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Abstract

This is the �rst paper to examine distribution-oriented outward FDI using Chinese multi-

national �rm�level data. Distribution outward FDI refers to Chinese parent �rms in man-

ufacturing that penetrate foreign markets through wholesale trade a¢ liates that resell ex-

portable goods. Our estimations correct for rare-events bias and show that distribution

FDI are more (less) productive than non-FDI (non-distribution FDI) �rms. As cross-border

communications costs (transportation costs) increase, there is a higher the probability that

�rms engage in distribution FDI (non-distribution FDI). Our endogenous income-threshold

estimates show that high-productivity Chinese �rms invest more in high-income countries,

but not necessarily in low-income countries.
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1 Introduction

Distribution-oriented outward foreign direct investment (FDI) refers to the phenomenon of home

parent manufacturing �rms that penetrate foreign markets through wholesale trade a¢ liates

that resell exportable goods. Distribution-oriented outward FDI is an important phenomenon

in developed countries like the United States (Hanson et al. 2001), and in developing countries

like China. However, there is relatively scant research on this topic. The present paper aims to

�ll this gap.

Outward FDI can be broken down into two main categories: distribution-oriented and non-

distribution production-oriented FDI. Distribution FDI includes the business-service foreign

a¢ liates and the wholesale foreign a¢ liates. The business-service FDI mainly refers to building

overseas business o¢ ce to explore foreign market, to promote sales, and to serve customers in

the hosting countries. Similarly, the wholesale FDI refer to oversea intermediaries of parent

�rms to help exporting and sales in the host countries.

In the United States, the wholesale foreign a¢ liates accounted for over 20% of total foreign

sales by multinationals even in a decade ago. The number of wholesale foreign a¢ liates is

around 50 percent of that of production foreign a¢ liates. In a developing country like China,

the proportion of distribution FDI is even higher. According to the report by the Ministry of

Commerce (MOC 2013), China�s outward FDI has increased dramatically in the new century.

China�s outward FDI �ow accounts for 7.6 percent of global FDI �ow and ranks third in the

world, following the United States and Japan, and �rst among developing countries. More

importantly, the share of China�s distribution outward FDI increased from around 28 percent

in 2004 to around 40 percent in 2013. The FDI stock in the business-service sector accounts for

roughly 30% of the total FDI in 2013, ranking top in all industries. The wholesale FDI ranks

fourth and accounts for 14% of the total FDI stock. By sharp contrast, production FDI only

accounts for 6% in the same period. In addition, distribution FDI is highly correlated with �rm

exports and has distinct characters from those of production FDI.

This raises two questions. First, compared with building production plants overseas, why is

distribution outward FDI so popular? What causes some �rms to engage in distribution outward

FDI? Second, which investment characteristics in the host country matter for �rms to engage

in distribution FDI?

Previous pioneering works such as Hanson et al. (2001) and Horstmann and Markusen (1996)
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make signi�cant e¤orts for us to understand the characteristics of distribution FDI. However,

we are not still entirely clear why some �rms choose distribution FDI while others do not, and

why distribution FDI is more popular in some countries like China than in other countries.

The present paper seeks to answer such questions. We argue that distribution FDI plays an

important auxiliary but signi�cant role to boost China�s exports. In accompany with China�s

fast productivity growth in the new century (Feenstra et al., 2014), distribution FDI provides a

cheaper alternative for a bunch of Chinese exporting �rms to realize the cost-saving e¤ects in

reducing the cross-border communication costs.

The current paper presents four main �ndings. First, �rms with distribution outward FDI are

found to be more productive than non-FDI �rms, but less productive than non-distribution FDI

�rms. These �ndings imply that the popularity of distribution outward FDI may be attributed

to the fact that most Chinese exporting �rms are insu¢ ciently productive to set up overseas

production lines. As a compromise, they set up a service or distribution center abroad to promote

exports. This �nding echoes the stylized fact that China�s exports have increased rapidly in the

new century (even with the appreciation of the RMB since 2005). In addition, we �nd strong

sorting behavior between production FDI, distribution FDI, and non-FDI exports. To explain

these �ndings, inspired by Oldenski (2012), we extend the model of Helpman et al. (2004) to

understand this sorting behavior. Our estimates are based on a comprehensive FDI decision

data set covering all Chinese FDI manufacturing �rms during 2000-08. However, it is important

to stress that only a very small proportion of �rms in our large sample engaged in FDI activity.

Thus, the standard nonlinear binary estimates would have downward estimation bias (King and

Zeng 2001). We thus correct for such rare-events estimation bias in the paper.

Second, we distinguish the cross-border communications costs that occur during distribu-

tion and sales (like the costs of import procedures, promoting goods, and services before and

after sales) from the usual transportation costs (i.e., iceberg transportation costs and tari¤s) to

demonstrate the importance of distribution outward FDI for exporting �rms. We �nd that the

higher are the cross-border communications costs, the higher is the probability that �rms en-

gage in distribution outward FDI. By contrast, the higher are the iceberg transportation costs,

the higher is the probability that �rms engage in non-distribution (or production) outward

FDI. These �ndings are intuitive in the sense that, by setting up a business o¢ ce or wholesale

and retail subsidiary, the �rm can largely reduce the asymmetric rent charged by local agents
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(Horstmann and Markusen 1996). By contrast, �rms can save on transportation costs when

exporting is replaced by production FDI. These �ndings are also highly consistent with our

theoretical predictions.

Third, by allowing for �rm heterogeneity in choosing host destinations, we �nd that the role

of a �rm�s productivity in its FDI �ow di¤ers by destination income. Highly productive �rms are

more likely to invest in rich countries, but not necessarily in poor countries. This �nding persists

when we check the intensive margin of the Linder hypothesis that rich countries receive more

FDI �ows. By estimating an endogenous threshold of income in host countries, our threshold

regressions �nd support for the Linder hypothesis on FDI volume to high-income countries.

Fourth, we �nd strong evidence on the intensive margin of distribution-oriented FDI. We

�nd that �rm productivity signi�cantly boosts distribution FDI �ow once �rms self-select into

distribution FDI. Di¤erent from previous studies on Chinese outward FDI, we were able to

obtain con�dential information on the outward FDI �ow for total FDI �ow and distribution

FDI �ow in Zhejiang province, one of the most important FDI provinces in China. This is a

novel �nding in the literature on understanding China�s outward FDI, as the publicly released

nationwide FDI decision data set has the substantial pitfall that data on �rms�FDI �ows are

unavailable.

The paper makes the following four contributions to the literature. First, it enriches the

understanding of distribution outward FDI. As documented by Boatman (2007), as distribution

FDI does not save production costs, distribution FDI has received little attention in the liter-

ature from theoretical and empirical works, except a few exceptions, such as Horstmann and

Markusen (1996), Hanson et al. (2001), and Kimura and Lee (2006). We show that distribution

FDI is complementary to �rm export as a type of downward vertical FDI. As illustrated in our

theoretical framework, �rms face a trade-o¤ between variable cost and �xed cost. Firms engaged

in exporing without FDI, regardless of distribution or production orientation, bear an additional

variable cost of cross-border communications (Oldenski 2012). However, �rms engaged in dis-

tribution FDI have a larger �xed cost. The trade-o¤ between variable cost and �xed cost can be

interpreted as a new form of the standard concentration-proximity trade-o¤. Thus, productivity

heterogeneity plays an important role in understanding distribution FDI. Only highly productive

�rms would self-select into distribution FDI.

Second, the paper enriches the understanding of China�s distribution FDI. Di¤erent from
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China�s exports, on which there is already a fairly large micro-level literature (see Qiu and

Xue (2014) for a recent survey), few papers have investigated China�s FDI, especially from

the �rm-level perspective, despite that China�s FDI �ows have become the third largest in the

world. Even for the extensive margin of China�s FDI, it has been only recently that China�s

government (more precisely, the Ministry of Commerce) has released universal, nationwide, �rm-

level FDI decision data (i.e., which �rms engage in FDI activity). With this data set, we are now

able to explore whether the well-accepted Melitz-type e¤ects apply to China. Based on Melitz

(2003), Helpman et al. (2004) predict that to enter foreign markets through foreign a¢ liates,

�rms have to pay extra high �xed costs to cover additional expenses, such as investigating the

regulatory environment in the foreign market. Only pro�table, high-productivity �rms can do

so. Our binary estimates �nd that the sorting predictions among non-FDI, distribution FDI,

and production FDI work well in China. Thus, di¤erent from the mixed �ndings on Chinese

exports and �rm productivity,1 we con�rm that the sorting behaviors among domestic sales,

exporting, and FDI proposed by Helpman et al. (2004) apply to Chinese FDI �rms.

Third and more importantly, we explore the intensive margin of �rm FDI �ows (on all FDI

and distribution FDI), which is almost completely absent in previous studies because of the

unavailability of data. As introduced in detail in the next section, although the Ministry of

Commerce of China released the list of FDI �rms (henceforth, the FDI decision data set), the

data set does not report each �rm�s FDI volume in all years. To overcome this data challenge,

we accessed a con�dential FDI data set compiled by the Department of Commerce in Zhejiang

province, which reports �rms�FDI volume in addition to all other information covered in the

FDI decision data set. Thanks to this novel data set, we are able to explore the intensive margin

of �rm FDI in China.

Finally, the paper contributes to the literature on empirical identi�cation. We adopt razor-

edge econometric techniques to deal with the related empirical challenges; the techniques can be

applied to other projects facing a similar problem or data constraints. An empirical challenge is

rare-events estimation bias. As there are much fewer FDI �rms than non-FDI �rms in our FDI

data sets (i.e., the nationwide FDI decision data and Zhejiang�s FDI �ow data), conventional

1Lu (2010) �nds that Chinese exporters are less productive. However, Dai et al. (2012) and Yu (2015) argue

that that �nding was because of the presence of China�s processing exporters, which are less productive than

non-exporters and non-processing exporters. Once processing exporters are excluded, Chinese exporters are more

productive than non-exporters, in line with the theoretical predictions of Melitz (2003).
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binary estimates, like logit or probit, would face a downward estimation bias of �rms� FDI

probability, which will be discussed carefully. We adopt the rare-events logit method proposed

by King and Zeng (2001, 2002) to correct for possible estimation bias. We �nd that the marginal

e¤ect of �rm productivity on FDI probability with rare-events corrections is much larger than

that without the corrections, especially for the Zhejiang subsample.

Another novel econometric application is that we use the endogenous threshold regressions

developed by Hansen (1999, 2000). Recent studies �nd that the conventional Linder (1961)

export hypothesis can extend to and work for FDI: high-income countries usually absorb more

FDI (Fajgelbaum et al. 2011). We are particularly interested in whether �rm productivity has

a heterogeneous impact on �rm distribution FDI volume by destination income. The empirical

challenge is where to set the line for high-income and low-income host countries. We take a

di¤erent approach from previous studies that set the cuto¤ lines at a predetermined level as

adopted from the World Bank. We instead allow �rms to choose their endogenous cuto¤s based

on their productivity performance. Hence, we are able to estimate the endogenous average

income threshold for �rms�FDI decision. Our threshold regressions �nd strong support for the

Linder hypothesis for FDI volume to high-income countries.

The present study is related to four strands of the literature on FDI. The �rst strand is �rm

heterogeneity of productivity and FDI. Inspired by Melitz (2003), Helpman et al. (2004) develop

the concentration-proximity trade-o¤ initiated by Markusen (1984) to �nd �rms�sorting behav-

ior: low-productivity �rms self-select to sell in domestic markets, whereas high-productivity

�rms sell in domestic and foreign markets. However, only the most productive �rms self-select

to engage in FDI. The sorting pattern is mainly determined by the trade-o¤ between transporta-

tion costs and the �xed costs of FDI. By assuming that �rm production requires headquarter

services and manufactured components, Antràs and Helpman (2004) ascertain that a �rm�s pro-

ductivity ranking in�uences the �rm�s choice between outsourcing and FDI, which is con�rmed

by Federico (2009), who uses Italian manufacturing �rm-level data. Yet, the sorting pattern

proposed by Helpman et al. (2004) is challenged by Bhattacharya et al. (2010), who use data

on the Indian software industry. Di¤erent from those �ndings in the services industry, we �nd

that the predictions of Helpman et al. (2004) work well for Chinese �rms. In particular, �rms

engaged in distribution FDI are more productive than non-FDI �rms.

