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Abstract
Using data on Chinese outward direct investment and migrant stocks in 96 coun-
tries from 2003 to 2014, we find that migrant networks have a positive and signifi-
cant impact on cross-border mergers and acquisitions (M&A), but not on greenfield 
investment. The migrant network effect is more pronounced for multinationals with 
less experience in the host country, especially for initial entrants that face greater 
firm, industry, and country-level information frictions. These results are robust 
to various estimation methods, including an instrumental variable approach that 
addresses potential endogeneity concerns. Our findings demonstrate the importance 
of knowledge spillovers from migrant networks to multinationals for facilitating 
entry into new markets.
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1  Introduction

Studies have shown that social networks formed by ethnic ties and migration pro-
mote both international trade and foreign direct investment (FDI) (e.g., Rauch 2001; 
Gould 1994; Rauch & Trindade, 2002; Javorcik et  al., 2011). However, the chan-
nels through which these social networks facilitate international transactions are less 
well understood, especially in the context of FDI. Migrants may have an informa-
tion advantage or possess social capital that help foreign multinational enterprises 
(MNEs) overcome the barriers encountered in cross-border investment. However, 
such a comparative advantage may not be useful for all types of entry barriers alike, 
and may decay as MNEs learn from migrants and their own investment experience. 
Thus, this paper studies the impact of migrants in facilitating FDI and their dynamic 
roles in alleviating the entry barriers of multinationals.

We investigate this question using data on Chinese outward direct investment 
(ODI) and overseas Chinese migrant networks in 96 countries. Using regres-
sion analysis, we find that migrant networks, as measured by the stock of Chinese 
migrants, promote cross-border mergers and acquisitions (M&A) from China into 
the host country. To guard against omitted variable bias, we include a wide range 
of control variables. However, due to limited time variation in the migrant network 
size, the fixed effects model is not useful in this context to control for the unob-
served heterogeneity of host countries. Instead, we employ the correlated random 
effects (CRE) model. By explicitly modeling the correlation between the unobserved 
heterogeneity and time-varying regressors, the CRE model allows for the estimation 
of the effects of both the time-varying and time-invariant regressors (Wooldridge 
2010). This “hybrid” model thus provides a synthesis of the fixed effects and ran-
dom effects approaches.

Furthermore, we address endogeneity concerns by employing an instrumen-
tal variable (IV) approach. In the spirit of the shift-share instruments from Bartik 
(1991) and Burchardi et al. (2019), we employ the “leave-out push-pull” approach 
and construct an IV based on the interactions between the push factors from China 
and pull factors to the destination to rule out plausible sources of endogeneity. The 
IV estimation results confirm the positive impact of overseas migrants on cross-bor-
der M&A. Furthermore, we find no evidence that migrant networks are associated 
with greenfield FDI, an alternative entry mode in which firms set up new produc-
tion facilities abroad. Both modes of FDI may attract immigrants as they expand 
economic activities in the host country. However, the lack of a relationship between 
greenfield investment and migrants suggests that the result with respect to cross-
border M&A is less likely to be driven by reverse causality, in which capital flows 
would bring about cross-country labor movements.

To understand how migrant networks contribute to seal cross-border M&A deals, 
we first test their roles in transferring local knowledge to foreign MNEs. Differenti-
ating investors’ first deal in the global markets with their subsequent investments, we 
find evidence for a greater impact of migrant networks on the investment of MNEs 
with less experience abroad. The results, which are not driven by differences in the 
size of investments, demonstrate the importance of migrant networks in providing 
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information to foreign investors, and in particular, for entry into new markets. As 
MNEs accumulate local knowledge and experience, the role of migrant networks 
diminishes for subsequent investments, though it remains statistically significant. 
Moreover, the migrant network effect on M&A also falls when controlling for the 
cumulative experience of Chinese multinationals in the host country. This suggests 
that migrant networks serve as a substitute source of knowledge spillovers to Chi-
nese MNEs that have previously invested in the same destination.

Lastly, we investigate the role of migrant networks in alleviating information 
frictions at the firm, industry, and host-country levels. We show that the impact 
of migrant networks is larger for first-time entrants: (i) when either the acquirer 
or target company is not publicly listed, making information less transparent (e.g., 
financial information is not publicly disclosed); (ii) when the acquirer and target’s 
industries differ, so that the acquirer faces information asymmetry across indus-
tries; and (iii) in host countries with greater regulatory barriers due to business 
regulations and factor market frictions (e.g., labor market regulations and foreign 
ownership restrictions). Therefore, migrant networks are more valuable in environ-
ments with high investment barriers, whether informal or formal. Importantly, we 
do not find that migrants benefit inexperienced investors more when regulatory bar-
riers are low, which again is consistent with the idea of migrants generating knowl-
edge spillovers.

We focus on Chinese ODI in evaluating the heterogeneous roles of migrant net-
works for three reasons. First, Chinese ODI has grown rapidly from literally nothing 
to one of the world’s largest in the past two decades (see Sect. 2 and Fig. 1). Poli-
cies such as the “going out” strategy and the more recent Belt and Road Initiative 
have encouraged Chinese investment abroad, and this is expected to continue into 
the future. Moreover, with deal-level FDI data becoming available only relatively 
recently, the case of Chinese ODI presents an excellent opportunity to identify the 
investment experience of multinationals. At the start of China’s reforms in 1978, 
essentially all Chinese companies were operating only domestically. In contrast, the 
overseas expansion of firms from developed markets such as the US or Japan begins 
much earlier, making it difficult to track their initial entries precisely. Second, the 
surge in Chinese ODI reflects the common need of fast-growing emerging markets 
to secure long-term returns through external rebalancing, i.e., swapping low-yield 
international reserves for ODI. Lessons drawn from Chinese ODI practices may 
also be applicable to other countries with current account surpluses that accumulate 
foreign assets through an export-led growth strategy. Third, despite the increasing 
importance of capital and labor outflows from China, their comovement has largely 
been underexplored.1

1  Recent works have examined other determinants of Chinese ODI, such as domestic market frictions 
and trade and financial linkages (e.g., Chen & Tang 2014; Chen et al., 2019; Aizenman et al., 2018). The 
roles of migrant networks and different entry modes are not addressed in these studies.
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This paper mainly builds upon the literature on social networks and cross-border 
transactions. The link between ethnic or migrant networks and international trade 
has been demonstrated in various countries.2 In particular, the results of Rauch and 
Trindade (2002) indicate that Chinese ethnic networks provide market information 
on differentiated commodities, and Ottaviano et al. (2018) show that migrants can 
substitute for imported intermediate inputs in the UK service sectors. While stud-
ies have also found an impact of migrant networks on FDI (e.g., Buch et al., 2006; 
Javorcik et al., 2011), investment has generally been treated homogeneously.3 One 
exception is Burchardi et al. (2019), who find no difference between the investment 
of final goods and intermediate input producers, and along with other empirical 
support, also argue for the information channel of the migrant network effect. In 
particular, they construct and control for an index of information demand based on 
US county internet searches of celebrities in the migrants’ origin countries, and find 
this variable capable of explaining FDI without a residual direct effect of migrant 
networks.

We contribute to this literature by demonstrating the heterogeneity of the migrant 
network effect on FDI along various dimensions. In particular, we rely on intuitive 
decompositions of the estimation sample to analyze different types of information 
barriers that migrant networks may alleviate. The evidence presented here is consist-
ent with the idea that social networks transfer local knowledge to foreign entrants. 
This echoes with Azemar et al. (2012) that familiarity with host countries is a sig-
nificant driver of FDI allocation. Importantly, our results indicate a dynamic rela-
tionship between the cross-border movements of labor and capital, in which the role 
of migrant networks depreciates as MNEs accumulate knowledge and experience in 
foreign markets. Moreover, we show a heterogeneous impact across different types 
of information barriers associated with information asymmetry, regulatory obsta-
cles, and investors’ entry modes. These new findings have important policy impli-
cations for both home and host countries. For example, host countries may attract 
FDI in the form of cross-border M&A by relaxing restrictions on immigration, and 
increasing the availability and transparency of information associated with foreign 
investment. In particular, our results suggest that new entrants of M&A will be more 
responsive to such measures compared to experienced investors. Positive externali-
ties are generated in the home and host countries, with firms in the latter exposed to 
new technologies, management practices, and competition, leading to greater syner-
gies and enhanced productivity.

2  Earlier work includes Gould (1994), Head and Ries (1998), Combes et al. (2005), and Dunlevy (2006), 
who study the interaction of social networks and trade for US, Canada, France, and US, respectively. 
Some recent studies demonstrate causality by exploiting quasi-natural experiments (e.g., Steingress, 
2018; Cohen et al., 2017; Parsons & Vézina, 2018). In addition, Burchardi and Hassan (2013) study the 
economic performance of West Germans by examining their social ties to East Germany after the fall of 
the Berlin Wall.
3  Other work in this area includes Kugler and Rapoport (2007) and Bhattacharya and Groznik (2008). 
Gao (2003) and Tong (2005) show that overseas Chinese ethnic networks have a positive correlation 
with Chinese inward FDI and bilateral investment, respectively. Huang et al. (2013) also analyze Chinese 
inward FDI, but focus on the performance of industrial firms with investment originating from ethnically 
Chinese economies (Hong Kong, Macau, Taiwan) versus other countries.
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In addition to social networks, a growing body of research finds that inter-firm 
linkages are also a key source of knowledge spillovers. Chaney (2014) presents a 
dynamic theory in which established relationships in foreign markets allow export-
ers to learn about new potential markets and remotely search for customers in these 
locations. Related work, for example, by Fernandes and Tang (2014), provides the-
oretical and empirical support for the influence of geographic neighbors in firms’ 
export decisions.4 Like these spatial networks, the linkages of investors to social net-
works play a similar role in the transfer of knowledge to reduce the entry costs of 
cross-border transactions. We also show evidence consistent with learning dynamics 
in which the migrant network effect decays as MNEs accumulate knowledge and 
experience.

