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ARTICLE INFO ABSTRACT

JEL classification: This paper studies how foreign direct investment (FDI) affects innovation in the host country,
F2 using matched firm-level patent data of Chinese firms. The data contain multidimensional in-
L5

formation about patent counts and citations, which, together with an identification strategy based

03 on Lu et al. (2017), allows us to measure innovation comprehensively and to uncover the causal

Keywords: relationship. Our empirical analysis shows that FDI has positive intra-industry effects on the

fr]ilovaﬁon quantity and quality of innovation, as well as radical innovation, by Chinese firms. We show that

Patent these positive effects are driven by increases in competition, rather than by knowledge spillovers

Competition from FDI which is measured by patent citations between domestic firms and foreign invested

Spillover enterprises (FIEs). We further investigate the inter-industry effects of FDI and find that FDI has
positive vertical effects on innovation in upstream sectors through backward knowledge
spillovers.

1. Introduction

One of the kernel intentions for developing countries to attract foreign direct investment (FDI) is to promote the growth of domestic
industries by absorbing foreign investors’ advanced technology. A considerable body of research has examined FDI’s impact on
productivity in developing countries, finding some evidence that the presence of FDI indeed facilitates technology transfer through
spillovers and enhancements of domestic firms’ productivity (e.g., Blomstrom and Sjoholm, 1999; Javorcik, 2004; Kugler, 2006;
Blalock and Gertler, 2008; Burstein and Monge-Naranjo, 2009; Fons-Rosen et al., 2021)." The long-term productivity growth of a
country, however, depends also on the innovation of its domestic firms. Innovation will become increasingly important for many
developing countries as they grow further and narrow the gap with the developed world (e.g., Chen and Puttitanum, 2005). With the
continued rise of foreign direct investment to developing countries, an important question for both economists and policy makers is:
How will FDI impact the innovation of host-country firms?

From a theoretical perspective, the influx of FDI may either positively or negatively impact domestic firms’ innovation: while the

* Corresponding author.
E-mail addresses: yongmin.chen@colorado.edu (Y. Chen), hwjiang.work@gmail.com (H. Jiang), youshaliang@zju.edu.cn (Y. Liang),
shiyuanpan@zju.edu.cn (S. Pan).
1 However, as indicated by Havranek and Irsova (2011), results vary broadly across methods and countries. Some studies have also found negative
effects of FDI on firms’ productivity (e.g., Haddad and Harrison, 1993; Aitken and Harrison, 1999).
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potential knowledge spillover from advanced foreign firms is likely beneficial, the business stealing effect of increased competition
may reduce domestic firms’ innovation (e.g., Aghion et al., 2005; Bloom et al., 2019). Empirical research on the relationship between
FDI and innovation is relatively sparse. The few existing studies for developed countries have produced mixed results.” Studies for
developing countries have focused on China (Hu and Jefferson, 2009; Cheung and Lin, 2004; Zhang, 2017; Jiang et al., 2021). As the
largest developing country, China has in the past few decades experienced large increases in both FDI and innovation (Fig. 1),
providing a natural setting for research that has broad implications for developing countries. These studies find a positive relationship
between FDI and innovation in China, but their measurement of innovation is largely limited to patent counts and lacks quality metrics
that account for the heterogeneity in patent quality. More importantly, these studies primarily contain correlation results, without
adequately addressing potential problems associated with omitted variables and reverse causality. This issue is especially concerning
in light of the surprising finding of Lu et al. (2017). Using a novel identification strategy, Lu et al. (2017) find evidence that inward FDI
negatively impacts Chinese firms’ productivity. One wonders whether FDI may also negatively affect Chinese firms’ innovation once
the causal relationship is identified.

This paper conducts an empirical study of inward FDI's impact on Chinese firms’ innovation, using new firm-level matched data on
firms’ operations and patents in China.® The newly available data set on patent applications by Chinese firms allows us to construct
comprehensive measures of firms’ innovation quantity and quality, including patent counts and patent citations, using the method-
ology in the innovation literature (e.g., Hall et al., 2001, 2005). Following the identification strategy put forward by Lu et al. (2017),
we further construct an instrument for FDI that utilizes a plausibly exogenous change of FDI regulations in China, the revisions to the
Catalogue for the Guidance of Foreign Investment Industries in 2002. We are then able to compare firms’ innovation performance between
the treatment group (i.e., FDI-encouraged industries) and the control group (i.e., FDI-unchanged industries) before and after the
changes in FDI regulation. Our research thus overcomes the two main difficulties in the existing studies on FDI and innovation, namely
the comprehensive measurement of innovation and the identification of a causal relationship.

We find positive intra-industry effects of FDI on firms’ innovation quantity and quality, measured respectively by the number of
patents and by patent citations (number, generality, and originality). Moreover, the positive impact of FDI appears to be more pro-
nounced for more important innovations (i.e., for invention patents than for utility model and design patents). Further evidence backs
up these positive effects when considering “radical innovation”. The results remain valid with respect to various robustness tests, such
as controlling for the patent stimulation policies and using alternative measures of FDI. The comprehensive data further allow us to
examine the possible mechanisms for FDI's effects. In particular, based on the patent citations made by domestic firms to foreign
invested enterprises (FIEs), we construct a direct measurement of knowledge spillover from FDI, and we quantify competition intensity
not only through market concentration but also through a measure of technology competition using the patent data. We find evidence
that the influx of FDI intensifies market competition and pressures domestic firms in the same industry to innovate for technological
upgrades, leading to an overall positive impact, but no evidence of a significant horizontal knowledge spillover effect of FDI on firm
innovation. This is surprising, in contrast to the finding of Lu et al. (2017) that FDI has an overall negative impact on firm productivity
because of the negative competition effect.

Increased competition due to FDI can either stimulate or hinder innovation (Aghion et al., 2005). On the one hand, the stronger
competition following foreign entry may motivate domestic firms to increase innovation in order to stay ahead of the competitors,
which is the escape-competition effect. On the other hand, the entry of foreign competitors may decrease the market share of domestic
firms, reducing their profits from—and hence incentives for—innovation, which is the business-stealing effect. Our findings suggest
that the escape-competition effect plays a dominant role in determining the impact of FDI on domestic firms’ innovation. However, Lu
et al. (2017) find that FDI negatively impacts the domestic firms’ productivity, which suggests that the business-stealing effect
dominates. The competition effect of FDI for innovation and for productivity can thus be very different, which may explain the
different intra-industry effects of FDI on innovation and productivity for Chinese firms." Furthermore, we find that the effects of FDI on
innovation are heterogenous across different types of domestic firms. Specifically, the positive effects of FDI are weaker for larger
firms, for state-owned enterprises (SOEs) and for joint venture enterprises. In addition, we find that both local FDI and non-local FDI
affect innovation positively, and that FDI from HMT (Hong Kong, Macao and Taiwan) regions has a smaller impact on firm innovation
than from non-HMT regions. Moreover, FDI exerts positive effects on both the level and growth rate of innovation.

FDI can also potentially affect innovation through vertical linkages. We find that the presence of FDI in downstream sectors has
positive effects on the innovation of firms in the upstream industries, whereas the presence of FDI in upstream sectors has negative
effects on the innovation of downstream firms. The literature has suggested that vertical knowledge spillover is a major source of the
vertical effects of FDI on productivity (Javorcik, 2004; Javorcik and Spatareanu, 2008; Blalock and Gertler, 2008), but it does not
separately identify the knowledge spillover. Our comprehensive patent data allow us to construct direct measures of both backward
and forward knowledge spillovers, based on the patent citation network. We demonstrate that there are significant knowledge
spillovers through backward but not forward linkages, which, together with other factors in vertical relations, provide explanations to
the different effects of backward and forward FDI on Chinese firms’ innovation.

2 Garcfa et al. (2013) find that FDI inflows into Spain are negatively associated with the ex-post innovation of local manufacturing firms, whereas
Crescenzi et al. (2015) find that domestic firms in sectors with more FDI have stronger innovative performance in the UK.

% As discussed in more detail later, we merge the firm-level data from the Annual Survey of Industrial Firms with the comprehensive patent data
obtained from the China National Intellectual Property Administration in China.

4 Productivity may depend more than innovation on factors such as sales, know-how, and management practices for which FDI is likely to have
(more) positive spillover effects but may also have stronger business-stealing effects.
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Fig. 1. FDI and domestic patents (1985-2010).
Data resource: FDI from World Development Indicators Database. Number of patents recorded from China National Intellectual Property Admin-
istration Yearly Statistics.

The rest of the paper is organized as follows. Section 2 introduces the institutional background and also describes the data for our
study. Section 3 presents the identification strategy and the underlying assumptions. Section 4 reports the main empirical results on the
(intra-industry) effects of FDI on innovation, explains the results by analyzing the potential competition and knowledge spillover
mechanisms, and further examines the heterogeneity of the innovation effects of FDI. Section 5 conducts additional analysis, using
various controls and considering alternative assumptions, to confirm the robustness of our main results. Section 6 examines the vertical
effects of FDI and the underlying mechanisms of backward vs. forward knowledge spillovers. Section 7 concludes.

2. Background and data
2.1. Institutional backgroud

2.1.1. FDI regulations in China

FIEs virtually did not exist in China before its reform and opening-up in 1978. After the Law on Sino-Foreign Equity Joint Ventures was
passed in 1979, a series of laws and regulations were enacted to attract FDI, accompanied by various policies such as tax reduction,
land usage, and subsidies. Among the regulations concerning FDI, Catalogue for the Guidance of Foreign Investment Industries (hence-
forth, the Catalogue) is the most important one, becoming the government’s guidelines for regulating the inflows of FDI in 1997. To
comply with China’s commitments for entry to the WTO, China substantially revised the Catalogue in March 2002.° The substantial
changes in the Catalogue can be considered exogenous, because China’s WTO accession was commonly regarded as a quasi-natural
experiment and the revisions of the Catalogue in 2002 were part of China’s agreement on WTO’s accession (Bloom et al., 2016; Lu
et al., 2017). In this study, we use the plausibly exogenous changes in FDI regulations (i.e., changes in the Catalogue) to identify the
effects of FDI on domestic firms’ innovation.

2.1.2. Alternative patent stimulation policies in China
Intellectual property rights. Enhancing protection of intellectual property rights (IPRs) is one of the causes of patent surge. The

5 China also revised the Catalogue in November 2004, but only with minor revisions
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improvement of intellectual property environment in China broadens the scope of patent protection, and strengthens the enforcement,
which stipulates the benefits and costs of patent, increasing innovators’ incentives to apply for their patents.

The establishment and improvement of intellectual property system go through several periods (Hu and Jefferson, 2009). First,
China established the legal framework of intellectual property and administrative organs in the 1980s, after negotiating with the US on
Sino-US Trade Agreement. Second, China extended scope, duration and rights of intellectual property by signing Memorandum of Un-
derstanding Between China and the US on the Protection of Intellectual Property in 1992. In the 1990s, China supplemented laws and
regulations, and implemented the intellectual property system, including revising the Chinese Copyright Law, Chinese Patent Law, and
Chinese Trademark Law, establishing the Special People’s Court System to address intellectual property issues as well. Third, as a
signatory country of WTO, China enacted the Second Patent Law Amendment to meet the TRIPS requirements in 2001.° All intellectual
property related laws were revised in accordance with the international norms to offer stronger protection for intellectual property
right holders. And since then, China has enhanced legal enforcement of intellectual property, constructing a sophisticated legal system.
The enhancement of intellectual property protection is mainly from the revision and supplement of related laws and regulation.

Based on these norms, different local governments carry out corresponding policies according to their development level to bolster
innovation activities. Therefore, the enforcement of IPRs policies varies among different provinces. Among these provinces, patent
protection policies started to be enacted since 1996.” Since the enactment, both regulation and enforcement of patent rights protection
have been strengthened in these provinces. For example, no entity or individual may, without the authorization of the patentee, exploit
the patentee’s patent for production or business purposes. When an infringement arises, it should be settled through administrative
penalty or lawsuit. Overall, the improvement of intellectual property rights regime may be one of the important forces underlying the
Chinese patent surge.

Patent subsidy. Subsidy is another institutional factor explaining the rapid growth of patent applications in China (Li, 2012). Since
the 1990s, provincial governments launched patent subsidy programs to stimulate patent applications in several ways, including
reimbursement of application fees and direct subsidy to invention patents. In 1999, Shanghai was the first one to launch a patent
subsidy policy to encourage regional patent applications by providing subsidy to cover application fees during different periods of
application. By the end of 2007, most provincial governments have implemented similar patent subsidy programs, which were
particularly favorable for patentees applying for patents strategically. The amount of patent subsidies differs across provinces.
However, these patent subsidy programs largely reduce the cost of patent fillings and increase the overall return of patenting.
Therefore, the patent subsidy programs implemented by provincial governments may play an important role in the growth of patents in
China.

The above reasoning seems to suggest that the change of intellectual property rights policies and enforcement of patent subsidy
programs may be alternative factors of the patent surge in China. In Section 5, empirical tests are performed to take into account these
patent stimulation policies in China.

