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ABSTRACT:  

This paper uses analysis of patent citations and field interviews to examine the impact of 
multinational R&D offshoring to China on knowledge diffusion from the multinationals to 

Chinese organizations. First, following the literature, I use a matching procedure to 

construct a sample consisting of focal and control patents, and a t-test to compare citation 
rates received by focal and control patents from Chinese organizations. Next, I adopt a 

Difference-in-Differences (DD) approach to address the endogeneity problems of the t-
test. Both the t-test and DD estimation suggest patents created outside of China by MNCs 

that have offshored R&D to China receive, on average, significantly fewer citations from 

Chinese organizations during the post-offshoring period. Insights from field interviews 
suggest that multinationals offshoring R&D to China enhances their ability or potential to 

monitor the learning and invention of their indigenous competitors. Being aware that 
MNCs could combine the monitor ability or potential with other strategic tools to retaliate, 

indigenous Chinese organizations may choose not to build on MNC R&D at first place. My 

finding suggests an unusual possible benefit for MNCs to move R&D operations to 

emerging markets that has not caught the attention of scholars. This paper calls for a 

reconsideration of the implications, both for corporate strategy and public policy, of the 

current trend of multinational R&D offshoring in emerging markets. 

 
 
 

1 Introduction 

Research and development (R&D) offshoring has long been considered as an important 

channel for knowledge spillovers across countries. Prior research has shown that the 

establishment of R&D centers in a foreign country increases knowledge flows both from and to 

local firms (e.g., Almeida 1996; Branstetter 2006; Singh 2007; Blit 2018). The gap in this 

literature, however, is that almost all of these studies have predominantly focused on R&D 

offshoring between advanced countries.1 We do not know to what extent their findings are also 
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applicable to emerging economies. 2 

Does the offshoring of multinational corporations’ (MNCs’) research and development to 

emerging economies inadvertently increase the diffusion of valuable knowledge to domestic 

organizations? The answer to this question is important not only because knowledge spillovers 

play a central role in economic growth (Romer 1990),  but also it is of great interest to business 

leaders and policymakers. From a business perspective, the world’s largest MNCs are facing a 

dilemma. On the one hand, they are increasingly interested in conducting R&D in emerging 

economies (Barrett, van Biljon, and Musso 2011). For many MNCs, emerging markets are just 

too large to ignore. For MNCs to obtain market access, to meet local customer tastes, or to take 

advantage of local scientific and engineering talent pools, R&D needs to be conducted locally 

(UNCTAD 2005; Basant and Mani 2012; Branstetter, Li, and Veloso 2015). On the other hand, 

MNCs are concerned that conducting R&D in emerging markets may increase the risk of losing 

critical know-how to domestic competitors (Schotter and Teagarden 2014). This issue can 

become even more salient as scholars have found that multinational R&D subsidiaries function 

as a channel through which knowledge created by the multinational outside of a particular host 

country flows to firms located within that host country (Blit 2018). As a result of this knowledge 

protection concern, many MNCs simply limit the amount of R&D they perform in emerging 

economies (Barrett, van Biljon, and Musso 2011; von Zedtwitz et al. 2007). Whether 

multinational indeed generates technological externalities for indigenous organizations in host 

countries is also an important policy issue. While governments in emerging economies are 

                                                                                                                                                                            
the situations of multinational R&D offshoring in emerging economies for two reasons. First, the time period they investigated in their research 

does not align with the time of recent round of multinational R&D boom in emerging markets. Second, although they include emerging 

economies in their samples, organizations from these economies only account for an extremely small proportion of total number of organizations 

they examined. The effect in emerging economies is therefore most likely to be diluted or overshadowed by the effect in advanced countries.  
2
 The research in this area is underdeveloped for two reasons: First, offshoring R&D to emerging markets is a relatively new phenomenon. 

Second, collecting worthwhile, high-quality data from emerging markets is a very difficult task.  
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actively engaged in attracting MNCs to invest R&D in their jurisdiction (Jaruzelski, Schwartz, 

and Staack 2015) in the hope that such an effort will induce knowledge diffusion from MNCs to 

indigenous organizations and help them catch up with the global technological leaders, 

policymakers in MNCs’ home countries are concerned that such knowledge diffusion may create 

potential competitors and ultimately hurt their nation’s competitive advantage (National 

Research Council 2007).  

There is a good reason to believe that multinational R&D shoring to emerging economies 

may lead to more knowledge diffusion from the MNCs to local organizations. Local 

organizations in emerging economies in general lag behind the global technological frontier and 

therefore may have more incentives and more room to learn from MNCs (Gerschenkron 1962). 

In such a scenario, multinational R&D subsidiaries in emerging economies may serve as a bridge 

through which knowledge created by the multinational outside of a particular emerging economy 

flows to indigenous organizations within that country (Blit 2018). However, if local 

organizations in emerging economies lag far behind MNCs in innovation, it is also possible that 

the effect of multinational R&D shoring on knowledge diffusion to local organizations may be 

very limited due to local organizations’ weak absorptive capacity (Cohen and Levinthal 1990).   

This paper aims to provide direct evidence on the degree to which multinational R&D 

offshoring in China affects indigenous Chinese organizations’ knowledge acquisition through the 

analysis of patent citations and field interviews. I seek to understand to what extent local R&D 

subsidiaries of multinationals in China allow indigenous Chinese organizations to directly tap 

knowledge created by the multinationals, especially this created outside of China. 

Following the literature, I use patent citations as an indicator of knowledge flows (e.g., 

Almeida 1996; Branstetter 2006; Singh 2007; Blit 2018). By tracking patent citations of previous 



 
 
 

4 

patents (i.e., backward citation), researchers can gain useful insights into knowledge diffusion 

patterns (Jaffe and Trajtenberg 2002). However, patent citations have their issues as a means of 

tracking knowledge flows. One of these drawbacks is that citations made by patent examiners 

create bias or overinflate significant levels of estimators (Alcácer and Gittelman 2006). To 

address the issue, I distinguish examiner-added and non-examiner-added patents in my analysis.  

In this paper, I want to find the change (if any) in patent citations associated with 

multinational R&D offshoring. To do this, I need to have a sense of the normal level of citations. 