The rest of paper is organized as follows. We describe the data in Sect. 2 and the 
methodology in Sect. 3. Section 4 presents the empirical results, while Sect. 5 exam-
ines the heterogeneity of M&A to further understand the role of migrant networks in 
alleviating information frictions. Lastly, Sect. 6 concludes.

2 � Data

Transaction-level data on Chinese cross-border M&A are drawn from Thomson-
Reuters Security Data Company (SDC) Platinum. With comprehensive coverage 
of global M&A activity, this database has commonly been used for the analysis of 
cross-border investment (e.g., Rossi & Volpin 2004; di  Giovanni, 2005; Head & 
Ries, 2008; Huang & Kisgen, 2013).5 Our sample contains 1198 deals from China 
between 2003 and 2014. We choose 2003 as the initial year for two reasons. First, 
Chinese outward M&A only begins to grow significantly in the 21st century, with 
observed aggregate values exceeding 1.5 billion USD from 2003 onwards. Second, 
we compare our results for M&A to greenfield FDI below, for which data is avail-
able since 2003.

Figure 1a plots the aggregate number and observed value of cross-border M&A 
with Chinese MNEs as the acquiring companies. Both are clearly rising rapidly over 
this period of time. For example, the number of acquisitions from China is 4.65 
times larger in 2014 (186 transactions) than 2003 (40). This trend is not unique to 
China, and is shared by other developing countries (Appendix Fig. 2a). In contrast, 
investment from developed markets exhibits no strong rising trends over these years 
(Appendix Fig. 2b).

4  Similarly, Kamal and Sundaram (2016) find that foreign importers are more likely to establish trade 
partnerships with local exporters that are in the same neighborhood of their previous partners. Bisztray 
et al. (2018) document evidence that firms also learn from their peers to import.
5  Transaction values are not always reported due to confidentiality, so we mainly focus on the exten-
sive margin and the counts of M&A deals. UNCTAD (2017) also maintains a database of (non-bilateral) 
cross-border M&A purchases at the country level. For both the number and value of Chinese M&A pur-
chases, SDC Platinum and UNCTAD (2017) are highly correlated at 0.91 and 0.85, respectively. SDC 
Platinum captures 38 to 80% of the number of M&A deals annually in UNCTAD (2017), and 42 to 276% 
of the value.



952	 J. M. L. Chan, H. Zheng 

1 3

In Fig. 1b, we classify deals based on investors’ experience abroad. One group is 
comprised of companies’ first M&A deal overseas, and the second group includes 
all subsequent acquisitions. At the outset of China’s reforms in 1978, Chinese firms 
were focused on the domestic market. Because information from SDC Platinum 
dates back to 1981, we are able to essentially track the full history of firms’ invest-
ment abroad. Thus, we aggregate first and subsequent entry separately for each 
acquirer. Figure  1b indicates that, in terms of the number of acquisitions, initial 
entrants are more common, as an overall 74% of M&A deals are completed by first-
time investors. Moreover, the number of investment projects from companies with 
no experience abroad increases relatively more than that of experienced investors.

Our key explanatory variable is the overseas Chinese migrant network, and we 
use the stock of Chinese migrants in the host country (in logarithms) as our baseline 
measure (e.g., Javorcik et  al. 2011). Data on bilateral migrant stocks are obtained 
from the United Nations (UN) Global Migration Database, available every five years 
from 1990 to 2015, with an additional year in 2013.6 For the years in which migra-
tion data are unavailable, we carry forward the value of the migrant stock until new 
data becomes available. For example, the Chinese migrant stock in 2006 to 2009 
takes the same value as 2005. Because the growth of migrants occurs gradually, 
results are similar if we use linear interpolation instead. As robustness, we also con-
sider the Chinese migrant share, i.e., the number of Chinese migrants normalized by 
the host country’s total population.

Fig. 1   a The number and observed value of cross-border M&A deals from China; b the number of first 
and subsequent cross-border M&A deals from China

6  As stated in database documentation: “Most of the data used to estimate the international migrant 
stock by country or area were obtained from population censuses. Additionally, population registers and 
nationally representative surveys provided information on the number and composition of international 
migrants. In estimating the international migrant stock, international migrants have been equated with 
the foreign-born population whenever this information is available, which is the case in most countries 
or areas.” More information is available at http://​www.​un.​org/​en/​devel​opment/​desa/​popul​ation/​migra​tion/​
data/​estim​ates2/​estim​ates15.​shtml. Gao (2003) and Tong (2005) study the relationship between Chinese 
ethnic networks abroad and aggregate FDI using data on ethnic Chinese populations in 1990. For the 
overlapping year of 1990, the correlation between the population of ethnic Chinese and Chinese migrants 
from the UN database is high (0.68).

http://www.un.org/en/development/desa/population/migration/data/estimates2/estimates15.shtml
http://www.un.org/en/development/desa/population/migration/data/estimates2/estimates15.shtml
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In our regressions, we control for a comprehensive set of host-country character-
istics that may influence FDI and migration. These include traditional gravity vari-
ables like market size (i.e., GDP), income level (i.e., GDP per capita), population, 
geographic distance, common language, and a free trade agreement between China 
and the host country. Data are obtained from the World Bank World Development 
Indicators (WDI), CEPII, and de Sousa (2012). Also from the WDI database, we 
draw data on trade openness, defined as the ratio of exports plus imports to GDP 
(e.g., Blonigen & Piger, 2014). To capture the market’s potential, we use the growth 
rate of real GDP in the host country from the WDI database (e.g., Huang & Wang, 
2013). The resource-seeking motives of Chinese ODI are controlled for by natural 
resource endowment, defined as agricultural raw materials, fuel, ores and metals 
exports as a share of merchandise exports (e.g., Cheung & Qian, 2009). Further-
more, we capture financial development with the private credit-to-GDP ratio (e.g., 
Desbordes & Wei, 2017). Lastly, following Bekaert et al. (2004), the sum of corrup-
tion, law and order, and bureaucratic quality indices from the International Country 
Risk Guide (ICRG) is used as a measure of institutional quality.

In our baseline estimation sample, we exclude Hong Kong, a special adminis-
trative region (SAR) of China.7 The statistics of this city are recorded separately 
from mainland China. As is well-known, there is substantial economic interaction 
between the two places, and importantly, the size of the Chinese migrant network in 
Hong Kong is also very large. Specifically, the Chinese migrant stock ranges from 
1.9 to 2.3 million over our sample period, corresponding to 28 to 32% of its popula-
tion. Hence, there may be concerns that Hong Kong is a potential outlier. Summary 
statistics for our baseline sample are provided in Appendix Table 9.

3 � Estimation strategy

Following the literature on the determinants of international trade and FDI (e.g., 
Bénassy-Quéré et al., 2007; Blonigen & Piger, 2014), we estimate a simple gravity 
model for outward cross-border M&A from China:

where MAit is the number of Chinese M&A deals in host country i at year t.8 A posi-
tive � would be evidence in support of overseas migrant networks facilitating cross-
border investment. To guard against omitted variable bias, the vector Xi,t−1 includes 
control variables listed previously in Sect. 2. To mitigate the concern of reverse cau-
sality, we lag all the time-varying explanatory variables by one year (e.g., Chang 

(1)log(MAit) = � + �Migrant networki,t−1 + Xi,t−1� + ct + �it,

7  The other SAR of China, Macau, and tax havens like British Virgin Islands and Cayman Islands are 
excluded because missing data on the control variables.
8  Although the M&A data are available at the deal level, we are interested in the overall pattern of FDI 
flows and not just the size of the investment project for individual firms. Hence, we aggregate the M&A 
data by host country as the outcome variable. However, the detailed deal-level information allows us to 
decompose M&A by different characteristics and explore the channels through which migrant networks 
facilitate foreign investment.
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2014). Time dummies ct (i.e., year fixed effects) capture time-varying shocks com-
mon across destinations, and �it is the error term.

For each host country, the limited time variation of Migrant network precludes us 
from estimating its impact precisely when host-country fixed effects ci are included 
in Eq. (1). While the explanatory variable is not time invariant per se, the average 
standard deviation of the stock of Chinese migrants across years within a country 
(0.31) is much smaller than the cross-sectional standard deviation (2.33). The within 
estimate from a fixed effect model would not be very informative on the impact of 
migrant networks, especially across host countries. Therefore, we instead exploit the 
cross-sectional variation for our econometric analysis, and treat Migrant network as 
a time-invariant variable. In order to estimate the migrant network effect, and at the 
same time, control for unobserved country-level heterogeneity, we employ the cor-
related random effects (CRE) model. Also known known as the hybrid model, the 
CRE model unifies the fixed effects and random effects approaches (Joshi & Wool-
dridge, 2019). First, we rewrite Eq. (1) with host country-level unobserved heteroge-
neity ci as:

where X1,i,t−1 are the time-varying, or so-called “level 1”, variables, which include 
all time-varying control variables and time dummies ct . Meanwhile, X2,i contains 
the time-invariant (i.e., “level 2”) variables, namely, the constant, all time-invariant 
control variables, and for the purposes of the estimation, Migrant network.