2.2. Data

2.2.1. Firm-level panel data

We construct annual firm-level data for the 1998-2007 period that cover all firms, including SOEs and non-SOEs, based on the
Annual Survey of Industrial Firms (ASIF) conducted by the National Bureau of Statistics of China (NBS). Firms in the ASIF data account
for around 95% of total Chinese industrial output and 98% of total Chinese industrial exports (Tan and Peng, 2003), spanning 37
two-digit manufacturing industries and 31 provinces or province-equivalent municipal cities. In 2003, a new classification system for
industry codes (GB/T 4754-2002) was adopted in China to replace the old classification system (GB/T 4754-1994) that had been used
from 1995 to 2002. Following the concordance table constructed by Brandt et al. (2012), we link the two classifications and develop
consistency in the industry codes over our entire sample period. To further clean the sample, we implement screening to remove
potentially problematic observations. Following Yu (2015), we drop observations where firm identifiers, county code, sector ID, or
year of establishment are missing, as well as observations that have total sales below 5 million RMB or fewer than eight employees.
Additionally, observations are dropped if total assets are less than liquid assets or total fixed assets. Since we are interested in the
impact of FDI on domestic firms, we exclude from our sample all foreign firms (i.e., any firm’s equity owned by foreign investors is
greater than or equal to 25% according to China’s Foreign Investment Law).

2.2.2. Patent data

The Chinese patent data for our study, obtained from the China National Intellectual Property Administration (CNIPA), cover all
published patent applications since 1985 when CNIPA started to accept patent applications. The data contain all the records of patent
applications as of June 2017, including around 6.77 million invention patents, 6.26 million utility model patents, and 4.17 million
design patents. We divide the information of each patent into three parts: (1) Patent information: patent name, application number,
application date, publishing number, publishing date, and International Patent Classification (IPC). (2) Applicant information: Ap-
plicant’s name, applicant’s address, applicant’s ZIP code, and applicant’s country (or province). (3) Patent rights information:

6 The Chinese Patent Law Amendment has adjusted protection of patent rights at many aspects, and all the revisions are national policies. Since
we employ an industry-level DID approach, this amendment whose impact should be absorbed by year fixed effects, is not likely to affect firm
innovation performance by the predicted industry-level FDI intensity.

7 Title and rules of patent protection policies are different across provinces, but these policies target patents by enhancing patent rights protection.
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inventor’s name, priority number, priority day, agent, agency, legal status information, summary, claim book, and citation
information.

2.2.3. Data matching

Based on the matching methodology in He et al. (2018), we match the ASIF data and the patent data for Chinese firms.® The
assignee names of Chinese patents are matched to the names of manufacturing firms through exact matching, approximate matching,
and manual checks. Details are reported in Appendix C. After the matching procedures, we merge the aggregate patent data to the ASIF
data set at the firm-year level.

2.2.4. Innovation measures

Patent counts are widely used as a basic measure of innovation (Hall et al., 2001). This study uses four metrics to capture patent
counts: number of all patent applications, number of invention patent applications, number of utility model patent applications, and
number of design patent applications. We further use another set of metrics to gauge the quality of patents: the number of citations a
patent receives following its approval, the generality index, and the originality index.’ The number of citations a patent receives is a
direct measure of its importance. A patent that cites a broader array of technology classes is viewed as having greater originality, while
a patent that is cited by a more technologically varied array of patents is viewed as having greater generality (Trajtenberg et al., 1997).
Specifically, the originality and the generality of a patent are measured respectively by the Herfindahl index of the patents it cites and
the Herfindahl index of its citing patents.

Because citation rates and patent counts vary over time and across technologies (e.g., using a patent’s citation number to measure
its innovation quality could have the bias of favoring earlier rather than later patents), we will define scaled variables that adjust for
such variations. Specifically, following Hall et al. (2001), we scale the innovation measures by IPC technology class and year. A
technology class is a detailed classification of International Patent Classification. We use IPC one-digit figure as the technology class.
To compute a scaled measure, we divide the measure by the average value of the measure in the same year and technology class
(Bernstein, 2015). This allows us to obtain scaled number of patents, scaled citations, scaled generality, and scaled originality.'® We
will use the scaled measures to conduct robustness checks for our results.

2.2.5. Data on FDI regulations in China

We compile information about changes in FDI regulations upon China’s WTO accession by comparing the 1997 and 2002 versions
of the Catalogue and matching the product-level changes in the Catalogue with the industry-level changes in the ASIF data. The
detailed classification process is listed in Appendix D.

3. Estimation strategy

In this section, we first describe our econometric specification, followed by a discussion of the validity of our identification strategy.

3.1. Econometric specification

To study the impact of FDI on firms’ innovation, we estimate the following benchmark model:

Innovationg, = ay + 6FDI_Industry; + X,ﬁ,/l +ar+y, + . (€D)

where Innovationy; is the innovation performance of firm f in four-digit industry i and year t, measured respectively by the number of
all patents, the number of invention patents, the number of utility model patents, the number of design patents, the number of patent
citations, generality, and originality. Xj; is a vector of time-varying firm and industry characteristics, including firms’ output, firms’
capital labor ratio, firms’ export status, and a dummy variable indicating whether a firm is an SOE. The summary statistics of the main
variables are presented in Table 1. The firm and year fixed effects and the constant term are denoted respectively by oy, 7, and ao.
FDI_Industry; is our regressor of interest and is defined as:

ZfeﬂuFDLFirm_,;, x Outputy

FDI _Industry;, = S Oupur, x 100%,
(fEQir it

where Outputs, measures the output of firm f in industry i in year t. FDI_Firmg; is defined as firms’ foreign equity share. Q; is the set of

8 According to Chinese Patent Law, it generally takes at least 18 months for invention patent to get granted. Thus, there is a large time gap between
the data of patent application and the date of approval. Therefore, we assign patent applications to specific years according to the date of appli-
cation, which ensures that the patent is assigned to the year close to the actual innovation.

9 When calculating the patent citations, since the patent data spans from 1985 to 2017, we add up all the citations made during 1998-2017. In
particular, for the Chinese patent data, the time period of a patent to be cited is concentrated within 10 years. The share of patent citations is 65.5%
within 3 years, 80.2% within 5 years and 98.7%within 10 years. Since we add up all the citations made from 1998 to 2017, most citations for the
patents being applied during 1998-2017 are included. Therefore, the patent citation data is less likely to suffer from the data truncation problem.

10 The definition of innovation measures is reported in detail in Appendix Table A1.
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Table 1

Summary statistics.
Firm-level variables Observations Mean Standard Deviation
Output 1,256,810 72.502 587.365
Capital-labor ratio 1,256, 810 56.551 194.850
Exporter status 1,256, 810 0.206 0.404
SOE status 1,256, 810 0.087 0.281
FDI industry 1,256, 810 0.814 0.918
Number of all patents 1,256, 810 0.214 10.869
Number of invention patents 1,256, 810 0.064 9.347
Number of citations 1,256, 810 0.228 30.838
Generality 1,256, 810 0.021 0.117
Originality 1,256, 810 0.021 0.114
Scaled number of all patents 1,256, 810 0.055 1.398
Scaled number of invention patents 1,256, 810 0.014 0.789
Scaled number of citations 1,256, 810 0.070 9.926
Scaled generality 1,256, 810 0.037 0.352
Scaled originality 1,256, 810 0.035 0.317

firms in industry i in year t. FDI_Industry; is an industry level FDI variable that captures the presence of FDI in industry i in year t. We
allow the standard errors to have arbitrary heteroskedasticity and autocorrelation by clustering standard errors at the four-digit in-
dustry level.

Our specific interest lies in §, the parameter that captures the effects of FDI on innovation of firms in the same sector. A positive
value of § indicates that the presence of FDI has positive intra-industry effects on firms’ innovation. To obtain an unbiased estimate of §
in the benchmark model, an important assumption is that, conditional on all of the control variables, the regressor FDI_Industry; is
uncorrelated with the error term. However, there are concerns that this assumption might be violated. For example, the more inno-
vative firms are likely to be in industries that attract more FDI.

To tackle the identification problem, we use variation across industries in the change of FDI regulation as an instrument for
FDI_Industry; to identify the impact of FDI on the innovation of Chinese firms, following Lu et al. (2017) in their study of FDIs effects
on productivity. Specifically, we compare firm innovation performance in the treatment group (i.e., FDI encouraged industries) with
firm innovation performance in the control group (i.e., FDI no change industries) before and after the implementation of the Catalogue
in 2002. This is an instrumental variable (IV) estimation based on a difference-in-difference (DID) strategy. The first-stage of the IV
estimation is

FDI _Industry;, = ay + nTreatment; x Post02, + X,ml// +oy+y, + (2)

where Treatment; indicates whether industry i belongs to the treatment group; and Post02; is a dummy indicating the period after
implement of Catalogue 2002, namely Post02, = 1ift > 2002, Post02; = 3/4ift = 2002, andPost02; = 0ift < 2002.'"

3.2. Validity of DID based instrumental variable

The above DID based instrument is valid under two conditions. First, the relevance condition: the share of FDI increased more in the
encouraged industries than in the no change industries. This relevance condition is confirmed by the significance of  in Eq. (2), which
is shown in Panel B in Table 2.

Second, the instrument should also satisfy the exclusion restriction condition. That is, variations across industries from the change
in FDI regulation do not affect firms’ innovative behavior through channels other than the share of FDI. Specifically, conditional on all
the controls, our instrumental variable Treatment; x Post02; is uncorrelated with the error term &g in Eq. (1), namely cov(Treatment; x
Post02;,ef|Wg:) = 0, where W, summates all of the controls in the regression. Since our instrument is DID based, there are only two
possible sources of violation of this identifying assumption: cov(Post02;, es|Wy) 7# O or cov(Treatment;, e5|Wg;) # 0.

One concern is that the post-treatment period indicator Post02; and the second-stage error term &g are possibly correlated when the
timing of the FDI regulation change was non-random. However, the regulation revision in 2002 resulted from a lengthy negotiation
between China and 150 WTO member countries upon China’s accession into WTO. Since the result of the negotiation was uncertain
prior to 2001, the timing of FDI regulation change in 2002 was plausibly random and Chinese firms would not have anticipated the
change of FDI regulations in 2002. Nevertheless, to deal with the possible non-random selection of timing, we control for other ongoing
policy reforms during that time that might affect our results. Since one crucial policy reform in the early 2000s was the privatization of
SOEs, in a similar way to Lu et al. (2017), we add the interaction between year dummies and industry SOE share in 2001 into Xg,. We
also include the year fixed effects, which controls for all the macro shocks that might have correlated with the timing of FDI regulations
in China.

11 post02, = 3/4 for 2002 in our empirical analysis, as the Catalogue 2002 was implemented on April 1, 2002. The results (available upon request)
remain robust when Post02, = 1 for 2002.
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Table 2
Innovation quantity — all patents.

@D (2 3) @ [©) (6)
Model 2SLS 2SLS 2SLS Poisson Reduced-form OLS
Panel A. Second-stage estimation.
Dependent variable: Log Allpatent Log Allpatent Log Allpatent Allpatent
FDI industry (instrumented) 0.041%** 0.038*** 0.030%* 1.385%**

(0.011) (0.012) (0.012) (0.405)
Panel B. First-stage estimation.
Dependent variable: FDI industry FDI industry FDI industry FDI industry
Treatment x Post02 0.184** 0.164*** 0.164*** 0.164***

(0.043) (0.043) (0.043) (0.043)
Cragg-Donald Wald F-statistic 2700.857 2134.102 2131.760 2131.760
Kleibergen-Paap Wald F-statistic 18.239 14.729 14.708 14.708
Panel C. Reduced-form and OLS estimation
Dependent variable: Log Allpatent Log Allpatent
Treatment x Post02 0.005**

(0.002)
FDI industry -0.0004
(0.0006)

Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes Yes Yes
SOE privatization x year dummies No Yes Yes Yes Yes Yes
Time-varying firm controls No No Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm
controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.

Another concern is that the treatment status Treatment; and the second-stage error term &g might be correlated, which would mean
that the selection of FDI encouraged industries upon China’s accession to WTO is non-random.'” To alleviate this concern, we control
for the potential factors that might affect the selection of the treatment group. First, following Gentzkow (2006), we carefully char-
acterize the potential determinants, Z;;90g, of the changes in FDI regulations upon the WTO accession. We identify three determinants
at the four-digit industry level: new product intensity, number of firms, and average age of firms (Appendix Table A2).'® We then add
interactions between y, and these three determinants Z; 998 in X to control for the plausible predeterminants of the selection of in-
dustries for the change in FDI regulation. Second, we also control for time-varying firm characteristics in Xp; that might affect the
selection of our treatment group, including firms’ output, capital-labor ratio, ownership , and export status.

4. Effects of FDI on Innovation

This section presents our results on how FDI inflows impact firms’ innovation in China. Subsection 4.1 contains our main results,
concerning how FDI impacts the quantity and quality of innovation by firms within the same industry. Subsection 4.2 provides further
evidence on the impact of FDI on the quality of innovation by considering radical innovation. Subsection 4.3 explains the mechanisms
behind our main results. The heterogeneity of the innovation effects of FDI is explored in Subsection 4.4.*

4.1. Main results

For the dependent variable in our regressions in this subsection, we use in turn: (i) the number of all patents to measure innovation
quantity; (ii) the numbers of invention patents, utility model patents, and design patents each as an additional innovation measure; (iii)
the number of citations, the generality, and the originality of a patent to measure innovation quality.