To find that benchmark level of citations, I follow the “best practice” in the literature in similar 

settings by adopting a matching procedure to construct samples consisting of both focal patents 

generated by multinationals with R&D facilities in China and the corresponding control 

patents—technologically similar patents generated by organizations without R&D facilities in 

China. I use the control patents as a baseline to capture the “treatment” effect of establishing an 

R&D subsidiary in China on the path of citations received by the focal patents. As I conduct this 

analysis, I have to contend with the challenge of “selection on observables.” Prior research has 

suggested that MNCs choosing to offshore R&D to China are likely to be firms that have special 

traits, such as hiring better inventors (Branstetter, Li, and Veloso 2015). As a result, the focal 

patents are not necessarily comparable with the control patents. There might be preexisting 

differences between the two sets of patents. To address this issue and control for other possible 

confounders, I adopt a Difference-in-Differences (DD) approach.  

Another challenge is that the DD estimate might be influenced by pre-existing trends in 

citations received by focal patents. To address this question empirically, I conduct an event study 

of focal patents by estimating a series of time indicator coefficients for focal patents during 

periods both before and after the R&D offshoring. 
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The empirical work of this study points to an important conclusion: MNCs that have 

offshored R&D to China seem to experience a decline in the knowledge flow from their R&D 

operations outside China to Chinese organizations, not the opposite as suggested by the existing 

literature. I find that patents created outside of China by MNCs with R&D subsidiaries in China 

receive, on average, significantly fewer citations from Chinese organizations than randomly 

picked comparable control patents owned by organizations that have no R&D activities in China. 

In addition, I examine the other two types of knowledge flows: the one from MNCs Chinese 

R&D subsidiaries to Chinese organizations and the one from MNCs non-China R&D facilities to 

their Chinese subsidiaries. I find that (1) China-originating patents owned by MNCs with China-

based R&D facilities do not appear to receive more citations from Chinese organizations than 

comparable patents owned by the same MNC originating outside of China and (2) patents 

created by these MNCs outside of China receive, on average, significantly more citations from 

their China subsidiaries than from randomly picked comparable control patents owned by 

organizations that have no R&D activities in China. 

The finding that patents created outside of China by MNCs with China-based R&D facilities 

receive, on average, significantly fewer citations from Chinese organizations than comparable 

control patents is particularly interesting because it contradicts not only existing findings in the 

literature (based on data in advanced countries) (e.g., Blit 2018), but also the perceptions 

commonly held by scholars, business managers, and policymakers. The finding survives various 

robustness checks and seems to be well grounded. So, what might be the possible mechanism 

behind this result? 

Insights from field interviews suggest that when MNCs offshore R&D to China, there are 

two possible countervailing effects on Chinese organizations. On the one hand, offshoring 
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creates learning opportunities for Chinese organizations. On the other hand, as MNCs expand 

R&D in China, they can also increase their ability or potential (I call it potential because MNCs 

may be unconscious that they have this capacity) to monitor what is happening locally in China 

in terms of technological activity. Being aware that MNCs can leverage this monitoring ability or 

potential with other strategic tools to retaliate, Chinese organizations are deterred from building 

on multinational invention in the first place. This finding suggests an unusual possible benefit for 

MNCs to moving R&D operations to emerging markets that has not caught the attention of 

scholars. 3  

My finding also has important implications for policymakers.  As mentioned above, 

governments in emerging economies are spending large amounts of resources to attract MNCs to 

invest R&D within their borders under an important assumption that such an effort will induce 

knowledge diffusion from MNCs to indigenous organizations and help them catch up with the 

global technological leaders. However, my empirical finding and field interviews suggest that 

instead of the knowledge diffusion effect, there can also be a deterrence effect—multinational 

R&D offshoring forces indigenous organizations to undertake more original inventions. I will 

discuss this mechanism in detail in Section 3  

I organize the remainder of the paper as follows: Section 2 provides background information 

on my rationale for choosing China, some key concepts, the related literature. Section 3 

summarizes insights from field interviews. Section 4 outlines my empirical framework. Section 5 

presents my main empirical results and robustness checks. Finally, Section 6 concludes the paper 

and discusses the limitations and implications of my findings.  

                                                      
3
 I call it possible benefit because deterring Chinese organizations from building on multinational R&D may force Chinese organizations to do 

more original inventions, which, in the long run, may create even more powerful competitors. However, this topic is beyond the scope of this 

paper and I would like to save it for future research. 
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2 Background 

2.1 Why China 

I focus on China for several reasons. First, China is a leading location of MNC R&D in 

emerging economies. The joint presence of a large market and a sizeable scientific and 

engineering talent pool makes China an increasingly important site for foreign MNCs’ R&D 

investment. Over the 1997–2011 period (the period that my study focuses on), the total amount 

of US multinational R&D spending in China increased 33 fold, from 35 million to 1.17 billion 

US dollars, more than the increase in any other emerging economies.4 According to the Ministry 

of Commerce of China, foreign corporations had set up over 1,600 R&D centers in China by the 

end of 2011 (Ministry of Commerce of China 2012). Second, China has the largest amount of 

MNC-sponsored US patent grants among all emerging economies, which allows us to conduct 

meaningful empirical tests. Third, the leading Chinese domestic enterprises are patenting a 

considerable number of inventions in the US. At an aggregated level, they own the largest 

amount of US patents among all other emerging economies including India, Russia, and Brazil. 

If there is knowledge diffusion from MNCs to domestic firms in any emerging markets, it is 

most likely to happen in China. Fourth, China is regarded by many advanced economies as one 

of the main potential competitors in innovation. R&D offshoring and its consequence on 

knowledge spillovers have been the focus of an intense policy debate. Thus, research based on 

China is of great relevance to policymakers.  