Mundlak (1978) shows that by adding the time averages of the time-varying 
covariates, the fixed effects estimates of X1,i,t−1 can be reproduced. In particular, 
this assumes that unobserved heterogeneity ci is correlated with the time-varying 
observables:

where X1,i is the time averages of X1,i,t−1 , and ai is interpreted as unobserved hetero-
geneity that is uncorrelated with the covariates. Substituting Eq. (3) into Eq. (2), we 
have

Because ai is assumed to be uncorrelated with the covariates, Eq. (4) can be esti-
mated with a standard random effects model. Hence, the CRE approach is an inter-
mediate between the fixed effects and random effects models. It allows for the esti-
mation of time-invariant covariates X2,i (including Migrant network), while at the 
same time controlling for unobserved heterogeneity and providing the fixed effects 
estimates of the time-varying covariates.

Importantly, Allison (2005), Papke and Wooldridge (2008), Wooldridge (2010), 
and Cameron and Trivedi (2013) show that the CRE approach works with both 
linear and nonlinear models. Because we have count data on the number of M&A 
deals, in addition to OLS, we use both a Poisson regression model and a negative 
binomial model. The latter is also commonly used for analyzing count data (e.g., 

(2)log(MAit) = X1,i,t−1�1
+ X2,i�2

+ ci + �it,

(3)ci = � + X1,i� + ai,

(4)log(MAit) = X1,i,t−1�1
+ X2,i�2

+ � + X1,i� + ai + �it.



955

1 3

FDI on the move: cross‑border M&A and migrant networks﻿	

Cameron & Trivedi, 2009; Greene, 2012), including in international economics 
(e.g., Blonigen & Lee 2016), and may be potentially more efficient than the Poisson 
model (Cameron & Trivedi, 2013). Furthermore, Wooldridge (2019) demonstrates 
that the CRE approach works even when the sample is unbalanced.

4 � Empirical results

4.1 � Migrant networks and cross‑border M&A

We begin by estimating Eq. (1) for our sample of 96 host countries. Table 1 shows 
a positive and statistically significant association between the size of the overseas 
Chinese migrant network and the number of cross-border M&A deals from China. 
In columns 1 and 2, we estimate our gravity model with OLS, with the former hav-
ing the constant 1 added to the count of M&A transactions. Columns 3 and 4 instead 
fit the Poisson and negative binomial models, respectively. We have included a wide 
range of control variables in the regressions to mitigate omitted variable bias. In 
particular, we find strong correlations across the specifications between the number 
of deals received and the host country’s natural resource abundance and institutional 
quality.

Next, in Table 2, we estimate the CRE (i.e., hybrid) model and demonstrate that 
the results are generally robust even after taking into account the host countries’ 
unobserved heterogeneity. Thus, we estimate Eq. (4) with OLS, as well as the Pois-
son and negative binomial models. The regressions include all the control variables, 
time dummies for year fixed effects, and time averages of the time-varying covari-
ates (including time averages of the time dummies, see Wooldridge (2019)).9 In 
Panel A, we find positive and statistically significant coefficients in three out of the 
four columns. Although imprecisely estimated, the migrant network effect is also 
observed with the Poisson model. In column 4, using the negative binomial model, 
we find that all else equal, a 1% increase in the Chinese migrant network size raises 
the number of M&A deals to the host country by approximately 0.233%. In Panel B, 
we show that similar results are obtained when the potential outlier of Hong Kong 
is included in the sample. As expected, given the high correlation of bilateral eco-
nomic activity between Hong Kong and mainland China as well as the large number 
of Chinese migrants living in Hong Kong, the estimated effects are slightly larger in 
magnitude. In Panel C, we employ an alternative measure of the migrant network, 
namely, the Chinese share of migrants (i.e., the number of Chinese migrants divided 
by host-country population). Across all four columns, the coefficient on our regres-
sor of interest is positive and statistically significant.

9  Standard errors are clustered by host country for the linear and Poisson models to allow for the correla-
tion of error terms across years within each destination. For the negative binomial model, the estimation 
of clustered standard errors in Stata is not currently feasible with the CRE approach (see the documenta-
tion of the xtnbreg command). However, as noted by Cameron and Trivedi (2009, p. 627), using the 
negative binomial model “may lead to improved efficiency in estimation and a default estimate of the 
VCE ([variance-covariance matrix of the estimates]) that should be much closer to the cluster-robust esti-
mate of the VCE, unlike the Poisson panel commands.”
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For our baseline CRE model in Table 2 Panel A, we present the full results with 
the coefficients of all covariates in Appendix Table 10. For comparison, in Appen-
dix Table  11, we also estimate the CRE model by treating Migrant network as a 
time-varying covariate. Thus, this particular specification includes the time-aver-
aged variable, Migrant network , which captures the cross-sectional variation across 
host countries. Under this alternative approach, the coefficient of Migrant network 
provides the within estimate, and the coefficient of Migrant network the between 
estimate. Appendix Table 11 shows statistically insignificant coefficients on Migrant 
network, but positive and statistically significant coefficients on Migrant network 

Table 1   OLS, Poisson, and negative binomial regression estimates

All time-variant explanatory variables are lagged by one year. Standard errors in parentheses are clus-
tered by host country in all columns. ***, **, * denote significance level at 1%, 5% and 10% respectively

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA + 1 (log) MA MA MA

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

Migrant network 0.114*** 0.212*** 0.387*** 0.334***
(0.011) (0.056) (0.069) (0.089)

(log) GDP 0.548 −0.557 −0.564 −0.224
(0.385) (1.830) (2.584) (2.184)

(log) GDP per capita −0.537 0.532 0.874 0.528
(0.386) (1.842) (2.592) (2.191)

(log) Population −0.474 0.700 0.997 0.781
(0.387) (1.842) (2.605) (2.203)

(log) Distance 0.080** 0.168 0.142* 0.052
(0.033) (0.113) (0.080) (0.119)

Common language 0.464*** 0.280 0.870 0.520
(0.131) (0.302) (0.557) (0.432)

Free trade agreement −0.182*** −0.202 −0.501 −0.360
(0.066) (0.218) (0.308) (0.310)

Trade openness 0.036 0.070 0.142 0.384*
(0.041) (0.151) (0.218) (0.233)

Natural resources 0.215*** 0.776 1.661*** 1.675***
(0.064) (0.465) (0.476) (0.537)

GDP growth rate 0.006 0.019 0.031 0.035
(0.005) (0.029) (0.024) (0.025)

Financial development 0.158*** −0.016 −0.147 0.177
(0.049) (0.205) (0.247) (0.249)

Institutional quality 0.027*** 0.085* 0.165*** 0.127**
(0.009) (0.047) (0.056) (0.059)

Year FE Y Y Y Y
N 966 248 966 966
R2 0.46 0.48
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across all four estimation methods, including the Poisson model. Therefore, as 
expected, it is the cross-sectional variation across host countries that is driving the 
observed migrant network effect in our baseline estimates from Table  2. Keeping 
this interpretation of our results in mind, we continue treating Migrant network as a 
time-invariant variable.

4.2 � Robustness

In Table 3, we conduct a series of robustness checks to confirm the positive associa-
tion between migrant networks and cross-border M&A. First, in Panel A, we com-
bine the outbound deals of China and Hong Kong, which are counted separately 
in SDC Platinum. Hong Kong is a platform from which many mainland Chinese 
companies invest abroad, so deals from this city may also benefit from the presence 
of the (mainland) Chinese migrants in the host country. For both the Poisson and 
negative binomial models, we obtain smaller coefficients compared to Table 2 Panel 

Table 2   Estimates using the correlated random effects model

The set of control variables is described in the text. Standard errors in parentheses are clustered by host 
country in columns 1 to 3. ***, **, * denote significance level at 1%, 5% and 10% respectively

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA+1 (log) MA MA MA

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

Panel A: Baseline estimates
Migrant network 0.072*** 0.137* 0.176 0.233***

(0.025) (0.073) (0.275) (0.070)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 248 966 966
Panel B: Including Hong Kong
Migrant network 0.074** 0.161* 0.241 0.276***

(0.028) (0.097) (0.199) (0.071)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 978 260 978 978
Panel C: Alternative measure of the migrant network
Chinese share of migrants 0.372*** 0.247*** 0.331*** 0.337***

(0.099) (0.071) (0.116) (0.119)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 248 966 966
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Table 3   Robustness checks

The set of control variables is described in the text. Standard errors in parentheses are clustered by host 
country in all columns. ***, **, * denote significance level at 1%, 5% and 10% respectively

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA+1 (log) MA MA MA

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

Panel A: Aggregating China and Hong Kong FDI
Migrant network 0.075** 0.153** 0.078 0.167***

(0.035) (0.070) (0.417) (0.057)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 361 966 966
Panel B: Subtracting recent flows
Migrant network−Flows 0.078*** 0.219*** 0.201 0.222***

(0.024) (0.067) (0.193) (0.068)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 923 233 923 923
Panel C: Industry-level regressions
Migrant network 0.009* 0.060* 0.176 0.169**

(0.005) (0.030) (2.947) (0.068)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 9,660 449 9,660 9,660
Panel D: Other countries’ FDI
Migrant network 0.011 −0.003 0.013 0.008

(0.052) (0.053) (0.053) (0.024)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 940 966 966
Panel E: Taiwanese migrant network
Taiwanese migrant network 0.021 −0.001 −0.016 −0.005

(0.020) (0.033) (0.034) (0.031)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 248 966 966
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A. This may suggest that migrants from mainland China are slightly less helpful for 
investors from Hong Kong.