12 We further conduct an event study and test whether there are different trends in innovation performance for the encouraged industries (i.e., the
treatment group) and the non-change industries (i.e., the control group) before the FDI deregulations. Specifically, we set year 2001 as the base year,
and then add 9 interaction terms between the treatment variable and year dummies from 1998 to 2007 along with all the controls into the
regression, where the dependent variable is the innovation measure. The event study graphs are provided in Appendix Fig. Al. We find similar
trends in innovation performance between the treatment group and control group before the FDI deregulation, which suggests that the treatment
group and control group are comparable conditional on the selected controls.

13 Since our outcome variables are innovation performance, we aggregate firms’ innovation variables into industry-level ones, and then add the
industry-level innovation variables, including the number of all patents, invention patents and patent citations, as additional controls. We find that
the industry-level innovation variables do not affect the selection of industries for FDI deregulations, as indicated in Appendix Table A2 Columns
(2)—(4). These results might alleviate the concern that the more innovative industries are selected as the encouraged industries for FDI deregulation.

14 While our main analysis concerns the intra-industry effects of FDI, we will also study the vertical effects of FDI later in Section 6.
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The distribution of patent measures in the pooled sample is right-skewed, with approximately the 95" percentile of the distribution
being zero. We tackle this problem of the dependent variable with two methods. First, the natural logarithm of each innovation
measure is used. To avoid losing firm-year observations with zero patents or citations per patent, we add one to the actual value when
calculating the natural logarithm. Second, following Hu et al. (2017), we take the original innovation measures as dependent variables
and use the conditional fixed effects Poisson model, in which the zero value of an innovation measure is replaced with the logarithm of
0.01.

Table 2 reports the baseline results of estimating Eq. (1). The results in columns (1)-(3) come from the two-stage least squares
(2SLS) estimates. In column (1), we control for firm and year fixed effects, as well as the interactions between year dummies and FDI
regulation determinants. The result of the second-stage regression shows that the impact of FDI is positive and both economically and
statistically significant at the 1% level, implying that a one standard deviation increase in FDI leads to a 3.76% increase in the number
of all patents. The first-stage estimation shows that the instrument Treatment; x Post02; has a positive and statistically significant effect
on FDI_Industry;, confirming that the relaxation of FDI regulations triggers inflows of FDI. The Cragg-Donald Wald F-statistic
(2700.857) is much larger than the critical value at the 10% significance level (Stock and Yogo, 2005), rejecting the null hypothesis
that our IV for FDI is subject to the weak IV problem.

In column (2), we add interactions between year dummies and SOE share to control for the privatization of SOEs. The coefficient of
the second-stage regression shows that the impact of FDI on patent counts is statistically significant at the 1% level. In column (3), we
further control for firm characteristics. The coefficient of the second-stage regression again shows that the impact of FDI on patent
counts is still statistically significant, implying that the number of all patents rises by 2.75% if FDI increases by one standard deviation.
The results reported in column (4) come from a conditional fixed effects Poisson estimation. After being instrumented, this model
shows that FDI consistently generates a positive and statistically significant effect on the number of all patents.

In column (5), we further report the reduced-form estimation results. The estimated coefficient of the instrumental variable is
positive and statistically significant, consistent with our aforementioned findings. In column (6), we present the OLS estimation results,
which shows the impact of FDI is negative but not statistically significant. There can be a severe endogenous problem in OLS esti-
mations, such as the issues of omitted variables and reverse causality.

We next investigate whether the positive effect of FDI on innovation varies for different categories of patents. There are three
categories of patent in China: invention patents, utility model patents, and design patents. The invention patent corresponds to a more
substantial invention due to its requirement of novelty, inventiveness, and practical applicability. The utility model patent requires
that some significant improvement be made to an existing product. The design patent is more about some modification to the product
appearance.

With the number of each of these three categories of patents as the dependent variable, Table 3 reports the estimation results. The
estimated coefficient in column (1) shows that FDI exerts a positive and statistically significant impact on invention patents. As for the
magnitude, a one standard deviation increase in FDI leads to a 3.21% increase in the number of invention patents. The Poisson
estimation result in column (2) further supports the positive effect. The estimation results in columns (3) and (4) show that there is no
statistically significant impact of FDI on utility model patents. The estimated coefficients in columns (5) and (6) show that FDI has a
positive impact on design patents but the relationship is not statistically significant. Together, these results show that the inflows of FDI
benefit the more innovative invention patents, compared with the less innovative utility model and design patents.

We next examine the impact of FDI on the quality of innovation, measured respectively by patent citations, generality, and
originality.'® Table 4 reports our findings. The coefficient for the 2SLS estimation results in column (1) shows that FDI has a positive
and statistically significant impact on the number of patent citations, and a one standard deviation increase in FDI leads to a 4.41%
increase in the number of citations. The Poisson estimation in column (2) bears out this result. In addition, the 2SLS and Poisson
estimation results for generality are reported in columns (3) and (4) respectively, indicating that FDI has a positive and statistically
significant impact on generality. Moreover, the 2SLS and Poisson estimation results for originality are reported in columns (5) and (6)
respectively, also indicating a positive and statistically significant impact.

Overall, our baseline results show that FDI has a positive impact on firms’ innovation. On the one hand, FDI contributes to a
significant increase in the quantity of innovation. In particular, the inflows of FDI exert a larger impact on the rise of invention patents,
which are the most inventive patents, than on the growth of utility model and design patents. On the other hand, FDI leads to a
noticeable improvement in the quality of innovation. It is also evident that, with the inflows of FDI, firms not only produce more
influential patents but also generate more original patents.

Finally, we use the scaled measures of innovation as dependent variables and run the regressions of the benchmark setting. In
Table 5, columns (1)-(7) report the 2SLS estimation results. We find that the estimated coefficients are qualitatively the same after
scaling the innovation measures. Specifically, the inflows of FDI still have a positive and statistically significant impact on both the
scaled measures of innovation quantity and on the scaled measures of innovation quality.

4.2. Radical innovation
The numbers of patents and patent citations are the most basic measures of innovation output in the literature. However, these
15 We calculate the number of patent citations with 3-year window and 5-year window, respectively. Also, we calculate the number of patent

citations excluding self-citation. We re-estimate the baseline specification using these alternative measures as the dependent variables. The esti-
mation results are reported in Appendix Table A3, where the regression results are consistent with baseline results.
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Table 3
Innovation quantity — three categories of patent.
@ @ ©)] 4 5) (O]
Model 2SLS Poisson 2SLS Poisson 2SLS Poisson
Dependent variable: Log Invention Invention Log Utility Utility Log Design Design
FDI industry (instrumented) 0.035%** 1.782%** -0.006 0.408 0.001 1.359**
(0.009) (0.501) (0.008) (0.359) (0.007) (0.630)
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes Yes Yes Yes
Time-varying firm controls Yes Yes Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.
Table 4
Innovation quality.
@ (2) 3) @ ©)] (6)
Model 2SLS Poisson 2SLS Poisson 2SLS Poisson
Dependent variable: Log Citation Citation Log Generality Generality Log Originality Originality
FDI industry (instrumented) 0.048%*** 1.420%** 0.022%** 0.314* 0.023*** 0.366**
(0.013) (0.519) (0.007) (0.178) (0.007) (0.179)
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes Yes Yes Yes
Time-varying firm controls Yes Yes Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.
Table 5
Scaled index.
@ 2) 3) @ ) 6) @
Dependent variable: Log Scaled Log Scaled Log Scaled Log Scaled Log Scaled Log Scaled Log Scaled
Allpatent Invention Utility Design Citation Generality Originality
FDI industry 0.012* 0.017%** -0.005 -0.001 0.032%** 0.019%** 0.022%**
(instrumented)
(0.007) (0.005) (0.004) (0.003) (0.008) (0.007) (0.007)
Firm fixed effects Yes Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes Yes
FDI determinants x year Yes Yes Yes Yes Yes Yes Yes
dummies
SOE privatization x year  Yes Yes Yes Yes Yes Yes Yes
dummies
Time-varying firm Yes Yes Yes Yes Yes Yes Yes
controls
Observations 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm
controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.

measures do not distinguish between breakthrough innovation and incremental innovation (e.g., Griliches, 1990). In practice, firms
choose not only whether to innovate but also how they want to innovate. A firm can choose to be incremental, barely exploiting the
existing knowledge; or it can choose to innovate radically, which involves the exploration of unknown knowledge. From our main
results, FDI has a significant impact on invention patents but not on utility model patents or design patents, suggesting that the positive
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effects of FDI on innovation are more pronounced for more substantial innovations. Is this still true for innovations that break new
technology ground, or “radical innovations”? This question has its independent interest, and the answer can provide further evidence
on how FDI affects innovation in the quality dimension. Here, radical innovation is defined as technologically new and significant
innovation, as the counterpart to incremental innovation. Radical innovation is especially important for technological advances and
long-term economic growth. Below, we consider four widely accepted measures for radical innovation.

Breakthrough innovation. Following Balsmeier et al. (2017) and Guo et al. (2019), the breakthrough innovation is computed as
the (natural logarithm of one plus) number of patents of a firm with citations in the top 5% (10%) in the distribution of citations, where
the distribution is constructed with all the patents applied in the same technology class in the same year. The results reported in
columns (1) and (2) in Table 6 show that the effects of FDI on breakthrough innovation are positive and statistically significant.

Tail innovation. Following Acemoglu et al. (2014), the tail innovation index is defined as the fraction of a firm’s patents that
receive more than a certain number of citations. A higher value of tail innovation suggests a greater likelihood of receiving a very high
number of citations. Specifically, let s;(p) denote the number of the patents of a firm that are above the p percentile of the distribution

in year t according to citations.'® Then, the tail innovation index is defined as:

53 (p)

Taily (p) = 52(05)

where p should be greater than 50%. This is equivalent to the ratio of the number of patents by firm f in year t with citations above the
p' percentile divided by the number of patents by firm f in year t with citations above the median (it is not defined for firms that have
no patents with citations above the median). We assign two values to p, 99% and 95%. The results reported in columns (3) and (4) in
Table 6 show that the presence of FDI increases tail innovation significantly.

Best patent. Enlighted by Bernstein (2015), the most cited patent for firm f at year t can be regarded as the best patent which is
unlikely to be affected by low-quality innovation activities. We then examine the generality and originality of the best patent since the
number of the best patent is always 1 for innovative firms. The results reported in columns (5) and (6) in Table 6 show that FDI has
significantly positive effects on the generality and originality of the best patent.

New technology innovation. We construct new technology innovation as the (natural logarithm of one plus the number of in-
vention patents filed in technology classes previously unknown to the firm (Balsmeier et al., 2017; Guo et al., 2019). We make use of
two technology class criteria: one-digit IPC code and three-digit IPC code. Columns (7) and (8) in Table 6 show that the effects of FDI on
new technology innovation are also positive and statistically significant, suggesting that the inflows of FDI bring to firms entirely new
innovation from other technology fields.

Using four alternative measures of radical innovation, we find that the intra-industry impact of FDI is consistently positive and
significant for radical innovation. This also reinforces the finding in our main results that the positive effects of FDI on innovation are
more pronounced for more substantial innovations (represented by invention patents), relative to less substantial ones (represented by
utility model patents and design patents).

In the rest of the paper, in order to be concise, we focus on three innovation measures, including the number of all patents, the
number of invention patents, and the number of patent citations, as dependent variables and report only the 2SLS estimation results.
The estimation results using other innovation measures are available upon request.

4.3. Examining the mechanisms: competition vs. knowledge spillovers

So far, we have established that FDI causes increases in innovation quantity and quality for firms in the same sector. In principle,
FDI can affect the innovation of host-country firms through two main channels: the competition effect and the knowledge spillover
effect (e.g., Aitken and Harrison, 1999; Javorcik, 2004). We next investigate these possible underlying economic mechanisms.

4.3.1. Competition effect

The entry of foreign rivals enhances competition in the host country. The impact of competition on innovation is theoretically
ambiguous (e.g., Bloom et al., 2019) and can exhibit an inverted-U shape (Aghion et al., 2005). Therefore, increased competition due
to FDI can either stimulate or hinder innovation. On the one hand, the stronger competition following foreign entry may motivate
domestic firms to increase innovation in order to stay ahead of the competitors. Such a positive competition effect is usually referred to
as the escape-competition effect (Aghion et al., 2005). On the other hand, the entry of foreign competitors may decrease the market
share of domestic firms, reducing their profits from—and hence incentives for—innovation. Such a negative competition effect is often
referred to as the business-stealing effect. Below, to understand how the competition effect brought about by FDI influences domestic
firms’ innovation, we consider two dimensions of competition: the product market competition and technology competition.

