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Abstract

We empirically assess the long-term effect of migrant networks created because of past
migration on current exporting behaviour and performance of firms in the migrants’ origin
country. We focus on ethnic migrant networks formed because of a mass migration wave
of ethnic Cantonese people from the province of Guangdong in Southern China to the
United States in the late 19th century. We define network exposure as the interaction
of two dimensions, one measuring the likelihood of firms to interact with the Cantonese-
American network at the industry level, and the other measuring the cultural similarity
to the network in the U.S. Using firm-level data from 2004 for Guangdong, we show that
in the long run exposure to the Cantonese ethnic network has positive effects on firms
exports, but a negative effect on domestic sales, indicating that connected firms tend to
specialize in exporting. Moreover, our results indicate that migrant networks improve
firm performance by increasing international trade.
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1 Introduction

Migrant communities have been shown to have a positive effect on international trade (Dunlevy,

2006; Rauch and Trindade, 2002; Parsons and Vézina, 2018). Particularly, it has been suggested

that through the formation of ethnic networks, they facilitate trade by lowering costs associated

with acquiring information and costs of enforcing contracts across country borders (Greif, 1993).

The existing literature on migrant networks and trade has mainly focused on estimating

short-term effects. Only a handful of papers attempt to estimate longer-term effects (Parsons

and Vézina, 2018; Gokmen et al., 2018). Therefore, little is known about whether these benefits

are short lived or if they persist in the long-run.

In this paper, we investigate the long-term effects of migration on firms’ exporting be-

haviour and overall performance in the origin country of migrants. Specifically, we empirically

study the effect of ethnic migrant networks formed because of a historical migration wave

dating back to the 19th century, from 1850 until 1949, from the southern Chinese province

of Guangdong, to the United States. Our outcome variables are firm-level export and per-

formance measures for firms located in the province of Guangdong in 2004. While a number

of papers have linked Chinese networks with international trade (Rauch and Trindade, 2002;

Saxenian, 2002), a causal link has not been clearly established. We focus on the ethnic migrant

network which originated through the above mentioned migration wave, i.e. the network of

the descendants of the migrants from the province of Guangdong. Considering this specific

network has two advantages in terms of identification. Firstly, during the migration wave that

we study, individuals migrating from the same village or county in Guangdong tended to settle

in the same destination countries. Thus, the migrants who arrived in the U.S. came nearly

exclusively from a small, culturally and linguistically distinct geographical area in Guangdong

(Hsu, 2000). This allows us to proxy the cultural and linguistic closeness of Chinese firms to the

American-Chinese network with their geographic location today. Secondly, by measuring the

ethnic networks by only considering descendants of early migrants, and not recent migrants,

we are able to limit reverse causality concerns.1 Those concerns would arise if the decision

of migrants to work in specific industries was driven by trade patterns, existing or potential.

However, since we focus on ethnic Chinese who are descendents of migrants up to 150 years

1We only focus on ethnic Chinese individuals born outside of China as reported by the 2000 Census, which
excludes the majority of the recent migration waves.
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back, we consider unlikely that their employment decisions are driven by trade potential with

China.

To identify the effect of the ethnic Chinese network, we hypothesize that firms in Guangdong

benefit from the Chinese American network along two dimensions. Firstly, firms benefit more

from the ethnic network if they are culturally and linguistically closer to the Chinese American

community, measured by whether they are located in one of the counties of origin of the early

migrants. Secondly, firms benefit more from the ethnic network if a higher number of ethnic

Chinese is employed in U.S. industries which the Chinese firm is likely to interact with when

engaging in trade2. We propose that a Chinese firm is more likely to interact with U.S. firms

operating in the same industry, with downstream manufacturing buyers, and with retailers

and wholesalers, which sell the goods it produces 3. Thus our measure of network exposure is

the interaction of the two dimensions and varies at the industry-Chinese county level. Using

this interaction term as our main measure of the ethnic network helps reducing a further

endogeneity concern: the possibility that individuals of Chinese ethnicity, both in Guangdong

and in the U.S., tend to do similar jobs, perhaps because they are particularly talented in

specific industries; in this case we could observe a high number of ethnic Chinese individuals in

the U.S. in the same (or related) industries which export more in China, but such correlation

could not be interpreted as the effect of the network. While this is potential concern, the

fact that our measure is the interaction of the number of ethnic Chinese individuals by U.S.

industry and the location of Chinese firms reduces the possibility of us capturing such effect.

Our results indicate a strong positive long-term effect of ethnic migrant networks on ex-

ports. Adding to the literature on ethnic networks and trade, our firm-level data allows us to

decompose the effect into extensive and intensive margin: a one standard deviation increase

in our measure of network exposure leads to a 3 percentage point - or 6% - increase in the

share of firms exporting (the extensive margin) and a 9% increase in the value of exports con-

ditional on exporting (the intensive margin). These results indicate that ethnic networks do

not only reduce fixed costs but increase marginal profits from exporting as well. We further

find evidence of a substitution away from domestic sales and towards exporting: exposure to

2The hypothesis that ethnic migrant networks would work through the cultural and language ties and along
industry lines is substantiated by previous research, such as the work of Guiso et al. (2009) and Melitz (2008),
who stress the importance of culture and language, and Kerr (2008), who emphasizes the spread of knowledge
within industries.

3We measure all industries at the 4-digit level according to the Chinese industry classification system
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the migrant network decreases the value of domestic sales and increases the share of firms that

only engage in exporting activity and do not sell domestically.

Despite the negative effect on domestic sales, we see an overall positive long-term effect

of the Chinese-American network on firm performance: we find that firms which are more

connected to the ethnic network have higher total output value, higher profits and higher

fixed assets, though we see no positive effect on productivity.4 Moreover, more connected

firms employ a higher share of skilled workers and have higher management expenses. This

is suggestive of firms shifting towards more complex production of exportable varieties. The

results are robust to several alternative specifications.

Our findings on the long-term effect of ethnic networks on firms performance are potentially

consistent with a number of mechanisms. Firstly, international trade could be driving the

positive effect on firms performance. Secondly, ethnic networks could facilitate technological

advances to spread across borders, which would increase productivity and consequently firms

performance. Thirdly, ethnic networks could increase foreign direct investment, which would

have a positive impact on firms performance. We rule out the latter by focusing exclusively on

domestically owned firms, and we find that the former is unlikely to be driving our results, since

we do not observe higher productivity for more connected firms, and we observe a negative

effect on domestic sales - if more connected firms had better technology, we would expect them

to have higher domestic sales in addition to exporting more. Therefore, international trade is

the most consistent explanation for the observed increase in performance of more connected

firms.

Our contribution with respect to the existing literature on migrant networks is threefold.

Firstly, our paper is among the first to suggest the possibility that overseas ethnic networks

might persist and have economically important effects on international trade over such a long

time frame. Secondly, we estimate the effect of ethnic networks on firms outcomes, whereas

the literature on networks and trade has typically focused on outcomes at the industry level,

rather than at the firm level.5 The level of disaggregation of our data allows us to dig deeper

into the mechanisms through which ethnic networks may affect firms, by showing effects on a

variety of firm-level variables. Typically the literature on the long term effects of migration

4We measure productivity as total factor revenue productivity, as explained in Section 4.1.
5For example, the work by Rauch and Trindade (2002) and Parsons and Vézina (2018).
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focuses on the effect on the country of destination; one additional contribution of our work

is that, differently from this strand of literature, we analyze the effect on firms in the origin

country of migrants.6

The paper is organized as follows: Section 2 describes the related literature; Section 3

provides an overview of the migration of Cantonese people to the U.S.; Section 4 outlines the

data; Section 5 describes in detail the empirical strategy. We illustrate the results on firm

exports and performance in Section 6, and Section 7 concludes.

2 Related Literature

Ethnic networks have been studied extensively in the context of international trade.7 In par-

ticular, the work by Rauch and Trindade (2002) is among the first to empirically document

the positive impact of Chinese ethnic networks in international trade in a cross-country study.

Rauch (2001) provides a review of the literature on the effect of social networks on international

trade focusing mainly on two channels: reduction of information barriers and better contract

enforcement.

Regarding the first channel, firms might hold imperfect information about, for instance,

the taste of foreign consumers or the products sold by foreign competitors. Obtaining this

information might be an important fixed cost that impedes firms from exporting. Furthermore,

such information about tastes and markets might become more costly to obtain with both

geographic as well as cultural and linguistic distance. Ethnic migrant networks can facilitate

information flow by reducing these costs, as individuals who share the same ethnicity face lower

cultural and linguistic impediments.