The second strand is related to the literature on the nexus between distribution-oriented and
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production-oriented FDI. Horstmann and Markusen (1996) is the pioneering work on distribution

FDI. They argue that �rms have two options in foreign markets: export or distribution FDI.

Exporters need to �nd a local agent to explore the size of the market. However, this may

generate asymmetric information. Foreign local agents have an information advantage over

home exporters, as the �rm�s e¤ort and information on market size are private information.

Thus, home exporters have to pay additional information rent. By contrast, building a wholly-

owned distribution a¢ liate requires extra �xed costs. So �rms will make decisions by considering

the trade-o¤ between the two. Di¤erent from Horstmann and Markusen (1996), Hanson et al.

(2001) implicitly assume that �rm export and distribution-oriented FDI are complementary, as

distribution FDI is set up to promote exports. They compare the trade-o¤ between distribution-

and production-oriented FDI and �nd that �rms operating in countries with high income tax

would prefer distribution FDI rather than production FDI, to avoid paying the high corporate

tax. Our paper is in line with Hanson et al. (2001), in searching for the trade-o¤ among

exporting, distribution FDI, and production FDI.

The third strand is related to the literature on the nexus between exports and FDI. Early

works, such as Froot and Stein (1991), �nd that depreciation in the host country would absorb

more FDI because of the declining investment cost in the host countries. In search of the rela-

tionship between exports and FDI, Blonigen (2001, 2005) �nds a possible substitution between

Japanese FDI to the United States and Japanese exports of �nal goods to the United States in

the automobile market, although intermediate goods are complementary. Recent works exam-

ine this nexus beyond the traditional concentration-proximity models. For instance, Oldenski

(2012) explores the role of communication of complex information in the traditional proximity-

concentration model of the decision between exports and FDI. She �nds evidence that �rms

would prefer exporting if the activities require complex within-�rm communication. Instead,

�rms would prefer FDI if the goods and services require direct communication with consumers.

Based on Russ (2007), Ramondo et al. (2013) �nd that countries with less volatile �uctuations

are served relatively more by foreign a¢ liates than by exporters. Similarly, inspired by Jovanovic

(1982), Conconi et al. (2014) �nd that �rms are more likely to export rather than engage in FDI

when they face uncertainty about foreign market demand. So exporting and (horizontal) FDI

may be complements in a dynamic setup, although they are substitutes in the static setting.

The last related strand of the literature is research on China�s FDI. Because of the unavail-
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ability of micro-level data, previous works have examined the industrial characteristics of FDI

but abstracted away the role of �rm activity. Huang and Wang (2011) argue that Chinese FDI

�rms have di¤erent objectives for their investment. Echoing this, Kolstad and Wiig (2012) �nd

that Chinese FDI is attracted to three destinations: countries with lower institutional quality,

countries that are rich in natural resources, and large markets. Most recent, related works tend

to explore what determines the FDI of Chinese �rms. Using the same universal nationwide FDI

decision data set, Wang et al. (2012) �nd that government support and the industrial structure

of Chinese �rms play an important role in interpreting the FDI decision of Chinese �rms. Re-

cently, Wang et al. (2015) use China�s �rm-level data and �nd that access to external �nance

increases the probability that �rms engage in outward FDI. Chen and Tang (2014) also �nd that

�rm productivity and the probability of �rm FDI are positively correlated; yet, because of lack

of data, they remain silent on the intensive margin of �rms�FDI. The present paper aims to �ll

this gap and take a step further to explore the income heterogeneity of �rms�FDI.

The rest of the paper is organized as follows. Section 2 extends Melitz et al. (2004) to

show sorting equilibrium by productivity heterogeneity. Section 3 describes our data sample,

followed by a careful scrutiny of measures of �rm productivity. Section 4 examines the role of

�rm productivity in the �rm�s FDI decision. Section 5 explores the intensive margin of FDI

�ows. Section 6 discusses the �rm�s investment destination and Section 7 concludes.

2 Model

We construct a theoretical framework by extending Helpman et al. (2004) to capture the behav-

ior of distribution FDI. We assume that each country has a representative constant elasticity of

substitution utility function as follows:

U = (

Z


x(')

��1
� d')

�
��1

where x(') is the consumption of product ', and � > 1:

Each �rm in country i produces one product using labor as the only input, and the �rm

has a random labor productivity ' following Pareto distribution, where Pr(' > x) = ( bx)
k; k >

��1; b > 1. So 1
' is the variable production cost for each unit of goods produced. The �rm �rst

decides whether to enter the market. If entry, a sunk cost of fE is required. After the entry, the

�rm observes his productivity '. to set up the production plant. If the �rm would like to serve
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foreign countries, there are three possible ways: (1) export without any foreign investment, (2)

export but at the same time set up a foreign a¢ liate to promote exports, and (3) set up a foreign

plant to produce and sell overseas. The �rm must pay a �xed cost fX for the �rst choice; a �xed

cost fX +fS for the second choice, where fS is the up-front cost to set up a foreign a¢ liate; and

a �xed cost fM for the third choice to build a foreign plant. Here we assume that the �xed costs

satisfy the following ranking fM > fX + fS > fX > fD.2 We will validate these assumptions in

the empirical part of the paper as well.

An iceberg transportation cost � ij > 1 is needed for export, which means � ij units of product

are required for one unit sold in country j. But if the �rm builds a distribution a¢ liation, the

transportation cost may be reduced to �� ij , 0 < � < 1; �� ij > 1. The discount factor �

captures the cost reduction of investing in a trading subsidiary, which allows �rms to distribute

their products independently.

Oldenski (2012) points out that the expenses incurred during communications between the

domestic �rm and foreign customers are crucial when �rms are making the decision whether to

export or build an overseas plant. It is important to distinguish cross-border communications

costs from transportation costs. Cross-border communications cost are incurred after the goods

are transported to the destination and can be reduced by setting up a local business o¢ ce, that

is, distribution FDI, which makes the import procedure and service more e¤ective. However,

transportation costs can be only phased out when the goods are no longer imported but produced

locally, that is, via production FDI. Another di¤erence is that cross-border communications

costs are irrelevant to �rm productivity, since those costs are incurred after the transportation.

Transportation costs are iceberg costs, which vary across �rms with di¤erent productivity.

To capture these aspects, similar to Berman et al. (2012), we introduce a linear cross-border

communication cost in our model. We assume that �rms that only export have to pay �j units

of labor for the communications costs additional to production costs, but those who build an

overseas distribution foreign a¢ liate do not. The value of �j captures the cost-saving e¤ects from

establishing a business o¢ ce, which helps �rms to serve foreign customers by promoting sales

and improving after-sales services. In this way, a destination country with a poor doing-business

2Note that �xed costs for production FDI can be decomposed into two components: �xed cost for production
(fPM ) and �xed cost for setting up the �rm�s own distribution center (fS) which is similar to the �xed cost of
distribution FDI. As an usual assumption in the literature, �xed cost for production in production-type FDI is
assumed to be higher than its counterpart for exports: fPM > fX . We thus have fM = fPM + fS > fX + fS .
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environment may be associated with a poor record in enforcing contracts, which would generate

more communications costs. Di¤erent from production FDI, which saves transportation costs,

distribution FDI mainly reduces the cross-border communications costs incurred.

As in Helpman et al. (2004), wages (w) are equal to unity across countries by introducing

a homogenous good sector in which one unit of labor is used to produce one unit of output.

The homogenous good can be traded freely and an exogenous fraction of income is spent on it.

The marginal cost for each product sold, MCd = w
' ;MC

e =
� ijw
' + �jw;MC

s =
�� ijw
' ;MCm =

wj
' , represents the marginal cost for selling in the domestic market, exporting without foreign

investment, exporting as well as distribution investment, and building a foreign production plant.

The derived demand for product ' is

Xj(') = LjP
��1
j [pcj(')]

��

where Lj is labor income in country j, pcj(') =
�
��1MC

c; c = d; e; s;m is the price of product

' if it is sold domestically, exported without a foreign distribution a¢ liate, exported with a

distribution a¢ liate, and exported with a production a¢ liate, respectively. Pj is the aggregate

price level in which its exact expression is shown in Appendix A. Inspired by Berman et al.

(2012), the pro�ts for domestic sales, exports, distribution FDI, and production FDI are as

follows:

�di = (
1

'
)1��Bi � fD (1)

�eij = (
� ij
'
+ �j)

1��Bj � fX (2)

�sij = (
�j� ij

'
)1��Bj � fX � fS (3)

�mij = (
1

'
)1��Bj � fM , (4)

where Bj = 1
�

�
�
��1

�1��
LjP

��1
j . The productivity cut-o¤ points satisfy �di = 0; �eij =

0; �sij = �
e
ij ; �

m
ij = �

s
ij explicitly:

( 1d'dj )1�� = fD
Bi
; (

�j� ijd'sj )1�� � ( � ijd'sj + �j)1�� = fS
Bj

(
� ijd'ej + �j)1�� = fX

Bj
; ( 1d'mj )1�� � (�j� ijd'mj )1�� = fM�fS�fX

Bj
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where c'dj ; c'ej ; c'sj ;d'mj is the productivity cut-o¤ point for each mode, respectively. As free
entry, the expected pro�t of �rm entry is zero. The expected pro�t after entry equals the entry

cost fE :

Z 1

d'di �
d
i dG(') +

NX
j=1;j 6=i

"Z d'sij
d'eij �

e
ijdG(') +

Z ['mij

d'sij �sijdG(') +

Z 1

['mij
�mijdG(')

#
= fE (5)

Equations (1) to (5) jointly solve the equilibrium c'dj , d'eij , d'sij , ['mij , and Bj for each
country i; j. Note that the equilibrium is irrelevant to the market size (Lj). For simplicity,

countries are assumed to be symmetric following Melitz (2003). As �j = �; � ij = � ; �j = �;

every country has the same productivity cut-o¤ points c'd, c'e, c's, c'm, and B. We thus have
following �ndings.

Proposition 1 When every country is symmetric, fXfD > �1��, f
1

1��
X � 1

�(fX + fS)
1

1�� > ��,

fM > fX + fS
���1

1����1 (�
��1 � 1) where � is any upper bound of B

1
1�� , we have c'd < c'e < c's <c'm.

Proof. See Appendix A for details.

Proposition 1 suggests that the most productive �rms engage in production FDI, the next

most productive �rms engage in distribution FDI and export, the even next most productive

�rms only export, the further next productive �rms do not export but only sell in the domestic

market, and the least productive �rms exit. The intuition is straightforward: only the most

productive �rms can overcome the highest �xed costs to build an overseas production plant

and bene�t from the cost-saving e¤ect of cross-border communications costs and transportation

costs. Less productive �rms, like most of the Chinese FDI �rms, can only a¤ord the �xed

costs of building international business services or distribution centers to reduce cross-border

communications costs to promote their exports. The sorting equilibria for di¤erent cuto¤ points

are shown in Figure 1.

[Insert Figure 1 Here]

Proposition 2 (i) An increase in export-speci�c communication cost � raises c'e; lowers c's;
but does not a¤ect c'm:
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(ii) An increase in iceberg transportation cost � increases c'e and c's, and decreases c'm:
Proof. See Appendix B for details.

Proposition 2 implies that higher cross-border communications costs � and lower foreign

tari¤s (lower �) increase the probability of distribution foreign investment. This is because

most of the cross-border communications costs can be reduced via distribution FDI. Thus, a

higher increases the attractiveness of distribution FDI compared with exporting only, but does

not alter the bene�t of production FDI. However, the transportation costs still exist as long as

goods are exported. So a higher tari¤ imposed by importing countries promotes production FDI

and hampers export and distribution FDI. We now turn to test these theoretical predictions.

