might be therefore more effective in 
channeling information between countries in the same community rather than 
between countries which are not much integrated with each other. The inclusion of 
both measures allow to control for this occurrence.

Appendix 2: Summary statistics

See Table 5 and 6.

Appendix 3: Additional information to the main tables

See Table 7, 8, 9, 10 and 11.

Appendix 4: Additional results: network scale effect

See Table 12, 13 and 14.

Appendix 5: A multilevel mixed effect versus gravity approach

Economic literature analyzes bilateral data using gravity equations, generally 
estimated using fixed effects (FE) (see for instance Anderson & Van Wincoop, 2003; 
Bertoli & Huertas-Moraga, 2013). In this paper, we depart from the usual gravity 
literature in terms of estimation approach, due to the hidden hierarchical structure of 
our dataset.

In our framework, network variables represent second-level data, difficult to be 
captured in gravity analysis. We decided to endogenize this hierarchy using a mul-
tilevel approach, rather than ruling it out by fixed effects estimation that might lead 
to specification errors (Baldwin & Taglioni, 2006; Eaton & Kortum, 2001; Head 
& Ries, 2008).32 We adopt a Multilevel Mixed Effects Model (Rabe-Hesketh & 

Overlapij = I = (1,… , n), J = (1,… ,m) I∩J = 0

Complementaryij = I = (1,… , n), J = (1,… ,m) I∩J ≠ 0

31  The reverse holds to compute the overlapping and complementary outward network.
32  FE gravity estimation presents some weaknesses that might highly affect the analysis. FE imply a 
strong analytical assumption concerning the structure of the error term and the degree of interdepend-
ence between the observations: by considering the correlation in the error term to be constant across 
observations (country pairs), FE models often ignore the specificity of each bilateral relationship. This 
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Table 5   Summary statistics: 
network characteristics

Summary Statistics based on the estimation sample, computed on 
the observations for which data on highly educated migration is 
available. The estimated sample includes all dyads involving the 
IAB-20 group to the rest of the world (excluding dyads that have 
been singled out by the statistical routine)

Obs Mean SD Min Max

lnNumFDIij,t−5;t 9225 0.999 1.396 0 7.659

lnMig
High,

ji,t−5
9225 5.944 2.639 0 14.090

Measures of Local Connectivity (centrality)

lnDegreeIN
i,t−5

9225 5.151 0.226 4.111 5.357

lnDegreeOUT
j,t−5

9145 3.954 0.447 1.792 5.037

ln StrengthIN
i,t−5

9225 14.428 1.352 11.921 17.590

ln StrengthOUT
j,t−5

9145 13.024 1.591 7.006 16.561
(NON)-overlapping network

lnOverlappingIN
i,t−5

9225 3.406 1.113 0 5.313

lnComplementaryIN
i,t−5

9225 3.699 0.522 1.386 5.142

lnOverlappingOUT
j,t−5

9225 3.702 0.435 1.099 4.875

lnComplementaryOUT
j,t−5

9225 4.811 0.259 3.89 5.236
Barrat et al.’s ANNCentrality measures

lnANNCentralityIN−IN
i,t−5

9225 3.862 0.222 3.586 4.849

lnANNCentralityIN−OUT
i,t−5

9225 3.406 0.277 3.021 4.327

lnANNCentralityOUT−IN
j,t−5

9225 4.762 0.176 4.157 5.204

lnANNCentralityOUT−OUT
j,t−5

9225 4.215 0.088 3.929 4.505

Table 6   Summary statistics: 
covariates

Summary Statistics based on the estimation sample, computed on 
the observations for which data on highly educated migration is 
available. The estimated sample includes all dyads involving the 
IAB-20 group to the rest of the world (excluding dyads that have 
been singled out by the statistical routine)

Obs Mean SD min MAX

lnDistanceij,t 9225 8.581 0.838 4.708 9.880
Contiguityij 9225 0.019 0.137 0 1
lnGDPcapi,t 9225 10.593 0.478 8.938 11.541
lnGDPcapj,t 9225 8.436 1.568 4.968 11.541
Colonyij 9225 0.051 0.219 0 1
ComLegalij 9225 0.304 0.460 0 1
FTAij 9225 0.297 0.457 0 1

might be particularly relevant in the case of historical, geographical, as well as relational features (Egger, 
2000). Back to our case, the homogeneity across units assumption is poorly realistic due to the hidden 
hierarchical structure of the data.