Moreover, ethnic networks can play an important role in enforcing relational contracts

by providing punishment mechanisms, as has been emphasised in the seminal contributions

by Greif (1989, 1993). Contract enforcement may be particularly problematic in the context

of international trade: imperfections of the justice system are likely to be exacerbated by

6For instance, Parsons and Vézina (2018) and nun estimate the effect of long term migration in the US,
which is the destination country of migrants.

7Besides international trade, ethnic networks have been shown to benefit a number of economic interactions,
from the labor market (for instance, see Montgomery (1991) as a review, and Munshi (2003) and McKenzie
and Rapoport (2007) are examples of more recent empirical work), to knowledge diffusion (Griffith et al., 2006;
Kerr, 2008) and innovation (Kerr and Lincoln, 2010; Moser et al., 2014).
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distance and thus firms find it harder to enforce contracts across borders than domestically.

Furthermore, contractual details might be harder to pin point in the presence of geographic

and linguistic barriers. These imperfections may be particularly salient if domestic institutions

are weak, such is the case in developing economies, and thus especially relevant for China

(Anderson and Marcouiller, 2002).

In the case of ethnic Chinese networks, both channels are supported by qualitative evidence.

Weidenbaum and Hughes (1996) describe the role of the “bamboo network” - the ethnic Chinese

networks overseas - in facilitating trade. They claim that “[t]he leading business men know

each other personally and do deals together, with information spreading through an informal

network rather than through more conventional channels”. Moreover, they write that “[i]f a

business owner violates an agreement, he is blacklisted. This is far worse than being sued,

because the entire Chinese network will refrain from doing business with the guilty party”.

The trade literature has highlighted an additional channel though which ethnic networks

can affect international trade: the preference channel (Gould, 1994). This channel supposes

that a large migrant community in a destination country leads to an increase in trade simply

by increasing the share of the population with tastes that favour goods from the sending

country. Felbermayr and Toubal (2012), using migration data from OECD countries, finds

positive effects of migration on trade due to both the information and the preference channel.

However, this channel is less relevant in our setting, since we exploit industry-level differences

in ethnic Cantonese employment in the U.S., and not their geographical distribution within

the US. As a result, we are unlikely to capture aggregate effects caused by a large number of

ethnic Cantonese from the sending counties in China in the U.S.

Besides Rauch and Trindade (2002), other research has documented the role of Chinese

migrant networks on many aspects of the economy. Saxenian (2002) highlights the role of

first generation migrants from China and India working in the Silicon Valley, for sharing both

information about technology and investment in business partnerships with their counterparts

residing in their country of origin. Rotunno and Vézina (2012) document the importance of

Chinese networks on tariff evasion, measured by the difference between exports reported by

other countries and imports reported in China. Finally, Zhang and Song (2002) document the

role of foreign direct investment (FDI) on Chinese exports since China’s open door policy.
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Few recent contributions have focused on isolating the causal effect of ethnic networks

on international trade in different contexts. The study of Parsons and Vézina (2018) uses a

natural experiment - the migration of the Vietnamese Boat People to the U.S. - to study the

effect of ethnic migrant networks on exports from American States to Vietnam. Their findings

establish a causal link between the geographical location of Vietnamese people in the U.S.

and the volume of exports to Vietnam, suggesting that networks play a role in international

trade between the two countries. Gokmen et al. (2018) study the role of ethnic networks on

bilateral trade between the countries of the ex-Soviet Union. Iwanowsky (2018) focuses instead

on Africa, exploiting the randomness of borders and the precolonial distribution of ethnicities

to estimate the impact of ethnic connections on bilateral trade flows in Africa. Our study

differentiates from these different approaches by highlighting the effect of long term migration

on firm-level trade and performance in the origin country of migrants.

The role of ethnic networks on firm growth has been studied in other settings. Banerjee and

Munshi (2004) demonstrate that social ties of businessmen to the local community have a role

in the allocation of capital, which is not necessarily in favour of the most productive firms; they

show that among textile firms in Tirupur (India), those owned by locals entrepreneurs have

higher fixed capital and capital intensity of production compared to firms owned by outsiders.

The paper by Woodruff and Zenteno (2007) analyses the impact of the migration networks

in Mexico on the development of microenterprises, and find evidence of migration networks

playing a role in alleviating capital constraints in the most capital intensive industries. We add

to this literature by establishing a link between the trade effect of ethnic networks and firm

performance.

Recent work on ethnic migrant networks emphasize their role on other economic variables.

Javorcik et al. (2011) find that the presence of migrants in the U.S. increases FDI in the

country of origin, and a more recent paper by Burchardi et al. (2018) show similar results by

instrumenting ancestry composition with measures of “push” and “pull” factors, i.e. factors

causing migration from a country to the U.S. and migration from all countries to a specific

county in the U.S. respectively. Focusing on growth, the work by Burchardi and Hassan (2013)

looks at the effect of social ties on economic outcomes in West Germany after the German

reunification.
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Our paper also contributes to the recent literature on the long term effects of migration.

In particular, the work of Sequeira et al. (2017) highlights the positive long term effect of

immigrants on the U.S. economy. As mentioned above, Burchardi et al. (2018) also relate to

this literature by looking at ancestry composition and FDI. While this literature focuses on

the effect of migration in the destination country, we differentiate from it by analysing the long

term effect of migration on the origin country.

Finally, our paper relates to the literature on the effect of international trade on firm

performance. A few recent papers explore this issue empirically. With a randomized controlled

trial in Egypt, Atkin et al. (2017) show that exporting has a positive effect on firms performance,

though learning-by-exporting. A positive effect on firms outcomes is also found by Munch and

Schaur (2018) among Danish firms. In the context of China, Park et al. (2010) study the

effect of the Asian financial crisis as a demand shock for exports, and find that export growth

positively affect firms productivity and performance.

3 Historical Background

While emigration of merchants from China has a long history, mass emigration only began in

the middle of the 19th century, when China was forced to open to Western influences following

the loss of the first Opium War in 1842 (Woon, 1990). This wave of emigration came to an

abrupt halt in 1949 when the borders were closed after the People’s Republic of China was

declared and it only resumed on a larger scale after 1978.

Despite the large size of the 19th century migration wave, 90% of emigrants came only

from two provinces, Fujian and Guangdong. These two provinces were among the hardest hit

by push factors such as food shortages, overpopulation and the political instability caused by

the Boxer and Taiping rebellion. At the same time, in both provinces there were a number of

“treaty ports” - ports that had been ceded by the Qing dynasty to foreign powers and in which

free trade was allowed. Thus, shipment routes from the two provinces were already established,

lowering the costs of emigration.

However, not all areas in Guangdong and Fujian saw migration to the same destinations:

nearly all of the 19th century Chinese immigrants to the U.S. and the Kingdom of Hawaii,

for example, originated from only eight Cantonese counties in the Western Pearl River Delta.
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Historians estimate that 80-90% came from the so-called Siyi counties, Taishan, Xinhui, Kaip-

ing, Heshan and Enping and between 10-20% percent of immigrants came from Sanyi counties,

Panyu, Nanhai and Shunde. We refer to these counties as the sending counties. The sending

counties were both relatively close to more prosperous trading ports such as Guangzhou and

Hong Kong, but were relatively poor, rural areas in Guangdong at the time (Hsu, 2000).

The reason why emigrant to the U.S. originated nearly exclusively from the sending counties

is not well documented. The initial migration flows may have been caused by the proximity

of Guangzhou and Hong Kong, which were the point of origin of most shipping routes to San

Francisco. Initial patterns of migrations, in turn, were likely to predict future migration, as

potential emigrants faced severe credit and informational constraints and therefore village net-

works were very important in financing migration and facilitating settlement in the destination

country. In addition, due to the fact that there are dozens of mutually unintelligible languages

in Guangdong, individuals of the same linguistic group could benefit from a particularly close

knit network, which was closed to migrants from other areas in the province. This is par-

ticularly true for the sending counties where the predominant dialects are versions of Siyi, a

language belonging to the Yue (Cantonese) super-group, but which is not understandable to

other Cantonese speakers.

At the same time, other areas in Guangdong saw equal or larger out-migration. In fact, the

U.S. was a relatively unimportant destination compared to South East Asia or Oceania: of the

8.5 to 9 million Chinese who are estimated to have emigrated from Guangdong alone, only 380

000 settled in the U.S. (Voss and Allen, 2008). Migration to other destinations was also equally

localised: for instance, 19th century emigrants to Thailand originate primarily from counties

around Chaozhou close to Shantou (Swatow), another important port in eastern Guangdong,

and emigrants to the Philippines mostly came from a single county close to Xiamen (Amoy) in

Fujian (Pan, 1999). Indeed, the pattern that individuals from a given county migrated to the

same destination seemed to hold all over Guangdong and Fujian (Voss and Allen, 2008).