3 Data and Measures

To investigate the impact of �rm productivity on distribution FDI, we rely on three disaggregated

data sets. The �rst data set provides the list of FDI �rms in China since 1980. This data set is

crucial for understanding �rms�FDI decision. However, the data set does not report any FDI

values. To examine the role of the intensive margin, we rely on another �rm-level FDI data

set, which contains information on the universal �rm-level FDI activity in Zhejiang province of

China. Finally, we merge the �rm-level manufacturing production data with the two FDI data

sets to explore the nexus between FDI and �rm productivity.

3.1 FDI Decision Data

The nationwide data set of Chinese �rms�FDI decisions was obtained from the Ministry of

Commerce of China (MOC). MOC requires every Chinese FDI �rm to report its detailed invest-

ment activity since 1980. To invest abroad, every Chinese �rm is required by the government

to apply to the MOC and its former counterpart, the Ministry of Foreign Trade and Economic

Cooperation of China, for approval and registration. MOC requires such �rms to provide the

following information: the �rm�s name, the names of the �rm�s foreign subsidiaries, the type

of ownership (i.e., state-owned enterprise (SOE) or private �rm), the investment mode (e.g.,

trading-oriented a¢ liates, mining-oriented a¢ liates), and the amount of foreign investment (in

U.S. dollars). Once a �rm�s application is approved by MOC, MOC will release the information

mentioned above, as well as other information, such as the date of approval and the date of
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registration abroad, to the public. All such information is available except the amount of the

�rm�s investment, which is considered to be con�dential information to the �rms.

Since 1980, MOC has released information on new FDI �rms every year. Thus, the nation-

wide FDI decision data indeed report FDI starters by year. The database even reports speci�c

modes of investment: trading o¢ ce, wholesale center, production a¢ liate, foreign resource uti-

lization, processing trade, consulting service, real estate, research and development center, and

other unspeci�ed types. Here trading o¢ ces and wholesale centers are classi�ed as distribution

FDI, whereas the rest are referred to as non-distribution FDI. However, since this data set does

not report �rms�FDI �ows, researchers are not able to explore the intensive margin of �rm FDI

with this data set.

3.2 FDI Flow Data

To explore the intensive margin, we use another data set, which is compiled by the Department

of Commerce of Zhejiang province. The most novel aspect of this data set is that it includes data

on �rms�FDI �ows (in current U.S. dollars). The data set covers all �rms with headquarters

located (and registered) in Zhejiang and is a short, unbalanced panel from 2006 to 2008. In

addition to the variables covered in the nationwide FDI data set, the Zhejiang data set provides

each �rm�s name, city where it has its headquarters, type of ownership, industry classi�cation,

investment destination countries, and stock share from its Chinese parent company.

Although this data set seems ideal for examining the role of the intensive margin of �rm FDI,

the disadvantage is also obvious: the data set is for only one province in China.3 Regrettably, as

is the case for many other researchers, we cannot access similar databases from other provinces.

Still, as discussed in Appendix C, we believe that Zhejiang�s �rm-level FDI �ow data are a good

proxy for understanding the universal Chinese �rm�s FDI �ows. In particular, the FDI �ows

from Zhejiang province are outstanding in the whole of China; the distribution of both types of

ownership and that of Zhejiang�s FDI �rms�destinations and industrial distributions are similar

to those for the whole of China.
3To our knowledge, almost all previous work was not able to access nationwide universal outward FDI �ow

data. An outstanding exception is Wang et al. (2012), who use nationwide �rm-level outward FDI data to
investigate the driving force of outward FDI of Chinese �rms. However, the study uses data only from 2006 to
2007; hence, it cannot explore the possible e¤ects of the �nancial crisis in 2008.
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3.3 Firm-Level Production Data

Our last database is the �rm-level production data compiled by China�s National Bureau of

Statistics in an annual survey of manufacturing enterprises. The data set covers around 162,885

�rms in 2000 and 410,000 �rms in 2008 and, on average, accounts for 95 percent of China�s total

annual output in all manufacturing sectors. The data set includes two types of manufacturing

�rms: universal SOEs and non-SOEs whose annual sales are more than RMB 5 million (or

equivalently $830,000 under the current exchange rate). The data set is particularly useful for

calculating measured total factor productivity (TFP), since the data set provides more than 100

�rm-level variables listed in the main accounting statements, such as sales, capital, labor, and

intermediate inputs.

As highlighted by Feenstra et al. (2014) and Yu (2015), some samples in this �rm-level

production data set are noisy and somewhat misleading, largely because of mis-reporting by

some �rms. To guarantee that our estimation sample is reliable and accurate, we screen the

sample and omit outliers by adopting the following criteria. First, we eliminate a �rm if its

number of employees is less than eight workers, since otherwise such an entity would be identi�ed

as self-employed. Second, a �rm is included only if its key �nancial variables (e.g., gross value

of industrial output, sales, total assets, and net value of �xed assets) are present. Third, we

include �rms based on the requirements of the Generally Accepted Accounting Principles.4

3.4 Data Merge

We then merge the two �rm-level FDI data sets (i.e., nationwide FDI decision data and Zhe-

jiang�s FDI �ow data) with the manufacturing production database. Although the two data

sets share a common variable� the �rm�s identi�cation number� their coding systems are com-

pletely di¤erent. Hence, we use alternative methods to merge the three data sets. The matching

procedure involves three steps. First, we match the three data sets (i.e., �rm production data,

nationwide FDI decision data, and Zhejiang FDI �ow data) by using each �rm�s Chinese name

and year. If a �rm has an exact Chinese name in a particular year in all three data sets, it is

considered an identical �rm. Still, this method could miss some �rms since the Chinese name for

4 In particular, an observation is included in the sample only if the following observations hold: (1) total assets
are greater than liquid assets; (2) total assets are greater than the total �xed assets and the net value of �xed
assets; (3) the established time is valid (i.e., the opening month should be between January and December); and
(4) the �rm�s sales must be higher than the required threshold of RMB 5 million.
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an identical company may not have the exact Chinese characters in the two data sets, although

they share some common strings.5 Our second step is to decompose a �rm name into several

strings referring to its location, industry, business type, and speci�c name, respectively. If a

company has all identical strings, such a �rm in the three data sets is classi�ed as an identical

�rm.6 Finally, to avoid possible mistakes, all approximate string-matching procedures are done

manually.

Row (1) of Table 1 reports the number of manufacturing �rms and row (2) reports the

number of FDI starting �rms by year during 2000-08. Row (3) reports the number of matching

FDI manufacturing �rms.7 The share of FDI manufacturing �rms over total manufacturing

�rms shown in row (5) suggests that FDI indeed is a rare event� the share is less than 1 percent

each year. The number of FDI manufacturing �rms increased dramatically after 2004. More

importantly, row (6) shows that the share of distribution FDI manufacturing �rms over total FDI

manufacturing �rms increased from around 14 percent in 2000 to 55 percent in 2008, suggesting

that distribution FDI has become more and more important over time.

[Insert Table 1 Here]

By using these two methods, we match Zhejiang�s manufacturing �rms with Zhejiang�s FDI

�ow �rms. As shown in the lower module of Table 1, of 1,270 FDI �rm-years in Zhejiang province

from 2006 to 2008, 407 FDI �rms are engaging in manufacturing sectors, suggesting that around

two-thirds of Zhejiang FDI parent �rms are from service sectors or are trading intermediates

(Ahn et al. 2010). Table 2 reports the summary statistics of �rm characteristics for nationwide

manufacturing �rms and Zhejiang�s manufacturing �rms, respectively. The small mean of FDI

indicator in both samples ascertains that FDI is a rare event during the sample periods.

Finally, as the main interest of this paper is how �rm productivity a¤ects distribution FDI,

we carefully measure TFP. The augmented Olley-Pakes TFP is constructed following Brandt

5For example, "Ningbo Hangyuan communication equipment trading company" shown in the FDI data set
and "(Zhejiang) Ningbo Hangyuan communication equipment trading company" shown in the National Bureau
of Statistics of China production data set are the same company but do not have exactly the same Chinese
characters.

6 In the example above, the location fragment is "Ningbo," the industry is "communication equipment," the
business type is "trading company," and the speci�c name is "Hangyuan."

7Note that we merge FDI data and manufacturing production data by �rm name rather than by name-year.
Number of FDI manufacturing �rms in row (3) reports not only FDI starting �rms, but also FDI continuing �rms.
Thus, it is possible that there are fewer FDI starters than matched FDI manufacturing �rms, as shown in 2007
and 2008.

14



et al. (2012) and Yu (2015). Appendix D provides the detailed steps of our measured TFP. In

particular, we estimate the production function for exporting and non-exporting �rms separately

in each industry. The idea is that di¤erent industries may use di¤erent technology; hence, �rm

TFP must be estimated for each industry. Equally important, even within an industry, exporting

�rms may use completely di¤erent technology than non-exporting �rms. For example, some

exporters, like processing exporters, only receive imported material passively (Feenstra and

Hanson 2005) and hence do not have their own technology choice. We hence estimate TFP for

exporters and non-exporters separately.

[Insert Table 2 Here]

We now turn to describe distribution FDI in our merged data set. In both FDI data sets,

there is a variable used to describe the type of �rm FDI, which includes mining, construction,

R&D, production, processing trade, market seeking, wholesale, business service, and product

design. As our main interest is of distribution FDI, both wholesale FDI and business-service FDI

are classi�ed to distribution FDI, following the o¢ cial de�nition of MOC of China. Appendix

Table 1 reports the proportion of distribution FDI in our sample. In the nationwide FDI data,

the number of distribution FDI �rms accounts for roughly half of whole FDI �rm. Such a

proportion even increases to 60% after merging with the production data set. Similarly, nearly

76% samples are distribution FDI in Zhejiang FDI data. The percentage also rises to 80% after

merging with production data. All these suggest that distribution FDI is important in China

today.

4 Extensive Margin of FDI

This section discusses how a �rm�s productivity a¤ects the �rm�s decision to engage in FDI (i.e.,

the extensive margin). Before running the regressions, we provide several preliminary statistical

tests to enrich our understanding of the di¤erence in productivity between distribution FDI and

non-FDI �rms (and non-distribution FDI �rms), following a careful scrutiny of the e¤ect of �rm

productivity on the decision to engage in (distribution) FDI.
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4.1 Descriptive Analysis on Productivity Di¤erences

Proposition 1 suggests that �rms� sales decision can be sorted by their productivity. Low-

productivity �rms serve in domestic markets, high-productivity �rms export, higher-productivity

�rms engage in distribution FDI, and even higher-productivity �rms participate in non-distribution

FDI. Figure 2 exhibits the productivity distributions for non-FDI �rms, distribution FDI �rms,

and non-distribution FDI �rms, respectively. Overall, �rm productivity for distribution FDI is

lower than for non-distribution FDI, but higher than for non-FDI �rms.

[Insert Figure 2 Here]

Eaton et al. (2011) �nd that higher-productivity �rms are usually larger. If so, we would

observe that, compared with non-FDI �rms, FDI �rms on average are larger, more productive,

and export more. Table 3 checks the di¤erence between non-FDI and FDI �rms on their TFP,

labor, sales, and exports. Compared with non-FDI �rms, distribution FDI �rms are found to be

more productive, hire more workers, sell more, and export more. By sharp contrast, compared

with non-distribution FDI �rms, distribution FDI �rms are found to be less productive, hire

fewer workers, sell less, and export less. The t-values for these variables are strongly signi�cant

at the conventional statistical level.

[Insert Table 3 Here]

However, the simple t-test comparisons may not be su¢ cient to conclude that distribution

FDI �rms are more productive than non-FDI �rms, since FDI �rms are very di¤erent from non-

FDI �rms in terms of size (number of employees and sales) and experience in foreign markets,

as already seen.