Following Degryse and Ongena (2005), we measure product market competition intensity based on the Herfindahl-Hirschman
index:

16 Radical innovation is the creative output of combination of available knowledge stock, creating a new technology cluster. Thus, the leading-edge
innovation tends to receive more citations, and is more likely to have a very high number of (“tail”) citations (Acemoglu et al., 2014).
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Table 6
Radical innovation.
@ (2) 3 @ 5) (6) 7 (8
Dependent variable: Breakthrough patent Breakthrough patent Tail patents Tail patents Generality of the best ~ Originality of thebest ~ New technology New technology
(top 5%) (top 10%) (99%) (95%) patent patent (one-digit) (three-digit)
FDI industry 0.003* 0.005%* 0.013%*** 0.014%** 0.013%*** 0.016*** 0.018*** 0.020%**
(instrumented)
(0.002) (0.002) (0.003) (0.004) (0.004) (0.005) (0.006) (0.006)
Firm fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
FDI determinants x year Yes Yes Yes Yes Yes Yes Yes Yes
dummies
SOE privatization x year Yes Yes Yes Yes Yes Yes Yes Yes
dummies
Time-varying firm Yes Yes Yes Yes Yes Yes Yes Yes
controls
Observations 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI regulations include new product intensity, number of
firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance

at the 1%, 5%, and 10% level, respectively.
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The second-stage and first-stage results of 2SLS regression are reported in Table 7 and Appendix Table A4 Panel A, respectively. The
results of column (1) in Table 7 show that the horizontal FDI increased product market competition significantly. The interactions
between horizontal FDI and product market competition of columns (2)-(4) show that FDI inflows boost the quantity and quality of
innovation through enhancing product market competition. Moreover, these results suggest that, in the case of foreign entry to the
same industry, the positive competition effect (i.e., the escape-competition effect) is more dominant than the negative competition
effect (i.e., the business-stealing effect).

Firms compete not only in the product market, but also in the technology space. When there are more competing technologies in the
industry, a firm potentially has a higher innovation incentive for two reasons. First, a firm’s innovation may cannibalize its own
existing technology, but a higher number of technologies in the industry (provided by other firms) weakens the firm’s incentive to
avoid the cannibalization (e.g., Jungbauer et al., 2021). Second, more competing technologies may directly pressure the firm to in-
crease innovation in order to stay competitive. Thus, we also evaluate the competition effect of FDI on innovation through its impact on
technology competition.

We measure technology competition of a firm by the number of invention patents (taking the logarithm) on the market that are in
the same three-digit IPC code, the same four-digit industry and the same year, weighted by the firm’s invention patent counts in that
year (Jungbauer et al., 2021). The second-stage results of 2SLS regression are reported in Table 8, and the first-stage estimation results
are shown in Appendix Table A4 Panel B. In Table 8, the results in column (1) show that the presence of horizontal FDI does strengthen
competition significantly. From columns (2)-(4), we find that the estimated coefficients of interactions between horizontal FDI and
technology competition on three measures of innovation are positive and statistically significant, implying that FDI is able to stimulate
innovation quantity and quality through increased technology competition. These results also confirm the argument that the
escape-competition effect plays a dominant role in determining the impact of FDI on domestic firms’ innovation.

These findings indicate that the presence of FDI in China strengthens competition, both in product market and in technology
market, which in turn promotes innovation. This is consistent with the existing empirical evidence suggesting that competition
typically increases innovation, especially in markets with an initially low level of competition (Shu and Steinwender, 2019). Moreover,
these findings also suggest that the escape-competition effect dominates the business-stealing effect when considering the impact of
FDI on innovation.

4.3.2. Horizontal knowledge spillovers

Domestic firms may benefit from the presence of FDI through the knowledge spillovers of foreign entrants. Foreign parent firms
have incentives to directly transfer knowledge to their affiliates in host countries. Meanwhile, local firms may learn from foreign
entrants by observing, imitating, and reverse-engineering their new products and technology. Our unique patent citation data enable
us to develop a direct and novel measure of the knowledge spillovers of FDI, which allows us to directly evaluate the knowledge
spillovers of FDI on the firms in the same sector.

Our patent data indicate the linkages of different patents through citations (i.e., a specific patent cites other patents or is cited by
other patents), which reveals the source of knowledge. By matching the patent-level citation information to the ASIF data, we construct
the citation network among manufacturing firms.'” Since patent citations track the flows of knowledge, there are actual knowledge
transfers (i.e., knowledge spillovers) from the patent-cited firm to the patent-citing firm (Jaffe et al., 1993). Thus, the patent citations
between domestic firms and FIEs allow us to directly measure the knowledge spillovers from FIEs to local firms. We construct metrics
of knowledge spillovers based on the concept of citation network, following the methodology in the literature (Jaffe et al., 1993;
Bloom et al, 2013; Acemoglu et al., 2016). Specifically, we construct two variables, Horigontalspilloverdummyys and
Horigontalspilloverintensityg;, to measure the horizontal knowledge spillovers. Dependent variable Horizontalspilloverdummyg, indicates
whether a domestic firm cites any patent owned by FIEs in the same industry, and Horizontalspilloverintensity; indicates the ratio of
citations to patents owned by FIEs in the same industry to all citations. The regression results reported in columns (1) and (2) in Table 9
show that the coefficients of horizontal FDI are negative, but small in magnitude and statistically insignificant. Therefore, there is no
evidence for a significant knowledge spillover effect of horizontal FDI on Chinese firms’ innovation.

4.3.3. Overall effect

The combination of a positive competition effect and a negligible knowledge spillover effect within the sector explains the overall
positive intra-industry effect of FDI on innovation.'® Intriguingly, Lu et al. (2017) demonstrate that FDI has a negative competition
effect, resulting in an overall negative intra-industry effect on Chinese firms’ productivity. Possibly, when facing more intense
competition due to FDI, domestic firms may lose their market share to the more productive foreign competitors and experience a
decline in revenue and consequently a fall in productivity, thus suffering from the business-stealing effect on productivity. And such

17 Specifically, for any two firms A and B in the ASIF data, we identify whether firm A cites any patent from firm B or how many patents firm A cites
from firm B.

18 We also study the competition effects and knowledge spillover effects simultaneously. Specifically, we add the product market competition,
horizontal spillover dummy and their interaction term with FDI into the same regression. The estimations reported in Appendix Table A5 are
consistent with results from separate estimations.
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Table 7
Product market competition effect.
@ (2) 3 ()]
Dependent variable: Product market competition Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.012* -0.047%* -0.010 -0.029
(0.006) (0.022) (0.013) (0.020)
Product market competition -0.051 0.035 0.027
(0.054) (0.040) (0.058)
FDI industry x Product market competition (instrumented) 0.081*** 0.046** 0.080***
(0.028) (0.021) (0.030)
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes Yes
Time-varying firm controls Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810

Note: The interaction term between industry-level FDI and product market competition is instrumented with the interaction between FDI regulation
change and product market competition. A constant term is included but not reported. Robust standard errors in parentheses are clustered by in-
dustry. Determinants of changes in FDI regulations include new product intensity, number of firms, and average age of firms at the four-digit industry
level in 1998. Time-varying firm controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at
the 1%, 5%, and 10% level, respectively.

Table 8
Technology market competition effect.
@™ ) 3 (€]
Dependent variable: Technology market competition Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.148%*** 0.017 0.019 0.036
(0.033) (0.022) (0.017) (0.034)
Technology market competition -0.340 -0.251 -0.658
(0.411) (0.334) (0.692)
FDI industry x Technology market competition (instrumented) 1.030* 0.848* 1.760*
(0.613) (0.494) (1.028)
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes Yes
Time-varying firm controls Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810

Note: The interaction term between industry-level FDI and technology market competition is instrumented with the interaction between FDI
regulation change and technology market competition. A constant term is included but not reported. Robust standard errors in parentheses are
clustered by industry. Determinants of changes in FDI regulations include new product intensity, number of firms, and average age of firms at the four-
digit industry level in 1998. Time-varying firm controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote
significance at the 1%, 5%, and 10% level, respectively.

Table 9
Horizontal spillover effect.
m )
Dependent variable: Horizontal spillover dummy Horizontal spillover intensity
FDI industry (instrumented) -0.00055 -0.00019
(0.00096) (0.00054)
Firm fixed effects Yes Yes
Year fixed effects Yes Yes
FDI determinants x year dummies Yes Yes
SOE privatization x year dummies Yes Yes
Time-varying firm controls Yes Yes
Observations 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes
in FDI regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-

varying firm controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%,
5%, and 10% level, respectively.
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business stealing has a stronger and more direct negative impact on productivity than on innovation. Therefore, one possible expla-
nation for the seemingly-opposite results between this paper and Lu et al. (2017) is that the escape-competition effect plays a more
dominant role in innovation, while the business-stealing effect has a more direct impact on productivity.

At the same time, the measure of productivity captures the effects of market power, factor market distortion and technical inno-
vation (rather than just efficiency) of firms, and suffers from endogeneity problem in estimations (Bustos, 2011). Therefore, there could
be more ways for FDI to affect productivity than to affect innovation. These differences may also explain the different intra-industry
effects of FDI on productivity and on innovation for Chinese firms.

4.4. Heterogeneity of effects

Our baseline analysis shows that inflows of FDI cause higher innovation by Chinese firms. Because firms differ in many dimensions,
it is also interesting to learn whether the effect of FDI differs across firm types. We investigate the heterogeneous effects in this
subsection and present the second-stage regression results of 2SLS in Table 10. The first-stage results are shown in Appendix Table A6.

Firm size. We capture firm size with a dummy variable, Sizeg, which equals 1 for large-medium sized firms (firms with more than
300 employees and 20 million-yuan sales) and otherwise 0, in accordance with the Standards for Small and Medium-Sized Enterprises in
China. The regression results are presented in Table 10 Panel A. The coefficients of FDI are still positive and statistically significant, but
the coefficients of interaction terms are negative. This result suggests that the positive effects of FDI on innovation are weaker for larger
firms, contrary to the prior finding that small firms lack the necessary absorptive capacity to benefit from FDI spillovers (Girma, 2005).

Ownership. Lu et al. (2017) find that the effect of FDI on productivity differs for firms with different ownership structures. To see
whether this is also the case with innovation, we add the dummy variable (which equals 1 if the firm is an SOE and 0 if not), SOEg;, and
the interaction between SOE and fitted FDI. Table 10 Panel B shows that the impacts of FDI remain positive. The ownership of SOE has
a positive and statistically significant effect on firm innovation, but it attenuates the positive effects of FDI on innovation.

Joint venture. Interfirm linkages or cooperative alliances may benefit domestic firms by helping them, for example, develop new
technology, improve technical skills, and explore innovative products (e.g., Dowling and McGee, 1994). Therefore, we tend to test
whether the impact of FDI on innovation differs across domestic firms with or without foreign partnership.'” We define a dummy
variable, Joint ventures,, which indicates whether a domestic firm is a joint venture enterprise whose foreign equity is greater than 0 but
less than 25%, and report the estimation results in Table 10 Panel C. We find that the impact of FDI on innovation remains positive.
However, the coefficients of interaction terms are significantly negative, suggesting that the positive impact of FDI on innovation is
weaker for joint venture enterprises. Conceivably, a domestic firm that is not partnered with FDI has a stronger desire to innovate and
to be more competitive.

Local vs. non-local FDI. The impact of FDI might differ with geological distance (Audretsch and Feldman, 2004; Bwalya, 2006;
Javorcik and Spatareanu, 2008). Domestic firms located near foreign multinationals are more like to absorb technology embedded in
FDI (Audretsch and Feldman, 2004), while firms located in more distant areas might also be affected by foreign presence (Bwalya,
2006; Lu et al., 2017). To explore this heterogeneity, we divide the amount of FDI in an industry into two parts: the local presence of
FDI in the same city as the observed domestic firm, and the presence of FDI located outside the city. The definitions are as follows:

> e FDI-Firmg, x Outputg,
Zf&ﬂw Outputy

FDI _Industry_Local;., =

Zfeﬂ,, FDI_Firmg, x Outputy — E/.GQM FDI_Firmg., x Output,,
> req, Ouiputse = 3 req, Outpute

FDI_Industry_Non — local;, =

where ¢ denotes city, Qi denotes the set of firms in industry i in city c in year t.>” The second-stage results of 2SLS regression are
reported in Table 10 Panel D. The effects of FDI located in the same city on innovation are positive, though the coefficient of local FDI
on the number of all patents is insignificant. The effects of FDI located outside of the city on innovation are also positive and statis-
tically significant, though larger in magnitude than the effects of local FDI.

FDI origin. Due to possessing different levels of technologies, foreign multinationals that come from different countries and regions
might benefit domestic firms to a different degree. We include a dummy variable Non — HM Ty, which equals 1 if a firm’s foreign equity
is from non-HMT regions, and equals 0 otherwise.?! With the estimated coefficients being statistically significant in Table 10 Panel E,
FDI influences firm innovation positively. The coefficients of interaction are positive and significant for both patent applications and
patent citations. These results provide suggestive evidence that the positive impact of FDI from HMT regions is weaker than that from
non-HMT regions.