Figure 1 shows a map of Guangdong which identifies the linguistic landscape of the province,

as well as the sending counties and other areas which experienced large outflows of migrants

in the 19th century.

The main pull factor for migration to the U.S. in particular was the gold rush. As a
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Figure 1: Guangdong

Notes: Sending counties are the counties of origin of most of the early migrants to the U.S.
Chaozhou shows the counties that saw large migration to South-east Asia, in particular Thai-
land. The language groups show the dominant language group in each county. The language
information is obtained from Lavely (2012). In the text, we refer to the Yue language group as
Cantonese.

result, the port of entry for most Chinese was San Francisco and most settled in California.

Chinese immigration was also later encouraged to provide labor for the construction of the

Transcontinental Railway, as well as to replace slaves in the southern plantations (Voss and

Allen, 2008). Therefore, at the end of the 19th century, more and more Chinese to settled

in other parts of the U.S. However, in 1882, in response to anti-Chinese sentiments, the U.S.

government put a stop to Chinese immigration with the Chinese Exclusion Act. The act

prohibited all new Chinese migrants from entering the U.S., with few exceptions for wealthy

merchants, students or return migrants. Further subsequent state laws forbade interracial

marriages, limited civil rights and restricted the possibility of employment by non-Chinese.

Chinese were also excluded from becoming U.S. citizens. As a result of these laws as well

as more informal discrimination, most Chinese were limited to working and living in China
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towns, where the most common professions were in the service sector, such as restaurants and

launderettes.

The Exclusion Act was only repealed in 1943 (Lee, 2003). Even then, Chinese migration was

limited predominantly to family reunification and to 105 persons per year (Zhao, 2002) until

when in 1965 national origin quotas were lifted (Hing, 1993). Immigration from mainland China

accelerated after 1978 and in 2004, the United States Census reports over 2.8 million Chinese

in the United States, about 1% of the total population and 23% of the Asian population.

Throughout the 19th and 20th century, the American-Chinese community preserved close

links to the sending counties. Like in other migrant communities in Guangdong, the first

migrants send back remittances, directly or through investment in temples, schools and housing

and played an important role in supporting the Nationalist forces. The links continued to

an extent under Communist rule, despite possible prosecution of anyone in contact with the

capitalist west, and revived strongly after 1978 (Woon, 1990).

After 40 years of closed borders, China began liberalising its markets in 1978 and started the

so-called ’open door policy’, which encouraged foreign direct investment and trade, particularly

from the overseas Chinese community. Guangdong was at the center of this policy and two

special economic zones were established in the province. At the time, China faced a sever lack

of much-needed capital, managerial know-how, and technology to establish a manufacturing

sector (Brandt et al., 2017). During the time, the sending counties, while still experiencing

strong export-led growth, lagged behind more successful areas such as the Eastern Pearl Delta.

This may have been caused by a lack of infrastructure as well as language barriers with the

Hong Kong community 8, which played an important role as intermediaries in trade and as a

source of foreign direct investment.

4 Data

4.1 Firm information

To study the effect of the American Chinese network on the exporting behaviour of firms,

we use firm-level data from the Annual Survey of Industrial Enterprises for the province of

8In Hong Kong the main language spoken is part of the Yue group, but it not easily understandable by Siyi
speakers.
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Guangdong in 2004, which is compiled by China’s National Bureau of Statistics. It covers

all firms in the manufacturing sector that are either state-owned or privately owned and with

revenues in excess of 5 million RMB (around 600 000 USD in 2004). As we are only interested

in domestically and privately owned firms, we exclude all firms that are state owned (around

5% of all firms) or are at least partially foreign-owned (around 12%).

The data contains information about firms’ export status and about the total value of

exports, measured in thousands of RMB. We do not observe the fraction of exports which goes

to the U.S. for each firm; therefore, in the empirical analysis we address this issue by focusing

on the industries whose share of exports to the U.S. is significant. In addition to analyzing

the effect on exports, we also investigate the effects on a number of other firm variables, such

as output, profits, employment, wages and management payments. We further estimate total

factor revenue productivity (TFPR), a measure of profitability 9. We follow Foster et al. (2008)

and calculate TFPR the following way:

tfprf,i,c = yf,i,c − αk
i kf,i,c − αl

ilf,i,c − α
;
imf,i,c (1)

where lower-case letters indicate logarithms of establishment-level TFPR, value of output, labor

inputs, capital stock and intermediate inputs respectively, and αj(j = {l, k,m}) are the factor

elasticities for the relevant inputs. Output y is measured as total value of output produced;

capital (k) is measured as the net value of all fixed assets, labor l input as the number of

employees and intermediate inputs m as the total value of all intermediate industrial inputs.

We use average cost shares of inputs at the industry level taken from US data to calculate the

elasticities.

Table 1 shows summary statistics of key variables for the entire sample. In the whole

sample, around half of the firms are exporters. While this is a much higher share compared to

data sets in other countries (Bernard, Jensen and Schott (2009) for example find that in 2000

only 3.1% of all U.S. firms export), it is not surprising as our sample captures only very large

firms. Interestingly, nearly half of the exporting firms are also exclusive exporters, i.e. they do

not have any domestic sales. We further find that the average firm employs 289 workers, of

which around 4% are high-skilled i.e. have tertiary education.

9As we do not have information on quantities, we cannot estimate productivity directly.
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Table 1: Firm Characteristics

Mean Median SD Min Max N

Export Status .500 0 .500 0 1 34,558

Exclusive Exporter Status .237 0 .425 0 1 34,558

Export Value (’000 RMB) 74754.67 15163 709048.1 1 6.94e+07 17,232

Output (’000 RMB) 85368.06 18540 938114.4 0 1.09e+08 34,525

Domestic Sales (’000 RMB) 46164.39 8261 728443.8 0 1.09e+08 34,525

Profits (’000 RMB) 4108.157 226 83596.41 -278790 7728064 34,525

Employment (N. workers) 288.530 121 816.850 1 71915 34,525

Share of High Skilled Workers(%) .038 .008 .089 0 1 34,525

Total Wages (’000 RMB) 4470.353 1478 29928.25 6 4158034 34,525

Management Expenses (’000 RMB) 3580.832 979 39077.91 0 5078518 34,525

Fixed Assets (’000 RMB) 24737.29 2932 551633.3 0 9.60e+07 34,525

Total Capital (’000 RMB) 19458.72 3600 277759.9 0 4.87e+07 34,525

Foreign Capital Share (%) .104 0 .296 0 0.5 34,379

State Owned Dummy .051 0 .219 0 1 34,525

Notes: This table shows the descriptive statistics of the firm-level variables used in this paper. The sample
comprises of all firms surveyed in the province of Guangdong. When applicable, the data is shown in RMB
(2004 exchange rate: 1USD = 8.28 RMB). Source: 2004 Annual Survey of Industrial Enterprises.

One may be concerned that firms in the sending counties are inherently better at exporting

and this may drive any results we may find. However, when we split the sample into firms

located in the sending counties and firms in other areas of Guangdong in Table 2, we see

that sending county firms on average are less likely to be exporters and even conditional on

exporting, the value of their exports is lower. In addition, firms in the sending counties seem

to be smaller or perform worse in terms of nearly all other firm variables and have less foreign

capital. This matches historical and anecdotal evidence that these regions are relatively poor

and underdeveloped compared to, for example, the much more prosperous Eastern Pearl River

Delta (Lary, 2012).