Next, in Panel B, we demonstrate robustness and alleviate concerns of reverse 
causality by subtracting recent flows of Chinese migrants from their stocks in the 
host countries. Data on the bilateral flows of migrants are obtained from Abel and 
Cohen (2019). Employing the same UN Global Migration Database, the authors 
apply six different methods to compute bilateral migration flows between 1990 and 
2015. For instance, one method is stock differencing, in which the bilateral stock at 
one point in time is subtracted by the lagged stock. However, this simple method 
has difficulties with, for example, reconciling negative flows. Instead, we rely on the 
flow measure computed by Abel and Cohen (2019) using a demographic account-
ing approach in a closed system, with a pseudo-Bayesian method to estimate miss-
ing flows. Based on their validation exercises, this is one of their two preferred 
approaches. In particular, it improves upon methods such as stock differencing 
by estimating migration flows to match changes in the reported bilateral stocks of 
migrants, and births and deaths (Abel & Cohen, 2019). If the direction of causality 
is reversed, such that ODI drives migration, then the migrant stock would rise due 
to the influx of new migrants into the host country. Hence, we can mitigate concerns 
of reverse causality by subtracting recent Chinese migration flows (i.e., in the last 
5 years) from the Chinese migrant stock. This alternative measure of the migrant 
network, denoted as Migrant network−Flows , is based on its historical size. In Panel 
B, the migrant network effect remains robust with a comparable magnitude. Simi-
lar qualitative results are also obtained with the other five methods from Abel and 
Cohen (2019); these are available upon request.

In Panel C, we conduct our analysis at the industry level to show that our results 
are not driven by the industry composition of M&A across host countries. In the 
CRE model, “level 1” is now defined at the host country-industry level, so we aver-
age the covariates over time within country-industry pairs. We classify transactions 
into one of ten divisions in the SIC codes hierarchy. Because many more regres-
sors must now be included in the regression, we use this rather broad classification. 
However, we note the negative binomial model delivers a similar finding when we 
utilize a narrower 2-digit SIC industry classification. Panel C confirms that the posi-
tive relationship between migrant networks and cross-border M&A is also observed 
at the industry level.

To demonstrate that our results are not driven by the spurious correlation of 
migration and FDI from all origin countries, we show that Chinese migrants are not 
positively associated with the ODI from other countries into the host nation. Thus, 
in Panel D, we replace the dependent variable with non-Chinese cross-border M&A 
in the host country. Indeed, the effects are weak and statistically insignificant, which 
suggests that Chinese migrants serve as information networks for investment from 
China only.

Instead of examining non-Chinese FDI, in Panel E, we consider migrants from 
another country. Specifically, we replace the network of migrants from main-
land China with the Taiwanese migrant network. This tests the idea that Taiwan-
ese migrants may play the same role as the mainland Chinese migrants in the host 
country, given the two countries share a common language and cultural similarities. 
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While Taiwan is not included in the UN Global Migration Database, it is part of 
the World Bank Global Bilateral Migration Database, available every 10 years from 
1960 to 2000. Because we mainly exploit the cross-sectional variation for our analy-
sis and there is generally strong correlation between the past and current migrant 
network size, we use data from the year 2000. In Panel E, the estimated coefficients 
of the Taiwanese migrant network are small in magnitude and statistically insignifi-
cant. This implies that there are barriers and obstacles that are specific to Chinese 
investors, and the Taiwanese migrants are not helpful in alleviating them. For exam-
ple, the Chinese investors may be impeded by difficulties in access to finance or 
differences in regulations between the host country and China. We show evidence of 
such channels in Sect. 5.3.

4.3 � Endogeneity and an instrumental variable approach

Thus far, we have documented a positive and significant relationship between 
migrant networks and M&A from China in the host country. Besides controlling 
for a number of host-country characteristics to mitigate omitted variable bias, we 
have employed the CRE model to account for host-country unobserved heteroge-
neity. However, one may still be concerned with potential endogeneity. To address 
these concerns, we take two approaches. First, we use an instrumental variable (IV) 
approach to formally tackle potential endogeneity issues. Second, we explore the 
relationship between migrants and Chinese greenfield ODI, an alternative entry 
mode. If our main finding is instead driven by Chinese ODI promoting migration 
to the host country, one would expect a positive relationship between any mode of 
Chinese ODI and its overseas migrant networks. Otherwise, we provide evidence 
inconsistent with reverse causality. Indeed, we show below that there is no impact 
of Chinese migrants on Chinese greenfield ODI, even when we instrument for the 
migrant network in our regressions.

4.3.1 � Instrumental variable approach

We address concerns of endogeneity here using an IV approach. In particular, we 
construct an instrument for Migrant network, i.e., the logarithm of the Chinese 
migrant stock in the host country, by predicting the migrant stock from the interac-
tion of push and pull factors. Exogenous variation is introduced by exploiting global 
bilateral migration flows. The computation of the level of the predicted migrant 
stock is similar in spirit to the shift-share instrument of Bartik (1991), and the ratio 
of the contemporaneous to lagged migrant stock may be decomposed as an inner 
product of two terms (Goldsmith-Pinkham et al. 2020). However, we take the loga-
rithm of the predicted migrant stock, and therefore, the construction of our instru-
mental variable most closely resembles the “leave-out push-pull” approach in Bur-
chardi et al. (2019).10

10  We found that directly applying the method of Burchardi et al. (2019) here yields extreme predictions 
of migrant stocks. This is in part due to the decreasing stocks observed in some countries, so that their 
migrant stocks, which were already small to begin with, turned negative in the predictions.
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More formally, the level of the Chinese migrant stock in country i at year t, 
MigrantCHN

i,t
 , can be written as the migrant stock in year t − 1 times one plus the 

growth rate, or equivalently:

where ΔMigrantCHN
i,t

 represents the migration flow from China to host country i. 
Thus, the growth rate of the migrant stock is decomposed into a push factor ( ̃Pushi,t ) 
that encourages labor movement out of China, and a pull factor ( ̃Pulli,t ) that attracts 
migration to country i in comparison to other destinations. The former is captured 
by the growth rate of the global Chinese migrant stock, and the latter by the growth 
rate of Chinese migrants in i relative to the world. However, to alleviate endogene-
ity concerns of China-destination-specific factors that drive movements in labor and 
capital, we employ the “leave-out” approach. Hence, we modify Eq. (5) for the con-
struction of our IV and instead define the push and pull factors as:

The negative sign of −i denotes all countries other than i. Hence, we associate the 
push factor to conditions in China but not i, and likewise, the pull factor with i 
but not China. Furthermore, we follow Burchardi et  al. (2019) and rule out plau-
sible sources of endogeneity by interacting Pushi,t with Pulli,t . Thus, the predicted 
migrant stock is:

With negative migration growth rates Pushi,t from China, a destination country 
with a stronger pull factor should lose fewer migrants compared to other destina-
tions, so we divide Pushi,t by Pulli,t in this case. We recursively apply Eq.  (6) to 
predict migrant stocks. As with all methods that rely on the shift-share strategy, ini-
tial values must be chosen. We set initial values at a 40-year lag by supplement-
ing our data with the World Bank Global Bilateral Migration Database, available 
from 1960 to 2000 at 10 year intervals.11 For comparison, Javorcik et  al. (2011) 

(5)MigrantCHN
i,t

= MigrantCHN
i,t−1

×

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎝

1 +
ΔMigrantCHN

WLD,t

MigrantCHN
WLD,t−1

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
P̃ushi,t

×

ΔMigrantCHN
i,t
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i,t−1
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⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟
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⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎠

,

Pushi,t ≡
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−i,t

MigrantCHN
−i,t−1

, and Pulli,t ≡

(
ΔMigrant−CHN

i,t

Migrant−CHN
i,t−1

)
÷

(
ΔMigrant−CHN

WLD,t

Migrant−CHN
WLD,t−1

)
.

(6)�Migrant
CHN

i,t
=

⎧⎪⎨⎪⎩

MigrantCHN
i,t−1

×

�
1 + Pushi,t × Pulli,t

�
if Pushi,t > 0,

MigrantCHN
i,t−1

×

�
1 +

Pushi,t

Pulli,t

�
otherwise.

11  While the UN and World Bank datasets are not identical, the correlation between them is extremely 
high for the overlapping years of 1990 and 2000 at 0.98.
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employ the migrant stock lagged by 30 years as one of the primary instrumen-
tal variables in their analysis. With an even longer gap in time between the initial 
values and our estimation sample, we can also likely rule out reverse causality in 
which past FDI determines the historical migrant stock.12 Therefore, the exclusion 
restriction is plausibly valid given the combination of a lengthy interval between 
the initial and current values and the variation introduced subsequently through the 

push and pull factors as described. We use the logarithm of M̂igrant
CHN

 , denoted by 
̂Migrant network , as the instrument for the regressor Migrant network.