Static vs. dynamic effects. As justified in the main specification, FDI generates positive effects on the level of innovation (i.e.,

19 The sample of domestic firms include all firms whose foreign equity is less than 25%. Correspondingly, the sample of domestic firms can be

categorized into two types: domestic-funded enterprises (without foreign capital), and joint venture enterprises (O<share of foreign equity< 25%).
20 The instrumental variables for FDI Industry Localiy  and  FDI_Industry Non — Localy,  are W and
(ZEOutputmgnm x Treatment; x Post02; ) —Outputicago1 x Treatment; x Post02; '

Zi ZC Outpuiticaoo1 — Eioutpuhczom
21 According to data from the NBS, the share of China’s total FDI from non-HMT regions ranges from 1/2 to 2/3 between 1998 and 2007.
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Table 10
Heterogeneous effects.
Panel A. Firm size 1) 2) (©))
Dependent variable: Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.078%** 0.068%** 0.092%**
(0.022) (0.016) (0.023)
Size 0.250%** 0.166%** 0.226%**
(0.068) (0.046) (0.063)
FDI industry x Size (instrumented) -0.252%** -0.176%** -0.238%***
(0.074) (0.050) (0.069)
Observations 1,256,810
Panel B. SOE (¢D] (@3] 3)
Dependent variable: Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.035%* 0.040%** 0.057%%**
(0.015) (0.012) (0.017)
SOE 0.053 0.062** 0.110%*
(0.039) (0.028) (0.049)
FDI industry x SOE (instrumented) -0.072 -0.077%* -0.137%*
(0.045) (0.032) (0.057)
Observations 1,256,810
Panel C. Joint venture (€8] (@) 3)
Dependent variable: Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.035%* 0.040%** 0.054***
(0.016) (0.013) (0.019)
Joint venture 0.119* 0.124%** 0.168**
(0.063) (0.045) (0.069)
FDI industry x Joint venture (instrumented) -0.097** -0.101*** -0.135**
(0.048) (0.034) (0.052)
Observations 1,256,810
Panel D. Local and non-local @ ) 3
Dependent variable: Log Allpatent Log Invention Log Citation
Local FDI (instrumented) 0.037 0.061** 0.081*
(0.037) (0.031) (0.043)
Non-local FDI (instrumented) 0.074* 0.084** 0.119**
(0.043) (0.037) (0.054)
Observations 1,110,337
Panel E. Non-HMT (€D} (@3] 3
Dependent variable: Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.034** 0.039%** *
(0.015) (0.013)
Non-HMT -0.139** -0.154%
(0.066) (0.052)
FDI industry x Non-HMT (instrumented) 0.181** 0.206%***
(0.091) (0.071)
Observations 1,256,810
Panel F. Dynamic effects 1) 2) (©))
Dependent variable: Allpatent growth Invention growth Citation growth
FDI industry (instrumented) 0.025* 0.037%%* 0.054%***
(0.013) (0.009) (0.015)
Observations 870,013
Firm fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes
Time-varying firm controls Yes Yes Yes

Note: The interaction term in each panel is instrumented with the interaction between FDI regulation change and the corresponding firm’s char-
acteristic. A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in
FDI regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy.

respectively.

and * denote significance at the 1%, 5%, and 10% level,

static effects). Following Lu et al. (2017), we further explore whether FDI influences the growth rate of firms’ innovation (i.e., dynamic
effects). Specifically, we use the growth rate of innovation measures (i.e., the difference in innovation measures between time t and t +
1) as the dependent variables. The estimation results reported in Table 10 Panel F show a positive effect of FDI on the growth rate of
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patent counts and citation counts.’” These results support the positive effects of FDI on the growth rate of innovation. Therefore, FDI
generates both positive static and dynamic effects on innovation of domestic firms.

5. Robustness analysis

In this section, we examine the robustness of our baseline regression results. We add controls for several factors that might
confound the relationship between FDI and innovation and address some additional empirical issues.”*

Controlling for systematic changes. In DID specifications, there are potential systematic changes in the influence of controls on
innovation after the switch of FDI regulations, which may coincide with the changes in FDI. To test whether our results are sensitive to
this issue, we control for systematic changes in time-varying firm controls by estimating:

Innovationg, = ay + 6FDI_Industry; + X}it/l + Posty, X Comrols}it(: +ar 4y, + & 3)

Specifically, we further add the interactions between the dummy of Catalogue changing time and time-varying firm controls. The
results in Table 11 Panel A suggest that the positive and statistically significant effects of FDI on firm innovation quantity and quality is
unlikely driven by systematic changes from DID misspecification.

Controlling for IPRs changes. Researchers have found that the enhancing enforcement and protection of intellectual property
rights contribute to the patent explosion in China (Hu and Jefferson, 2009; Ang et al., 2014). During the sample period, the most
impactful IPRs policy with respect to patents is patent protection policy on which we focus. We manually collect the enforcement
schedule of patent protection policy of each province in China (shown in Appendix Table A7). We include a dummy indicating the
period after enforcement of patent protection policy (i.e., it equals 1 after enforcement and 0 otherwise) as an additional control. The
estimation results are reported in Table 11 Panel B. We find that the impact of FDI on innovation quantity and quality is still positive
and statistically significant. Also, the estimated coefficients of patent protection policy indicate that the increased protection of in-
tellectual property rights in China positively impacts innovation output, which is consistent with the findings in the literature that
strengthening IPRs increases innovation in developing countries (Chen and Puttitanum, 2005).**

Controlling for subsidies. Some literature indicates that subsidies from Chinese government catalyze firms’ innovation (Howell,
2017). First, local subsidy policies have been launched with different policy instruments across regions (Li, 2012). We control for the
most important one, province-level patent subsidy programs, by including a dummy variable which takes a value of 1 if the province
where the firm locates launches its patent subsidy program in year t or after, and 0 otherwise. The estimation results reported in
Table 11 Panel C show that regional patent subsidy programs are positively associated with patent increases, with little change to the
effects of FDI on firms’ innovation performance. Second, to further control for the potential influence of government subsidies, we
include a firm’s subsidy level (the natural logarithm of one plus the subsidies amount) as a control to isolate the effect of FDI.”® The
estimation results reported in Table 11 Panel D show that the findings of baseline results remain robust. And these results confirm the
findings in the literature that the government subsidies indeed boost firms’ innovation activities.

Alternative measure of FDI. The regressor of interest for our analysis, FDI_Industry; is constructed using firms’ total output. This
could potentially overestimate the presence of FDI, as foreign multinationals export a large portion of their output. For the robustness
test, we exclude the exports in the variable construction. The estimation results are reported in Table 11 Panel E. We continue to find
positive and statistically significant effects of FDI on innovation quantity and quality, with the magnitudes becoming even larger. In
addition, we also use firm sales as the weight to construct variable FDI_Industry; and re-estimate the baseline model. The estimation
results reported in Table 11 Panel F show a similar conclusion.

6. The vertical effects of FDI on innovation

FDI inflows may affect not only the innovation of firms within the same industry, but also the innovation of firms in the upstream or
downstream industries. Javorcik (2004) demonstrates that the intra-industry effects of FDI are different from the inter-industry effect
of FDI. We now turn to the vertical, or inter-industry, effects of FDI on Chinese firms.

22 The test of dynamic effects with the three-year window (i.e., the difference in innovation measures between time t and t + 3) shows similar
results.

23 We conduct other robustness tests by controlling for potentially influencing factors, including special economic zones, high-tech zones, the share
of wholly foreign-owned multinationals. We also consider other specifications of baseline model, including using alternative values of determinants,
nonlinearity of the first-stage outcome, and restricting sample to deal with firm enter and exit. Details are shown in Appendix B.

24 Since we are not able to control for all regional intellectual property policies, adding province- and city-year fixed effects can alleviate the
concern. The estimation results are shown in Appendix Table A8. The estimated coefficients of FDI are very close to the baseline results, which
suggests that intellectual property policies are not likely to bias the baseline regressions.

25 patent subsidy programs have been launched with different policy tools across provinces and cities (Li, 2012). The effects of regional subsidy
programs can be also investigated with province- and city-year fixed effects in Appendix Table A8. Furthermore, we use the firms’ subsidy data to
study the effects from a micro perspective.
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Table 11
Robustness tests.

Dependent variable Log Allpatent Log Invention Log Citation

Panel A: Control for systematic changes (€] 2 3)

FDI industry (instrumented) 0.040%** 0.039%** 0.055%%*
(0.013) (0.009) (0.014)

Cragg-Donald Wald F-statistic 2131.760

Kleibergen-Paap Wald F-statistic 14.708

Observations 1,256,810

Panel B: Control for PPP m 2) 3

FDI industry (instrumented) 0.030%* 0.035%** 0.048%**
(0.012) (0.009) (0.013)

PPP 0.016%** 0.007*** 0.011%**
(0.002) (0.001) (0.002)

Cragg-Donald Wald F-statistic 2131.547

Kleibergen-Paap Wald F-statistic 14.707

Observations 1,256,810

Panel C: Control for PSP (¢D) 2 3

FDI industry (instrumented) 0.031%* 0.035%** 0.048%**
(0.012) (0.009) (0.013)

PSP 0.005%** 0.002%** 0.004***
(0.001) (0.001) (0.001)

Cragg-Donald Wald F-statistic 2133.371

Kleibergen-Paap Wald F-statistic 14.717

Observations 1,256,810

Panel D: Control for subsidies 1) (@3] 3

FDI industry (instrumented) 0.029** 0.034%** 0.047%**
(0.012) (0.009) (0.013)

Subsidies 0.003*** 0.001*** 0.002%**
(0.000) (0.000) (0.000)

Cragg-Donald Wald F-statistic 2126.801

Kleibergen-Paap Wald F-statistic 14.694

Observations 1,255,792

Panel E: Exclusion of exports (€D} 2 (3)

FDI industry (instrumented) 0.035%* 0.040%** 0.055%**
(0.014) (0.010) (0.015)

Cragg-Donald Wald F-statistic 2669.402

Kleibergen-Paap Wald F-statistic 16.038

Observations 1,256,810

Panel F: Sales as weight m 2)

FDI industry (instrumented) 0.023** 0.027%%*
(0.010) (0.007) (0.010)

Cragg-Donald Wald F-statistic 3456.778

Kleibergen-Paap Wald F-statistic 21.683

Observations 1,256,810

Firm fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

FDI determinants x year dummies Yes Yes Yes

SOE privatization x year dummies Yes Yes Yes

Time-varying firm controls Yes Yes Yes

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm
controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.

6.1. Vertical effects of FDI

Following Javorcik (2004), we construct the domestic firm’s backward FDI and forward FDI. Specifically, for domestic firm f in
sector s in year t, its backward FDI, is constructed as:

FDI ,Sectorf,’”k""”d = Z g X FDI_Sectory,
kifkzs

where FDI_Sectory, denotes the extent of FDI in sector k and year t, ag is the proportion of sector (two-digit CIC code) s’s output
supplied to sector k. Backward FDI captures the foreign presence in the sectors that are supplied by domestic firms in sector s.
The forward FDI is calculated as:

FpI Secmrﬁm"ﬂ’d = Z ﬂ X Z/'EQWFDI—Firmj[ X (OMtputj, — Exportj,)
- st - sm
mitnds > it (0utputj, — Expor tf")
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where g, is the share of inputs purchased by sector s from sector m. Export;, is firm j’s export in year t; Output;, — Export;, is the size of
firmj’s output for the domestic market. Forward FDI is a measure of the presence of FDI in upstream industries of sector 5.2 Note that as
only the intermediate inputs sold in domestic markets are relevant, the exports are excluded. The values of ag and f,, are both taken
from China’s Input-Output table in 2002.

The second-stage results of the 2SLS estimates are shown in Table 12 (The results of the first-stage are reported in Appendix
Table A9). The estimated coefficients in column (1) show that the effects of FDI on the number of all patents within the same sector
remain significantly positive, consistent with our earlier finding. For the effects of vertical FDI, backward FDI shows a positive and
statistically significant effect on the number of all patents, while forward FDI shows a negative and statistically significant effect. In
column (2), we find the similar effects of horizontal and vertical FDI on the number of invention patents, though the effect of forward
FDI is not statistically significant. In column (3), we also find that both the horizontal FDI and backward FDI have a positive and
statistically significant effect on the number of patent citations, while the forward FDI has a negative and statistically insignificant
effect.

These results consistently show that the presence of FDI in the downstream sectors has positive effects on the innovation of up-
stream firms, which might take place through the backward linkages (i.e., contacts between foreign invested enterprises and local
suppliers). Yet, the presence of FDI in the upstream sectors exerts negative effects on firms’ innovation, though the impact of forward
FDI is insignificant for invention patents and patent citations. Next, we examine potential backward and forward knowledge spillovers
that may explain these vertical effects.

6.2. Explaining the vertical effects: vertical knowledge spillovers

There might be backward knowledge spillovers through contacts between foreign entrants and their local suppliers in the upstream
industries or forward knowledge transfers through contacts between foreign entrants and their local buyers in the downstream in-
dustries. To explore these possibilities, similar to the metrics of horizontal knowledge spillovers, we construct variables to measure
backward and forward knowledge spillovers. Dependent variable Backwardspilloverdummyy;, indicates whether a firm in industry i cites
any patent owned by FIEs in the downstream industries, and Backwardspilloverintensityy, indicates the ratio of citations citing patents
possessed by FIEs in the downstream industries to all citations.?” Similarly, we construct variables to measure forward knowledge
spillovers, which are denoted as the Forwardspilloverdummyy, and the Forwardspilloverintensityg;. Columns (1) and (2) in Table 13 show
positive and statistically significant knowledge spillovers from a downstream sector to its upstream domestic suppliers. This provides a
plausible explanation for the positive effect of backward FDI on innovation.