4.2 Industry-level Connections to the Cantonese-American Network

In this paper we suppose that a Guangdong firm f in industry i can be exposed to the Cantonese

U.S. network in three different ways: through American-Cantonese workers employed in the

same industry i (referred to as “same industry”), through workers employed in a retail or
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Table 2: Firm Characteristics: Counties of Origin of Migrants versus Other Counties

Mean Median SD Min Max N

Sending Counties

Export Status .387 0 .487 0 1 4,977

Exporter Only Status .132 0 .338 0 1 4,977

Export Value (’000 RMB) 58329.11 13996.5 441036.7 3 1.50e+07 1,926

Output (’000 RMB) 61627.27 17820 437133.1 0 1.86e+07 4,977

Domestic Sales (’000 RMB) 37573.04 10532 231228.3 1 1.16e+07 4,977

Profits (’000 RMB) 1954.65 347 17735.81 -39488 648450 4,977

Employment (N. workers) 219.110 98 694.138 1 32000 4,977

Share of High Skilled Workers(%) .025 .002 .052 0 1 4,977

Total Wages (’000 RMB) 2959.292 1037 12497.2 6 645120 4,977

Management Expenses (’000 RMB) 2089.375 690 16742.06 0 1067097 4,977

Fixed Assets (’000 RMB) 14091.1 2423 137493.4 0 8066532 4,977

Total Capital (’000 RMB) 10087.12 2241 45464.59 0 2037500 4,977

Foreign Capital Share (%) .031 0 .115 0 .5 4,930

State Owned Dummy .018 0 .135 0 1 4,977

Other Counties

Export Status .518 1 .500 0 1 29,548

Exporter Only Status .256 1 .436 0 1 29,548

Export Value (’000 RMB) 76856.69 15352 736041.8 2 6.94e+07 15,299

Output (’000 RMB) 89366.9 18667 998001.6 0 1.09e+08 29,548

Domestic Sales (’000 RMB) 47611.5 7892.5 781660.2 1 1.09e+08 29,548

Profits (’000 RMB) 4470.889 203 90064.51 -278790 7728064 29,548

Employment (N. workers) 300.222 128 835.190 1 71915 29,548

Share of High Skilled Workers(%) .041 .009 .093 0 1 29,548

Total Wages (’000 RMB) 4724.87 1570 31934.68 6 4158034 29,548

Management Expenses (’000 RMB) 3832.049 1046 41673.35 0 5078518 29,548

Fixed Assets (’000 RMB) 26530.52 3039 593591.3 0 9.60e+07 29,548

Total Capital (’000 RMB) 21037.26 4060.5 299634.3 0 4.87e+07 29,548

Foreign Capital Share (%) .056 0 .153 0 .5 29,449

State Owned Dummy .056 0 .230 0 1 29,548

Notes: This table compares firm-level variables in the sending counties of migrants versus other counties within
the province of Guangdong. When applicable, the data is shown in RMB (2004 exchange rate: 1USD = 8.28
RMB). Source: 2004 Annual Survey of Industrial Enterprises.
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wholesale sector that sell goods produced by industry i (“retail and wholesale”) and finally

though workers active in other downstream manufacturing sectors that use industry i ’s products

as intermediate inputs (“manufacturing”).

We obtain the data on the number of American-Chinese workers in 4-digit U.S. industries

from the 5 percent sample of the 2000 Population Census made available by IPUMS (Ruggles

et al., 2018).

To determine workers’ ancestry, we look at the ancestry variables. The 2000 only mentioned

two possible ancestries for China: Chinese (generic) and Cantonese (specific). Since most

respondents would only report the generic answer - Chinese, in order to capture a larger number

of the descendants of Cantonese migrants, and to reduce measurement error, we consider

workers who claim to be of either Chinese or Cantonese origin, as first or second response.

However, to avoid capturing recent migrants to the U.S. who did not necessarily originate from

the sending counties (post-1978), we only consider workers who were not born in China. Table

3 shows the top 10 4-digit industries by number of American-Cantonese workers according to

our definition.

For the construction of our network measure, we use the total number of ethnically Can-

tonese American workers as we aim to capture the probability that a given firm in industry i

has at least one contact in the same (or downstream) industry.

Table 3: Top 10 U.S. manufacturing industries by number of Cantonese workers

Cantonese Workers

Cut and sew apparel manufacturing 43,129

Electronic component and product manufacturing 34,217

Computer and peripheral equipment manufacturing 19,023

Pharmaceutical and medicine manufacturing 10,814

Not specified manufacturing industries 10,111

Communications, audio, and video equipment manufacturing 8,753

Medical equipment and supplies manufacturing 7,240

Motor vehicles and motor vehicle equipment manufacturing 6,230

Printing and related support activities 6,053

Miscellaneous manufacturing 5,160

Note: Data from 5% sample of U.S. 2000 Population Census.
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In order to calculate the number of ethnic Cantonese workers employed in the U.S. in the

same industry as the Guangdong firms, we convert the industry classification used in the 2000

U.S. Census to the Chinese industry classification; for this conversion, we rely on industry

description. We match 687 out of 709 Chinese industries.

To calculate the number of workers in a downstream retail or wholesale industry, we link

Chinese industries to American retail industries using the retail industry descriptions10.

Thirdly, we match firms in China with American manufacturing industries that use the

firms’ products as intermediate inputs using Input-Output tables compiled by the Bureau of

Economic Analysis for the year 2002.

5 Empirical Strategy

5.1 Estimating Equation and Network Exposure

In this section, we describe the measures of firm exposure to the migrant network and the

estimating equation. We proxy the similarity of cultural identity of the firm with its location

in the counties of origin of the 19th century Chinese migrants - the sending counties. Due to the

general linguistic and cultural diversity of this region in China, these counties are distinct from

surrounding counties. However, simply comparing firms within and outside these counties

would likely yield biased results. Therefore, we take advantage of the fact that firms are

more likely to benefit from the Cantonese American migrant network if they operate in some

industries compared to others. Specifically, we stipulate that firms benefit more from their

cultural-linguistic background if there are more American-Cantonese employed in those U.S.

industries that the Guangdong firms are likely to interact with if engaging in international

trade. This allows to implement a double difference estimation with continuous treatment

intensity: a firm is more exposed to the ethnic network if it is both located within the sending

counties and if the U.S. industries the firm is likely to interact with employ a larger number

of American-Cantonese workers. Using the double difference allows us to include county and

industry fixed effects which absorb any differences affecting all firms within a given industry

10For more details on this process see Appendix A.
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and a given county. We thus run the following cross-sectional regressions:

yf,i,c = β0 + β1network exposurei,c + β2agef,i,c + θi + πc + εf,i,c (2)

where y is the outcome variable of firm f in industry i and county c; age indicates the age of

the firm; θ and π are industry fixed effects, classified at the four digit level of the Chinese indus-

try classification system, and Chinese county fixed effects respectively.11 Outcomes measure

exports and performance of firms: export status, export value (in natural logarithmic form),

domestic sales (in natural logarithmic form), whether the firm engages in exporting activi-

ties only (does not sell domestically), total output, profits, fixed assets, TFPR, employment,

wages, management expenses, capital.12 As a robustness check, we further interact industry

fixed effects with a number of county controls, namely indicator variables of whether educa-

tion, migration and total population of a county are above median. We restrict our analysis

to privately owned, domestic firms and we cluster standard errors at the industry level. All

variables are for the year 2004.

The independent variable of interest is network exposurei,c, which varies at the county-

industry level. This variable is the interaction of a dummy variable indicating whether the

firm is located in one of the sending counties (sendingc) and a continuous variable measuring

the number of American Chinese employed in related U.S. industries, which we refer to as

industry exposurei. Thus it measures the exposure or access of each firm to the network of

overseas ethnic Cantonese in the United States and is given by:

network exposurei,c = industry exposurei × sending countiesc (3)

where i indicates the four-digit industry of the Chinese industry classification system and

c indicates the Chinese county.

As mentioned previously, we use the location of firms - sending counties - as a proxy for their

cultural closeness to the U.S. ethnic Chinese population as they were the almost exclusive origin

11In China, counties are the third level of administrative divisions, after provinces and prefectures. We
observe firms in all 123 counties in Guangdong.

12We add 1 to the value of domestic sales in order to avoid dropping observations for which the value of
domestic sales is zero. However, since we are interested in studying the effect of migrant networks on exports
separately for the intensive and extensive margin, for the value of exports we take the natural logarithm of the
original value, therefore this variable is only defined for firms whose export value is above zero.
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of the emigrants to the U.S. until after 1978. The location of firms is important for two reasons.

Firstly, the population of the sending counties predominantly speaks a dialect of Cantonese,

Taishanese, which is not intelligible to Mandarin or other Cantonese speakers. Speaking the

same or a similar language should improve communication and is shown to increase trust,

particularly as most American-Cantonese in our sample emigrated before Mandarin became

widely spoken.13 Secondly, location within the sending counties can measure the existence

of kinship ties with the American Chinese community. Anecdotal evidence of donations and

political involvement show that the descendant of migrants often still have strong ties with

their villages of origin (Gomez and Cheung, 2009).

Industry exposure captures the differential network effect for firms which are more or less

likely to interact with Cantonese Americans when engaging in trade. We stipulate that a

firm benefits from more ethnic-Cantonese being employed in (1) the same industry, (2) related

specialist retail industries and (3) downstream manufacturing industries that use the firm’s

product in their production process. This implies, for example, that a leather producer in the

sending counties should benefit more if there are more Cantonese-Americans employed either

in (1) the leather industry, (2) in leather wholesale or (3) in the leather apparel industry.