We thus follow Imbens (2004) and perform propensity score matching (PSM) by choosing the

number of �rm employees, �rm sales, and �rm exports as covariates. Each FDI �rm is matched

to its most similar non- FDI �rm. Since there are observations with identical propensity score

values, the sort order of the data could a¤ect the results. We thus perform a random sort before

adopting the PSM approach. Column (3) in Table 3 reports the estimates for average treatment

for the treated (ATT). The coe¢ cient of ATT for distribution FDI manufacturing �rms is 0.442

(compared with non-FDI �rms) and highly statistically signi�cant, suggesting that, overall,

productivity for distribution FDI �rms is higher than that for similar non-FDI �rms during the
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period 2000-08. Strikingly, compared with non-distribution FDI �rms, the coe¢ cient of ATT

for distribution FDI is insigni�cant.

To check this out, we examine productivity di¤erence by year for each type of �rm: non-

FDI, distribution FDI, and non-distribution FDI �rms. Table 4 shows that FDI �rms are more

productive than non-FDI �rms by year during the sample period 2000-08.8 The productivity

di¤erence between distribution FDI �rms and non-FDI �rms is signi�cantly positive before 2003.

This is possibly because most of the investors in the early years were SOE �rms, which are less

productive but are able to invest abroad with the support of the government. The gap roughly

declines over the period (especially after 2004), also suggesting that distribution FDI �rms

may not enjoy much productivity gain via learning from investing. Regarding the productivity

di¤erence between distribution and non-distribution FDI �rms, distribution FDI �rms overall

are less productive than non-distribution FDI �rms, although such a trend reverses before 2004,

mainly because of the very rare outliers of distribution FDI �rms.

[Insert Table 4 Here]

4.2 Extensive Margin of FDI

To examine whether �rm productivity plays a key role in the �rm�s decision to engage in dis-

tribution FDI, we start by checking whether productivity a¤ects the �rm�s FDI decision, as

distribution FDI is a type of FDI. In particular, we consider the following empirical speci�ca-

tion:

Pr(OFDIijt = 1) = �0 + �1 lnTFPit + �X+$j + �t + "it; (1)

where OFDIijt and lnTFPijt represents FDI indicator and the log productivity of �rm i in

industry j in year t, respectively. X denotes other �rm characteristics, such as �rm size (produced

by �rm�s log of employment) and types of ownership (i.e., foreign invested �rms or SOEs).9 For

instance, SOEs might be less likely to invest abroad because of low e¢ ciency (Hsieh and Klenow

8Note that TFP in 2008 is calculated and estimated di¤erently. As in Feenstra et al. (2014), we use de�ated
�rm value added to measure production and exclude intermediate inputs (materials) as one kind of factor input.
However, we are not able to use value added to estimate �rm TFP in 2008, since it is absent in the data set. We
instead use industrial output to replace value added in 2008. Thus, we have to be cautious in comparing TFP in
2008 with TFP in previous years.

9Here, a �rm that has investment from foreign countries or Hong Kong/Macao/Taiwan is de�ned as a foreign

�rm, following Feenstra et al. (2014).
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2009). In addition, larger �rms are more likely to invest abroad because they may have an

additional advantage to realize increasing returns to scale. Inspired by Oldenski (2012), we also

include a �rm export indicator in the estimations, since an exporting �rm could �nd it easier to

invest abroad, given that it would have an information advantage on foreign markets compared

with non-exporting �rms. Moreover, as the measured TFP cannot be compared over industries,

we normalize TFP in each industry to a range between zero and one, following Arkolakis and

Muendler (2011) and Groizard et al. (2014).

Finally, as stressed by Ishikawa et al. (2010) and Ishikawa and Morita (2015), a host country

has some regulations for foreign investment. Such a concern may be relevant and important

for Chinese FDI, in particular in the mining industries. Although Chinese parent �rms in

mining industries are not covered in our data set, foreign investment regulation may be present

for some manufacturing industries. To this purpose, the error term is decomposed into three

components: (1) industry-speci�c �xed e¤ects, (2) year-speci�c �xed e¤ects �t to control for

�rm-invariant factors such as Chinese RMB appreciation, and (3) an idiosyncratic e¤ect "it with

normal distribution "it s N(0; �2i ) to control for other unspeci�ed factors. Industry and year

�xed e¤ects are used to capture possible industry heterogeneity due to foreign regulations and

other possible industry-variant and year-variant factors.

We start from a simple linear probability model (LPM) to conduct our empirical analysis. It

is worthwhile to stress that it is inappropriate to perform �rm-speci�c �xed e¤ects here, given

that our nationwide outward FDI data are pooled cross-section data, as we only know the year

that �rms start to engage in FDI but do not know the year that �rms continue or cease FDI.

Table 5 (except the last column) thus only includes observations with FDI starters and non-

FDI �rms. We include the two-digit Chinese industry classi�cation (CIC) level industry-speci�c

�xed e¤ects in the LPM estimates in column (1) in Table 5. The key coe¢ cient of �rm TFP

is positive and signi�cant, although its magnitude seems very small. We suspect that this is

due to the well-known drawback of using the linear probability model, which is that there is no

justi�cation for why the speci�cation is linear. In addition, the predicted probability could be

less than zero or greater than one, which does not make sense. We therefore perform the probit

and logit estimations using two-digit CIC-level �xed e¤ects in columns (2) and (3), respectively,

and the result is con�rmed.10

10Note that the coe¢ cients shown in the probit estimates are not marginal e¤ects.
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[Insert Table 5 Here]

4.3 Estimates with Rare Events Corrections

Our estimations above may still face some bias. As observed from Tables 1 and 2, of the total

1,138,450 observations, on average only 0.44 percent of �rms engage in FDI. Thus, our sample

exhibits the features of rare events that occur infrequently but may have important economic

implications. As highlighted by King and Zeng (2001, 2002), standard econometric methods

such as logit and probit would underestimate the probability of rare events, although maximum

likelihood estimators are still consistent. To see this, consider a simpli�ed logit regression of the

FDI dummy on �rm TFP.

Pr(OFDIit = 1) = �(�1 lnTFPit) =
exp(�1 lnTFPit)

1 + exp(�1 lnTFPit)
; (2)

where �(�) is the logistic cumulative density function (henceforth CDF). Since �̂1 > 0, as shown
in columns (1)-(3) of Table 5, the probability of OFDIit = 1 is positively associated with �rm

TFP; most of the zero-FDI observations will be to the left and the observation with OFDIit = 1

will be to the right with little overlap. Since there are around 1.5 million observations with

zero FDI, the standard binary estimates can easily estimate the illustrated probability density

function curve without error, as shown by the solid line in Figure 3.11 However, since only

0.44 percent of the observations have positive FDI, any standard binary estimates of the dashed

density line for �rm TFP when OFDIit = 1 will be poor. Because the minimum of the observed

rare FDI sample is larger than that of the unobserved FDI population, the cuto¤ point that best

classi�es non-FDI and FDI would be too far from the density of observations with OFDIit = 1.

This will cause a systematic bias toward the left tail and result in an underestimation of the

rare events with OFDIit = 1 (See King and Zeng (2001, 2002) for a detailed discussion).

As recommended by King and Zeng (2001, 2002), the rare-events estimation bias can be

corrected as follows. We �rst estimate the �nite sample bias of the coe¢ cients, bias(�̂), to

obtain the bias-corrected estimates �̂�bias(�̂), where �̂ denotes the coe¢ cients obtained from
the conventional logistic estimates.12 Column (4) in Table 5 reports the logit estimates with

11To illustrate the idea in a simple way, the distribution curves are drawn to be normal, although this need not

be the case.
12Chen (2014) also adopts this method to explore how negative climate shocks (e.g., severe drought, locust

plagues) a¤ected peasant uprisings.
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rare-events corrections. The coe¢ cient of �rm TFP is slightly larger than its counterpart in

column (5), suggesting that the estimation bias is not so severe.

An alternative approach to correct possible rare-events estimation errors is to use the comple-

mentary log-log model.13 The idea is that the distributions of standard binary nonlinear models,

such as probit and logit, are symmetric to the original point. So the speed of convergence toward

the probability that OFDIit = 1 is the same as that for OFDIit = 0. This violates the feature of

the rare events, which exhibit faster convergence toward the probability that OFDIit = 1. The

complementary log-log model can address this issue, since the model has a left-skewed extreme

value distribution, which also exhibits a faster convergence speed toward the probability that

OFDIit = 1 (Cameron and Trivedi, 2005). The complementary log-log model in column (5) in

Table 5 shows that the coe¢ cient of �rm TFP is fairly close to its counterparts in conventional

logit estimates and rare-events logit estimates, suggesting that the estimation bias caused by the

property of "rare events" is not so severe in our estimates. One possible reason is that we still

do not control for possible reverse causality of FDI on �rm productivity, which will be addressed

shortly.

So far we include foreign multinational �rms in the regressions. But there may be a concern

that such foreign �rms do not really �t with our analysis for two reasons. First, we only observe

a selected sample of foreign �rms that have already chosen to be present in China. Second, it is

possible that some Chinese domestic �rms invest in Hong Kong and Macao and hence should be

treated as "multinational" �rms, which in turn invest back in China. To avoid such bound-back

behavior, we drop foreign �rms in column (6) and still �nd similar results.

Another issue is about our FDI decision data per se. As we only observe �rms that engage

in new FDI, it is good enough for us to examine �rms that transition from non-FDI to (any type

of) FDI. However, as we do not have information on �rms exiting FDI, we are not able to control

for this. A possible concern is that some �rms were SOEs but then were privatized. Since these

�rms may have made FDI decisions in the past that were not pro�t maximizing, once privatized,

the �rms may decide to unload assets that are not pro�table. We indeed observe some indirect

evidence from the regressions. The coe¢ cients of SOEs in our previous tables are negative and

signi�cant, suggesting that SOEs are less likely to engage in FDI activity.

13The CDF of the complementary log-log model is C(X0�) = 1 � exp(� exp(X0�)) with margin e¤ect

exp(� exp(X0�)) exp(X0�)�.
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To address this concern, we run two experiments. First, we drop SOEs from the sample to

see whether our main result is a¤ected by SOEs. The estimates in column (7) in Table 5 show

that our main results are not changed by doing so. Finally, for the sake of completeness, we

include �rms that ever employed FDI and non-FDI �rms in the last column in Table 5.14 In

any case, our benchmark �ndings are insensitive to such robustness checks. Highly productive

�rms are more likely to engage in FDI.

4.4 Multinomial Logit Estimates with Distribution FDI

We now examine whether this �nding� that highly productive �rms are more likely to engage

in FDI� applies to distribution FDI �rms. Table 6 is our �rst key table. The regressands in

columns (1)-(2) are FDI mode, in which zero refers to non-FDI, one is distribution FDI, and

two is non-distribution FDI. We again use �rm relative TFP to measure �rm productivity in

all estimates. As �rms�decisions to engage in non-FDI or distribution FDI or non-distribution

FDI are made simultaneously, we adopt the multinomial logit model in which the regressand in

column (1) is distribution FDI, whereas that in column (2) is non-distribution FDI. The positive

and signi�cant sign of �rm productivity in column (1) suggests that highly productive �rms are

more likely to engage in distribution FDI than non-FDI. The coe¢ cient of �rm productivity

in column (2) is again positive and signi�cant. More importantly, its magnitude is larger than

its counterpart in column (1), suggesting that even higher productive �rms are more likely to

engage in non-distribution FDI.15 Finally, we �nd that larger �rms are more likely to invest

abroad, whereas SOEs are less likely to do so. Exporting �rms are more likely to engage in

distribution FDI by employing their information advantage (Oldenski 2012), which is in line

with the intuition that distribution FDI serves trade.

There are four important caveats for these key �ndings. First, our theoretical model and

empirical regressions discuss three options of �rm choice: non-FDI, distribution FDI, and non-

distribution FDI. However, it is possible that some �rms do not directly export their products

and hence have no incentive to set up their own distribution center abroad. Instead, they may

14 If a �rm ever engaged in FDI, we assume that it always engages in FDI afterward during the sample.
15To ensure that the �ndings above are not driven by the mass of non-FDI �rms, we also drop non-FDI �rms and

perform the logit (probit) estimates in which the regressand is the distribution FDI indicator (i.e., zero refers to

non-distribution FDI and one refers to distribution FDI). It turns out that �rm TFP has negative and signi�cant

coe¢ cients in all the experiments. Such �ndings, which are not reported here to save space although they are

available upon request, thus are consistent with the sorting behavior illustrated by our theoretical model above.