2.2 Using Patent Citations to Track Knowledge Flows 

                                                      
4
 The US spending increase represents majority-owned affiliates of non-bank US parent companies in China. A majority-owned affiliate is a 

Chinese affiliate in which the combined direct and indirect ownership interest of all US parents exceeds 50%. Source: US Department of 

Commerce, Bureau of Economic Analysis, US Direct Investment Abroad: Financial and Operating Data for US Multinational Companies, 

accessed August 8, 2012, http://www.bea.gov/iTable/iTable.cfm?ReqID=2&step=1. 
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The disembodied nature of knowledge poses a challenge to anyone who wants to measure its 

movement. As Krugman notes, “knowledge flows […] are invisible, they leave no paper trail by 

which they may be measured and tracked” (Krugman, 1991, p.53). However, in their seminal 

work, Jaffe et al. (1993, p.578) point out that “knowledge flows do sometimes leave a paper trail, 

in the form of citations in patents.” By tracking patent citations made to previous patents (i.e., 

backward citation), researchers can gain useful insights into knowledge diffusion patterns (Jaffe 

and Trajtenberg 2002). In addition, patent citations also help researchers to distinguish “pure” 

knowledge spillovers from rent spillovers (Griliches 1979), 5 or the factors that reflect market 

power (Branstetter and Sakakibara 2002; Bloom, Schankerman, and Van Reenen 2013). 

US patent law obligates patent applicants to make “appropriate citations to the prior art” in 

their patent applications. The primary reason for including citations in patent documents is to 

disclose the “prior art” upon which inventors build. By explicitly listing the prior art in the patent 

documents, patent citations serve the important legal function of delimiting the scope of the 

property rights awarded by the patent. Thus “if patent B cites patent A, it implies that patent A 

represents a piece of previously existing knowledge upon which B builds, and over which B 

cannot have a claim” (Hall, Jaffe, and Trajtenberg 2001, p.15). 

It is worth noting that patent citations are a noisy measure of knowledge diffusion since 

many citations are derived from the patenting process. One important source of noise is the 

citations made by patent examiners. By comparing the distribution of examiner-added and non-

examiner-added citations, Alcácer and Gittelman (2006) have shown that examiner-added 

patents indeed add measurement errors when used to measure knowledge spillovers. Fortunately, 

                                                      
5
 Rent spillovers occur when a product’s improved quality is not reflected by a concurrent price increase. Distinguishing the effect of “pure” 

knowledge spillovers from the effect of rent spillovers is difficult when using the production function approach to infer knowledge spillovers. 



 
 
 

9 

since 2001, the United States Patent and Trademark Office (USPTO) has included an identifier 

in the granted patent data to distinguish the examiner-added citations from the non-examiner-

added citations. The identifier enables me to remedy some of the measurement errors by using 

only non-examiner citations. That being said, patent citations could also be added by patent 

lawyers as well as other parties rather than inventors themselves; patent citations could be added 

by the inventors after they have completed the invention as well. Similar to examiner-added 

citations, these citations are probably unrelated to knowledge diffusion, yet there is no way to 

distinguish these citations from the ones made by inventors themselves before or during the time 

of invention in the sense of “true” prior art. Jaffe, Trajtenberg, and Fogarty (2000) provide some 

insights into the magnitude of the noise caused by these citations. They surveyed inventors to 

validate patent citations as a measure of knowledge spillovers and found that while perhaps one-

half of the responses indicated no spillover, one-quarter of the responses corresponded to fairly 

clear spillovers, and the remaining one-quarter indicated some possibility of a spillover. The 

patents they used in the survey did not have identifiers to distinguish examiner-added citations. 

The examiner-added patents account for about 31 percent of all citations made for patents that 

were granted during 2001–2012. Thus, it is reasonable to expect that the majority of the non-

examiner-added citations that I use in my analysis would reflect at least some possibility of 

knowledge spillover. The remaining measurement errors are mainly introduced by citations 

added by firms’ patent lawyers.  

Strictly speaking, the knowledge flows measured by patent citations are knowledge 

spillovers—the process by which one organization learns from the research outcomes of other 

organizations’ research projects and then uses this knowledge to generate further innovation 

without fully compensating the other organizations for the values of learning (Branstetter 2006). 
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Knowledge spillovers captured by patent citations are legal technological externalities. They tell 

us how new knowledge is built upon prior knowledge. They reflect the process of knowledge 

accumulation. Pure imitation per se, therefore, is not a knowledge spillover that can be measured 

by patent citations, but knowledge spillovers may contain elements of imitation as long as these 

elements eventually lead to further knowledge creation. As such, I do not tempt to make any 

inferences about copycat behaviors in China although it remains at the center of an ongoing hot 

debate.  

2.3 Related Literature 

Two streams of literature are related to this paper. The first stream appears in the 

international economics literature and uses a production function approach to study the impact of 

foreign direct investment (FDI) on the measured productivity of indigenous firms. Keller (2004, 

2010) provides a good summary of this stream of literature. Regarding knowledge spillovers in 

China, research based on Chinese enterprise- and industry-level data generally find evidence of a 

positive impact of FDI on the productivity growth of indigenous Chinese firms (e.g., Du, 

Harrison, and Jefferson 2012; Lin, Liu, and Zhang 2009; Hu and Jefferson 2002). However, as 

noted above, the productivity spillovers observed in this stream of studies fail to distinguish 

“pure” knowledge spillovers from rent spillovers (Griliches 1979), or other factors that reflect 

market power (Branstetter and Sakakibara 2002; Bloom, Schankerman, and Van Reenen 2013). 

They also fail to explicitly distinguish R&D spillovers from spillovers due to other reasons such 

as manufacturing, import, export, joint-venture, etc.   

The second stream of research to which this paper contributes appears in the innovation and 

strategy literature, and it uses patent citation data to study the extent of knowledge flows between 

MNCs and the host-country organizations. The first sub-stream of this literature focuses on the 
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factual aspects of the issue, with the aim of answering questions such as whether there are 

knowledge flows from MNCs to host-country organizations and reverse knowledge flows from 

host-country organizations to MNCs. Data based on organizations in advanced economies, such 

as the US, Japan, and west European countries, generally point to a consensus that there are 

knowledge spillovers in both directions (e.g., Almeida 1996; Branstetter 2006; Singh 2007; Blit 

2018). The gap in this sub-stream of literature, as I have mentioned in the introduction, however, 

is that we do not know to what extent these findings are also applicable to emerging economies, 

where both the characteristics of local organizations and the overall business dynamics are quite 

different from those in advanced countries. The second sub-stream of this literature focuses on 

the strategic aspects of the phenomenon, aiming to tackle questions such as what kinds of 

strategic arrangements can help MNCs prevent knowledge leakage to host-country organizations. 