We thus construct our measure of industry exposure the following way:

industry exposurei = mean
(
workersi +

J∑
j=0

workersj +
K∑
k=0

(workersk × weighti,k)
)

where i denotes the 4-digit industry in which a given firm operates, j is a retail or whole-

sale industry in the U.S. who is likely to buy the final goods produced by industry i, k is a

manufacturing industry in the U.S. which uses the category of goods produced by industry i

in its production process, and weighti,k weighs the number of Cantonese workers by the share

of industry i ’s product that is purchased by industry k.

There are several ways in which firms can benefit from a larger number of ethnic Cantonese

employed in related industries in the U.S. As previously discussed, information is shared more

easily between individuals of the same ethnicity; therefore, larger number of ethnic Cantonese

13Chen et al. (2014) demonstrate that language still plays an important role in China today by showing that
immigrants in Shanghai that are more likely to speak and understand the local dialect are more successful on
a number of dimensions.

18



workers in the same or in related industries may increase the access of a firm to important

information for accessing the American market, such as prices, demand for different varieties

or regulations. Furthermore, workers in the same industry may share technical knowledge

regarding production processes. Finally, a larger number of ethnic-Cantonese workers in similar

industries may improve contract enforcement, as informal contracts may be easier to enforce

among individuals belonging to the same community.

5.2 Identification

Since we conduct a difference-in-difference estimation across firms in different counties and

industries, our identifying assumption is that firms in different counties do not vary systemati-

cally by industry exposure. In other words, outcomes for firms in the same industry should only

vary between sending counties and other areas due to the exposure to the network. Similarly,

outcomes for firms with different levels of industry exposure should not differ across sending

counties and other counties in Guangdong if the American-Cantonese network were irrelevant.

If this does not hold, we may just capture inherent differences between industries within the

sending counties compared to other areas, which are correlated with the outcome variables.14

There are several advantages of our setting that make our identification assumption plau-

sible. Firstly, when we measure industry network exposure, we only consider individuals most

likely to be descendants of historic migrants that arrived in the U.S. between 1850 until 1949.

This rules out reverse causality concerns, for example that individuals working in industries

in China that export find it easier to move to the U.S. and then are also more likely to be

employed in the same or related industries there. Secondly, while nearly all migrants to the

U.S. during the first wave came from the sending counties, these areas were not the only areas

that people emigrated from. In fact, the U.S. attracted only a small share of the emigration

at the time. This reduces the concern that these counties are fundamentally more open to

trade with the rest of the world and therefore they both saw a large amount of emigration in

the past and a large share of exporting firms now. We further find that firms in the sending

counties overall are actually less likely to export, which might indicate lower income levels

14Note that we do not require that firms located in the origin counties of migrants should be the same as
firms located outside these counties in the absence of a network, nor that firms with different network exposure
at the industry level would be the same. These differences will be captured by the county and industry fixed
effects.
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and degrees of urbanization in these counties. Moreover, for the identifying assumption to be

violated, differences in exporting behaviour of firms across sending and other counties need to

correlate with the number of ethnic Cantonese employed in related industries in the U.S. There

may be, however, some concerns that the sending counties are fundamentally different than

the surrounding counties and that these differences correlate with the number of Cantonese

Americans employed in related industries. For example, the results could be driven by the

presence of industry-specific and inherited human capital. If in the 19th century the sending

counties were specialized in specific industries as the population was endowed with industry

specific human capital, we could expect that these industries are still particularly successful

in these areas and at the same time descendants of migrants are more likely to be employed

in the same or related industries. While it has been documented that the sending counties

were poor, rural areas mostly reliant on agriculture at the time of emigration, we do not have

any way to quantify the industrial structure at the time. Therefore, to test this hypothesis,

we analyze whether our results also hold for high-tech industries, which did not exist in China

before the 1950s. Furthermore, if inherited human capital was driving our results, the effect

should be driven by descendants of migrants who work in the same industry in the U.S. (as

opposed to those working in related retail or manufacturing industries). However, in Section

6.1 we show that this is not the case. The same argument applies if employment patterns in the

U.S. are driven by a genetic or cultural advantage of the sending county population in certain

sectors or industries. Another potential concern is that the population of the sending counties

may be more open minded, making both firms in China and migrants in America more apt to

specializing in industries which rely on international trade. In order to address this concern,

we conduct a placebo test using the interaction between our measure of industry exposure

and a dummy indicating the location in Chaozhan, another region of Guangdong that saw an

even large amount of out-migration in the time period. As the migrant from Chaozhan emi-

grated to South-East Asia, particularly Thailand, the industry specific network (the number

of American-Cantonese workers in similar industries) should not affect them. One remaining

concern is the possibility that American firms choose to hire ethnic Cantonese workers because

of pressure from their already existing trading partners in the sending counties, due to kinship

ties with Cantonese workers in the U.S. In this case, we would still be capturing a network
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effect, but in the opposite direction: overseas networks in China would affect the hiring choices

of American firms in related industries. This channel would predict larger effects for larger

Chinese firms, as only those firms should have the ability to pressure their trading partners.

Therefore, we run the analysis for small and large firms separately. We show the results of

these robustness checks in Section 6.4.

6 Long-Run Effects of the Cantonese Network

6.1 Export Status and Export Value

We first address the question of whether ethnic networks have a positive effect on exporting

behaviour. Table 4 shows the effect on firms’ export status, which is a dummy variable equal

to one if the firm is an exporter and zero otherwise. The treatment variable, network expo-

sure varies at the industry-county level and is the interaction of the variable industry exposure

- which is the average number of Cantonese-American workers in related retail, downstream

manufacturing and the same industries in the U.S. - and sending counties, a dummy indicating

whether the firm is located in the sending counties. The independent variables, network expo-

sure and industry exposure are normalized by their standard deviation. Column 1 shows the

results for the OLS regression using the individual measures of network exposure in addition

to the interaction term, without fixed effects.15 We observe that a higher industry exposure

increases the probability of exporting, but being located in the sending counties has a negative

effect. This matches the observation that firms in the sending counties perform worse on av-

erage than those in other areas of Guangdong (see Table 2). The Cantonese network exposure

variable, however, has a positive and significant effect on exports. The coefficient also remains

positive and significant after the inclusion of county and industry fixed effects, as is shown in

column 2: the coefficient indicates that an increase in our measure of network exposure by one

standard deviation (262 workers) increases the probability of exporting by around 3 percentage

points. The results remain robust to the inclusion of county controls interacted with industry

fixed effects, as seen in column 3. Column 4 shows that the coefficient remains similar in mag-

nitude and remains significant when we consider only those industries that sell a considerable

15When we include county and industry fixed effects in the regression, the coefficients of the individual
measures of network exposure are not estimated, since they are collinear to the fixed effects.
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Table 4: Effect on Export Status

Fixed Effects & Exports
OLS Fixed Effects County Controls to US Probit

(1) (2) (3) (4) (5)
Network Exposure .057*** .029** .037*** .033*** .089***

(.008) (.013) (.003) (.009) (.013)
Industry Exposure .041*** .041***

(.007) (.008)
Sending Counties -.185*** -.220***

(.019) (.023)

Age Y Y Y Y Y
Industry & County FE N Y Y Y N
County Controls x Ind FE N N Y N N

Number of observations 24,164 24,164 23,953 16,757 24,164
Adjusted R-Squared 0.046 0.271 0.330 0.2588 0.0354

Notes: The dependent variable is a binary variable indicating firms export status. All regressions control
for age. Standard errors in parenthesis and clustered at the four-digit Chinese industry level. The variables
denoted as Industry Exposure refers to the number of Cantonese workers in each 4-digit industries in the U.S.
The coefficients of the variables Network Exposure and Industry Exposure correspond to the changes in the
dependent variable caused by a 1 SD change in the independent variable. ***p>0.01 **p>0.05 *p>0.10.

Table 5: Effect on Export Value

Fixed Effects & Exports
OLS Fixed Effects County Controls to US
(1) (2) (3) (4)

Network Exposure .082** .086*** .092** .105***
(.033) (.031) (.036) (.035

Age Y Y Y Y
Industry & County FE N Y Y Y
County Controls x Ind FE N N Y N

Observations 11,868 11,868 11,868 8,993
Adjusted R2 0.015 0.1222 0.029 0.120

Notes: The dependent variable is the log value of total exports. All regressions control for age. Standard errors
in parenthesis are clustered at the four-digit Chinese industry level. The coefficients of the variable Network
Exposure correspond to the changes in the dependent variable caused by a 1 SD change in the independent
variable. ***p>0.01 **p>0.05 *p>0.10.

share of their exports to the U.S.16 Column 5 shows that when estimating a probit model, the

effect remains significant and the magnitude is larger.17

We then investigate how the intensive margin is affected, i.e. how the log value of exports

16We exclude the bottom 30% of industries in terms of their share of exports sold to the U.S., i.e. industries
whose share of exports to the U.S. is less than 13%.