21



rely on domestic trade intermediaries to sell their products abroad (Ahn et al. 2010). As we

have already dropped those �rms, our current estimates would not su¤er from such a concern.

Second, another possible option buried in �rms�non-FDI choice is that �rms contract with

outside �rms to undertake distribution for them. This is particularly true when �rms export

intermediate inputs.16 Of course, in an Antras-Helpman (2004) type of setting like ours, such

�rms will be less productive than �rms that undertake distribution themselves. However, our

ranking of �rm productivity will only hold where there are incomplete contracts in distribution

that make integration an attractive option. There may be a concern about whether the ranking

is still valid if some industries are more or less perfectly contractible (Feenstra and Hanson 2005).

To address this concern, we �rst identify the 20 most contract-intensive three-digit-level

Chinese industries strictly following Nunn (2007).17 Such industries mainly concentrate on

equipment manufacturing and electronic components. By dropping from the sample industries

in which �rms almost always contract out distribution, the estimates in columns (3) and (4)

with our restricted sample con�rm that our previous �ndings are still strongly robust.

The third caveat is the striking �nding (in columns (1)-(4)) that foreign (i.e., non-Chinese)

invested �rms are less likely to engage in FDI activity. One possible reason is that most foreign

�rms engage in processing trade, as found in Dai et al. (2012). Usually, processing exporters

are less productive and enjoy special tari¤ treatment in China (Yu 2015). Such �rms do not

�t with our story and need to be dropped. Since the �rm-level production data do not include

�rms�processing status, we instead drop from the sample pure exporters, that is, �rms that sell

all their products abroad, by taking advantage of the fact that processing �rms have to export

all their products by law. The multinomial logit estimates in columns (5)-(6) without foreign

�rms and pure exporters show robust evidence.

The last caveat is on mergers and acquisitions (henceforth M&A). There may be a concern

that non-FDI �rms may acquire a (domestic FDI or foreign) �rm to use its distribution center

as well. If so, our previous regressions may su¤er estimation bias as even low-productive non-

FDI �rms can have their own foreign distribution network. However, this is not a problem

if a non-FDI �rm acquires a domestic FDI �rm. In this case, the �rm indeed has to report

16By contrast, �rms that export �nal goods and have no own distribution center, by default, have to �nd local

agents to distribute their products.
17We �rst make concordance between North American IO six-digit and HS eight-digit codes, following another

concordance between HS eight-digit and Chinese Industries Classi�cation (CIC) three-digit codes.
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such an activity next year to the MOC and is classi�ed as an FDI �rm.18 By contrast, there

would be some estimation bias if a non-FDI �rm directly acquires foreign �rms. To rule out

this situation, we use the nationwide M&A data compiled by Bloomberg to identify Chinese

non-FDI manufacturing �rms with complete foreign acquisition deals.19 Columns (7) and (8)

drop foreign-invested �rms and non-FDI �rms with foreign acquisitions and still �nd robust

results.

[Insert Table 6 Here]

4.5 Endogeneity of Firm Productivity

Table 4 shows that the productivity mean of �rms engaging in (distribution) FDI is increasing

over time, suggesting that �rms may have learning e¤ects from investing. Firms that engage

in investment may be able to absorb better technology or gain managerial e¢ ciency from host

countries (Oldenski 2012), which in turn boosts �rm productivity. To exclude this e¤ect, the

sample we use only includes non-FDI �rms and FDI starters, which means as long as the �rm

starts to invest abroad, it will no longer appear in the sample the next year. But the potential

spillover e¤ect of existing FDI �rms may also lead to a possible endogeneity problem.

To mitigate the endogeneity issue, we adopt an instrumental variable approach. Admittedly,

it is an empirical challenge to �nd an ideal instrument. Here we use the lag of �rms� on-

the-job training expenses as the instrument of �rm productivity. The economic rationale is

straightforward. As highlighted by Acemoglu and Pischke (1998) and Yeaple (2005), �rms

with more on-the-job training expenses usually are more productive. However, �rms with more

training expenses will not necessarily have more FDI. A one-year time lag is also helpful to avoid

that possibility that �rms�FDI decision reversely a¤ects last year�s on-the-job training. The

simple correlation between �rms�FDI decision and �rm�s lagged training expenses is close to nil

(0.06), as shown in the sample. Note that we only have training data for 2004-2007. Thus, our

IV estimates cover observations during 2005-2008 only.

We perform IV probit estimates in column (1) in Table 7. In column (2) we once again use

the rare-events logit estimates with endogenous TFP. This is done in two steps. In the �rst-stage

estimation, we regress the lag of �rms�training expenses as an excluded variable on �rm TFP, as

18Our FDI decision data set includes M&A activities, although it does not have a variable to stand this out.
19We thank Cheng Chen of HKU to kindly share us with such data.
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well as other included variables such as indicators of SOE, foreign, exporter, and log labor. The

standard errors of all the coe¢ cients are bootstrapped with 100 replicates. The bottom module

of Table 7 shows that the coe¢ cient of log �rm training expenses is positively correlated with

�rm TFP and strongly signi�cant at the conventional statistical level. The F-statistic is greater

than 10, which suggests that the IV is not weak in the statistical sense. After correcting for

rare-events estimates bias, the coe¢ cient of �tted �rm TFP in the rare-events logit in column

(2) is found to be much larger than the regular logit estimates, suggesting that regular binary

estimates face a severe downward bias once correcting for endogeneity bias.

Columns (3) and (4) report the IV multinomial logit estimation results. Once the �tted �rm

TFP is obtained from the �rst-step IV estimates, we regress the multinomial logit estimates

in which the regressand is one for distribution FDI and two for non-distribution FDI. Again,

the coe¢ cients of �rm TFP for distribution FDI and non-distribution FDI are positive and

signi�cant. The magnitude of �rm TFP for non-distribution FDI is even larger, which con�rms

our sorting equilibrium.

[Insert Table 7 Here]

4.6 Discussions of Fixed Costs Ordering

Our theoretical model is built on the assumptions on the ordering of �xed costs for non-FDI

�rms, distribution FDI �rms, and non-distribution FDI �rms. Although such assumptions are

standard and used in other research, such as Helpman et al. (2004), it is still curious whether

the ordering of various �xed costs can be validated by the data pattern. Table 8 picks up this

task.

In general, it is challenging to check directly the validity of the �xed-costs ordering, as data

on the �xed costs for non-FDI �rms and (non-)distribution FDI �rms, to our best knowledge,

are unavailable. Still, Table 8 attempts to o¤er some indirect evidence to validate the ordering

assumption. As suggested by Dai et al. (2012), we use �rms�log advertising expenses to proxy

for �rms��xed costs.20 The idea is that FDI �rms spend more on advertising fees to understand

the environment in foreign markets and market penetration.

We thus construct two indicators: (1) a non-FDI indicator that equals one if a �rm has no

20Note that the Chinese manufacturing �rm-level production data set only provides �rm advertising expenses

during 2004-2007.
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FDI and zero otherwise, and (2) a non-distribution FDI indicator that equals one if a �rm has

non-distribution FDI and zero otherwise. The default omitted group is distribution FDI �rms.

Our underlying assumption is that distribution FDI �rms have higher �xed costs than non-FDI

�rms but lower �xed costs than non-distribution FDI �rms. If this ordering is supported by the

data, it should be observed that the non-FDI indicator has a negative and signi�cant coe¢ cient,

whereas the non-distribution FDI indicator has a positive and signi�cant coe¢ cient.

These outcomes are exactly what we observe in Table 8. The estimates in column (1) start

from a simple regression with two indicators as well as year-speci�c and two-digit industry �xed

e¤ects. Column (2) includes several �rm-characteristic control variables to control for �rm size

(proxied by log �rm labor), �rm type of ownership (foreign �rms or SOE), and �rm export

status.

Column (3) drops foreign �rms from the sample and, more importantly, includes an additional

export dummy to distinguish the di¤erence between domestic advertising and foreign advertising,

as our data only report �rms�whole advertising expenses but do not report market-speci�c

advertising expenses. It is also possible that a �rm�s advertising share in foreign countries

would increase with the number of countries that it served. If so, it is possible that the �rm�s

export intensity would increase with the number of investing destinations. We thus include a

dummy for �rm export intensity and its interaction with industries in column (4) and still �nd

similar results. In any case, the anticipated signs of the non-FDI indicator and non-distribution

FDI indicator strongly validate our assumption of �rms��xed-cost ordering discussed in the

theoretical framework.

[Insert Table 8 Here]

5 Type-2 Tobit Estimates of Intensive Margin

Thus far, we can safely conclude that high-productivity Chinese manufacturing �rms are more

likely to engage in distribution FDI. We now turn to explore the role of �rm productivity

in FDI �ow. Since we only have Zhejiang province�s FDI �ow data, we start by examining

whether our previous �ndings based on nationwide FDI decision data hold for Zhejiang�s FDI

manufacturing �rms, as discussed carefully in Appendix C. The estimates in Appendix Table 3

and their associated discussions in Appendix E clearly suggest that all our previous �ndings on

the extensive margin of FDI hold well for the Zhejiang subsample.
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To examine the intensive margin of �rm productivity in FDI �ow, we start from the simple

OLS estimates in columns (1)-(2) in Table 9 by using di¤erent measures of �rm productivity.

We see that highly productive �rms have more FDI �ow regardless of the measure of �rm

productivity. Replacing the regressand with log FDI of distribution FDI �rms yields similar

results as shown in columns (3) and (4).

However, there may still be a concern that the FDI decision and FDI �ow are strongly corre-

lated. To address this question, we appeal to a bivariate sample selection model, or equivalently,

a Type-2 Tobit model (Cameron and Trivedi 2005). The Type-2 Tobit speci�cation includes:

(i) an FDI participation equation where OFDIDit denotes distribution FDI:

OFDIDit =

�
0

1

if Uit < 0

if Uit � 0
; (3)

where Uit denotes a latent variable faced by �rm i; and (ii) an "outcome" equation whereby the

�rm�s distribution FDI �ow is modeled as a linear function of other variables. In particular, we

use a logit model to estimate the following selection equation:

Pr(OFDIDit = 1) = Pr(Uit � 0) = �(0 + 1 lnTFPit + 2SOEit (4)

+3FIEit + 4FXit + 5 lnLit + 6Tenureit + �j + �t)

where �(:) is the logistic CDF. In addition to the logarithm of �rm productivity, a �rm�s FDI

decision is also a¤ected by other factors, such as the �rm�s ownership (whether it is an SOE or

a foreign �rm), export status (FX equals one if a �rm exports and zero otherwise), and size

(measured by the logarithm of the number of employees).

Our estimations here include three steps. Because FDI �rms may improve their productivity

via investment abroad, in the �rst step, �rm TFP is instrumented by the lag of log training ex-

penses, as introduced above.21 In the second step, our Type-2 Tobit model requires an excluded

variable that a¤ects the �rm�s FDI decision but does not a¤ect its FDI �ow. Here the �rm�s

tenure (Tenureit) serves this purpose, since the literature �nds that a �rm�s tenure is highly

correlated with the �rm�s export decision (Amiti and Davis 2011). It was shown in our previous

estimates that the export decision and the FDI decision are highly correlated. By contrast, the

simple correlation between FDI �ow and export status is close to nil (0.07), which con�rms that

tenure can serve as an excluded variable in the third-step Heckman estimates. For the third

21Note that standard errors in Table 9 are bootstrapped with 100 replicates.
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step, we include the two-digit CIC industrial dummies �j and year dummies �t to control for

other unspeci�ed factors.

Table 9 reports the estimation results for the bivariate sample selection model. As shown

in column (5), high-productivity �rms are more likely to engage in distribution FDI. We then

include the computed inverse Mills ratio obtained in the third-step Heckman estimates in col-

umn (6) with the log distribution of FDI �ow. The positive and signi�cant coe¢ cient of �rm

TFP suggests that high-productivity �rms have more distribution FDI. Finally, columns (7)-(9)

perform another robustness check of the Heckman estimates in which the regressand in the �rst

step is the indicator of total FDI and that in the second step is log total FDI �ow in column

(8) and log distribution FDI �ow in column (9). It turns out that our previous �ndings are not

changed at all in such robustness checks.