Footnote 32 (continued)
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Skrondal, 2008) allowing us to run the fixed effect model with one or more ran-
dom components, representing the levels of the data hierarchy. In doing this, this 
approach relaxes the strict homogeneity assumption on the error term (by specifying 
the structure of the dataset instead of controlling out the heterogeneity across the 
observed dyads) limiting the risk of misspecification or overfitting, both frequent in 
FE estimation, while providing an efficient estimator (Bell & Jones, 2015).

Table 15 below provides a consistent check for the robustness of our approach. 
The table replicates the results from Table  2, comparing the results of a second 
stage FE estimation (Panel A) against the baseline mixed estimates (Panel B). Since 
the second stage regresses the country × year FE on country specific features, it 
is not possible to estimate a second stage including partner’s characteristics. For 
this reason, Table 15 does not report the replication of columns (6) and (7), where 
both in-degree (strength) of country i and out-degree (strength) of country n were 
included.

Table 8   Group level information

Group information from the Multilevel mixed regression. The table 
reports group numerosity across all models discussed in Table 2, 3 
and 4 and in Fig. 6 (related tables in “Appendix 3”)

# of Groups Observations per group

Min Avg Max

Time 3 3026 3075 3112
ID 8660 1 1.1 2

Table 9   Degree of freedom 
(from ANOVA)—cfr Table 2

Degree of freedom for each coefficient included in all the 
specifications reported in Table 2
DF have been computed usingANOVA

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

lnMig
High,5y

ji,t
562 561 561 561 561 560 560

lnDistanceij 562 561 561 561 561 560 560
lnGDPcapi 562 561 561 561 561 560 560
lnGDPcapj 562 561 561 561 561 560 560
Contiguityij 562 561 561 561 561 560 560
Colonyij 562 561 561 561 561 560 560
LegalSystemij 562 561 561 561 561 560 560
FTAij 562 561 561 561 561 560 560
lnDegreeIN

i,t−5
561 560

lnDegreeOUT
j,t−5

561 560

ln StrengthIN
i,t−5

561 560

ln StrengthOUT
j,t−5

561 560
Constant 2 2 2 2 2 2 2
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Table 10   Degree of freedom 
(from ANOVA)—cfr Table 3

Degree of freedom for each coefficient included in all the 
specifications reported in Table 3
DF have been computed using ANOVA

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

lnMig
High,5y

ji,t
561 561 561 561

lnDistanceij 561 561 561 561
lnGDPcapi 561 561 561 561
lnGDPcapj 561 561 561 561
Contiguityij 561 561 561 561
Colonyij 561 561 561 561
LegalSystemij 561 561 561 561
FTAij 561 561 561 561
lnANNCentralityIN−IN

i,t−5
561

lnANNCentralityIN−OUT
i,t−5

561

lnANNCentralityOUT−IN
j,t−5

561

lnANNCentralityOUT−OUT
j,t−5

561
Constant 2 2 2 2

Table 11   Degree of freedom 
(from ANOVA)—cfr Table 4

Degree of freedom for each coefficient included in all the 
specifications reported in Table 4
DF have been computed using ANOVA

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

lnMig
High,5y

ji,t
561 560 561 560

lnDistanceij 561 560 561 560
lnGDPcapi 561 560 561 560
lnGDPcapj 561 560 561 560
Contiguityij 561 560 561 560
Colonyij 561 560 561 560
LegalSystemij 561 560 561 560
FTAij 561 560 561 560
lnOverlappingIN

i,t−5
561

lnComplementaryIN
i,t−5

560

lnOverlappingOUT
j,t−5

561

lnComplementaryOUT
j,t−5

561
Constant 2 2 2 2
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Table 13   Interacting overlapping and complementary networks

t-statistics in parentheses. Robust Standard Errors. The dependent variable lnNumFDI5y
ij,t

 represents the 
log of the total number of FDI projects over the past 5 year. All regressors have been interacted with a 
dummy variable taking value 1 if total bilateral migrants’ stock from country j to country i is below (↓) 
or above (↑) the average number of migrants received by country i from all countries in our sample in 
the current year. The Wald tests for equality of the interaction coefficients (Below vs. Above average of 
migrants at destination) of the migrants’ network related statistics are reported at the end of the table
+ p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001