17In column 5 the marginal effect at mean is reported.
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changes conditional on exporting, in Table 5. Exposure to the network has a positive effect

in both the basic OLS specification without fixed effects (column 1), as well as when fixed

effects (column 2) and county controls interacted with industry fixed effects (column 3) are

included. The magnitude of the effect ranges between 8 and 9% in the three specifications.

When excluding the industries that are in the bottom 30% in terms of export share to the U.S.

the effect increases to over 10%, indicating that the effect is stronger for industries which are

exporting a significant share of their goods to the U.S. (column 4).

In Table 6, we decompose our measure of industry exposure and look at the individual effect

of Cantonese-American workers employed in related retail and wholesale industries (column 1

and 2), in downstream manufacturing industries (column 3 and 4) and in the same industry

(column 5 and 6). The coefficients using all three measures are all positive and statistically

significant.

The results in Tables 4, 5 and 6 show that not only does exposure to the Cantonese-American

network increase the selection into exports (the extensive margin) but also the size of exports

for exporting firms (the intensive margin). This implies that exposure to the network does not

only lower the fixed costs of becoming an exporter. In fact, lower fixed costs predict that less

productive firms would enter the exporting market, therefore driving down the average value

Table 6: Industry Exposure Breakdown: Export Status and Export Value

Retail and Wholesale Manufacturing Same Industry
Exp Status Exp Value Exp Status Exp Value Exp Status Exp Value

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

Network Related Retail .029** .138***
(.012) (.037)

Network Downstream Manufacturing .030*** .057***
(.008) (.020)

Network Same Industry .061*** .079**
(.017) (.032)

Age Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
County FE Y Y Y Y Y Y

N of observations 22,413 11,314 24,069 11,834 24,043 11,834
R-Squared 0.2878 0.1561 0.2927 0.1599 0.2918 0.1599

Notes: The dependent variable is log of export value. All regressions control for age. Standard errors in
parenthesis and clustered at the four-digit Chinese industry level. The coefficients of the variable Network
correspond to the changes in the dependent variable caused by a 1 SD change in the independent variable.
***p>0.01 **p>0.05 *p>0.10.
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of exports. Instead, the migrant network network makes exporting sufficiently more profitable,

such that exporting firms export more on average, even if fixed costs are reduced.18

6.2 Domestic Sales and Exclusive Exporter Status

Table 7: Effect on Domestic Sales and Exclusive Exporter Status

Domestic Sales Exclusive Exporter

FE & County Export FE & County Exports
FE Controls to US FE Controls to US

Network Exposure -.141*** -.259*** -.156*** .010** .021*** .012***
(.048) (.044) (.046) (.004) (.004) (.004)

Age Y Y Y Y Y Y
Industry & County FE Y Y Y Y Y Y
County Controls x Ind FE N Y N N Y N

Observations 24,164 24,164 16,757 24,164 24,164 16,757
Adjusted R2 0.2986 0.2593 0.2813 0.2657 0.2204 0.2572

Notes: The dependent variable is either the log value of domestic sales (within China) or a binary variable in-
dicating whether the firm only exports and does not sell domestically. All regressions control for age. Standard
errors in parenthesis are clustered at the four-digit Chinese industry level. The coefficients of the variable Net-
work Exposure correspond to the changes in the dependent variable caused by a 1 SD change in the independent
variable. ***p>0.01 **p>0.05 *p>0.10.

Table 7 shows how domestic sales are affected by the ethnic migrant network, and whether

firms are more likely to be exporters only (and not sell domestically) if they are more connected

to the migrant network. Interestingly ethnic networks have a negative effect on domestic sales:

a one standard deviation increase in our measure of network exposure decreases domestic

sales by at least 14%. Moreover, ethnic networks have a positive and significant effect on the

probability that firms are exporters only, i.e. they only sell abroad, and not within China, as

observed in columns 4-6. The effect ranges from 1 to 2 percentage points, which corresponds

to a 4.2-8.4% increase with respect to the sample mean.

These results combined indicate that ethnic networks not only increase the probability that

firms will export and the value of exports conditional on exporting, but also induce firms to

specialize in exporting.19

18In Appendix B we analyse more in detail the effect of the ethnic migrant network on the fixed and variable
costs of trade, by distinguishing between information frictions and contract enforcement, the former of which is
generally regarded as a fixed cost. We follow the method of Rauch and Trindade (2002) to distinguish between
the two.

19Table C.3 in the Appendix shows the effect of the ethnic network on domestic sales and exclusive exporter
status when considering the different measures of industry exposure individually.
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Figure 2: Firm Outcomes: Production

Notes: All regressions control for age and include county and industry fixed effects. Standard errors are clus-
tered at the four-digit Chinese industry level. This graph plots the coefficients of the variable network exposure
estimated in equation (2) for the three different measures of industry exposure; the coefficients correspond to
the effect of a 1 SD change in the measure of network exposure. The confidence intervals shown are 99%, 95%
and 90%.

6.3 Production and Employment Variables

In this section, we investigate whether the Cantonese migration wave to the U.S. had long-term

effects on other firm variables. We estimate equation (2), where y corresponds to the following

firm-level variables: total output, profits, fixed assets, TFPR, number of employees, percentage

of high skilled employees, total wages, average wages per employee, management expenses.20

In Figures 2 and 3 we plot the coefficients of the variable network exposure. A higher exposure

to the Cantonese American network has a positive and statistically significant effect on firms

total output (around 6%) and fixed assets (above 7%). Moreover, it has a positive effect on

firms profits of about 6.5%, although only marginally statistically significant. The effect on

total factor productivity (TFPR) is very close to zero.

In Figure 3 we note a positive and statistically significant on management expenses of 7%.

Moreover, we find a positive and statistically significant, although economically small, effect

on the percentage of highly skilled workers employed.

These results may indicate that better connected firms spend more on non-production

20Except for TFPR and percentage of high skilled workers, all the variables are in natural logarithmic form.
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Figure 3: Firm Outcomes: Employment and Expenses

Notes: All regressions control for age and include county and industry fixed effects. Standard errors are clus-
tered at the four-digit Chinese industry level. This graph plots the coefficients of the variable network exposure
estimated in equation (2) for the three different measures of industry exposure; the coefficients correspond to
the effect of a 1 SD change in the measure of network exposure. The variable average yearly wage indicates
the yearly average wage paid per worker. The confidence intervals shown are 99%, 95% and 90%.

activities, such as advertising or marketing. In fact, these activities may be particularly im-

portant for firms which engage in exporting. Another possible interpretation of these results is

that more connected firms produce different products for the exporting markets and for which

higher-skill workers are needed.

6.4 Addressing Identification Concerns

Our results rely on the assumption that, in absence of the American-Cantonese ethnic net-

work, firms in the same industry would be similar across ”sending” and ”other” counties in

Guangdong. Therefore, we may worry that other characteristics, which are not absorbed by

the industry and county fixed effects or the interaction of industry fixed effects and county

characteristics, may correlate with exposure to the American Cantonese network.

We perform a number of robustness checks. In this section we discuss those for the outcomes

export status and export value, reported in Tables 8 and 9. The discussion of the robustness

checks for other outcomes is included in Appendix C.