[Insert Table 9 Here]

6 Investment Destination

Thus far, we have found evidence that high-productivity �rms are more likely to invest abroad.

Once a �rm invests, the higher is its productivity, the more the �rm invests abroad. The �rm�s

investment decision follows the sorting behavior predicted by Proposition 1. High-productivity

�rms engage in distribution FDI and even higher productive �rms participate in non-distribution

FDI. As argued before, the importance of distribution FDI is that it can reduce the cross-border

communications costs of exporting �rms for service and distribution overseas. We now check

whether the investment environment and income in the destination country a¤ect the �rm�s

distribution FDI decision.

6.1 Communication Costs in Destination Markets

Proposition 2 of our theoretical model states that an increase in cross-border communications

costs (iceberg transport costs) would increase the probability of distribution (non-distribution)

foreign investment. We now turn to examine whether this theoretical prediction is supported

by the data.

To measure cross-border communications costs, we use data from the World Bank�s Doing

Business project. We �rst use the host country�s days of import document preparation as a
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proxy for cross-border communications costs. It is important to stress that these import costs

are destination-country-speci�c, independent of industries (or �rms), but depend on the import

volume. For each unit of a given product exported to a given country, such costs are roughly

the same across di¤erent exporting �rms, regardless of �rm productivity. And such costs for

distribution FDI are much lower than for non-FDI �rms. These features are consistent with

the characteristics of cross-border communications costs sketched in our theoretical model. To

make a further distinction between communications costs and transportation costs, we include

the destination country�s simple average import tari¤s as a proxy for transportation costs. In

addition, we control for log bilateral distance. These data are all publicly available from the

World Bank.22

Table 10 is our second key table. Columns (1) and (2) present the multinomial logit estimates;

the regressand in column (1) is distribution FDI and that in column (2) is non-distribution

FDI. Several interesting �ndings merit special attention. First, the coe¢ cients of �rm relative

productivity in columns (1) and (2) are all positive and signi�cant. The magnitude of �rm TFP

in column (2) is higher than its counterpart in column (1). These �ndings are similar to our

above �ndings and consistent with our theoretical predictions.

Second and more importantly, the coe¢ cient of days of import document preparation in

column (1) is positive and signi�cant, whereas its counterpart in column (2) is insigni�cant,

indicating that an increase in cross-border communications costs raises the probability of distri-

bution FDI but not necessary that of non-distribution FDI, since higher cross-border commu-

nications costs attract more exporting �rms to establish a foreign business o¢ ce to reduce such

costs, exactly as predicted by our theoretical model.

Third, our theoretical model also predicts that an increase in iceberg transportation costs

would increase the probability of �rms engaging in non-distribution FDI but is ambiguous on

the probability of �rms participating in distribution FDI, since distribution FDI does not reduce

iceberg transportation costs as long as the �rm exports. If this prediction is supported by the

data, the iceberg transportation costs variable should exhibit a positive coe¢ cient in column (2).

We hence use the import country�s simple-average tari¤s as a proxy for iceberg transportation

22Note that, in all regressions in Tables 10-12, we drop all tax-haven destinations, such as Hong Kong and

Virgin Islands, from the sample, as Chinese FDI �rms usually do not really invest in such regions but only use

them as exprôt instead. Similarly, it is very likely that �rms will switch their FDI type from distribution FDI

this year to non-distribution FDI next year, as shown in Appendix Table 2.
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costs. The coe¢ cient of import tari¤s has a positive and signi�cant sign in column (2) in Table

10.

There may be curiosity about whether these results are driven by the income level of the des-

tination country, as high-income countries usually have more transparent and e¢ cient customs

processes. And the probability of �rms engaging in outward FDI would decrease as countries

are further apart. We hence include per capita gross domestic product (GDP) and log bilateral

distance as control variables in the multinomial logit estimates in all estimates. To control for

other unspeci�ed factors, in addition to the standard year-speci�c �xed e¤ects and two-digit

industry-speci�c �xed e¤ects, we include the interaction between the year dummy and log bi-

lateral distance, given that bilateral distance is time-invariant, in columns (3) and (4) in Table

10. Finally, as a robustness check, the last two columns in Table 10 drop China�s multinational

�rms (i.e., �rms with foreign indicator equal to one). The results are similar to those found

earlier.

We now discuss the economic magnitude of our �ndings in Table 10. As shown in columns

(5) and (6), a 1 percentage point increase in �rm relative TFP increases by 4.2 percent the

probability of distribution FDI rather than other modes. By contrast, a 1 percentage point

increase in �rm relative TFP increases by 4.4 percent the probability of non-distribution FDI.

Similarly, one more day spent on import documentation increases the probability of distribution

FDI by 0.3 percent. Finally, a 1 percentage point increase in the destination�s import tari¤s

increases the probability of non-distribution FDI by 0.2 percent.

[Insert Table 10 Here]

6.2 Investment Decision by Destination Income

As seen in Table 10, destination countries� income plays an important role in FDI decisions.

It is worthwhile to take a step forward to consider whether �rm productivity matters for host

countries�income. Interestingly, the literature o¤ers divergent answers to this question. Head

and Ries (2003) use Japanese data and �nd that �rms investing in poor countries have even

lower productivity than do non-FDI �rms. However, studies like Damijan et al. (2007) �nd that

the income level of the host country has no signi�cant e¤ect on Slovenian �rms�FDI decision.

We consider a multinomial logit model to explore the role of �rm productivity in the decision

to engage in FDI in di¤erent income destinations. We �rst split our Zhejiang sample into
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two groups, low-income destination countries and high-income destination countries, by using

a predetermined income threshold suggested by the World Bank. The base category of our

multinomial logit regression is non-FDI �rms, so the probability that �rm i chooses to invest in

country j (poor or rich) is as follows:23

Pr(OFDIDit = jjXit) =

8><>:
1

1+
P3
k=2 exp(Xit�k)

exp(Xit�j)

1+
P3
k=2 exp(Xit�k)

(j is without FDI)
(j is distribution FDI to poor or to rich countries)

;

(5)

where the regressors Xit include �rm productivity and other control variables, such as export

status, �rm size (i.e., log �rm labor) and �rm ownership.

We start our regressions with a predetermined income threshold in Table 11. According

to the World Bank�s classi�cations in 2008, a country with per capita GDP less than $3,855 is

classi�ed as a lower-middle-income country, whereas a country with per capita GDP greater than

$10,000 is classi�ed as a high-income country. We hence start our multinomial logit estimates

by de�ning FDI destination countries with income less than $3,855 as poor countries. After

controlling for year-speci�c �xed e¤ects and industry-speci�c �xed e¤ects, the coe¢ cient of

�rm productivity is positive and statistically signi�cant for �rms investing in rich countries and

negative and insigni�cant for �rms investing in poor countries. These �ndings hold when we

increase the income threshold to $10,000, as shown in columns (3) and (4) in Table 11.

The economic rationale is straightforward. Chinese FDI �rms have di¤erent motivations for

their FDI behavior. Some �rms seek foreign markets, whereas some seek foreign sourcing for

natural resources (Huang and Wang 2011). As high-income foreign markets are usually highly

competitive, only high-productivity �rms are able to invest and seek local markets there. By

contrast, �rms investing in poor destinations are not mainly seeking foreign markets; instead,

the �rms may be interested in natural resources or cheaper labor in the host countries. The

latter is especially true for �rms in labor-intensive industries, such as textiles and garments. For

instance, Chinese FDI �rms that invest in Africa (e.g., Ethiopia and Madagascar) mostly are

low-productivity �rms in labor-intensive industries.

[Insert Table 11 Here]

23Note that only two �rms invest in both rich countries and poor countries. For simplicity we drop those two

�rms from our sample.
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6.3 Threshold Estimates of the Linder Hypothesis

Beyond the conventional wisdom that FDI is determined by a proximity-concentration trade-

o¤, Fajgelbaum et al. (2011) argue that the per capita income of host countries is positively

correlated with market size. With trade costs, �rms are more likely to engage in FDI rather than

export when host markets are large (Markusen 1984). Thus, the standard Linder hypothesis,

which stresses that high-income countries have relatively large trade volume, applies to �rm FDI

behavior: high-income countries usually absorb more FDI. Our �nal exercise is to see whether

the Linder hypothesis for FDI works in China.

The �rst necessary step to perform this task is to classify destination country groups by

income. A common and simple way to do this is to use the World Bank�s classi�cation, as in

Table 10. However, this classi�cation su¤ers from two pitfalls. First, the threshold varies by

year. There are no clear and time-invariant cuto¤s for the income groups. Second, even if the

cuto¤s are �xed, the e¤ect of �rm productivity on �rm FDI may not exactly correspond to

the predetermined income cuto¤s. That is, host countries�per capita GDP is an endogenous

threshold for FDI �rms in response to productivity movement.

To overcome these empirical challenges, Hansen (1999, 2000) provides an econometric ap-

proach that considers endogenous threshold regressions. To motivate this, consider an empirical

speci�cation with a country�s per capita GDP (pcgdp) as a threshold variable:

�
OFDIit = �Xit + �it
OFDIit = �Xit + �it

if pcgdpit < T

if pcgdpit � T
; (6)

where T is the threshold parameter to be estimated. OFDIit is �rm i�s FDI �ow in year t. Xit

refers to all regressors, including �rm productivity. Without loss of generality, �it is i.i.d with

normal distribution: �it~N(0; �2i ). By using an indicator function I(�), we can re-express Equ.
(6) as:

OFDIit = �Xit � I(pcgdpit < T ) + �Xit � I(pcgdpit � T ) + �it:

As this is a nonlinear regression, we can use the nonlinear squares approach to minimize

the sum of squared residuals. Since the estimators also include the threshold parameter T̂ , the

most convenient computational method to obtain the linear squares estimate is via concentration.

Thus, the optimal threshold parameter T̂ is chosen to minimize the concentrated sum of squared

errors function so that T̂ = argmin SSR(�(T ); �(T ); T ). Based on this, Hansen (1999, 2000)
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developed an asymptotic distribution theory for the threshold regression estimates.

Table 12 presents the threshold regression results. By comparison, we start from a regression

without considering the threshold e¤ect in columns (1) and (2). By abstracting away all other

variables, we see that �rm TFP is positively correlated to �rm log FDI �ow, as shown in column

(1). The speci�cation in column (2) yields similar results by controlling industry-speci�c �xed

e¤ects and year-speci�c �xed e¤ects. The threshold regression results are reported in columns

(3) and (4). The estimated threshold parameter of host countries�log per capita GDP is 10.73

(or equivalently, per capita GDP is $45,524). As before, the coe¢ cient of �rm productivity is

positive and statistically signi�cant for high-income FDI destinations. However, for low-income

host countries, where per capita GDP is lower than the estimated threshold, the e¤ect of �rm

productivity on �rm FDI �ow is statistically insigni�cant, suggesting that �rm productivity is

not a crucial determinant of �rm FDI �ow. This �nding is robust even when we control for

year-speci�c �xed e¤ects and industry-speci�c �xed e¤ects in columns (5) and (6), suggesting

that the Linder hypothesis for FDI volume to high-income destination countries holds but may

not exist for FDI volume to low-income countries. This result con�rms that Chinese �rms�

investment in poor countries may not be labeled as "horizontal" FDI: tari¤-jumping motivation

or seeking foreign markets may not be a top priority for these �rms (Kolstad and Wiig 2012).

[Insert Table 12 Here]

7 Concluding Remarks

This paper is one of the �rst to explore how �rm heterogeneity in�uences the volume of Chinese

distribution FDI. The rich data set enabled us to examine not only the extensive margin, but

also the intensive margin of Chinese outward FDI.