Findings in this sub-stream provide interesting insights into how MNCs can leverage internal 

mechanisms to reduce knowledge leakage to host-country firms (e.g., Alcácer and Zhao 2012). 

However, this literature generally does not provide much insight into what kinds of strategic 

arrangements work in emerging economies. One exception is Zhao (2006). She finds that MNCs 

that are conducting R&D in countries with weak intellectual property rights (IPR) protection are 

using closely knit internal technological structures as an alternative mechanism to protect their 

IPR. Zhao’s work provides the first direct evidence that the knowledge diffusion patterns in 

emerging economies may differ substantially from those in advanced countries. The goal of this 

paper is to fill in the gaps in both the sub-streams of this literature. On the one hand, I aim to 

provide factual evidence about the extent of knowledge diffusion from MNCs to Chinese 

organizations after R&D offshoring. On the other hand, I also hope to reveal the implications of 

my findings for corporate strategy and innovation policies.  
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3 Insights from Field Interviews: The Cost of Build-on and the Deterrence Effect of 

Multinational R&D Offshoring 

I conducted face-to-face interviews with managers, engineers, and IP lawyers (staff) at 

eleven organizations in Beijing, Shanghai, Shenzhen, Hangzhou, and Changsha in August 2016. 

The focus of these interviews is to gain insights into Chinese organization’s reaction to the 

offshoring of MNCs’ R&D in China in terms of learning. The eleven organizations include seven 

large Chinese domestic companies, one venture capital (VC) firm, two foreign R&D centers, and 

one Chinese-American joint venture (JV) factory.  The seven Chinese companies all invested 

heavily in R&D and were viewed by their foreign MNC rivals as serious competitors in the 

Chinese or global market. They span six industries, including both high-tech and traditional 

manufacturing. The VC firm focused on investing in early-stage Chinese technology-based 

startups on the merit both for the US and Chinese markets. The two foreign R&D centers were 

run by well-established MNCs. In terms of technological or commercial rivalry, one of the two 

MNCs and one of the seven Chinese companies clearly identified each other as competitors; the 

JV and two of the seven Chinese companies compete in the same industry with slightly 

differentiated products.  

Insights from these field interviews suggest that when MNCs offshore R&D to China, there 

are two likely countervailing effects on Chinese organizations. On the one hand, this creates 

learning opportunities for Chinese organizations. On the other hand, as MNCs expand R&D in 

China, they also increase their ability or potential to monitor the learning and invention of their 

indigenous competitors. MNCs might be conscious or unconscious that they have such ability or 

potential. However, for Chinese organizations, they, in general, are aware of the possibility that 

MNCs can combine the monitor ability with other strategic tools to retaliate against competitors 

for learning. Because of that, indigenous Chinese organizations may choose not to build on MNC 
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knowledge in the first place. I refer to this as the deterrence effect of multinational R&D 

offshoring. It has several aspects. 

First of all, multinational R&D offshoring to China does create more build-on opportunities 

for Chinese organizations, as predicted by the existing literature. Almost all of the interviewee at 

Chinese firms agreed that starting from the beginning of this century, foreign multinational R&D 

activity in China has dramatically broadened and deepened the technological knowledge base in 

China, which, at least theoretically, can be tapped by Chinese organizations.   

However, to what extent Chinese organizations will actually build upon this knowledge base 

highly depends on how they weigh the benefit and cost of doing so. Inventing upon existing 

multinational knowledge might be a short cut for Chinese indigenous organizations from the 

technological perspective, but might be a cost from the business perspective. A story told by the 

interviewee at the VC firm echoes this point. The interviewee once worked with a startup that 

was developing a product. In the initial design, engineers integrated an “existing” machine 

learning algorithm into the product and then found that the algorithm had been partially patented 

by a large US software company. After several rounds of discussion with the coaches from the 

VC firm, the management team decided to redesign the product by taking away the patented 

algorithm and developing their own algorithm from scratch instead. I asked why. The 

interviewee, who also served as an IP coach for the startup, said:  

“Company A’s (the author hides the name of the company for confidentiality) lab is just 

three blocks away from us. They know what we are doing. We cannot afford to mess with them. 

If we make them unhappy, they have tons of ways to kill us! Of course, it wouldn’t matter if the 

product failed. But we felt at the time that our product was very promising. Choosing not to build 

on A’s technology means we have more room to operate both in the Chinese and US market in 
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the long run.” 

Meanwhile, having R&D operation in China enables MNCs to better monitor the status quo 

of technology in China through two entwined processes, which I refer to as information sensing 

and technology assessment. R&D offshoring improves MNCs’ ability of information sensing via 

geographic (Jaffe, Trajtenberg, and Henderson 1993) and social proximity (Ajay Agrawal, 

Kapur, & McHale, 2008). The comment by the interviewee at the VC firm, as mentioned above, 

illustrates the benefit of geographic proximity. Regarding the benefit of social proximity, both 

researchers at one of the multinational R&D centers and engineers at the JV factory mentioned 

during the interviews that they have a broad sense about the general technological directions of 

their Chinese indigenous competitors’ most important R&D projects even these projects were 

conducted in geographically distant locations in China. An interviewee at the multinational R&D 

center told me: 

“I have a classmate who is responsible for that project [at the rival Chinese company] 

…From the business point of view, our companies are rivals, but from the personal relationship 

point of view, we are friends. We talk to each other very often. Of course, we know what we can 

say and cannot say according to our company policies.” 

Besides information sensing, R&D offshoring to China also increases MNCs’ technology 

assessment ability about the potential competition or threat from the Chinese indigenous 

organizations. Although it was too sensitive to ask my interviewees direct questions on this, the 

following example provided implicit evidence of such functionality of R&D offshoring. A 

scientist at one of the multinational R&D centers mentioned to me that her collogues from the 

sale department of the company occasionally bought over products from the Chinese competitors 

to the R&D center, asking her and her colleagues to compare it the MNC’s own product from the 
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technical aspects.  