Firstly, the number of Cantonese Americans in the U.S. could correlate with the overall
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Table 8: Robustness: Effect on Export Status

Industry Size High-Tech High-Tech Small Firms Placebo: Cantonese
in U.S. Industries Excluded Only Chaozhou Counties

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

Network Exposure .044∗∗∗ .087∗∗ .034∗∗∗ .037∗∗ .026∗∗∗

(.006) (.041) (.010) (.016) (.009)

Other Workers -.033∗∗∗

*Sending (.010)

Industry Exposure .016
*Chaozhou (.014)

Age Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
County FE Y Y Y Y Y Y
Observations 22,318 8,025 16,139 12,550 24,164 16,894
Adjusted R2 0.271 0.233 0.299 0.193 0.275 0.238

Notes: The dependent variable is a binary variable indicating firms export status. Standard errors in parenthe-
sis and clustered at the four-digit Chinese industry level and all regressions control for age and include industry
and county fixed effects. The variables denoted as Network Exposure, Industry Exposure and Other workers are
normalised by their standard deviation. The variable Other Workers refers to the number of non-Cantonese
American workers employed in the same and related industries in the U.S. The variable Chaozhou is a dummy
variable equalling one if a given firm is located in one of the following counties: Chaoyang, Chaonan, Raoping,
Chengai, Meixian, Puning and Jieyang City. ***p>0.01 **p>0.05 *p>0.10.

number of workers (i.e. the size) of industries. Therefore, the effects we find in the previous

sections may be driven by the overall number of workers in an industry, rather than the number

of Cantonese Americans. We therefore control for the number of non-Cantonese workers in

related industries (Other Workers) interacted with our sending dummy. As can be seen in

column 1 of Tables 8 and 9, the coefficient of the independent variable of interest remains

statistically significant and increases in size.

Secondly, our results could be driven by the presence of industry-specific, inherited human

capital. For example, if in the 19th century the sending counties specialized in specific industries

because the population was endowed with particular industry-specific abilities, we could expect

that firms in these industries would still be particularly successful in this area today, and we

would expect descendants of Cantonese migrants to be employed in the same industries. While

it has been documented that the sending counties were poor and rural areas, mostly reliant on

agriculture at the time of emigration, we do not have data on the industrial structure by county

in the 19th century. The same argument could apply if employment patterns in the U.S. were
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Table 9: Robustness: Effect on Export Value

Log Export Value

Industry Size High-Tech High-Tech Small Firms Placebo: Cantonese
in U.S. Industries Excluded Only Chaozhou Counties

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

Network Exposure .141∗∗∗ .553∗∗ .052 .066 .073∗∗

(.040) (.269) (.034) (.043) (.034)

Other Workers -.201∗∗∗

* Sending (.060)

Industry Exposure -.011
*Chaozhou (.080)
Age Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
County FE Y Y Y Y Y Y
Observations 11,280 3,935 7,933 3,969 11,868 7,411
Adjusted R2 0.120 0.144 0.111 0.105 0.122 0.134

Notes: The dependent variable is the log of export value. Standard errors in parenthesis and clustered at
the four-digit Chinese industry level and all regressions control for age and include industry and county fixed
effects. The variables denoted as Network Exposure, Industry Exposure and Other workers are normalised by
their standard deviation. The variable Other Workers refers to the number of non-Cantonese American workers
employed in the same and related industries in the U.S. The variable Chaozhou is a dummy variable equalling
one if a given firm is located in one of the following counties: Chaoyang, Chaonan, Raoping, Chengai, Meixian,
Puning and Jieyang City. ***p>0.01 **p>0.05 *p>0.10.

driven by a genetic or cultural advantage of the sending county population in certain sectors

or industries. In both cases, we should find that the effect should be driven by migrants who

work in the same industry in the U.S., as the industry-specific human capital should be less

important for downstream manufacturing industries or related retail industries; however, this

is not supported by the findings in table 6. Furthermore, we split our sample into high-tech

industries, which did not exist in China before the 1950s, and other industries. The results

are shown in columns 2 and 3 respectively. For both export status and value, the coefficients

for high-tech industries are positive, significant and larger than those of for non high-tech

industries.21

Another concern may be that American firms choose to hire ethnic Cantonese workers

because of pressure from their already existing trading partners in the sending counties, who

may have kinship ties with Cantonese American workers. This channel would predict the effect

to be driven by large firms, as only large Chinese firms should have the ability to pressure their

21We classify industries according to the technology intensity definition of the OECD.
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trading partners. To test this hypothesis, we run the regression only for firms whose number of

workers is below median (less than 200 workers), which is shown in column 4. The coefficient is

still statistically significant for export status, although it is positive but more noisy for export

value, which may be due to the reduced sample size.

Colummn 5 addresses the concern that the population of areas that saw large out-migration

are fundamentally different, for example are more open minded, making both firms in China

and migrants in America more likely to specialize in industries that rely on international trade.

We conduct a placebo test using the interaction between our measure of industry exposure and

a dummy indicating the location in Chaozhou, another region of Guangdong that saw an even

large amount of out-migration in the time period. As the migrant from Chaozhou emigrated to

South-East Asia, particularly Thailand, the industry specific network should not affect them.

The coefficient is insignificant for both outcome variables.

Finally, since the sending counties belong to the Cantonese cultural group (the largest in

Guangdong), a potential concern is that with our regression we capture the positive effect of

firms belonging to the dominant cultural group. Therefore, we analyze whether our results still

hold when restricting the regression to firms located in Cantonese counties. Our results are

robust to this restriction, as we observe in column 6.

6.5 Understanding the Effect on Firm Performance

Our results indicate that the migration wave from China to the U.S. that we study in this

paper has a long-term effect not only on international trade, but on several firm-level variables.

The natural next step is to identify the mechanisms which drive our results. In particular, we

want to understand whether firms trade and performance are related, and more specifically,

whether the positive effect on firms performance is a consequence of international trade.

A key result to identify the mechanisms is that, as we show in Section 6.2, firms which are

more connected the ethnic network are more likely to only sell to foreign markets and the value

of their domestic sales is lower. This indicates that the positive effect on firms characteristics

is likely to be a result of the positive effect that the ethnic network has on firms exports.

However, there are other potential factors which could influence firm behaviour.

One of the consequences of ethnic networks which is highlighted in the literature is that they
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Table 10: Effect on Capital by Source of Funding

HK, Macao &
Total (ln) Foreign (ln) Taiwan (ln) State (ln) Private (ln)

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

Network Exposure .085∗∗∗ .128 .007 .223 .057∗∗

(.027) (.092) (.027) (.287) (.028)
Age Y Y Y Y Y
Industry FE Y Y Y Y Y
County FE Y Y Y Y Y
Observations 33,938 4,062 10,764 1,720 19,431
Adjusted R2 0.181 0.196 0.149 0.308 0.220

Notes: The dependent variable is the log value of capital by source of funds. Note that foreign excludes
capital from Taiwan. Standard errors in parenthesis and clustered at the four-digit Chinese industry level and
all regressions control for age and include industry and county fixed effects. The variables denoted as Network
Exposure is normalised by its standard deviation. The sample includes all firms, including state owned and
foreign owned firms, which were excluded in previous analysis. ***p>0.01 **p>0.05 *p>0.10.

facilitate the flow of technological knowledge. While related to the information flows mechanism

described in Section 2, this channel focuses on the transmission of information not related to

trade, but instead to technology and production processes. Empirical studies have shown that

ethnic networks lead to technological knowledge sharing, and better access to technological

knowledge through the network may lead to the positive effects for connected firms that we

observe in the data (Kerr, 2008). To investigate this channel, we examine the effect of network

exposure on TFPR. An increase in technological knowledge transmitted from the U.S. to China

implies that network exposure should have a positive effect on firms’ productivity. However,

as noted in Section 6.3, we observe virtually no effect on TFPR. While it does not completely

exclude the fact that technology transfers are present, this result indicates that it is unlikely

that the results we find on firm performance should be driven by this channel.

A second alternative channel is FDI: connections to the ethnic network may result in an

increase in FDI, which may cause firms to export more. Since we exclude foreign owned firms

from the analysis, FDI cannot be the main mechanism behind our results. However, the effect

of FDI does not only need to hold at the firm level: foreign direct investment could still have

a positive effect on firms due to potential spillover effects on neighbouring firms, which are

not directly affected by foreign investment. To investigate further this channel, we turn to

analysing the full sample of all firms, including foreign firms, and we investigate whether an
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increase in network exposure increases FDI. In Table 10, we compare the effect of the ethnic

network on different sources of funding: total capital, foreign capital, capital from Taiwan,

capital from the state and capital from private domestic investors. We find a positive long-

term effect of migration on total capital, but this effect is driven by private domestic investors,

not foreign investors. Therefore, in our setting FDI does not play a major role on firms which

are affected by the ethnic migrant network.

7 Conclusion

In this paper we analyze the long-term effect of migration networks on firms exports and per-

formance in the origin country of migrants. We focus on a historical migration wave that lasted

from the mid-19th century until 1949. The localized nature of this migration wave, together

with the linguistic heterogeneity of southern China allows us to implement a cross-sectional

difference-in-difference strategy with continuous treatment intensity. The main explanatory

variable of interest is a dummy variable which equals one if a given firm in the province of

Guangdong is located in a sending county, i.e. if the firm has a higher cultural exposure to

the network, interacted with the number of American workers of Chinese origin employed in

a related industry in the U.S., which measures exposure to the ethnic migrant network at the

industry level.