Using this instrumental variable, we apply the control function approach to 
estimate both the linear OLS model as well as the nonlinear Poisson and negative 
binomial models (Wooldridge 2015). The control function approach is a two-step 
estimation procedure. In the first step, we regress the endogenous variable Migrant 
network on the instrument ̂Migrant network (i.e., the predicted migrant network) and 
the exogenous variables to obtain the reduced form residuals. In the second step, we 
regress the number of M&A deals on the exogenous variables and predicted residu-
als from the first step. It is well known that for linear models, the control function 
method yields coefficients for the second-stage regressors that are numerically iden-
tical to the two-stage least squares (2SLS) estimates (Hausman, 1978; Wooldridge, 
2015). However, the control function approach can be adapted to the case where the 
second step uses a nonlinear model, including the Poisson and negative binomial 
models.

Table 4 Panel A presents both the first and second-stage estimates. The dependent 
variable in the first-stage regression is Migrant network, the (log) Chinese migrant 
stock. Because the first stage employs a linear model, the results in columns 1, 3, 
and 4, which have the same sample size, are identical. They show that our IV, the 
predicted Chinese migrant network, is significantly correlated with the endogenous 
variable, the actual Chinese migrant network. Importantly, the second-stage IV 
results corroborate our main findings for the impact of migrant networks on cross-
border M&A. Test diagnostics are reported for the linear models in columns 1 and 
2. First, from the Lagrange Multiplier (LM) test for underidentification, the p-values 
associated with the Kleibergen-Paap rk statistic are less than 0.01, which suggests 
that the IV is relevant. Next, the weak identification test yields large Cragg-Donald 
Wald F statistics and Kleibergen-Paap rk Wald F statistics, which reject the null 
hypothesis that the proposed IV is only weakly related with the endogenous vari-
able. In Appendix Table 12, we perform an overidentification test using the compo-
nents of our constructed instrument as separate IVs, namely the (log) 1960 Chinese 
migrant stock and the interaction of the push and pull factors. The p-values asso-
ciated with the Hansen J statistics are large and above the threshold of 0.1. Thus, 

12  Although Chinese outward investment only rises significantly at the turn of the 21st century, the over-
seas Chinese community had been growing long before that, in particular, after restrictions on emigration 
were lifted in 1860 (Skeldon 1996). Notable examples of mass migration from China can be traced to 
labor shortages, including the gold rush in US and Australia, and the development of British colonies in 
Southeast Asia. Due to such labor market shocks, communities were established, forming the Chinese 
diasporas observed today.
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Table 4   Instrumental variables estimates

The set of control variables is described in the text. Standard errors in parentheses are clustered by host coun-
try in columns 1 to 3. ***, **, * denote significance level at 1%, 5% and 10% respectively. p-values associated 
with the Kleibergen-Paap rk Lagrange Multiplier statistic for the underidentification test are reported

Estimation method OLS OLS Poisson Negative 
binomial

Panel A: 2SLS and control function approach estimates

Stage I dependent variable Migrant network 

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

Predicted migrant network 0.193*** 0.180*** 0.193*** 0.193***
(0.048) (0.039) (0.048) (0.048)

Controls and time dummies Y Y Y Y

Stage II dependent variable (log) MA+1 (log) MA MA MA

Migrant network 0.219*** 0.347** 0.622*** 0.603***
(0.062) (0.149) (0.144) (0.177)

Controls and time dummies Y Y Y Y
N 943 245 943 943

Shea partial R 2 0.19 0.27

Underidentification test (p-value) < 0.01 < 0.01
Cragg-Donald Wald F stat 217.9 80.33
Kleibergen-Paap rk Wald F stat 16.48 21.71

Panel B: CRE2SLS and control function estimates

Stage I dependent variable Migrant network 

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

Predicted migrant network 0.471** 0.248 0.471** 0.471**
(0.235) (0.222) (0.235) (0.235)

Predicted migrant network −0.245 −0.073 −0.245 −0.245

(0.251) (0.235) (0.251) (0.251)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dum-

mies
Y Y Y Y

Stage II dependent variable (log) MA+1 (log) MA MA MA

Migrant network 0.085 0.803 1.246** 1.135***
(0.111) (0.945) (0.538) (0.405)

Predicted migrant network 0.026 −0.098 −0.195 −0.145

(0.026) (0.167) (0.129) (0.096)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dum-

mies
Y Y Y Y

N 943 227 943 943
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we are unable to reject the null hypothesis that these two instruments are valid and 
uncorrelated with the error term. This lends support for the validity of the predicted 
migrant network as an instrument, since it is constructed from these variables.13

In Panel B, we further control for the unobserved heterogeneity of host countries 
by extending the CRE approach to allow for IV estimation. Hence, this mitigates 
the concern that destination-specific factors are driving current FDI and the histori-
cal migrant stock in 1960. Papke and Wooldridge (2008) and Joshi and Wooldridge 
(2019) show that the CRE approach works even with endogenous explanatory var-
iables by relying on the the control function approach. Now, in the first step, we 
regress Migrant network on the instrument ̂Migrant network , the exogenous vari-
ables X1,i,t−1 and X2,i excluding Migrant network, and the time averages of all regres-
sors. The residuals from this first stage are obtained. In the second step, we include 
as regressors in Eq. (4) the first-stage residuals, as well as the time average of the 
instrument, and estimate the equation using a random effects model. For linear mod-
els, the CRE2SLS estimates are also identical to those from a fixed effects 2SLS 
(i.e., FE2SLS) model (Joshi & Wooldridge, 2019).

In the linear second-stage models of Panel B columns 1 and 2, the impact of 
the migrant network is positive but imprecisely estimated. In columns 3 and 4, we 
apply the same control function approach for the nonlinear second-stage model to 
take into the count nature of the dependent variable. For both the Poisson and nega-
tive binomial models, we find that the overseas Chinese migrant network is indeed 
a strong determinant of the number of cross-border M&A deals from China, even 
after accounting for the unobserved heterogeneity of host countries. In particular, 
with the negative binomial model, the migrant network effect is statistically signifi-
cant at the 1% level.

4.3.2 � Greenfield ODI

Besides the IV strategy, we also explore the relation between migrant networks and 
greenfield ODI to further address the issue of reverse causality. If the positive rela-
tionship between migrant networks and cross-border M&A is driven by reverse cau-
sality, such that Chinese ODI promotes Chinese migration, then one might expect 
the same positive relationship with greenfield ODI. As the alternative mode of FDI, 
greenfield investment involves setting up new production facilities in the host coun-
try, and multinationals may send staff from the home country to support these new 
operations. Therefore, if the direction of causality is reversed, with FDI instead driv-
ing migration, we would expect to find it with greenfield investment as its correla-
tion with cross-country labor movements is likely stronger. Such a finding would 
challenge our previous results. While the absence of a relationship between migrant 
networks and greenfield ODI cannot prove that there is no reverse causality with 
respect to cross-border M&A, it would mitigate this concern and imply that Chinese 
ODI is unlikely to be driving aggregate labor movements abroad.

13  We are also unable to reject the null hypothesis of the overidentification test when the predicted 
migrant network and, for example, the destination pull factor are used as instruments.
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To investigate this possibility, we obtain transaction-level data for Chinese green-
field ODI from Financial Times Ltd. fDi Markets, and as with the M&A data, aggre-
gate it by host country for the dependent variable.14 Moreover, we restrict the analy-
sis to the same set of host countries for comparability to the previous findings. For 
the remainder of this paper, results from the negative binomial regression are pre-
sented. However, similar conclusions are drawn with the Poisson model as shown in 
Appendix Table 13.

Table  5 shows that, across all columns, the relationship between migrant net-
works and greenfield ODI is insignificant and economically indistinguishable from 
zero. Column 1 shows the baseline result, while column 2 demonstrates robustness 
using the alternative measure of the Chinese share of migrants. Column 3 presents 
the host country-industry level regression, and column 4 employs the same IV strat-
egy as above. Thus, we find no evidence from Table  5 that Chinese migrant net-
works impact Chinese greenfield ODI. This suggests that reverse causality is not 
a strong concern. If past investment drives both current investment and migration, 
then a positive relationship should be observed between the presence of migrant 
networks and all modes of FDI, not M&A alone. However, no such relationship is 
found with greenfield investment from China.