In columns (3) and (4), the coefficients of forward FDI are insignificant, though positive, suggesting a negligible knowledge
spillover effect from foreign investment to domestic firms in the downstream industries. The presence of FDI in the upstream industries
is likely to exert opposing effects on downstream firms’ innovations. On the one hand, upstream FIEs provide intermediate goods of
more variety and higher quality at lower costs. This can reduce the pressure for downstream firms to innovate. On the other hand,
downstream firms may benefit from upstream foreign suppliers by learning the technology embedded in the intermediate goods
supplied by foreign investors. This type of knowledge spillover could promote the innovation of downstream firms. However, because
we find no significant knowledge spillovers of forward FDI, it appears that the negative impact of forward FDI on innovation is due to
the weakened incentive for the downstream firms to innovate when they could do well from the improvement of input supply even
without innovation. Interestingly, Liu and Qiu (2016) also find that the inflows of intermediate goods with high quality reduce firms’
innovation in China. Notice that cheaper/better inputs from upstream foreign suppliers may have different impacts on productivity
and innovation. The availability of high-quality inputs can clearly raise productivity, but it may reduce innovation incentives. This
might explain the difference between our finding of the negative effect of forward FDI on innovation and the positive effect of forward
FDI on TFP in Lu et al. (2017).

7. Conclusion

This paper has studied the impact of foreign direct investment inflows on the innovation of Chinese firms. Our analysis uses more
comprehensive measures of innovation quantity and quality than those used in the literature and adopts a research design that enables
us to identify the causal impact of FDI on innovation. We find that FDI has positive intra-industry effects on firms’ innovation in China
and show that the positive effects are due to increased competition instead of knowledge spillover from FDI. We also find that FDI
positively impacts innovation in upstream industries through backward vertical knowledge spillovers.

The conventional wisdom is that knowledge spillovers from FDI facilitate the technological upgrading of firms in a developing
country. Surprisingly, we find no significant positive effect on innovation from intra-industry knowledge spillover. This is in contrast to
the result stated in the literature that FDI has a positive knowledge spillover effect on productivity. On the other hand, we find that FDI
inflows intensify competition, and the increased competitive pressure leads to more innovation by domestic firms, contrary to findings

26 The instruments for FDI Sector’s®ward and FDI Sector’?™™ are Y ag xTreatment, xPost02, and Y. fy, x Treatment, x Post02;,
respectively. k if ks m if m#s

27 Following Antras et al. (2012) and Li et al. (2015), we divide industries into upstream and downstream industries with China’s Input-Output
tables.
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Table 12
Horizontal FDI and vertical FDI.
@D (2 3
Dependent variable: Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.023* 0.041%%* 0.052%%*
(0.012) (0.013) (0.017)
Backward FDI (instrumented) 0.001%** 0.0003* 0.001%*
(0.000) (0.0002) (0.000)
Forward FDI (instrumented) -0.099*** -0.019 -0.038
(0.035) (0.022) (0.032)
Firm fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes
Time-varying firm controls Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.
Table 13
Vertical spillover effect.
@ (2 3 4
Dependent variable: Backward spillover dummy  Backward spillover intensity =~ Forward spillover dummy  Forward spillover intensity
Backward FDI (instrumented) 0.00001** 0.00006***
(0.00000) (0.00001)
Forward FDI (instrumented) 0.00015 0.00012
(0.00144) (0.00087)
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes Yes
Time-varying firm controls Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm
controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.

in the literature that FDI has a negative competition effect on firm productivity. These results suggest that the effects of FDI on host-
country firms are subtle, being rather different for innovation and for productivity. In addition, since innovation and productivity
capture different aspects of firms, our focus on innovation potentially provides additional insights of true effects of FDI on domestic
firms’ performance.

Innovation is a key driver of economic growth and prosperity. As developing countries raise technological capabilities and income
levels, they will increasingly rely on innovation to achieve sustained economic growth and development. Many developing countries
suffer from severe market imperfections and the lack of effective market competition. A broad lesson for developing countries from the
experience in China is that attracting foreign direct investment and creating a competitive market environment can play comple-
mentary roles in promoting innovation.

Appendix A

Fig. A1l and Tables A1-A9
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Fig. Al. Dynamic impact of FDI deregulations on innovation
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Panel B. invention patent applications
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Note: Each figure plots the estimates of coefficients from an event study regression, with the year 2001 as the base year, where the dependent
variables are patent applications for all patents, invention patents, utility model patents and design patents, and patent citations respectively. Bars

represent 95% confidence intervals.
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Table Al
Innovation measures.
Variable Definition
Allpatent Number of all patent applications.
Invention Number of invention patent applications.
Utility Number of utility model patent applications.
Design Number of design patent applications.
Citation Number of citations a patent receives in its application year and the following years.

Log Allpatent
Log Invention
Log Utility
Log Design
Log Citation
Generality

Originality
Scaled Allpatent
Scaled Invention

Scaled Utility

Scaled Design
Scaled Citation
Scaled Generality
Scaled
Originality
Technology Class

Number of all patent applications plus one, and then take logarithm.

Number of invention patent applications plus one, and then take logarithm.

Number of utility model patent applications plus one, and then take logarithm.

Number of design patent applications plus one, and then take logarithm.

Number of citations a patent receives in its application year and the following years plus one, and then take logarithm.

Generality is calculated as the Herfindahl index of citing patents, which captures the dispersion across technology classes of patents using the
patent.

Originality is calculated as the Herfindahl index of cited patents, which captures dispersion of the patent citations across technology classes.
Number of all patent applications divided by the average number of all patent applications in the same year and technology class.
Number of invention patent applications divided by the average number of invention patent applications in the same year and technology
class.

Number of utility model patent applications divided by the average number of utility model patent applications in the same year and
technology class.

Number of design patents applications divided by the average number of design patent applications in the same year and technology class.
Number of citations a patent receives divided by the average number of citations received by all patents in the same year and technology class.
Generality measure of a patent divided by the average generality of all patents in the same year and technology class.

Originality measure of a patent divided by the average originality of all patents in the same year and technology class.

A technology class is a detailed classification of International Patent Classification. We use IPC one-digit figure as the technology class.

Table A2
Determinants of changes in FDI regulations (industry level).
@™ (2) 3 “@
Dependent variable: Changes in FDI regulations Changes in FDI regulations Changes in FDI regulations Changes in FDI regulations
New product intensity 1.684*** 1.678*** 1.542%** 1.585%**
(0.311) (0.330) (0.345) (0.339)
Export intensity -0.039 -0.038 -0.004 -0.013
(0.184) (0.184) (0.183) (0.183)
Number of firms 0.0002** 0.0002** 0.0002** 0.0002**
(0.0001) (0.0001) (0.0001) (0.0001)
Ellison-Glaeser index 0.316 0.315 0.302 0.288
(0.256) (0.256) (0.251) (0.255)
Average age of firms -0.004** -0.004** -0.004** -0.004**
(0.002) (0.002) (0.002) (0.002)
Log average employment 0.061 0.061 0.046 0.053
(0.048) (0.048) (0.049) (0.048)
Log average wage per worker -0.051 -0.051 -0.067 -0.070
(0.118) (0.118) (0.115) (0.115)
Number of all patents 0.006
(0.070)
Number of invention patents 2.521
(1.749)
Number of citations 0.727
(0.575)
Constant -0.014 -0.014 0.084 0.055
(0.344) (0.345) (0.342) (0.339)
R? 0.112 0.112 0.119 0.116
Observations 422 422 422 422

Note: Observations are at the four-digit industry level. Robust standard errors in parentheses are clustered by industry. ***, ** and * denote sig-
nificance at the 1%, 5%, and 10% level, respectively.
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Patent citation adjustments.
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Dependent variable:

(€Y]
Log Citation
3-year window

(2)

Log Citation
5-year window

3)
Log Citation
Exclude self-citation

FDI industry (instrumented)

Firm fixed effects

Year fixed effects

FDI determinants x year dummies
SOE privatization x year dummies
Time-varying firm controls
Observations

0.041 %+
(0.013)

1,256,810

1,256,810

0.043***
(0.014)
Yes

Yes

Yes

Yes

Yes
1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy.

respectively.

Table A4
Competition effects — first-stage estimation results.

and * denote significance at the 1%, 5%, and 10% level,

Panel A. Product market competition
Dependent variable:

m
FDI industry

2

FDI industry x Product market competition

Treatment x Post02
Treatment x Post02 x Product market competition

Cragg-Donald Wald F-statistic
Kleibergen-Paap Wald F-statistic
Observations

Panel B. Technology market competition
Dependent variable:

Treatment x Post02

Treatment x Post02 x Technology market competition

Cragg-Donald Wald F-statistic
Kleibergen-Paap Wald F-statistic
Observations

Firm fixed effects

Year fixed effects

FDI determinants x year dummies
SOE privatization x year dummies
Time-varying firm controls

2.628*
(1.518)
-2.514
(1.550)
1210.793
7.584
1,256,810
@

FDI industry
0.164%%*
(0.043)
-0.018
(0.021)
1067.470
7.393
1,256,810
Yes

Yes

Yes

Yes

Yes

0.007
(0.879)
0.156
(0.899)

(2)

FDI industry x Technology market competition
-0.0001

(0.003)

-0.209

(0.129)

Yes
Yes
Yes
Yes
Yes

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm
controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,

respectively.
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Table A5
Spillover effects and competition effects.

@ 2 3

Dependent variable: Log Allpatent Log Invention Log Citation

FDI industry (instrumented) -0.043 -0.010 -0.035
(0.028) (0.017) (0.022)

horizontal spillover dummy 2.890 2177 1.882%*
(1.872) (1.368) (0.904)

FDI industry x horizontal spillover dummy (instrumented) -1.677 -0.942 -0.133
(2.092) (1.536) (0.950)

Product market competition -0.036 0.040 0.019
(0.064) (0.046) (0.060)

FDI industry x Product market competition (instrumented) 0.075%* 0.045* 0.087***
(0.035) (0.025) (0.032)

Firm fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

FDI determinants x year dummies Yes Yes Yes

SOE privatization x year dummies Yes Yes Yes

Time-varying firm controls Yes Yes Yes

Observations 1,256,810 1,256,810 1,256,810

Note: The interaction terms are instrumented with the interaction between FDI regulation change and the product market competition and horizontal
spillover dummy, respectively. A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. De-
terminants of changes in FDI regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in
1998. Time-varying firm controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%,
5%, and 10% level, respectively.

Table A6
Heterogeneity — first-stage estimation results.

Panel A. Firm size 1) 2

Dependent variable: FDI industry FDI industry x Size

Treatment x Post02 0.169%*** 0.066%***
(0.042) (0.011)

Treatment x Post02 x Size -0.026 -0.172%**
(0.016) (0.043)

Cragg-Donald Wald F-statistic 1058.060

Kleibergen-Paap Wald F-statistic 7.837

Observations 1,256,810

Panel B. SOE (¢D] 2)

Dependent variable: FDI industry FDI industry x SOE

Treatment x Post02 0.164*** 0.025%***
(0.043) (0.005)

Treatment x Post02 x SOE -0.004 -0.142%**
(0.024) (0.046)

Cragg-Donald Wald F-statistic 1007.450

Kleibergen-Paap Wald F-statistic 16.863

Observations 1,256,810

Panel C. Joint venture (€] 2)

Dependent variable: FDI industry FDI industry x Joint venture

Treatment x Post02 0.165%** 0.013%***
(0.043) (0.002)

Treatment x Post02 x Joint venture -0.123%** -0.304%**
(0.034) (0.059)

Cragg-Donald Wald F-statistic 1032.861

Kleibergen-Paap Wald F-statistic 7.498

Observations 1,256,810

Panel D. Local and Non-local FDI (€] 2)

Dependent variable: Local FDI Non-local FDI

Treatment x Post02 x Local share 12.198%* 13.037%*
(5.623) (5.983)

Treatment x Post02 x Non-local share -0.001** 0.001***
(0.001) (0.000)

Cragg-Donald Wald F-statistic 6.922

Kleibergen-Paap Wald F-statistic 5.887

Observations 1,110,337

Panel E. Non-HMT (€] 2

Dependent variable: FDI industry FDI industry x Non-HMT

Treatment x Post02 0.165%*** 0.007***
(0.043) (0.002)

(continued on next page)
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Panel A. Firm size
Dependent variable:

Treatment x Post02 x Non-HMT

Cragg-Donald Wald F-statistic
Kleibergen-Paap Wald F-statistic
Observations

Panel F. Dynamic effects
Dependent variable:

Treatment x Post02

Cragg-Donald Wald F-statistic
Kleibergen-Paap Wald F-statistic
Observations

Firm fixed effects

Year fixed effects

FDI determinants x year dummies
SOE privatization x year dummies
Time-varying firm controls

(€D 2)

FDI industry FDI industry x Size
-0.144** -0.308***
(0.041) (0.070)
1042.037

7.473

1,256,810

(€]

FDI industry

0.156***

(0.044)

1387.045

12.410

870,013

Yes Yes

Yes Yes

Yes Yes

Yes Yes

Yes Yes

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of
changes in FDI regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level

in 1998. Time-varying firm controls include firm output, export status, capital-labor ratio, and SOE dummy. *
significance at the 1%, 5%, and 10% level, respectively.

Table A8

Controlling for province- and city-year fixed effects.