We found that �rms with distribution FDI are more productive than non-FDI �rms, but less

productive than non-distribution FDI �rms. These �ndings re�ect the fact that many Chinese

exporters are insu¢ ciently productive to build up production lines in foreign markets. As a com-

promise, such �rms set up foreign distribution centers to promote their exports. We also found

that with higher cross-border communications costs (iceberg transport costs), there is a higher

probability that �rms engage in distribution (non-distribution) FDI. Finally, high-productivity

�rms invest more in high-income countries but not necessarily in low-income countries.
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Table 2: Summary Statistics of Key Variables
Sample Covered: Nationwide (2000-08) Zhejiang (2006-08)
Variable Mean Std. dev. Mean Std. dev.
Firm log FDI 3.27 1.53
Firm FDI indicator 0.004 0.066 0.003 0.05
Firm TFP (Olley-Pakes) 3.61 1.18 4.08 0.94
Firm export indicator 0.29 0.451 0.42 0.49
SOE indicator 0.05 0.219 0.002 0.047
Foreign indicator 0.20 0.402 0.16 0.366
Firm log labor 4.78 1.115 4.45 0.983
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Table 7: IV Estimates of Firm Productivity on FDI Decision (2005-08)
Econometric method: Probit Rare events Multinomial Logit

Logit
Regressand: FDI Indicator for All FDI All FDI Distribution Non-Distribution

(1) (2) (3) (4)
Firm TFP 0.854*** 4.575*** 1.376*** 1.487***

(31.24) (7.40) (3.54) (3.62)
SOE Indicator 0.149*** 0.799*** -0.969*** 0.160

(3.43) (2.80) (-2.41) (0.62)
Foreign Indicator -0.091*** -0.524*** -0.720*** -0.467***

(-5.33) (-6.34) (-6.73) (-3.83)
Log Firm Labor 0.094*** 0.532*** 0.510*** 0.685***

(8.31) (18.40) (14.89) (17.52)
Export Indicator 0.260*** 1.562*** 1.858*** 1.021***

(10.89) (18.92) (15.84) (9.07)
Year-speci�c Fixed E¤ects Yes Yes Yes Yes
Industry-speci�c Fixed E¤ects Yes Yes Yes Yes
Number of Observations 484,212 484,212 484,212 484,212

First-Stage Regression
IV: Log Firm Training Expenses 0.028***

(30.40)

Notes: The regressands in columns (1), (2), and (5) are the FDI indicator whereas those in columns (3) and
(6) are the distribution FDI indicator and those in columns (4) and (7) are the non-distribution FDI indicator.
Numbers in parenthesis are bootstrapped t-values. ***(**) denotes signi�cance at the 1(5)% level. The estimates
in column (1) are probit IV estimates, whereas those in columns (2) and (5) are IV rare-events logit estimates.
Columns (3)-(4) are IV multinomial logit estimates. The omitted group is non-FDI �rms. The instrument is the
one-year lag of �rm�s log training expenses from the period 2005 to 2008.
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Table 8: Advertising Expenses by Di¤erent Types of Firms (2004-07)
Regressand: Log Firm Advertising Expenses (1) (2) (3) (4)
Non FDI Indicator -1.32*** -0.56*** -0.62*** -0.77***

(-8.33) (-5.53) (-4.27) (-5.23)
Non-Distribution FDI Indicator 0.57** 0.32** 0.32 0.22

(2.33) (2.14) (1.38) (0.97)
SOE Indicator -0.54*** -0.53*** -0.56***

(-19.13) (-13.69) (-14.52)
Foreign Indicator 0.22*** � �

(16.32)
Log Firm Labor 0.70*** 0.69*** 0.72***

(138.07) (88.20) (92.69)
Export Indicator -0.02 0.08***

(-1.58) (4.75)
Export Share � 2-digit Industry Fixed E¤ects No No No Yes
Year Fixed E¤ects Yes Yes Yes Yes
2-digit Industry Fixed E¤ects Yes Yes Yes Yes
Number of Observations 128,028 128,026 99,679 98,424
R-squared 0.06 0.22 0.23 0.23

Notes: The regressand is �rm log advertising expenses. Numbers in parentheses are t-values clustered at the
�rm level. ***(**,*) denotes signi�cance at the 1(5, 10)% level. The omitted group is distribution FDI �rms.
Columns (3) and (4) drop foreign �rms from the sample. Column (4) includes the interaction terms between
export intensity (i.e., �rm exports over �rm total sales) with two-digit industry �xed e¤ects.
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Table 12: Threshold Estimates by Income of Host Countries (2006-08)
Estimated threshold: Without With threshold

Log GDPPC=10.726 threshold Low High Low High
Regressand: Firm log FDI �ow (1) (2) (3) (4) (5) (6)
Firm TFP 0.209*** 0.254*** 0.067 0.395*** 0.107 0.460***

(2.29) (2.61) (0.67) (2.43) (1.00) (2.68)
Constant 2.500*** 2.303*** 2.945*** 1.977*** 2.767*** 1.588***

(6.37) (5.24) (6.69) (2.78) (5.50) (2.04)
Year �xed e¤ects No Yes No No Yes Yes
Industry �xed e¤ects No Yes No No Yes Yes
Number of observations 251 251 165 86 165 86
(Joint) R-squared 0.023 0.038 0.061 0.082

Note: The regressand is �rm log FDI �ow. Numbers in parentheses are t-values. *** denotes signi�cance
at the 1% level. Estimates in this table are threshold estimates a la Hanson (2000) by using FDI destination
income as the threshold. The estimates in columns (1) and (2) are standard OLS estimates without considering
the heteroskedasticity of the threshold. Columns (4) to (6) are estimated by using the estimated threshold (log
per capita GDP is 10.726). Joint R-squareds are reported in columns (4) to (6). Columns (5) and (6) include
CIC two-digit industry-level �xed e¤ects and year-speci�c �xed e¤ects. The 95% con�dence interval estimates for
each variable are not reported to save space, although they are available upon request.
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Figure 1: Firm Productivity, Export, Distribution and Non-distribution FDI
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Figure 2: Firm Productivity by Firm Type
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Note: Samples are sorted by �rm TFP. The short vertical line represents rare observations with FDI=1
whereas the many observations with FDI=0 are not drawn. The solid (dotted) curve refers to the probability
density with FDI=1( FDI=0). The cuto¤ points that best classify FDI=0 and FDI=1 would be too far to the
right as argued in the text.

Figure 3: Rare Events of FDI Firms
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8 Appendix (for online publication)

8.1 Appendix A: Proof of Proposition 1
Proof: The derived demand for product ' is

Xj(') = LjP
��1
j [pcj(')]

��

where Lj is labor income in country j, pcj(') =
�
��1MC

c; c = d; e; fs; fm is the price of product
' if it is domestically sold, exported without distribution foreign a¢ liate, exported with a
distribution a¢ liate or with production a¢ liates respectively. Pj is the aggregate price level,
where

Pj =

8<:
PN
h=1;h 6=j

�
��1Lh

hR\'fshjd'ehj ( �hj' + �j)
1��dG(') +

R \'fmhj
\'fshj

(
�j�hj
' )1��dG(') +

R1
\'fmhj

( 1')
1��dG(')

i
+ �
��1Lj

R1d'dj ( 1')1��dG(')
9=;

1
1��

where c'dj ; d'ehj ; ['fshj ;\'fmhj are the productivity cut-o¤ point for each mode.
From Equ. (1) and (2), we know that when fX

fD
> (� + c'e�)1��;c'd < c'e:So when fX

fD
>

�1��;c'd < c'e:
Deriving the LHS of (3) with respect to 1

' ;we get d
h
(
�� ij
' )1�� � ( � ij' + �j)

1��
i
=d
�
1
'

�
= (1�

�)�

��
�
��1
� � 1'

���
�
�
� 1' + �

����
< 0, which means a higher ' induces higher relative returns

of distribution investment compared with export without FDI. Thus (3) has a single solution.

Similarly, we derive the LHS of (4) with respect to 1
' to get d

h
( 1')

1�� � (�� ij' )1��
i
=d
�
1
'

�
=

(1��)
h
1� (��)1��

i �
1
'

���
< 0:So the higher is ', the more pro�table is building a production

plant relative to a distribution a¢ liate.
Because the LHS of (3) is increasing with ', so c'e <d'fs equals

(
��c'e )1�� � ( �c'e + �)1�� < ( ��d'fs )1�� � ( �d'fs + �)1�� = fIS

B

i.e. (��c'e )1�� < fX
B + fIS

B : Solving
�c'e from (2) and inserting into the inequality, then we can get:

B
1

1�� <
1

�

�
f

1
1��
X � 1

�
(fX + fIS)

1
1��

�
Thus if � is one upper bound of B

1
1�� ;then � < 1

�

�
f

1
1��
X � 1

�(fX + fIS)
1

1��

�
ensures c'e <d'fs:The existence of � is shown below.

From (3) and (4), we get

�d'fmd'fs
�1��

=
fIS

h
(��)��1 � 1

i
fIM � fIS � fX

� 1

1�
�
1
� +

�d'fs
��

�1�� < fIS

h
(��)��1 � 1

i
fIM � fIS � fX

1

1� ���1
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So when fIM > fX + fIS
���1

1����1 (�
��1 � 1);the above equation is smaller than one, thend'fs < d'fm.

Now we turn to the proof of the existence of �. Since ' follows the Pareto distribution, we

have
R1
' dG(') =

�
b
'

�k
;
R1
' (

1
')
1��dG(') = kbk

k�(��1)

�
b
'

�k�(��1)
:

When every country is symmetric, from (5) we get

B =
EF

V Profit1 + (N � 1)
Rd'fsc'e

�
�
' + �

�1��
dG(')

where EF is the expected �xed cost of entry

EF = fE + fD(
bc'd )k + (N � 1)fX

�
(
bc'e )k � ( bd'fs )k

�
+(N � 1) (fX + fIS)

�
(
bd'fs )k � ( bd'fm )k

�
+ (N � 1)fIM (

bd'fm )k
= fE + fD(

bc'd )k + (N � 1)fX(
bc'e )k

+(N � 1)fIS(
bd'fs )k + (N � 1) (fIM � fX � fIS) (

bd'fm )k
> fE

And V Profit1 is the expected of variable pro�t of selling domestically, export with distrib-
ution FDI and building an overseas production plant.

V Profit1 =
kbk

k � (� � 1)

24 ( 1c'd )k�(��1) + (N � 1) (��)1��
�
( 1d'fs )k�(��1) � ( 1d'fm )k�(��1)

�
+(N � 1)( 1d'fm )k�(��1)

35
=

kbk

k � (� � 1)

24 ( 1c'd )k�(��1) + (N � 1) (��)1�� ( 1d'fs )k�(��1)
+(N � 1)

�
1� (��)1��

�
( 1d'fm )k�(��1)

35
We assume b > 1; so 0 < ( 1b')k�(��1) < 1 for any b':Thus, the above equation satis�esV Profit1 <
kbk

k�(��1)N:

(N � 1)
Rd'fsc'e

�
�
' + �

�1��
dG(') is the expected pro�t from export without FDI, and

(N � 1)
Z d'fs
c'e

�
�

'
+ �

�1��
dG(') < (N � 1)

Z d'fs
c'e

�
�d'fs + �

�1��
dG(')

= (N � 1)bk
�
�d'fs + �

�1�� �
(
1c'e )k � ( 1d'fs )k

�
< (N � 1)bk

�
�d'fs + �

�1��
< (N � 1)bk�1��
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So B > fE
kbk

k�(��1)N+(N�1)bk�1��
;and � =

�
fE

kbk

k�(��1)N+(N�1)bk�1��

� 1
1��

is an upper bound of

B
1

1�� :

8.2 Appendix B: Proof of Proposition 2

It is obvious from Equ. (2), (3) and (4) that an increase in � raises c'e; lowersd'fs;and does not
a¤ect d'fm; a decrease in � decreases c'e; does not a¤ect c'e and increases d'fm; and a decrease
in � decreases c'e and increases d'fm: We only need to verify a decrease in � decreases d'fs:
Derive the LHS of (3) with respect to � so that we get d

h
(
�� ij
' )1�� � ( � ij' + �j)

1��
i
=d (�) =

(1��)
'

��
�
��1
�

�
'

���
�
�
�
' + �

����
< 0:So a lower � leads to a higher relative variable pro�t from

engaging in distribution FDI, thus generates a lowerd'fs:
It is worthwhile to note that when � is su¢ ciently small, � is large and fIS is not large

enough,d'fs could be smaller than c'e:For example, suppose � = 2;and fIS < fX( �+��� � 1);then
from (2) and (3) we get

( �c'e + �)�1
( ��d'fs )�1 � ( �d'fs + �)�1 =

fX
fIS

Rearrange it to get

c'ed'fs =
fX
fIS

(� + �c'e)� 1

��
� 1

� + �d'fs
�

=
fX
fIS

�
� + �c'e
��

� � + �c'e
� + �d'fs

�

Suppose c'ed'fs < 1;then �+�c'e
�+�d'fs < 1,then c'ed'fs > fX

fIS

�
�+�c'e
�� � 1

�
> fX

fIS
( �+��� �1) > 1;contradicts.