Third, being aware that MNCs could combine the monitor ability or potential with other 

strategic tools to retaliate against competitors for learning, indigenous Chinese firms and other 

organizations may choose not to build on MNC R&D if they feel that the cost of build-on 

outweighs the benefit. A manager at one of the Chinese manufacturing firms commented: 

“Back to the old days, Tian Gao, Huangdi yuan (天高皇帝远, Chinese proverb, meaning 

"heaven is high and the emperor is far away"), we use a lot of their (refer to a foreign MNC) stuff 

in our R&D. At that time, they only have salesmen in China. Those guys didn’t know or care 

much about what we were doing as long as we didn’t directly steal their markets. Things are 

different now. They hire a lot of engineers here in China. Those guys know a lot more about 

technology. We have to be very careful.”  

Fourth, to deter Chinese organizations from building on, MNCs have to show credible means 

for retaliation, consciously or unconsciously. My interviewees at various Chinese organizations 

have highlighted a few as credible: market power, good relationship with the Chinese 

governments, leverage through local partners, and patent litigation. The following story told by a 

manager at one Chinese high-tech company illustrates how market power may work. The 

company developed a device by building on a patented device by a US company, which was the 

former supplier of the device to this Chinese company. The interviewee commented: 

“What we did made them very unhappy. Unfortunately, they are also the sole seller of B (the 

author hides the name of the product for confidentiality) that we have to use.  So, they doubled 

the price of B sold to us!” 

In the classical endogenous growth models, building on is always beneficial because these 

models essentially assume that one can use others’ technology completely free (e.g., Romer 
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1990). However, insights from my field interviews suggest that while one can use others’ 

technology without paying the owner of the technology, the action of using the knowledge may 

induce some other indirect costs. Firms make decisions based on the overall cost of build-on, not 

only its direct cost. For any Chinese organizations, at any given time, the decision rule will be 

whether or not the expected benefit of building on others’ knowledge is larger than the expected 

cost of doing so. If multinational R&D offshoring to China, over average, increases the overall 

cost of building on MNCs’ technology, we may obverse the measured knowledge spillovers 

decrease, which is the main finding of my empirical analysis.    

4 Empirical Framework 

4.1 Data Sources  

I use US patent grants originating in China (i.e., with at least one inventor residing in China, 

as shown in the patent document) as evidence of multinational R&D activity in China. I consider 

a foreign MNC (that is, an MNC based outside of China) as having offshored R&D to China if it 

has at least 10 China-originating patents by the end of 2012.6 7My empirical analyses focus on 

foreign MNCs that meet this criterion. 

I collect patent data from several sources. The bibliographic information for patents is drawn 

from the Disambiguation and Co-authorship Networks of the US Patent Inventor Database (Lai 

et al. 2011), which contains all granted patents between 1975 and 2010. The citation data are 

                                                      
6
 This threshold is somewhat arbitrary. Among firms with fewer than 10 China-originating patents, a majority have only one China-

originating patent during 1981–2012, according to patent grant years. These firms have hardly engaged in R&D efforts in China. In addition, the 

threshold reduces noise from firms that have patents with inventors who list China addresses but do not actually conduct R&D in China. For 

example, field interviews have revealed an instance where a Chinese PhD took a post-doc position in a US lab and got involved in an invention. 

When the firm filed a patent for the invention, this person had moved back to China and was listed with an address in China. In my research, 
measurement error related to such circumstances is reduced by choosing 10 China-originating patents as the threshold.  

7
 The 18th CPC National Congress proposed the Innovation-driven Development Strategy (创新驱动发展战略) in December 2012. After tian, 

the Chinese governments set clear goals and provided various incentives for Chinese indigenous organizations to do more “Independent 

Innovation” (自主创新), which may lead to serious endogeneity issues for my empirical results.  To avoid that, throughout the paper, I use data 

before 2013 in my empirical analysis.
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drawn from the Examiner Citation Data (Sampat 2012), which contains examiner-added and 

non-examiner-added citations between 2001 and 2010. Patents issued in 2011 and 2012 and their 

citation information are obtained directly from the Google USPTO Bulk Download: Patent Grant 

Bibliographic Data. I drop withdrawn patents from the datasets8 and update patent classes to 

Current Classifications as of the end of 2013 according to the Google USPTO Bulk Download: 

US Patent Grant Master Classification File (2013 December). 

I regard the first assignee of a patent as the primary owner of the patent. I standardize the 

assignees according to the USPTO’s assignee harmonization system.9 Based on the harmonized 

assignee codes, I further code assignees’ types, identify the assignees’ nationalities, and merge 

assignee codes to the ultimate owners of the China-originating patents.  

4.2 A t-test Approach 

As a starting point, I follow previous research in using a two-sample t-test to explore the 

impact of MNC R&D offshoring on Chinese organizations’ knowledge acquisition. To do the 

test, I first create a data set consisting of all patents generated by inventors residing outside of 

China and owned by an MNC that has offshored R&D to China by the end of 2012.10 I refer to 

these as “focal patents.” Next, I match each focal patent with a comparable “control patent” 

selected from a data set consisting of all patents that are owned by organizations that have no 

China-originating patents,11 with the same technological class, subclass,12 inventor nationality, 

                                                      
8
 USPTO website, http://www.uspto.gov/patents/process/search/withdrawn.jsp. 

9
 The harmonized assignee codes were downloaded from the USPTO website. http://www.uspto.gov/web/offices/ac/ido/oeip/taf/data/misc/

data_cd.doc/assignee_harmonization/. 
10

 I infer the location of invention through the inventors’ locations. A patent is considered generated in the US only if all inventors are 

residing in the US; patents with inventors living in more than one country are dropped.  
11

 I ignore unassigned patents and patents assigned to individuals because these patents are generally of less technological significance than 

patents owned by organizations. I matched MNC-owned focal patents with patents owned by all types of organizations rather than firm-owned 

patents in part because I do not have a reliable method to identify all assignees’ type of entity. That being said, the majority of control patents are 

owned by firms. One can simply think of control patents as randomly picked patents from the universal patent database, which excludes focal 

 

http://www.uspto.gov/patents/process/search/withdrawn.jsp
http://www.uspto.gov/web/offices/ac/ido/oeip/taf/data/misc/‌data_cd.doc/assignee_harmonization/
http://www.uspto.gov/web/offices/ac/ido/oeip/taf/data/misc/‌data_cd.doc/assignee_harmonization/
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and application date. In the case in which no exact matches are found, I release the application 

date criterion to include patents with the closest application date within a one-year range of the 

application date of the focal patent (either before or after). If several potential control patents are 

found, one is chosen randomly. Finally, any focal patent with no matched control is dropped 

from the sample. The purpose of the matching procedure is to reduce concerns about 

endogeneity-related biases. For example, Chinese organizations may disproportionately cite 

patents owned by MNCs with China-based R&D facilities just because these MNCs are working 

in technological domains more relevant to Chinese organizations.  