Table 5   Overseas Chinese migrant networks and greenfield ODI

The set of control variables is described in the text. Column 4 presents the second-stage regression 
results with the predicted migrant network as the instrument using the control function approach. ***, 
**, * denote significance level at 1%, 5% and 10% respectively

Estimation method Negative binomial

Instrument Predicted 
migrant 
network

Dependent variable GF

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

Migrant network 0.053 0.070 −0.246
(0.046) (0.044) (0.232)

Chinese share of migrants 0.009
(0.112)

Predicted migrant network 0.054
(0.059)

Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
Industry dummies N N Y N
N 966 966 9,660 943

14  UNCTAD (2017) and Davies et al. (2018) use the same dataset for analyzing global greenfield invest-
ment.
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In theory, migrant networks may also play a role in facilitating greenfield invest-
ment. However, we do not find empirical evidence of this in the case of Chinese 
greenfield ODI. Even though both modes of FDI are conducted to gain access to a 
foreign market, the entry barriers that greenfield and M&A FDI face can be quite 
different. Hence, this may lead to the heterogeneous roles of migrant networks on 
FDI. While both greenfield investment and cross-border M&A allow firms to expand 
across national boundaries, the latter differs in that it also crosses organization 
boundaries. Because M&A involve the transfer of ownership, there are many prob-
lems associated with negotiation, bargaining, and contract enforcement that are not 
present in greenfield investment. In addition to the costs of searching for an appro-
priate target, sealing a cross-border M&A deal requires skills in communication and 
execution, and a sophisticated understanding and information about the capabili-
ties, preferences, and potential synergies of both the target’s and the acquirer’s busi-
nesses. After the deal is completed, daily business operations also benefit greatly 
from knowledge about the local markets. For instance, connections to local suppliers 
can be important and understanding local preferences is key for marketing. Migrants 
are better at extracting relevant information through their networks or connections 
with local investors and processing them efficiently, which help multinational inves-
tors overcome the information barriers. In these aspects, cross-border M&A requires 
more intensive information than greenfield investment and may therefore rely more 
on migrant networks. Furthermore, while greenfield investment creates job oppor-
tunities and technology spillovers at new production facilities, cross-border M&A 
tends to be associated with little job creation and absorbs technology from acquired 
companies. Hence, host countries generally welcome greenfield investment more 
than M&A (UNCTAD, 2014). Governments may also restrict foreign acquisitions 
due to concerns of national security, job loss, and the protection of firms in strategic 
industries (UNCTAD, 2017; Bertrand et al., 2012), which poses higher barriers for 
cross-border M&A.

Davies et al. (2018) study the determinants of greenfield and M&A FDI jointly, 
and their empirical evidence is supportive of our finding for the heterogeneous 
migrant network effect across entry modes. Indeed, they make similar arguments 
that as a contract intensive transaction, cross-border M&A is affected more by bar-
riers and frictions in the destination. In particular, Davies et al. (2018) hypothesize 
that M&A is more deterred by international barriers, whether geographic, cultural, 
or policy-driven. Moreover, compared to greenfield investment, M&A is more 
dependent on the institutional quality and financial development of the destination. 
Using global M&A and greenfield FDI data, Davies et al. (2018) find strong empiri-
cal evidence in support of their hypotheses. Importantly, their results are consistent 
with our findings for the positive impact of migrant networks on cross-border M&A, 
but not greenfield investment. As we demonstrate next in Sect. 5, many of the barri-
ers that Davies et al. (2018) examine are exactly the ones which are alleviated by the 
overseas migrant networks.
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5 � Heterogeneity analysis

In this section, we investigate the migrant network effect on cross-border M&A in 
a dynamic context by examining the change in the role of migrants as MNEs learn 
from their investment experience. We also study the heterogeneous roles of migrant 
networks in dealing with implicit and explicit information barriers by exploiting the 
various dimensions of information frictions at the firm, industry, and country levels. 
Results from the CRE negative binomial model are reported, but the Poisson model 
delivers similar findings, as shown in Appendix Table 14.

5.1 � Overseas investment experience

One channel through which migrant networks may facilitate ODI is the alleviation 
of information frictions. If there are local knowledge spillovers from social networks 
to multinationals, the role of migrant networks in promoting cross-border invest-
ment should decline as MNEs accumulate knowledge and experience overseas. 
Thus, as in Sect. 2, we now classify M&A transactions into two groups based on 
the investor’s overseas investment experience. One group is comprised of acquirers’ 
first cross-border M&A deal, while the second group includes all subsequent deals 
abroad. We are able to decompose our sample in this way because of the availability 
of cross-border M&A data since 1981. The annual investment of Chinese MNEs to 
each destination is then aggregated for first and subsequent entry separately. Since 
the former group is less experienced, the information barriers encountered would 
tend to be stronger, and the influence of migrants is expected to be more pronounced 
if they do play a role in alleviating information frictions.

In Table 6 columns 1 and 2, we generate a dummy variable First that equals to 
1 for the group of first entrants. Thus, analogous to the industry-level analysis in 
Table 3 Panel C, we now define “level 1” variables at the host country-group level. 
Note that the time average of this dummy variable, First , is exactly equal to the vari-
able itself, so it is dropped from the regression. Because the time-varying covari-
ates in X1,i,t−1 do not vary along the group dimension, their time averages X1,i,t−1 are 
identical to before. In column 1, we control for the varying composition of first and 
subsequent deals. The coefficient of the dummy variable First is positive, consist-
ent with our stylized fact that the majority of acquisitions is originating from new 
investors.

In column 2, we interact Migrant network with First. Because we have two 
groups (i.e., First is either 0 or 1), the time average of a time-invariant variable inter-
acted with First is exactly half of the variable itself. This means that the interaction 
term is perfectly collinear with the time-invariant variable, so it is dropped from 
the regression. Given that we treat the migrant network as time-invariant, we also 
exclude the time average of Migrant network × First . In column 2, we find a more 
pronounced migrant network effect for the first-time entrants. This is consistent with 
our prediction that knowledge transfers from migrant networks to MNEs promote 
greater cross-border investment due to the lack of experience by the investors. More-
over, these results are unlikely to be driven by the size of M&A deal, as the average 
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values of first and subsequent deals are very close at 305 and 314 million USD, 
respectively.

As we have demonstrated, knowledge spillovers may occur as MNEs interact 
with social networks. At the same time, knowledge about the foreign destination 
may also be disseminated domestically from investing companies to future investors 
within China. For instance, this may be achieved through informal channels such 
as business networks or media coverage. Hence, the cumulative overseas invest-
ment experience by Chinese investors is expected to lower the information frictions 
encountered by MNEs, and the migrant network effect may diminish as the investors 
become more experienced.

We test this hypothesis by controlling for cumulative Chinese M&A in a host 
country as a proxy for the overall experience of Chinese investors in the destina-
tion. Because this covariate is time varying, we must include its time average. The 
regression results in column 3 present both the within and between estimates. In 
particular, we find that the coefficient of the time average (log) Cumulative MA 
is positive and statistically significant. This between estimate exploits cross-sec-
tional variation, and indicates that cross-border M&A deals are directed towards 

Table 6   Heterogeneity by overseas investment experience

The set of control variables is described in the text. The constant 1 is added to Cumulative MA before 
taking the logarithm. ***, **, * denote significance level at 1%, 5% and 10% respectively

Estimation method Negative binomial

Dependent variable MA

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

Migrant network 0.228*** 0.173** 0.039 0.221***
(0.072) (0.076) (0.078) (0.073)

First 0.868*** −0.140
(0.086) (0.483)

Migrant network × First 0.085**
(0.040)

(log) Cumulative MA −0.702*** −1.053**
(0.186) (0.481)

(log) Cumulative MA 1.391*** 3.400***

(0.239) (0.560)
Migrant network × (log) Cumulative MA 0.032

(0.038)

Migrant network × (log) Cumulative MA −0.166***

(0.042)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
N 1932 1932 966 966
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host countries for which China as a whole has more experience. This supports the 
idea of knowledge spillovers across MNEs. The results show that the within esti-
mate is negative, suggesting that the spillovers towards a given host country have 
a diminishing impact over time. In column 4, the coefficient on the interaction 
term Migrant network × (log)CumulativeMA is negative. This further implies that 
migrant networks serve as a substitute source of knowledge spillovers from experi-
enced Chinese investors in M&A.

5.2 � Heterogeneity across firms and industries

As with the exchange of goods and services, information asymmetry is a problem 
for the transfer of ownership between two parties, especially when the transaction is 
made across international borders. Moreover, the intensity of information required is 
perhaps greater than other forms of transactions, as the acquirer and target must have 
a mutual understanding of the culture and management style of each firm to generate 
greater value and synergies. The deal-level M&A data provides some information 
on firms’ characteristics in the years for which M&A activity is observed. There-
fore, we now exploit variation in firm characteristics to further understand the role 
of migrant networks in mitigating firm-level information barriers.

First, we distinguish firms by their stock exchange listing status. Companies listed 
on a stock exchange have more information about them revealed and accessible to 
the general public. In particular, they must disclose certain financial details and file 
earnings reports, enhancing the transparency of their operations (Erel et al., 2012). 
Thus, we expect migrants to be more important in facilitating transactions between 
unlisted acquirer and target firms, and especially when they have less experience 
abroad. To test this hypothesis, we follow Erel et al. (2012) and use the information 
on a firm’s “public” status to identify whether it is listed on a stock exchange. We 
then count the number of M&A deals from China for two subsamples: (i) unlisted 
acquirers or targets, and (ii) listed acquirers and targets. For each subsample, we also 
distinguish between the acquirer’s first and all subsequent acquisitions abroad.

The results are reported in Table  7. In column 1, for unlisted acquirers or tar-
gets, we find a positive and statistically significant coefficient on the interaction term 
Migrant network × First . We do not find this effect in column 2 for listed companies. 
This is consistent with the idea that unlisted companies are less transparent. Hence, 
there is a greater role for migrant networks in alleviating firm-specific information 
barriers for new entrants into the host country.