So in this case, c'ed'fs > 1; i:e:c'e >d'fs: (Q.E.D.)
8.3 Appendix C: Distribution of Zhejiang FDI Firms
Zhejiang�s �rm-level FDI �ow data are a good proxy for understanding the nationwide Chinese
�rms�FDI �ow for the following reasons. First, the FDI �ow from Zhejiang province is out-
standing in the whole of China. Firms in Zhejiang have engaged in FDI since 1982. Such �rms
were the pioneers of Chinese FDI activity. As reported by MOC, only around 10 �rms began
to engage in FDI before 1982. Since then, Zhejiang has maintained a fast growth rate similar
to that of other large eastern provinces, such as Guangdong, Jiangsu, and Shandong. In 2008,
Zhejiang had 2,809 FDI �rms (including green�eld �rms and M&A �rms), accounting for 21
percent of all FDI �rms in China, and became the largest province in the number of FDI �rms.
In terms of FDI �ow, Zhejiang�s FDI also maintained a high plateau, ranking at the very top in
the entire country from 2006 to 2009. Zhejiang�s FDI accounted for 16 percent of the country�s
FDI �ow and became the largest FDI province in 2010.

Second, the distribution of type of ownership of FDI �rms in Zhejiang province is consistent
with that across the country. According to the Statistical Bulletin of China�s outward Foreign
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Direct Investment (MOC, 2013) of the Ministry of Commerce, 75 percent of all Chinese FDI
�rms are private limited liability corporations in terms of the number of �rms.24 In Zhejiang
province, 70 percent of FDI �rms are private �rms.

Third, the distribution of Zhejiang FDI �rms�destinations is similar to that of the whole
country. Up to 2009, Chinese FDI �rms invested in 177 countries (regimes) and 71.4 percent
of FDI volume was invested in Asia. Hong Kong is the most important destination for Chinese
FDI �rms.25 This observation also applies to Zhejiang�s FDI �rms. Most FDI �rms in Zhejiang
invest in Asia, Europe, and North America. Hong Kong and the United States are the two
destinations with the largest investments. The most common investment mode is to set up
production a¢ liates and create a marketing network by establishing a trade-oriented o¢ ce.

Finally, the industrial distribution of Zhejiang�s FDI �rms is similar to that for the whole
of China. According to the Statistical Bulletin of China�s outward Foreign Direct Investment
(MOC, 2013), the top sector for Chinese FDI �rmss investment is retail and wholesale. This is
similar to the case of Zhejiang. The lower module of Table 1 shows the number of FDI �rms in
2006�08, resulting in a total of 1,270 FDI �rm-year observations in the database.

8.4 Appendix D: TFP Measure
The main interest of this paper is to investigate how �rm productivity a¤ects �rm FDI. Hence,
it is crucial to measure �rm productivity accurately. Traditionally, TFP is measured by the
estimated Solow residual between the true data on output and its �tted value using the OLS
approach. However, the OLS approach su¤ers from two problems, namely, simultaneity bias and
selection bias. Following Amiti and Konings (2007) and Yu (2015) in assuming a Cobb-Douglas
production function, we adopt the augmented Olley-Pakes semi-parametric approach to deal
with simultaneity bias and selection bias in measured TFP. In particular, we tailor the standard
Olley-Pakes approach to �t the data for China with the following extensions.

First, we use de�ated prices at the industry level to measure TFP. Previous studies, such
as De Loecker (2011), stressed the estimation bias of using monetary terms to measure output
when estimating the production function. In that way, one actually estimates an accounting
identity. Hence, we use di¤erent price de�ators for inputs and outputs. Admittedly, it would be
ideal to adopt �rm-speci�c prices as the de�ators. Unfortunately, the �rm-level data set does
not provide su¢ cient information to measure prices of products. Following previous studies,
such as Goldberg et al. (2010), we adopt industry-level input and output de�ators for TFP
measures. As in Brandt et al. (2012), the output de�ators are constructed using "reference
price" information from China�s Statistical Yearbooks, whereas input de�ators are constructed
based on output de�ators and China�s national Input-Output Table (2002).

Third, it is important to construct the real investment variable when using the Olley-Pakes
(1996) approach.26 As usual, we adopt the perpetual inventory method to investigate the law of
motion for real capital and real investment. The nominal and real capital stocks are constructed

24 In 2013, SOEs accounted for only 8 percent of the total number of outward FDI �rms, although they accounted
for 55.5 percent of total outward FDI volume.
25Note that it is possible that some Chinese ODI �rms take Hong Kong as an international investment exprót

since Hong Kong is a popular "tax haven." This phenomenon is beyond the scope of the present paper, although
it would be interesting for future research.
26 In the literature, the Levinsohn and Petrin (2003) approach is also popular in constructing TFP in which

materials (i.e., intermediate inputs) are used as a proxy variable. This approach is appropriate for �rms in

countries not using a large amount of imported intermediate inputs. However, such an approach may not directly

apply to China, given that Chinese �rms substantially rely on imported intermediate inputs, which have prices

that are signi�cantly di¤erent from those of domestic intermediate inputs (Halpern et al., 2011).
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as in Brandt et al. (2012). Rather than assigning an arbitrary number for the depreciation
ratio, we use the exact �rm�s real depreciation provided by the Chinese �rm-level data set.27

In particular, by assuming that the expectation of future realization of the unobserved pro-
ductivity shock, �it, relies on its contemporaneous value, �rm i�s investment is modeled as an
increasing function of unobserved productivity and log capital, kit � lnKit. Following previous
works such as Amiti and Konings (2007), the Olley�Pakes approach was revised by adding the
�rm�s export decision as an extra argument in the investment function since most �rms�export
decisions are determined in the previous period:

Iit = ~I(lnKit; �it; EFit); (7)

where EFit is a dummy to measure whether �rm i exports in year t. Therefore, the inverse
function of (7) is �it = ~I�1(lnKit; Iit; EFit).28 The unobserved productivity also depends on log
capital and the �rm�s export decisions. Accordingly, the estimation speci�cation can now be
written as:

lnYit = �0 + �l lnLit + g(lnKit; Iit; EFit) + �it; (8)

where g(lnKit; Iit; EFit) is de�ned as �k lnKit+ ~I
�1(lnKit; Iit; EFit). Following Olley and Pakes

(1996) and Amiti and Konings (2007), fourth-order polynomials are used in log-capital, log-
investment, �rm�s export dummy, and import dummy to approximate g(�):29 In addition, since
the �rm dataset is from 2000 to 2006, we include a WTO dummy (i.e., one for a year after 2001
and zero for before) to characterize the function g(�) as follows:

g(kit; Iit; EFit) = (1 + EFit)
4X
h=0

4X
q=0

�hqk
h
itI

q
it: (9)

After �nding the estimated coe¢ cients �̂m and �̂l, we calculate the residual Rit which is de�ned
as Rit � lnYit � �̂l lnLit.

The next step is to obtain an unbiased estimated coe¢ cient of �k. To correct the selection
bias, Amiti and Konings (2007) suggest estimating the probability of a survival indicator on a
high-order polynomial in log-capital and log-investment. One can then accurately estimate the
following speci�cation:

Rit = �k lnKit + ~I
�1(gi;t�1 � �k lnKi;t�1; p̂ri;t�1) + �it; (10)

where p̂ri denotes the �tted value for the probability of the �rm �s exit in the next year. Since
the speci�c "true" functional form of the inverse function ~I�1(�) is unknown, it is appropriate to
use fourth-order polynomials in gi;t�1 and lnKi;t�1 to approximate that. In addition, (10) also
requires the estimated coe¢ cients of the log-capital in the �rst and second term to be identical.
Therefore, non-linear least squares seem to be the most desirable econometric technique. Finally,
the Olley�Pakes type of TFP for each �rm i in industry j is obtained once the estimated
coe¢ cient �̂k is obtained:

TFPOPit = lnYit � �̂k lnKit � �̂l lnLit: (11)

27Note that even with the presence of exporting behavior, the data still exhibit a monotonic relationship between
TFP and investment.
28Olley and Pakes (1996) show that the investment demand function is monotonically increasing in the produc-

tivity shock �ik, by making some mild assumptions about the �rm�s production technology.
29Using higher order polynomials to approximate g(�) does not change the estimation results.
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8.5 Appendix E: Extensive Margin Estimates of Zhejiang Sample
Appendix Table 3 examines whether our previous �ndings based on nationwide FDI decision
data hold for Zhejiang�s FDI manufacturing �rms. The linear probability model estimates in
column (1) con�rm that Zhejiang�s high-productivity manufacturing �rms are more likely to
engage in FDI during the sample period 2006�08. The probit estimates in column (2) yield
similar �ndings with a slightly larger coe¢ cient of �rm TFP. Of 100,743 manufacturing �rms
during the sample period, there are only 407 FDI manufacturing �rms, as shown in the lower
module of Table 1. That is, the probability of FDI is only 0.39 percent, suggesting that �rm
FDI activity is also a rare event in Zhejiang province during the sample period and the standard
logit estimation results may have a downward bias. In Table 8, we again correct for such bias by
using rare-events logit estimates in column (3) and complementary log-log estimates in column
(4). The estimated coe¢ cients of �rm productivity are much larger than their counterparts in
columns (1) and (2), indicating that the downward bias in the regular estimates is fairly large.
The increases in the odds ratio caused by �rm productivity are similar to their counterparts in
Table 5.

Columns (5) and (6) perform multinomial estimates in which the regressand is distribution
FDI in column (5) and non-distribution FDI in column (6). The coe¢ cient of �rm productivity in
column (5) is still positive and signi�cant whereas that in column (6) is positive but insigni�cant.
A less important but interesting �nding is that the SOE control variable turns to be positive
and signi�cant. We suspect such striking �ndings are due to the inclusion of processing FDI
in the category of non-distribution FDI. By dropping such processing FDI in the multinomial
estimates in columns (7) and (8), the coe¢ cient of �rm productivity in column (8) once again is
positive and signi�cant; more importantly, its magnitude is larger than that of distribution FDI,
indicating that high-productivity �rms are more likely to engage in non-distribution FDI. The
coe¢ cients of SOE variable turns to be negative, though still insigni�cant, as in other previous
estimates.
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Appendix Table 1: Summary Statistics of Distribution FDI
Firm Number Nationwide FDI data Zhejiang FDI data

2000-2007 2006-2008
Distribution FDI Other FDI Distribution FDI Other FDI

Before Merge 2039 48% 2205 967 76% 304
After Merge 203 59% 142 337 83% 68

Note: The FDI type in Zhejiang data is classi�ed to 12 types including wholesale, business o¢ ce, production,
processing trade, R&D, construction, mining, market seeking, agriculture, housing, and product design.

Appendix Table 2: Transitional Matrix of FDI Mode for FDI Firms
Year t+1

Year t Distri. FDI non-Distri. FDI
Distri. FDI 0.91 0.09
non-Distri. FDI 0.25 0.75

Note: Each number in the table is the probability of the �rm�s outward FDI mode in t+1, conditional on the
FDI mode in t. Non-FDI �rms in both periods are dropped.
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