Pooling across organizations and time, I obtain a group of focal patents and a matched group 

of control patents. I then trace out the non-examiner-added citations received by both focal and 

control patents. The key task here is to compare the citations Chinese organizations make to the 

focal patents and the control patents, respectively. 

Figure 1 illustrates the matching design and the main idea of the t-test for cross-border 

knowledge flows from MNCs to Chinese organizations, where PF is the frequency probability 

that the focal patents are cited by Chinese organizations13 after the MNCs begin conducting R&D 

in China, and PC is the frequency probability that the corresponding control patents are cited by 

Chinese organizations during the corresponding focal patent’s ex post period. Formally, I test the 

following null hypothesis: 

H0: PF = Pc 

                                                                                                                                                                            
patent assignees. 

12
 This control technique, pioneered by Jaffe et al. (1993), has become the standard methodology in the exploration of knowledge spillovers 

through patent data. The matching process developed by Jaffe et al. (1993) controls only for patent class; however, Thompson and Fox-Kean 

(2005) have pointed out that controlling only for three-digit patent classes might induce a systematic bias toward spurious finding of knowledge 

spillovers. They showed that selecting controls based on patent subclass, a much finer level of disaggregation helps remedy the bias.  
13

 I look at not only Chinese firms but also other types of organizations, mainly universities and research institutes, because these 

organizations are playing important roles in China’s technological catch-up. In many cases, research institutes are directly involved in the 

learning process (including imitation through reverse engineering). Once they master the technology, they may spin off the institute to become a 

firm; for example, Lenovo was a spin-off of the Chinese Academy of Sciences Computer Technology Research Institute. 
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The t-statistic is calculated as: t =
P̂T−P̂C

√
P̂T(1−P̂T)

nT
+

P̂C(1−P̂C)

nC

. 

[Insert Figure 1 Here] 

Several things are notable. First, because I do not have the exact information on MNCs’ 

offshoring time, I simply look at the citations made after the application date of the MNC’s first 

China-originating patent. Second, as mentioned earlier, I am able to distinguish only non-

examiner-added citations from examiner-added citations since the grant year 2001, so PF and PC 

are calculated based on the non-examiner-added citations received from the patents granted 

during the period of 2001–2012. As such, a patent granted before 2001 would have a time 

window without observable non-examiner-added citations. That being said, both the focal patent 

and its corresponding control patent are subject to the same truncation. Third, my unit of 

observation is the citation level. Although the focal patents and the control patents have a one-to-

one correspondence, this is not true for citations. There are cases in which a focal patent does not 

receive any citations while its corresponding control patent does; there are also cases in which a 

control patent does not receive any citations while its corresponding focal patent does. In both 

cases, I drop the patents having no citations, resulting in unpaired focal or control patents in the 

sample.14  

Since Jaffe, Trajtenberg, and Henderson's (1993) seminal work, this type of t-test is 

commonly employed by scholars to study knowledge flows using patent citations (e.g., Almeida 

1996 and more recently Blit 2017). Yet, such an approach has its limitations. The obvious one is 

unobserved heterogeneity across firms and patents. For example, larger firms may hire better 

inventors—their ideas naturally receive more citations from others, including from Chinese 

                                                      
14

 Inclusion of these unpaired patents yields a similar mean difference with a larger t-statistic. 
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organizations—and they might also be more likely to expand R&D to another country. Or, as 

described previously, focal patents might come from specific technological domains of greater 

(or less) relevance of Chinese organizations, but the exact degree of technological relevance is 

too subtle to be captured by the same patent class- and subclass-matching criteria used in my 

matching procedure. In either case, the unobserved factor (patent quality or patent relevance) 

confounds the effect of the R&D offshoring. An even more serious problem involves direct 

selection. Firms might have chosen to offshore their R&D to China for some unobservable 

reasons (e.g., better mechanisms to protect their IPRs). All of these cases violate the “selection 

on observables” assumption, leading to biased results. A Difference-in-Differences (DD) 

approach, therefore, helps to address these problems by allowing us to distinguish the 

confounding effects from the true “treatment” effect.  

4.3 A Difference-in-Differences Approach  

I now turn to more rigorous DD subsample construction and estimation of the impact of 

MNC R&D offshoring on knowledge diffusion across borders.15 To construct a dataset for DD 

estimation, I start from the t-test sample described in the notes for Figure 1, but only keep 

observations that meet the following criteria: 1) citing patents have an application date between 

2001–2010;16 2) cited patents are assigned to a foreign MNC that has its first China-originating 

patent (according to the application date) between 2004–2007;17 and 3) cited patents have an 

                                                      
15

 See Singh and Agrawal (2011) for an example of using a DD estimation approach to explore knowledge diffusion via new hires.  

16
 I drop the citing patents with an application date before 2001 for two reasons: First, pre-2001 patents owned by Chinese domestic 

organizations are very rare. Second, as mentioned above, there is a truncation issue. Non-examiner-added citations are only observable since the 

2001 grant year. Among all citing patents with an application date before 2001, only those with a grant date after January 1, 2001, can be tracked 

for non-examiner-added citations. Dropping the patents before the 2001 application year fully rules out this type of truncation. I drop the citing 

patents with an application date after 2010 because of another truncation issue: some patents filed during the recent years are missing because 

they haven’t yet been granted, which means they are still confidential to the USPTO and therefore the citations made by them cannot be tracked. 
This truncation issue is partially remedied by excluding patents with a post-2010 application date.  

17
 This ensures that each cited patent has been exposed to both the pre- and post-offshoring period. The drawback is that this criterion 
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application date at least two years before the offshoring date.18 Figure 2(A) illustrates the 

timeline of the DD sample. Figure 2(B) illustrates the intuition behind the DD framework. The 

offshoring date is defined as one year before the application date of the focal patent owner’s first 

China-originating patent.19 As such, the pre-offshoring period is from January 1, 2001, to one 

year before the application date of the focal patent owner’s first China-originating patent, and the 

post-offshoring period is from one year before the application date of the focal patent owner’s 

first China-originating patent to December 31, 2010. As mentioned earlier, not every patent 

receives citations. As a result, there are focal patents with citations in cases in which the 

corresponding control patents have none or vice versa. To make the comparison simple, I drop 

these unpaired patents. Finally, I end up with a sample with at least two years of pre-offshoring 

and a post-offshoring period of at least four years.  