Next, we explore the potential heterogeneity across firm ownership structure. 
For each acquiring company, we collect information on its ownership structure 
from Orbis, a database of 200 million companies worldwide managed by Bureau 
van Dijk. A firm is classified as a state-owned enterprises (SOE) if at least 25.01% 
of its ownership belongs ultimately to the Chinese government, and a privately-
owned enterprises (POE) otherwise.15 A priori, whether the impact of migrants is 

15  We confirm our regression results are also robust when we change the equity threshold of the global 
ultimate owner to 50.01%.
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greater for SOEs or POEs is not obvious. On the one hand, SOEs have better access 
to resources, such as the assistance of embassies or other government entities, than 
POEs. On the other hand, POEs are found to be more active in utilizing overseas 
Chinese networks compared to SOEs. According to a survey by the China Council 
for the Promotion of International Trade, 51.1% POEs turn to the overseas Chinese 
Chamber of Commerce in dealing with investment risk, while only 38.6% for SOEs 
ask for this assistance (China Council for the Promotion of International Trade 
(CCPIT) 2015, Figure 6.11). The survey also reports that 93.5% POEs highly val-
ues opinions from their overseas employees as opposed to 80.7% for SOEs (China 
Council for the Promotion of International Trade (CCPIT) 2015, Figure 6.8). There-
fore, in order to see which effect dominates, we aggregate the number of M&A deals 
by ownership type to repeat the analysis above. The results are presented in Table 7 
columns 3 and 4. Empirically, the overseas Chinese migrants have a stronger impact 
on the SOEs that are less experienced. This suggests that SOEs that enter a host 
country for the first time benefit more from the assistance of migrant networks, pos-
sibly due to their connections to various government entities.

If a deal is made outside of the acquirer’s own industry, the firm may also find 
the environment less familiar, and encounter greater information asymmetry com-
pared to those that purchase a target in the same industry. Thus, the migrant network 
effect is expected to be greater when acquirers and targets are operating in differ-
ent sectors. Cross-border M&A transactions are classified as “across industries” if 
the 2-digit industry code of the acquirer and target companies differ. The results in 
Table 7 columns 5 and 6 show that the role of migrant networks is indeed more pro-
nounced for M&A across industries for their first entry. We do not find this effect for 
first-time entrants purchasing a target within the same industry.

5.3 � Heterogeneity across host countries

Information asymmetries associated with individual firms and industries may 
be compounded by the barriers encountered in a host country when dealing with 
business regulations and restrictions. Again, the MNE’s decision to enter a foreign 
country will be influenced by the degree to which the economic environment and 
frictions in factor markets impede operations and raise costs. Given that migrants 
possess an information advantage, we expect them to have a greater impact in help-
ing inexperienced firms navigate the regulatory environment in host countries with 
stricter barriers. From the Economic Freedom of the World database (Gwartney 
et al., 2015), we obtain six measures of country-level market frictions and regulatory 
barriers. The definitions of these variables are listed in Appendix  “Definitions of 
regulatory barriers (Gwartney et al., 2015)”. We follow the strategy from before, and 
separate the cross-border M&A deals from China into two subsamples of host coun-
tries. To contrast those with strict versus weak regulations, each of the six variables 
is converted to an indicator variable that takes the value of 1 if the measure of the 
country’s barrier is greater than or equal to the median value across the sample, and 
zero otherwise. For each subsample, we examine the interaction between the size of 
the migrant network and the dummy variable for first entry.
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Table 8   Host-country heterogeneity in regulatory barriers

The set of control variables is described in the text. ***, **, * denote significance level at 1%, 5% and 
10% respectively

Panel A

Estimation method Negative binomial

Dependent variable MA

Regulation index Business regulations Bribes, favoritism

High Low High Low High Low

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

Migrant network 0.063 0.568*** −0.117 0.415*** −0.055 0.404***
(0.104) (0.090) (0.109) (0.110) (0.140) (0.096)

First −0.945 0.865 −1.518* 1.164* −1.610* 1.039
(0.877) (0.647) (0.811) (0.659) (0.954) (0.684)

Migrant network × First 0.152* 0.008 0.212*** −0.017 0.213** −0.004
(0.087) (0.051) (0.079) (0.052) (0.097) (0.054)

Controls and time dummies Y Y Y Y Y Y
Time averages of controls Y Y Y Y Y Y
Time averages of time dummies Y Y Y Y Y Y
N 942 924 928 910 886 886

Panel B

Estimation method Negative binomial

Dependent variable MA

Hiring and firing 
regulations

Credit market regula-
tions

Foreign ownership 
restrictions

High Low High Low High Low

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

Migrant network 0.339** −0.0004 0.065 0.313*** −0.008 0.373***
(0.138) (0.093) (0.110) (0.111) (0.100) (0.116)

First −1.111 0.055 −0.763 0.675 −0.291 0.203
(0.862) (0.625) (0.692) (0.672) (0.618) (0.766)

Migrant network × First 0.181** 0.063 0.128** 0.025 0.092* 0.062
(0.076) (0.050) (0.060) (0.054) (0.051) (0.063)

Controls and time dummies Y Y Y Y Y Y
Time averages of controls Y Y Y Y Y Y
Time averages of time dummies Y Y Y Y Y Y
N 894 878 936 930 894 878
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The findings for each of the six measures of regulatory obstacles are presented in 
Table 8. Specifically, these measures are: (i) overall regulations, (ii) overall business 
regulations, (iii) the prevalence of extra payments or bribes and favoritism, (iv) hir-
ing and firing regulations in the labor market, (v) overall credit market regulations, 
and (vi) foreign ownership and investment restrictions. While measure (v) captures 
general capital market frictions, measure (vi) pertains specifically to cross-border 
investment. For each measure, the odd (even) column shows the results for the sub-
sample with high (low) regulatory barriers. In both Panels A and B, we find that the 
coefficient on the interaction term Migrant network × First is positive and statisti-
cally significant in the odd columns, but in not the even columns. Hence, the results 
imply that for inexperienced investors, the Chinese migrant networks are able to 
facilitate entry into countries with burdensome government bureaucracy and highly 
regulated factor markets. In contrast, the migrant network effect is not observed for 
first-time entrants when regulations are loose and labor and capital market frictions 
are low. In summary, Table 8 is consistent with overseas migrant networks providing 
the necessary information and local knowledge to help navigate regulatory barriers 
and overcome various market frictions, especially for first-time entrants.

6 � Conclusion

Using data on Chinese migrant stocks and FDI across many countries, this paper 
provides empirical evidence that migrant networks promote cross-border M&A. We 
show a stronger impact of overseas Chinese migrant networks in environments with 
greater information frictions. The relationship between migrant networks and ODI 
is more pronounced for less experienced investors, especially between non-listed 
firms, across industries, and in host countries with higher regulatory barriers.

The growth of international migrant stocks and investment is not unique to China 
alone. In fact, the largest international migrant stocks all originate from develop-
ing countries, namely, India, Mexico, Russia, China, and Bangladesh. With rising 
incomes in developing countries and greater labor mobility, the global stock of 
migrants continues to rise. Moreover, this has been accompanied by tremendous 
growth in cross-border capital flows: the outward stock of FDI (as a percentage of 
GDP) for the world has tripled since 1990 (from 10.1 to 34.0%).16 For countries like 
India and South Africa, FDI outflows are 2.5 and 6 times larger, respectively, since 
2005. Thus, understanding the linkages in factors of production is key to the future 
research agenda.

16  See Annex Table 8 from (UNCTAD 2017).
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Appendix

Definitions of regulatory barriers (Gwartney et al., 2015)

This database covers five areas of economic freedom: (1) Size of government, (2) 
Legal system and property rights, (3) Sound money, (4) Freedom to trade interna-
tionally, (5) Regulation. Our analysis utilizes the following categories related to reg-
ulatory barriers and restrictions:

•	 Regulation index (Area 5): An average index is constructed from the indices of: 
(A) Credit market regulations, (B) Labor market regulations, and (C) Business 
regulations.

•	 Business regulations (component of Area 5 (Regulation)): An average index is 
constructed form the indices of 6 subcomponents: (i) Administrative require-
ments, (ii) Bureaucracy costs, (iii) Starting a business, (iv) Extra payments/
bribes/favoritism, (v) Licensing restrictions. (vi) Cost of tax compliance.

•	 Bribes, favoritism (subcomponent (C)(iv) of Area 5 (Regulation)): Based on the 
Global Competitiveness Report questions: (1) “In your industry, how commonly 
would you estimate that firms make undocumented extra payments or bribes 
connected with the following: Import and export permits; Connection to public 
utilities (e.g., telephone or electricity); Annual tax payments; Awarding of pub-
lic contracts (investment projects); Getting favorable judicial decisions. Com-
mon (= 1), Never occur (= 7)”. (2) “Do illegal payments aimed at influencing 
government policies, laws or regulations have an impact on companies in your 
country? 1 = Yes, significant negative impact, 7 = No, no impact at all”. (3) 
“To what extent do government officials in your country show favoritism to well-
connected firms and individuals when deciding upon policies and contracts? 1 = 
Always show favoritism, 7 = Never show favoritism”.

•	 Hiring and firing regulations (subcomponent (B)(ii) of Area 5 (Regulation)): 
Based on the Global Competitiveness Report question: “The hiring and firing of 
workers is impeded by regulations (= 1) or flexibly determined by employers (= 
7)”.

•	 Credit market regulations (component of Area 5 (Regulation)): An average index 
is constructed from the indices of 3 subcomponents: (i) Ownership of banks, (ii) 
Private sector credit, (iii) Interest rate controls/negative real interest rates.