Table A7
Patent protection policy.
Year Province
1996 Guangdong
1997 Hebei, Sichuan
1998 Shandong, Hubei, Anhui
1999 Liaoning, Zhejiang, Guangxi
2001 Henan, Hunan
2002 Shanxi, Shanghai
2003 Ningxia, Guizhou
2004 Shaanxi, Gansu, Heilongjiang, Yunnan, Fujian, Xinjiang
2005 Beijing
2007 Chongging
After 2007 Jiangsu, Jiangxi, Qinghai, Tianjin
No policy Jilin, Neimenggu, Hainan, Xizang

“ and * denote

@ 3 4 (5) (6)
Dependent variable: Log Allpatent Log Invention Log Citation Log Allpatent Log Invention Log Citation
FDI industry (instrumented) 0.034%** 0.036%** 0.051%** 0.033%** 0.037%%* 0.051%**

(0.012) (0.008) (0.013) (0.012) (0.008) (0.013)

Firm fixed effects Yes Yes Yes Yes Yes Yes
Province-year fixed effects Yes Yes Yes No No No
City-year fixed effects No No No Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes Yes Yes Yes
Time-varying firm controls Yes Yes Yes Yes Yes Yes
Observations 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810 1,256,810

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.
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Table A9
Horizontal and vertical FDI - first-stage estimation results.
@ (2 3
Dependent variable: Horizontal FDI Backward FDI Forward FDI
Treatment x Post02 0.708%** -0.074 -0.039%**
(0.092) (0.536) (0.013)
a x Treatment x Post02 0.006** -0.823%*** -0.001**
(0.003) (0.100) (0.001)
p x Treatment x Post02 -0.095 -0.989* -0.174%**
(0.069) (0.554) (0.017)
Cragg-Donald Wald F-statistic 8675.223
Kleibergen-Paap Wald F-statistic 45.814
Observations 1,256,810
Firm fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
FDI determinants x year dummies Yes Yes Yes
SOE privatization x year dummies Yes Yes Yes
Time-varying firm controls Yes Yes Yes

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.

Appendix B

Several other robustness tests are conducted, and the results are reported in Appendix Table B1.

Composition of foreign multinationals. There are two types of FDI in China, wholly foreign-owned and joint ventures. The two
forms of FDI may play different roles in affecting firm innovation in China. To address this issue, we control the percentage of wholly
foreign-owned multinationals in all foreign multinationals. The estimation results are reported in Appendix Table B1 Panel A, showing
that the effects of FDI on innovation remain valid.

Controlling for special economic zones. Due to policy preference or regional subsidies, the special economic zones are more
likely to attract FDI. To address this issue, we control the percentage of industrial output from the special economic zones to isolate the
effect of FDI. The estimation results reported in Appendix Table B1 Panel B show that the effects of FDI on the quantity and quality of
firm innovation remain positive and statistically significant. However, the coefficients of additional control are all statistically
insignificant.

Alternative values of determinants. We include the interactions between year dummies and determinants of treatment selection
Zi1998 measured in 1998 to address the possible non-random selection issue. However, using the determinants measured in 1998 is
somewhat arbitrary. Therefore, we also consider the determinants measured in 2000. The estimation results reported in Appendix
Table B1 Panel C show that the results with the alternative measurements are consistent with the baseline results.

Nonlinearity of the first-stage outcome. The fitted value of the first-stage outcome, FDLIEd\Lleryit, ranges from O to 1. We set the
baseline regression model as linear, and employ the 2SLS estimation. There might be a concern that this could result in bias from
misspecification. To address this concern, we employ the Logit model for the first-stage estimation to predict the fitted value. The
estimation results are shown in Appendix Table B1 Panel D. The results suggest that our findings of baseline regression are robust to
nonlinearity of the first-stage regression.

Controlling for high-tech zones. Tian and Xu (2021) demonstrate that the establishment of national high-tech zones has a
positive effect on the innovation of local firms. We collect the establishment time of high-tech zones of each city and merge it with ASIF
data. Similarly, we include a dummy indicating the period after establishment of the high-tech zone for the first time (i.e., it equals 1
after enforcement and equals 0 otherwise) as an additional control. The estimation results reported in Table B1 Panel E suggest that this
additional control is statistically insignificant, while the coefficients of FDI remain robust.

Firm entry and exit. One might be concerned that the presence of FDI could crowd out firms with low innovation capability while
increasing firms’ innovation quantity and quality on average. To address this concern, we use a sample in which all firms are present
during the whole sample period to eliminate the potential influence of firm entry and exit. The estimation results reported in Table B1
Panel F show that with only such firms, the effects of FDI on innovation quantity and quality are still positive and statistically
significant.
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Table B1
Robustness tests.

Dependent variable Log Allpatent Log Invention Log Citation

Panel A: Composition of foreign multinationals ) 2 3

FDI industry (instrumented) 0.032%* 0.037%%* 0.051%%*
(0.013) (0.009) (0.014)

Share of wholly-owned FIE 0.005 0.012** 0.017**
(0.009) (0.006) (0.009)

Cragg-Donald Wald F-statistic 1849.425

Kleibergen-Paap Wald F-statistic 12.949

Observations 1,255,799

Panel B: Control for special economic zones (¢D) 2 3

FDI industry (instrumented) 0.036%** 0.035%** 0.047%***
(0.012) (0.009) (0.013)

Share of output of SEZ 0.013 0.003 0.002
(0.021) (0.011) (0.018)

Cragg-Donald Wald F-statistic 2540.151

Kleibergen-Paap Wald F-statistic 15.243

Observations 1,123,952

Panel C: Alternative values of determinants ) 2 3

FDI industry (instrumented) 0.031%* 0.037%** 0.050%**
(0.013) (0.009) (0.013)

Cragg-Donald Wald F-statistic 2294.315

Kleibergen-Paap Wald F-statistic 16.652

Observations 1,256,810

Panel D: Nonlinearity of first-stage estimation [€D)] (2) 3)

FDI industry (instrumented) 0.006%** 0.003*** 0.005%**
(0.001) (0.001) (0.001)

Observations 1,256,810

Panel E: Control for high-tech zones (€] 2) 3)

FDI industry (instrumented) 0.030%* 0.035%** 0.048%**
(0.012) (0.009) (0.013)

HTZ 0.012 -0.005 -0.007
(0.017) (0.011) (0.017)

Cragg-Donald Wald F-statistic 2131.859

Kleibergen-Paap Wald F-statistic 14.710

Observations 1,256,810

Panel F: Sample of long-standing firms (€8] 2 3)

FDI industry (instrumented) 0.036%* 0.051*** 0.077%**
(0.017) (0.011) (0.017)

Cragg-Donald Wald F-statistic 935.702

Kleibergen-Paap Wald F-statistic 20.890

Observations 179,804

Firm fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

FDI determinants x year dummies Yes Yes Yes

SOE privatization x year dummies Yes Yes Yes

Time-varying firm controls Yes Yes Yes

Note: A constant term is included but not reported. Robust standard errors in parentheses are clustered by industry. Determinants of changes in FDI
regulations include new product intensity, number of firms, and average age of firms at the four-digit industry level in 1998. Time-varying firm

controls include firm output, export status, capital-labor ratio, and SOE dummy. ***, ** and * denote significance at the 1%, 5%, and 10% level,
respectively.

Appendix C

Based on the matching methodology put forward by He et al. (2018), our matching project steps are as followings:

Stepl. Extracting patent data

In order to improve matching efficiency, we remove patents with the following characteristics: (1) Patents with application date
outside the period of 1998-2007; (2) Patents assigned to individuals; (3) Patents assigned to foreign firms with an address in a foreign
country.

Step2. Get full name

A set of pre-processing routines are implemented to deal with patent assignee names and ASIF firm names to get standardize “full
name’:

(1) Trim all symbols and punctuation marks that are not letters, characters, or numbers. These include hyphen, parentheses,
apostrophe, comma, bar mark, etc. We remove both half-width and full-width symbols such as & and &, and both half-width
and full-width punctuation marks such as ? and ?.

(2) Convert all full-width letters into half-width ones. For example, convert B into B, C into C.
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Table C1

Matching result.
Year Invention Utility Design Total
1998 741 3,275 5,645 9,661
1999 1,112 4,344 7,606 13,062
2000 1,785 5,482 8,891 16,158
2001 2,876 7,021 10,145 20,042
2002 6,691 10,510 13,664 30,865
2003 11,679 14,342 15,114 41,135
2004 16,752 18,979 21,714 57,445
2005 23,853 23,092 25,277 72,222
2006 33,797 30,832 31,184 95,813
2007 44,992 39,603 35,944 120,539
Total 144,278 157,480 175,184 476,942

(3) Convert Chinese numbers into Arabic numbers. Specifically, convert (0, 1, 2, ..., 9) and (5O, —, =, ..., ) into (0, 1, 2,

. 9).

Step3. Get short name

Remove various designators of corporate form to obtain the so-called “short names”. A set of such designators is the so-called
stemming list, which includes: (1) Affix words: BRABERIELNE, BRSGERAE, BRIMTNE, MIITBUEA, BRRERLE, BR%Y
NE, BRE, PRE, BEER, &8, ARAE, BREME, %kXatt, 85, B&E, &k, I, ; (2) Address words: &, 1, BAK, &, 18,

Z,H.

Step4. Exact matching

(€Y

(2)

Exact matching based on full name. We consider it is an exact matching pair if the full name of ASIF firm and the full name of
patent assignee are identified a pair of the identical full name.

Exact matching based on the short name. Similarly, we consider it is an exact matching pair if the short name of ASIF firm and
the short name of patent assignee are identified a pair of the identical short name. However, in this case, some pairs are not
exactly the same. We manually check each pair of exact matching based on the short name after automatically computing
matching to confirm whether it is a pair of identical firms. For example, we regard % X;SZERG B BR/AE] and ZRXSE N Elare
the identical firm, while ZPAEMEX” and RIHNBHKERGRZFELF are not the identical firm although they have the
identical short name.

Step5. Approximate matching
Our approximate matching divides the rest observations into two samples:

(€Y

2

Name containing sample: short name of ASIF firm contains the short name of patent assignee, or short name of patent assignee
contains the short name of ASIF firm. It is more likely to find an identical pair in this sample. We manually check these ob-
servations to identify pairs of identical firms. For example, L/ iF % F5&E] and iF % FE&F are regarded as the same firm.
Name not containing sample: To conduct this work, we adopt the Levenshtein method. Levenshtein distance (Levenshtein,
1966) solves the following problem: given two names, how to convert one name into the other with the minimum cost of a
sequence of editing steps including character insertion, character deletion, character substitution, and transposition of two
adjacent characters, each of which has a nonnegative cost.?® To calculate the Levenshtein distance, one has to assign a cost to
each edit operation. Based on the Levenshtein distance, we define the Levenshtein similarity between two names X and Y as
follows:

Namesimilarity = 1 — Levenshteindistance = 1 — d / (Nx +N),)

where d is the number of edits needed to transform one name into the other, Ny is the length of name X, and Nj is the length of name Y.
We set the threshold at 0.75 based on prior work. Towards this part of observations, we carry out manual checks to identify pairs of
identical firms. In total, 476,942 patents are matched up to ASIF data. Detailed specification is in Appendix Table C1.

Appendix D

Following Lu et al. (2017), the procedures of identifying different FDI industry according to the Catalogue are as following:
To obtain information about changes in FDI regulations, we first identify whether there was a change in the FDI policies for each

28 Levenshtein, V. L., 1966. Binary Codes Capable of Correcting Deletions, Insertions, and Reversals. In Soviet Physics Doklady, 10(8), 707-710.

27



Y. Chen et al. Journal of Comparative Economics xxx (Xxxx) XXX

product in the Catalogue, where products were classified into four categories: (1) FDI is encouraged; (2) FDI is permitted; (3) FDI is
restricted; (4) FDI is prohibited. We compare the 1997 and 2002 versions of the Catalogue and classify each product into one of three
possible outcomes: (1) FDI became more welcome; (2) FDI became less welcome; (3) no change in FDI regulation. We next aggregate
the changes in FDI policies for individual products at the industry level. We use the Industrial Product Catalogue to map the product-
level classifications of the Catalogue into the four-digit Chinese Industry Classification (CIC) of 2003. Following this aggregation
process, all the four-digit CIC industries are classified into four categories: (1) FDI encouraged industry; (2) FDI discouraged industry;
(3) FDI no change industries; (4) mixed industry.

From the data classification process above, 117 four-digit CIC industries are classified as the FDI encouraged industries; 297 are FDI
unchanged industries; five are FDI discouraged industries, and six are FDI mixed industries.”” The latter two groups are excluded from
the analysis.

The detailed data classification process is as follows. First, we compare the 1997 and 2002 versions of the Catalogue for the
Guidance of Foreign Investment Industries. According to the changes in the FDI policies for each product. we classify each product into
one of four possible outcomes:

(1) FDI became more welcome. For example, fruit and vegetable beverage, protein beverage, and coffee beverage were listed in the
supported category in 2002, while in the permitted category in 1997. We designate these products as FDI encouraged products.

(2) FDI became less welcome. For example, Hepatitis B diagnostic reagent, and Hepatitis C diagnostic reagent were listed in the
permitted category in 2002, while in the encouraged category in 1997. We designate these products as FDI discourage products.

(3) No change in FDI regulation. For example, styrene butadiene rubber was listed in the permitted category in both 1997 and 2002.
We designate this product as the FDI no change product.