(1) (2) (3) (4)
Model Multilevel Multilevel Multilevel Multilevel

Dependent variable lnNumFDI
5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t

lnMig
High,5y

ji,t−5
↓ 0.226*** 0.237*** 0.179*** 0.174***

(11.501) (11.431) (30.934) (38.512)
↑ 0.327*** 0.329*** 0.298*** 0.286***

(11.227) (9.574) (15.289) (16.324)
lnOverlappingIN

i,t−5
↓ 0.068*** 0.044***

(11.685) (7.178)
↑ 0.008 0.133***

(0.773) (17.710)
lnComplementaryIN

i,t−5
↓ 0.014***

(5.401)
↑  − 0.132***

(− 8.744)
lnOverlappingOUT

j,t−5
↓ 0.154*** 0.096***

(5.905) (4.679)
↑ 0.094*** 0.123***

(5.829) (5.674)
lnComplementaryOUT

j,t−5
↓ 0.091***

(9.017)
↑  − 0.003

(− 0.334)
Obs 9225 9225 9225 9225
Residual DF 9195 9193 9214 9176
Wald test: high skill migrants: Chi2 58.92 31.06 64.56 60.45

Pval 0 0 0 0
Wald test: overlapping Chi2 32.22 1154.89 33.88 9.61

Pval 0 0 0 0
Wald test: complementary Chi2 82.40 31.80

Pval 0 0
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Table 14   Interacting ANN

t-statistics in parentheses. Robust Standard Errors. The dependent variable lnNumFDI5y
ij,t

 represents the 
log of the total number of FDI projects over the past 5 year. All regressors have been interacted with a 
dummy variable taking value 1 if total bilateral migrants’ stock from country j to country i is below (↓) 
or above (↑) the average number of migrants received by country i from all countries in our sample in 
the current year. The Wald tests for equality of the interaction coefficients (Below vs. Above average of 
migrants at destination) of the migrants’ network related statistics are reported at the end of the table
+ p < 0.1, *p < 0.05, **p < 0.01, ***p < 0.001

(1) (2) (3) (4)
Model Multilevel Multilevel Multilevel Multilevel

Dependent variable lnNumFDI
5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t

lnMig
High,5y

ji,t−5
↓ 0.246*** 0.245*** 0.171*** 0.202***

(13.016) (13.196) (24.973) (16.501)
↑ 0.372*** 0.365*** 0.314*** 0.342***

(9.500) (10.230) (12.436) (10.296)
lnANNCentralityIN−IN

i,t−5
↓ 0.115 + 

(1.725)
↑  − 0.154**

(− 2.679)
lnANNCentralityIN−OUT

i,t−5
↓ 0.210***

(3.787)
↑  − 0.076

(− 1.566)
lnANNCentralityOUT−IN

j,t−5
↓  − 1.828***

(− 6.275)
↑  − 2.029***

(− 6.164)
lnANNCentralityOUT−OUT

j,t−5
↓  − 2.573***

(− 7.692)
↑  − 2.815***

(− 7.305)
Obs 9225 9225 9225 9225
Residual DF 9214 9214 9214 9214
Wald test: High Skill Migrants: Chi2 30.59 37.2 49.84 37.95

Pval 0 0 0 0
Wald test: ANN coefficients Chi2 17.64 21.11 25.79 19.88

Pval 0 0 0 0
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Table 15   Binary and weighted local connectivity

t-statistics in parentheses. Robust Standard Errors. The dependent variable lnNumFDI5y
ij,t

 represents the 
log of the total number of FDI projects over the past 5 year. First stage specifications in Panel A include 
country-time fixed effects for both origin and destination
+ p < 0.1, *p < 0:05, **p < 0:01, ***p < 0:001

(1) (2) (3) (4)
Model Fixed effects Fixed effects Fixed effects Fixed effects

Dependent variable i × yearFE j × yearFE j × yearFE j × yearFE

Panel A: FE second stage FE estimates
lnDegreeIN

i,t−5
0.298***
(47.46)

lnDegreeOUT
j,t−5

0.804***
(82.76)

ln StrengthIN
i,t−5

0.172***
(117.69)

ln StrengthOUT
i,t−5

0.171***
(60.01)

(1) (2) (3) (4)
Model Multilevel Multilevel Multilevel Multilevel

Dependent variable lnNumFDI
5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t
lnNumFDI

5y

ij,t

Panel B: Multilevel regression
lnDegreeIN

i,t−5
 − 0.0343
(− 0.51)

lnDegreeOUT
j,t−5

0.612***
(5.42)

ln StrengthIN
i,t−5

0.059***
(19.75)

ln StrengthOUT
i,t−5

0.156***
(5.96)
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