We find evidence of a positive long-term effect of migration networks on firms exports

and on variables indicating firm performance, such as output, fixed assets, share of highly

skilled workers, as well as management expenses. Nevertheless, we find a negative effect on

domestic sales and no statistically significant effect on total factor productivity and foreign

capital. These results indicate with migration have a positive long-term effect on firms in the

origin country. We consider several possible mechanisms which can lead to such effect: foreign

direct investment, technology diffusion and international trade. Our findings are consistent

with international trade being the main mechanism behind the positive effect on firms.
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A Matching Chinese Manufacturing Industries to U.S.

Wholesale and Retail Industries

To calculate the measure of industry exposure described in Section 4.2 we match manufacturing

industries in China with retail and wholesale industries in the U.S. which are likely to interact

with the Chinese industries.

Ideally, to perform this matching we would have information about imports and exports

that reveal the top retail and wholesale industries which import products from manufacturing

industries in China. In the absence of that, we need to impute the Chinese manufacturing in-

dustries which match with the U.S. retail industries. We achieve this by first isolating key words

in the description of the manufacturing industry in China. We then match these key words

to the description of the corresponding NAICS retail and wholesale industry. For example, in

the case of a tobacco and cigarette manufacturer in China, we conduct a search for the key

words in the NAICS database for retail and wholesale industries whose description contained

related words to Tobacco. In this case we link tobacco production to the wholesale indus-

try 424940 ”Tobacco and Tobacco Product Merchant Wholesalers” and 424590 ”Other Farm

Product Raw Material Merchant Wholesalers” which includes ”Auction markets for tobacco”

in their description, as well as the retail industry 453991 ”Tobacco Stores”.

Our matching may be subject to measurement error, since we create an imperfect measures

of the retailers and wholesalers truly stocking these products, as we usually exclude generalised

retailer industries. In an attempt to reduce it, to construct the industry exposure measure for

retail and wholesale industries we use the average number of Chinese workers that work in all

the 4-digit industries which are matched to each Chinese industry code.
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B Information vs. Contract Enforcement

As discussed in Section 2, there are two main channels through which ethnic networks can

facilitate trade: firstly, by reducing information barriers, and secondly, by improving contract

enforcement. In order to identify the magnitude of the two channels, we investigate whether

there are heterogeneous effects for differentiated goods as suggested by Rauch and Trindade

(2002). They argue that informational barriers should play a larger role for the decision to ex-

port differentiated goods than for reference priced goods, as for these goods prices carry far less

information. If networks reduce informational barriers by sharing knowledge about consumer

tastes or by matching buyers and sellers, our results should be driven by differentiated goods.

On the other hand, according to Rauch and Trindade (2002), contract enforcement barriers

should play the same role for all goods. The authors note that the complex nature of differ-

entiated goods may mean that aspects such as quality might be non-contractible. Therefore,

while observing a larger effect for differentiated goods would suggest a larger role of information

flows, one could not completely rule out the contract enforcement channel.

Table B.1 shows the results for this exercise on export status, logged export value and the

exclusive export status. We use two possible definition of differentiated goods suggested by

Rauch and Trindade (2002) - liberal and conservative. Columns 1 and 2 show that the effect

of network exposure on export status is driven by differentiated goods. However, we do not

find such differential effect on the value of exports in columns 3 and 4. Columns 5 and 6 show

that the effect of the network on the probability of being an exclusive exporter is driven by the

effect on industries supplying differentiated goods.

Overall, we find that a reduction in information cost drives the positive effect of networks

on the extensive margin, but not on the intensive margin.
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Table B.1: Heterogeneous Effects for Differentiated Goods

Export Status Export Value Exclusive Exporter

Lib. Con. Lib. Con. Lib. Con.
(1) (2) (3) (4) (5) (6)

Network Exposure .060∗∗∗ .061∗∗∗ .042 .163 .024∗∗ .023∗∗

* Differentiated (.019) (.018) (.234) (.213) (.011) (.011)

Network Exposure -.022 -.024 .042 -.073 -.009 -.008
(.018) (.017) (.232) (.212) (.011) (.011)

Differentiated -.009 -.014 .014 -.045 -.016 -.020
* Sending Counties (.023) (.024) (.213) (.018) (.018) (.207)

Age Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
County FE Y Y Y Y Y Y
Observations 24,164 24,164 11,868 11,868 24,164 24,164
Adjusted R2 0.275 0.275 0.122 0.122 0.264 0.264

Notes: The dependent variables are a binary variable indicating firms export status (columns 1, 2); log value
of total exports (columns 3, 4); a binary variable indicating whether the firm only exports and does not sell
domestically (columns 5, 6). All specifications include county and industry fixed effects and control for age.
Standard errors in parenthesis and clustered at the four-digit Chinese industry level. The variables denoted
as Industry Exposure refers to the number of Cantonese workers in each 4-digit industries in the U.S. The
coefficients of the variables Network Exposure correspond to the changes in the dependent variable caused by a
1 SD change in the independent variable. The classification of differentiated goods was taken from Rauch and
Trindade (2002). Lib. and Con. indicate whether we used the liberal or conservative definition of differentiated
goods. ***p>0.01 **p>0.05 *p>0.10.
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C Additional Robustness Checks

We repeat the robustness checks described in Section 6.4 for the outcomes domestic sales and

exclusive exporter status (Table C.2). The results broadly mimic those found in Table 8.

However, there are a few differences worth noting.

Firstly, restricting the sample into high-tech and non high-tech industries shows different

results: the effect for domestic sales and exclusive exporter status is stronger for industries

which are not high-tech. While different from the pattern we found for export status and

export value, this result is not counter-intuitive. In fact, high-tech industries are dominant in

China (already in 2006, China became the first exporter of high-tech goods, with 17% of global

Table C.2: Robustness: Effect on Domestic Sales and Exclusive Exporter Status

Industry Size High-Tech High-Tech Small Firms Placebo: Cantonese
in U.S. Industries Excluded Only Chaozhou Counties

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

Panel A: Domestic Sales
Network Exposure -.228∗∗∗ .148 -.137*** -.242∗∗ -.085

(.040) (.326) (.046) (.123) (.054)

Other Workers .235∗∗∗

* Sending (.068)

Industry Exposure -.119
*Chaozhou (.097)

Observations 22,318 8,025 16,139 12,550 24,164 16,894
Adjusted R2 0.2952 0.2552 0.3178 0.2253 0.2769 0.2488

Panel B: Exclusive Exporter Status
Network Exposure .018∗∗∗ -.017 .010** .022∗∗ .005

(.004) (.032) (.004) (.011) (.005)

Other Workers -.020∗∗∗

* Sending (.008)

Industry Exposure .014
*Chaozhou (.010)
Observations 22,318 8,025 16,139 12,550 24,164 16,894
Adjusted R2 0.2639 0.2351 0.2789 0.182 0.2468 0.2105

Age Y Y Y Y Y Y
Industry FE Y Y Y Y Y Y
County FE Y Y Y Y Y Y

Notes: The dependent variable is the logged value of domestic sales (defined as total sales minus exports) in
Panel A, and a dummy variable indicating whether the firm sells only outside of China in Panel B. Standard
errors in parenthesis and clustered at the four-digit Chinese industry level and all regressions include industry
and county fixed effects. The variables denoted as Network Exposure, Industry Exposure and Other workers are
normalised by their standard deviation. The variable Other Workers refers to the number of non-Cantonese
American workers employed in the same and related industries in the U.S. The variable Chaozhou is a dummy
variable equalling one if a given firm is located in one of the following counties: Chaonan, Raoping, Chengai,
Meixian, Puning and all the counties in Jieyang City. ***p>0.01 **p>0.05 *p>0.10
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high-tech exports) and Chinese high-tech products are sold both domestically and in foreign

markets; therefore, we do not find that in these industries firms tend to sell less domestically

when connected to the Cantonese-American network (Meri, 2009).

Secondly, when restricting the sample to Cantonese-speaking counties only, the network

effect is not statistically significant for domestic sales and exclusive exporter status. The fact

that restricting the sample reduces the sample size may contribute to why results are noisier

when analyzing only firms belonging to Cantonese areas.

Additionally, similarly to Table 6, we decompose the measure of industry exposure and

look at the effect on domestic sales and exclusive exporter status separately for the different

components of industry exposure: related retail and wholesale industries, related downstream

manufacturing and same industry. Table C.3 shows that for these two outcome variables the

results are driven by downstream manufacturing industries and by the same industry.
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