Second, we aggregate the changes in FDI regulations from the product level to the industry level. It is worth noting that the product
classifications of the Catalogue are generally more disaggregated than the four-digit CIC industry classifications. Thus, two or more
products from the Catalogue may be sorted into the same four-digit CIC industry. According to this aggregation process, all the four-
digit CIC industries are classified into four categories:

(1) FDI encouraged industry. For all the possible Catalogue products in a four-digit CIC industry, there was either an improvement
in FDI regulations or no change in FDI regulations. For example, two products tea beverage (CIC sub-code: 15390100) and
coffee beverage (CIC sub-code: 15399901) in Tea and Other Beverages Manufacturing Industry (CIC code: 1539) experienced an
improvement in FDI regulations (listed in the supported category in 2002, while in the permitted category in 1997), and there
was no change in FDI regulations for other products in this industry. We designate Tea and Other Beverages Manufacturing

Industry as an FDI encouraged industry.

FDI discouraged industry. For all of the possible Catalogue products in a four-digit CIC industry, there was either a deterioration

in FDI regulations or no change in FDI regulations. For example, two products monocrystalline silicon (CIC sub-code:

26650202) and polycrystalline silicon (CIC sub-code: 26650203) in Information Chemical Manufacturing Industry (CIC

code: 2665) experienced a deterioration in FDI regulations (listed in the permitted category in 2002, while in the supported

category in 1997), and there was no change in FDI regulations for other products in this industry. We designate Information

Chemical Manufacturing Industry as an FDI discouraged industry.

(3) FDI no change industries: There was no change in FDI regulations for any of the possible Catalogue products under a four-digit
CIC industry. For example, there was no change in FDI regulations for all products in Metal Structure Manufacturing Industry
(CIC code: 3411). We designate Metal Structure Manufacturing Industry as an FDI no change industry.

(4) Mixed industry: Some of the possible Catalogue products in a four-digit CIC industry experienced an improvement in FDI
regulations, but some other products worsened in FDI regulations. For example, in Auto Parts and Accessories Manufacturing
Industry (CIC code: 3725), two products vehicle radiator (CIC sub-code: 37250108) and airbag device (CIC sub-code:
37250203) experienced an improvement in regulations (listed in the supported category in 2002, while in the restricted
category in 1997), but window lifter (CIC sub-code: 37250204) experienced a deterioration in FDI regulations (listed in the
permitted category in 2002, while in the supported category in 1997). We designate Auto Parts and Accessories Manufacturing
Industry as an FDI mixed industry.

(2

—

References

Acemoglu, D., Akcigit, U., Celik, M. A., 2014. Young, restless and creative: openness to disruption and creative innovations. NBER working paper.

2% In Lu et al. (2017), 112 are FDI encouraged industries, 300 are FDI no change industries, seven are FDI discouraged industries, and five are FDI
mixed industries. While we follow the same procedure as theirs, our classification of the industries is slightly different, reflecting some small dif-
ference in the subjective judgement of assigning an industry to one of the four categories. Our regression results are robust with respect to this
difference.

28



Y. Chen et al. Journal of Comparative Economics xxx (Xxxx) XXX

Acemoglu, D., Akcigit, U., Kerr, W.R., 2016. Innovation Nn. Proc. Natl. Acad. Sci. 113 (41), 11483-11488.

Aghion, P., Bloom, N., Blundell, R., Griffith, R., Howitt, P., 2005. Competition and innovation: an inverted-U relationship. Q. J. Econ. 120 (2), 701-728.

Aitken, B.J., Harrison, A.E., 1999. Do domestic firms benefit from direct foreign investment? Evidence from Venezuela. Am. Econ. Rev. 89 (3), 605-618.

Ang, J.S., Cheng, Y., Wu, C., 2014. Does enforcement of intellectual property rights matter in China? Evidence from financing and investment choices in the high—tech
industry. Rev. Econ. Stat. 96 (2), 332-348.

Antras, P., Chor, D., Fally, T., Hillberry, R, 2012. Measuring the upstreamness of production and trade flows. Am. Econ. Rev. Pap. Proc. 102 (3), 412-416.

Audretsch, D.B., Feldman, M.P., 2004. Knowledge Spillovers and the Geography of Innovation. Handbook of Regional and Urban Economic, 4. Elsevier,
pp. 2713-2739.

Balsmeier, B., Fleming, L., Manso, G., 2017. Independent boards and innovation. J. Financ. Econ. 123 (3), 536-557.

Bernstein, S., 2015. Does going public affect innovation? J. Financ. 70 (4), 1365-1403.

Blalock, G., Gertler, P.J., 2008. Welfare gains from foreign direct investment through technology transfer to local suppliers. J. Int. Econ. 74 (2), 402-421.

Blomstrom, M., Sjoholm, F., 1999. Technology transfer and spillovers: does local participation with multinationals matter? Eur. Econ. Rev. 43 (4-6), 915-923.

Bloom, N., Schankerman, M., Van Reenen, J., 2013. Identifying technology spillovers and product market rivalry. Econometrica 81 (4), 1347-1393.

Bloom, N., Draca, M., Van Reenen, J., 2016. Trade induced technical changes? The impact of Chinese imports on innovation, IT and productivity. Rev. Econ. Stud. 83
(1), 87-117.

Bloom, N., Van Reenen, J., Williams, H., 2019. A toolKkit of policies to promote innovation. J. Econ. Perspect. 33 (3), 163-184.

Brandt, L., Van Biesebroeck, J., Zhang, Y., 2012. Creative accounting or creative destruction? Firm-level productivity growth in Chinese manufacturing. J. Dev. Econ.
97 (2), 339-351.

Burstein, A.T., Monge-Naranjo, A., 2009. Foreign know-how, firm control, and the income of developing countries. Q. J. Econ. 124 (1), 149-195.

Bustos, P., 2011. Trade liberalization, exports, and technology upgrading: evidence on the impact of MERCOSUR on Argentinian firms. Am. Econ. Rev. 101 (1),
304-340.

Bwalya, S.M., 2006. Foreign direct investment and technology spillovers: Evidence from panel data analysis of manufacturing firms in Zambia. J. Dev. Econ. 81 (2),
514-526.

Chen, Y., Puttitanun, T., 2005. Intellectual property rights and innovation in developing countries. J. Dev. Econ. 78 (2), 474-493.

Cheung, K., Lin, P., 2004. Spillover effects of FDI on innovation in China: evidence from the provincial data. China Econ. Rev. 15 (1), 25-44.

Crescenzi, R., Gagliardi, L., lammarino, S., 2015. Foreign multinationals and domestic innovation: intra-industry effects and firm heterogeneity. Res. Policy 44 (3),
596-609.

Degryse, H., Ongena, S., 2005. Distance, lending relationships, and competition. J. Financ. 60 (1), 231-266.

Dowling, M.J., McGee, J.E., 1994. Business and technology strategies and new venture performance: a study of the telecommunications equipment industry. Manag.
Sci. 40 (12), 1663-1677.

Fons-Rosen, C., Kalemli-Ozcan, S., Sgrensen, B.E., Villegas-Sanchez, C., Volosovych, V., 2021. Quantifying productivity gains from foreign investment. J. Int. Econ.
131.

Garcia, F., Jin, B., Salomon, B., 2013. Does inward foreign direct investment improve the innovative performance of local firms? Res. Policy 42 (1), 231-244.

Gentzkow, M., 2006. Television and voter turnout. Q. J. Econ. 121 (3), 931-972.

Girma, S., 2005. Absorptive capacity and productivity spillovers from FDI: a threshold regression analysis. Oxf. Bull. Econ. Stat. 67 (3), 281-306.

Griliches, Z., 1990. Patent statistics as economic indicators: a survey. NBER working paper.

Guo, B., Pérez—Castrillo, D., Toldra-Simats, A., 2019. Firms’ innovation strategy under the shadow of analyst coverage. J. Financ. Econ. 131 (2), 456-483.

Haddad, M., Harrison, A., 1993. Are there positive spillovers from direct foreign investment? Evidence from panel data for Morocco. J. Dev. Econ. 42 (1), 51-74.

Hall, B. H., Jaffe, A., Trajtenberg, M., 2001. The NBER patent citation data file: lessons, insights and methodological tools. NBER working paper.

Hall, B.H., Jaffe, A., Trajtenberg, M., 2005. Market value and patent citations. RAND J. Econ. 16-38.

Havranek, T., Irsova, Z., 2011. Estimating vertical spillovers from FDI: why results vary and what the true effect is. J. Int. Econ. 85 (2), 234-244.

He, Z.L., Tong, T.W., Zhang, Y., He, W., 2018. Constructing a Chinese patent database of listed firms in China: descriptions, lessons, and insights. J. Econ. Manag.
Strategy 27 (3), 579-606.

Howell, S.T., 2017. Financing innovation: evidence from R&D grants. American Economic Review 107 (4), 1136-1164.

Hu, A.G., Jefferson, G.H., 2009. A great wall of patents: what is behind China’s recent patent explosion? J. Dev. Econ. 90 (1), 57-68.

Hu, A.G., Zhang, P., Zhao, L., 2017. China as number one? Evidence from China’s most recent patenting surge. J. Dev. Econ. 124, 107-119.

Jaffe, A.B., Trajtenberg, M., Henderson, R., 1993. Geographic localization of knowledge spillovers as evidenced by patent citations. Q. J. Econ. 108 (3), 577-598.

Javorcik, B., 2004. Does foreign direct investment increase the productivity of domestic firms? In search of spillovers through backward linkages. Am. Econ. Rev. 94
(3), 605-627.

Javorcik, B.S., Spatareanu, M., 2008. To share or not to share: does local participation matter for spillovers from foreign direct investment? J. Dev. Econ. 85 (1-2),
194-217.

Jiang, H., Liang, Y., Pan, S., 2021. Foreign direct investment and regional innovation: evidence from China. World Econ.

Jungbauer, T., Nicholson, S., Pan, J. Waldman, M., 2021, The organization of innovation: property rights and the outsourcing decision. NBER working paper.

Kugler, M., 2006. Spillovers from foreign direct investment: within or between industries? J. Dev. Econ. 80 (2), 444-477.

Li, X., 2012. Behind the recent surge of Chinese patenting: an institutional view. Res. Policy 41 (1), 236-249.

Li, X., Liu, X., Wang, Y., 2015. A model of China’s state capitalism. Working paper.

Liu, Q., Qiu, L.D., 2016. Intermediate input imports and innovations: evidence from Chinese firms’ patent filing. J. Int. Econ. 103, 166-183.

Lu, Y., Tao, Z., Zhu, L., 2017. Identifying FDI spillovers. J. Int. Econ. 10, 75-90.

Shu, P., Steinwender, C., 2019. The impact of trade liberalization on firm productivity and innovation. Innov. Policy Econ. 19 (1), 39-68.

Stock, J.H., Yogo, M., 2005. Testing for weak instruments in linear IV regression. Identification and inference for econometric models: essays in honor of. Thomas
Rothenberg.

Tan, J., Peng, M.W., 2003. Organizational slack and firm performance during economic transitions: two studies from an emerging economy. Strateg. Manag. J. 24
(13), 1249-1263.

Tian, X., Xu, J., 2021. Do place-based policies promote local innovation and entrepreneurship? Rev. Financ.

Trajtenberg, M., Henderson, R., Jaffe, A., 1997. University versus corporate patents: a window on the basicness of invention. Econ. Innov. New Technol. 5 (1), 19-50.

Yu, M., 2015. Processing trade, tariff reductions and firm productivity: evidence from Chinese firms. Econ. J. 125 (585), 943-988.

Zhang, L., 2017. The knowledge spillover effects of FDI on the productivity and efficiency of research activities in China. China Econ. Rev. 42, 1-14.

29


http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0002
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0004
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0005
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0006
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0006
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0007
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0008
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0008
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0009
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0010
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0011
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0012
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0013
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0014
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0014
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0015
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0016
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0016
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0017
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0018
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0018
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0019
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0019
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0020
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0021
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0022
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0022
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0023
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0024
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0024
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0025
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0025
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0026
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0027
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0028
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0029
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0030
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0031
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0033
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0035
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0036
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0036
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0037
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0038
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0039
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0040
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0041
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0041
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0042
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0042
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0043
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0045
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0046
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0048
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0049
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0050
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0051
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0051
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0052
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0052
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0053
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0054
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0055
http://refhub.elsevier.com/S0147-5967(22)00028-2/sbref0056

	The impact of foreign direct investment on innovation: Evidence from patent filings and citations in China
	1 Introduction
	2 Background and data
	2.1 Institutional backgroud
	2.1.1 FDI regulations in China
	2.1.2 Alternative patent stimulation policies in China

	2.2 Data
	2.2.1 Firm-level panel data
	2.2.2 Patent data
	2.2.3 Data matching
	2.2.4 Innovation measures
	2.2.5 Data on FDI regulations in China


	3 Estimation strategy
	3.1 Econometric specification
	3.2 Validity of DID based instrumental variable

	4 Effects of FDI on Innovation
	4.1 Main results
	4.2 Radical innovation
	4.3 Examining the mechanisms: competition vs. knowledge spillovers
	4.3.1 Competition effect
	4.3.2 Horizontal knowledge spillovers
	4.3.3 Overall effect

	4.4 Heterogeneity of effects

	5 Robustness analysis
	6 The vertical effects of FDI on innovation
	6.1 Vertical effects of FDI
	6.2 Explaining the vertical effects: vertical knowledge spillovers

	7 Conclusion
	Appendix A
	Appendix B
	Appendix C
	Appendix D
	References