[Insert Figure 2 Here] 

Formally, I estimate the following equation: 

cn_citi = f(δ1posti + δ2post_focali + βXXi + γi + ψt + εi) (1) 

where 𝑐𝑛_𝑐𝑖𝑡𝑖 is an indicator variable that equals 1 if the citation is made by a Chinese 

organization and 0 otherwise. The variable 𝑝𝑜𝑠𝑡𝑖 is an indicator variable that equals 1 for 

citations made in the (focal) post-offshoring period for a matched pair (i.e., focal patent and its 

                                                                                                                                                                            
excludes many MNCs. During the period of 1996–2007, 86 offshore MNCs with matched control patents had the first China-originating patents. 

Among them, 42 had the first China-originating patents during the period of 2004–2007, one in 2008, and 43 during 1996–2003. The 2004–2007 

criterion excludes more than half of the offshore MNCs from the sample, including many companies that are engaging in serious R&D efforts in 

China. Alternatively, shifting the low-bound of this criterion to include 2002 and 2003 would require moving the pre-shoring periods to 1999 and 
2000, which causes additional concerns: the non-examiner-added citations observed for these two years will be truncated, and, even more 

seriously, the inclusion of these years might bias the effects for the pre-offshoring period since few patents were owned by Chinese organizations 

in 1999–2000. Despite these challenges, I still vary the length of sample in several ways, and DD analyses based on these samples are broadly 

consistent with the results reported in the paper. 
18

 Again, this is to ensure that each cited patent has been exposed to the pre-offshoring period for at least two years.  

19
 Patent information is used to infer the offshoring time. The one-year threshold is somewhat arbitrary; however, it is reasonable to assume 

that there is a gap between the time of inventing and the time of applying for a patent. Defining the offshoring date to be the first China-

originating patent application date yields an obvious downward trend in citations received by focal patents from Chinese organizations starting 

one year before the offshoring date. This suggests that one year before is a better division of the data. 
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corresponding control). 𝑝𝑜𝑠𝑡_𝑓𝑜𝑐𝑎𝑙𝑖  is an indicator that equals 1 for citations received by a focal 

patent in the (focal’s) post-offshoring period. The vector 𝑋𝑖 is a set of control variables that may 

affect citation rates. 𝛾𝑖  is the patent fixed-effect, which I use to control for time-invariant 

differences across patents (e.g., a patent receives more citations because it conveys more 

valuable knowledge) and firms. 𝜓𝑡 is the citing application year fixed effect. The coefficient of 

interest is 𝛿𝑖, which is positive and significant if R&D offshoring facilitates cross-border 

knowledge flows from offshore MNCs to Chinese organizations and negative and significant if 

R&D offshoring helps to reduce knowledge flows.  

4.4 The Regression Models 

Because my dependent variable is a binary response, I start with logit models. The logit 

regression coefficients have a beneficial feature: they are log odds and can be easily converted to 

odds ratios. Thus, the effects of R&D offshoring are easy to interpret. However, the drawback of 

using the logit model is that when we include patent conditional fixed effects, a major fraction of 

observations that have no within-patent variation in the dependent variable (i.e., the patent 

receives zero citations from Chinese organizations) are dropped, possibly causing selection bias. 

As an alternative, I run analogous regressions using linear probability models, which do not drop 

observations.20 

5 Empirical Results 

5.1 t-test Results  

The results of the t-test are provided in Table 1. The “number of citations” corresponds to the 

                                                      
20

 See Angrist and Pischke (2008) for a discussion of the trade-offs between using linear models and using nonlinear models. See Singh and 

Agrawal (2011) for an example of using linear models to compare patent citation rates. 
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total number of citations received by focal patents and control patents, respectively. “Cited by 

CN organizations %” indicates the percentage of citations received from Chinese organizations. 

While 0.088 percent of the control citations are received from Chinese organizations, only 0.076 

percent of the focal citations are received from Chinese organizations. The t-test for the 

difference of two groups yields a t-statistic of -3.23 (p-value=0.0012). The effect is computed as 

PF/PC=0.86, suggesting that patents created by the offshore MNCs outside of China receive, on 

average, 14% fewer citations from China organizations than control patents.  

For comparison purposes, I also explore two additional types of knowledge diffusion: the 

within-China knowledge diffusion from the offshore MNCs’ China subsidiaries to Chinese 

organizations, as well as the cross-border within-firm knowledge flows from the offshore MNCs’ 

headquarters or subsidiaries in other countries to the MNCs’ China subsidiaries. To construct the 

sample for the within-China test, I use a matching procedure similar to that described in the notes 

for Figure 1, but I define focal patents and control patents in different ways. Focal patents are 

now selected from China-originating patents owned by all foreign offshore MNCs, and control 

patents are now selected from non-China-originating patents owned by these MNCs; because of 

this change in the population selection, the same inventor nationality criterion is dropped. The t-

test results presented in Table 2 illustrate that while focal patents, on average, appear to receive a 

higher percentage of citations from Chinese organizations than control patents, the difference is 

not statistically significant. Combining the results from Table 1, these results suggest there is 

little evidence of knowledge diffusion from the offshore MNCs’ China subsidiaries to Chinese 

organizations. For the cross-border within-firm test, I use the same sample as that described in 

the notes for Figure 1, but instead of counting citations received from Chinese organizations, I 

now look at citations received from the China R&D subsidiaries of the multinationals that have 
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established such entities. The results presented in Table 3 illustrate that focal patents receive 

disproportionately more citations from the MNCs’ China subsidiaries than control patents, 

suggesting that knowledge diffuses across borders within the MNCs’ boundaries. These findings 

are consistent with the view that knowledge flows more easily within a firm than between firms 

(Kogut and Zander 1992). It is notable that I cannot apply the DD estimation to test these two 

types of knowledge diffusion because, by definition, foreign MNCs begin to create China-

originating patents only after they have offshored R&D to China. As such, I would neither be 

able to either find focal patents for the pre-offshoring period to conduct the within-China test nor 

define a dependent variable for the pre-offshoring period to conduct the within-firm cross-border 

test.  