•	 Foreign ownership restrictions (subcomponent (D)(i) of Area 4 (Freedom to 
trade internationally)): Based on the following questions from the Global Com-
petitiveness Report: (1) “How prevalent is foreign ownership of companies in 
your country? 1 = Very rare, 7 = Highly prevalent”; (2) “How restrictive are 
regulations in your country relating to international capital flows? 1 = Highly 
restrictive, 7 = Not restrictive at all” (Fig. 2 and Tables 9, 10, 11, 12, 13, 14).
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Fig. 2   Outward greenfield FDI and M&A from a developing countries and transition economies; b 
developed economies. Source: UNCTAD (2017)

Table 9   Summary statistics

Variable Mean Median Std Dev Minimum Maximum

MA 1.22 0 4.08 0 37
Migrant network 8.28 7.82 2.41 4.33 14.6
(log) GDP 25.3 25.3 1.98 20.4 30.5
(log) GDP per capita 8.88 8.99 1.47 5.49 11.6
(log) Population 9.48 9.40 1.69 5.66 14.1
(log) Distance 9.00 9.03 0.58 7.06 9.86
Common language 0.04 0 0.19 0 1
Free trade agreement 0.09 0 0.29 0 1
Trade openness 0.92 0.75 0.65 0.21 4.43
Natural resources 0.26 0.15 0.26 0.003 0.99
GDP growth rate 3.77 3.89 3.80 −14.8 26.3
Financial development 0.70 0.47 0.57 0.0001 3.14
Institutional quality 9.35 8.50 3.20 3 16
Chinese migrant share 0.58 0.03 3.41 0.0002 32.3
GF 2.69 0 7.11 0 80
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Table 10   Full results from CRE model of Table 2 Panel A

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA+1 (log) MA MA MA

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

Migrant network 0.072*** 0.137* 0.176 0.233***
(0.025) (0.073) (0.275) (0.070)

(log) GDP −1.673 −13.942** −2.424 −3.737
(1.203) (6.865) (5.800) (6.131)

(log) GDP per capita 1.390 13.269* 2.387 3.708
(1.217) (6.774) (5.699) (6.094)

(log) Population 0.095 14.511 −0.538 0.767
(1.316) (9.219) (7.065) (6.662)

(log) Distance 0.072 0.160 0.138 0.248
(0.070) (0.127) (0.151) (0.155)

Common language 0.619 0.241 0.117 0.217
(0.395) (0.333) (0.333) (0.608)

Free trade agreement −0.083 −0.240 −0.617 −0.456
(0.099) (0.307) (0.395) (0.346)

Trade openness −0.111 −0.442 0.616 0.625
(0.125) (0.615) (0.520) (0.521)

Natural resources −0.122 1.096 −1.172 −1.549
(0.286) (1.896) (1.746) (1.413)

GDP growth rate 0.005 0.003 0.024 0.013
(0.004) (0.031) (0.029) (0.027)

Financial development 0.037 −0.647 0.015 −0.043
(0.102) (0.462) (0.473) (0.392)

Institutional quality 0.034 −0.143 −0.129 −0.136
(0.036) (0.118) (0.165) (0.108)

(log) GDP 3.384*** 16.051** 3.841 4.983

(1.265) (7.307) (6.645) (7.090)

(log) GDP per capita −3.035** −15.193** −2.962 −4.075

(1.273) (7.209) (6.600) (7.073)

(log) Population −1.704 −16.537* −0.107 −1.390

(1.353) (9.696) (7.998) (7.562)

Free trade agreement −0.136 0.061 1.209 0.953

(0.192) (0.530) (0.852) (0.634)

Trade openness 0.082 0.429 −0.334 −0.462

(0.144) (0.608) (0.524) (0.597)

Natural resources 0.350 −0.521 3.108* 3.126**

(0.242) (1.754) (1.600) (1.523)

GDP growth rate 0.033 0.075 0.197 0.265***

(0.021) (0.069) (0.201) (0.095)
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Table 10   (continued)

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA+1 (log) MA MA MA

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

Financial development 0.265 0.800 0.608 0.598

(0.203) (0.518) (0.863) (0.499)

Institutional quality −0.018 0.165 0.191 0.174

(0.047) (0.145) (0.198) (0.124)
Time dummies Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 248 966 966

Standard errors in parentheses are clustered by host country in columns 1 to 3. ***, **, * denote signifi-
cance level at 1%, 5% and 10% respectively

Table 11   CRE model estimates treating Migrant Network as time-varying

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA+1 (log) MA MA MA

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

Migrant network −0.013 −0.165 −0.086 −0.031
(0.032) (0.121) (0.150) (0.148)

Migrant network 0.136*** 0.363*** 0.357** 0.316*
(0.042) (0.129) (0.151) (0.164)

(log) GDP −1.602 −11.018 −1.860 −2.993
(1.152) (7.506) (5.588) (6.044)

(log) GDP per capita 1.291 10.383 1.877 2.996
(1.165) (7.382) (5.470) (6.006)

(log) Population −0.065 10.573 −1.218 0.082
(1.259) (9.322) (6.635) (6.546)

(log) Distance 0.093 0.188 0.170 0.258*
(0.069) (0.131) (0.142) (0.155)

Common language 0.513 0.238 −0.064 0.044
(0.346) (0.322) (0.495) (0.621)

Free trade agreement −0.068 −0.172 −0.638** −0.520
(0.084) (0.215) (0.321) (0.344)

Trade openness −0.110 −0.067 0.782 0.769
(0.129) (0.677) (0.518) (0.522)

Natural resources −0.117 1.183 −1.068 −1.408
(0.288) (2.053) (1.676) (1.404)

GDP growth rate 0.006 −0.001 0.023 0.013
(0.004) (0.032) (0.031) (0.027)
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Table 11   (continued)

Estimation method OLS OLS Poisson Negative binomial
Dependent variable (log) MA+1 (log) MA MA MA

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

Financial development 0.078 −0.579 0.187 0.131
(0.103) (0.500) (0.469) (0.403)

Institutional quality 0.027 −0.202*** −0.138 −0.136
(0.035) (0.076) (0.159) (0.108)

(log) GDP 3.181*** 12.853 3.712 4.627

(1.210) (7.923) (6.723) (7.022)

(log) GDP per capita −2.828** −12.141 −2.985 −3.798

(1.220) (7.804) (6.620) (7.003)

(log) Population −1.455 −12.375 0.031 −1.153

(1.296) (9.798) (7.910) (7.462)

Free trade agreement −0.151 −0.115 1.247 1.084*

(0.184) (0.385) (0.766) (0.625)

Trade openness 0.080 0.066 −0.509 −0.606

(0.142) (0.691) (0.568) (0.604)

Natural resources 0.326 −0.639 2.857* 2.888*

(0.256) (1.901) (1.602) (1.518)

GDP growth rate 0.031 0.065 0.184 0.258***

(0.020) (0.068) (0.174) (0.095)

Financial development 0.159 0.676 0.370 0.407

(0.194) (0.546) (0.747) (0.510)

Institutional quality −0.011 0.230** 0.189 0.162

(0.045) (0.103) (0.190) (0.124)
Time dummies Y Y Y Y
Time averages of time dummies Y Y Y Y
N 966 248 966 966

Standard errors in parentheses are clustered by host country in columns 1 to 3. ***, **, * denote signifi-
cance level at 1%, 5% and 10% respectively
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Table 12   Instrumenting with the components of the predicted migrant network

The set of control variables is described in the text. Standard errors in parentheses are clustered by host 
country in columns 1 to 3. ***, **, * denote significance level at 1%, 5% and 10% respectively. p-values 
associated with the Kleibergen-Paap rk Lagrange Multiplier statistic for the underidentification test and 
the Hansen J statistic for the overidentification test are reported

Estimation method OLS OLS Poisson Negative binomial
Stage I dependent variable Migrant network

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

(log) 1960 migrant stock 0.229*** 0.192*** 0.229*** 0.229***
(0.052) (0.050) (0.052) (0.052)

Push
i,t × Pull

i,t 0.025*** 0.013* 0.025*** 0.025***
(0.008) (0.008) (0.008) (0.008)

Controls and time dummies Y Y Y Y

Stage II dependent variable (log) MA+1 (log) MA MA MA

Migrant network 0.253*** 0.434*** 0.668*** 0.639***
(0.067) (0.148) (0.118) (0.118)

Controls and time dummies Y Y Y Y
N 943 245 943 943
Shea partial R 2 0.23 0.26
Underidentification test (p-value) < 0.01 < 0.01
Cragg-Donald Wald F statistic 138.6 38.45
Kleibergen-Paap rk Wald F statistic 11.78 7.73
Overidentification test (p-value) 0.59 0.23

Table 13   Overseas Chinese migrant networks and greenfield ODI—Poisson model

The set of control variables is described in the text. Column 4 presents the second-stage regression results 
with the predicted migrant network as the instrument using the control function approach. Standard errors in 
parentheses are clustered by host country. ***, **, * denote significance level at 1%, 5% and 10% respectively

Instrument Predicted 
migrant 
network

Dependent variable GF

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

Migrant network 0.089 0.090 −0.326
(0.095) (0.418) (0.311)

Chinese share of migrants 0.053
(0.489)

Predicted migrant network 0.081

(0.077)
Controls and time dummies Y Y Y Y
Time averages of controls Y Y Y Y
Time averages of time dummies Y Y Y Y
Industry dummies N N Y N
N 966 966 8,694 943
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