[Insert Table 1, Table 2, and Table 3 Here] 

5.2 DD Estimation Results 

Table 4 summarizes the definitions and the descriptive statistics for the key variables used in 

the DD estimation. Pooling across type and time, about 0.08 percent of the citations are made by 

Chinese organizations, which is slightly higher than the population average of 0.07 percent.21 

[Insert Table 4 Here] 

 Table 5 reports the percentage of citations received from Chinese organizations for the pre-

offshoring and post-offshoring periods corresponding to the focal and control groups. For the 

pre-offshoring period, focal patents receive a slightly larger percentage of citations from Chinese 

domestic organizations, yet the difference is not statistically significant. For the post-shoring 

period, however, focal patents receive a much smaller percentage of citations from Chinese 

                                                      
21

 Because only a small number of US patents are owned by Chinese organizations, these patents’ backward citations are uncommon in 

general. For the period in which we can identify non-examiner-added patents (2001–2012 grant years), 18,963,541 citations are made by all kinds 

of organizations toward patents grated during 1975–2012. Among them, only 13,228 citations, or 0.07%, are made by Chinese organizations. 
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organizations than the control patents, and the difference is statistically significant. One should 

be very careful about the before-and-after comparison because such a comparison is hardly 

meaningful due to the time dimensions of patent citations.  

[Insert Table 5 Here] 

Table 6 reports the DD estimation results for the impact of R&D offshoring on knowledge 

diffusion from MNCs to Chinese organizations across borders. For the pooled models, I use 

gdelay, claims, total_inv—all in natural log form—to control for the cited patent level 

heterogeneity (see Table 4 for the definitions of these variables). In the fixed effect models, these 

variables are absorbed by the patent fixed effects. I use ln_china_pats to control for increases in 

the number of patents owned by Chinese organizations over time, and ln_cit_gap and citing 

application fixed effects to count for the time dimensions of citation (citations received by a 

patent generally follow a right-skewed distribution over citing time). Column (1) – Column (3) 

present the results using logit models. All the coefficients are expressed as odds ratios. Column 

(1) shows the cross-sectional findings for the post-offshoring sample only. The coefficient for 

focal is 0.511 and statistically significant, suggesting that focal patents receive on average 49% 

(calculated as 1-0.511) fewer citations from Chinese organizations than control patents during 

the post-offshoring period. Column (2) shows the cross-sectional DD results for the sample 

including both pre- and post-offshoring periods. The coefficient for focal is insignificant, 

suggesting that there is no measured difference between the citation rates received by focal 

patents and control patents from Chinese organizations before offshoring. The coefficient for 

post is insignificant, suggesting that there is no measured difference between the citation rates 

received by control patents during the pre-offshoring period and those received during the post-

offshoring period. Finally, the DD estimate for the coefficient for post_focal is 0.419 and 
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significant, reflecting that focal patents receive 58% (calculated as 1-0.419) fewer citations 

relative to control patents after offshoring when other factors that may affect citations are 

controlled. Combining the estimates for post and post_focal, the pooled model suggests a 

negative effect of offshoring on knowledge flows to Chinese organizations. Column (3) reports 

the results including conditional patent fixed effects. The DD estimate also suggests that R&D 

offshoring is associated with a decrease in knowledge flows. However, as noted earlier, the 

model drops all patents that receive zero citations from Chinese organizations, which may cause 

sample selection bias. Thus, I postpone the discussion of this result until I come to the linear 

model with patent fixed effects.  

We next replicate the analyses in Column (4) – Column (6) using linear models. Column (4) 

and Column (5) show the pooled results. The results are consistent with the results of the logit 

models. Column (6) reports my preferred specification for DD regression with patent fixed 

effects. The DD estimate for the coefficient of post-focal is 0.0007 and statistically significant, 

reflecting that the offshoring reduces the possibility of citations received from Chinese 

organizations by 0.07% (in absolute terms).22 As a benchmark, note that the average number of 

citations received from Chinese organizations by control patents in the post-offshoring period is 

0.158% (Table 5). The DD estimate on post-focal implies a 46% reduction in the citation rate.23 

It is also important to note that across models, the coefficients of post are always insignificant, 

                                                      
22

 A drawback of the linear probability model is that the estimates can lead to probabilities below 0 or above 1. Checking the values of 

predicted dependent variables suggests that this is not a serious issue in this analysis: there are no predicted values above 1, and only 2.6% of the 

predicted values are below zero.  
23

 In robustness checks I vary the timeline of sampling in two ways: (1) shifting the offshoring date back one more year without changing the 

lower or upper bound of citing time; (2) shifting both the offshoring date and the lower bound of citing time back one more year, while the upper 

bound remains the same. Regression analyses using these two alternative samples and linear models with patent fixed effects both yield a 

negative DD estimate with a p-value between 5 and 6%.  
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suggesting that the DD estimates are not due to citation rate changes in control patents.24 

[Insert Table 6 Here] 

5.3 Testing Pre-Existing Trends 

In the DD analyses, I divide the sample into two periods. The concern, however, is that the 

DD estimate may simply reflect the pre-existing trends of focal patents. To visualize this, 

imagine that control patents show no obvious trend of citation changes across time, while focal 

patents have a downward trend across the years. By collapsing data into the pre- and post-

offshoring periods, the downward trend of focal patents would be reflected by a smaller 

difference between focal patents and control patents for the pre-offshoring period and a greater 

difference for the post-offshoring period. When estimating the DD, I might obtain a negative and 

significant DD estimate, but the specification of such a DD model itself is actually problematic.  

To address this concern, I conduct an event study for focal patents. Instead of using a single 

indicator variable to divide time into two periods, I now use multiple indicator variables 

corresponding to five pre-offshoring periods and seven post-offshoring periods in the linear fixed 

effects regression for focal patents, with the first period immediately prior to the offshoring (pre-

offshoring period 1) being the baseline. For the control patents, the time periods are irrelevant, so 

I define them as the baseline (pre-offshoring period 1). Figure 3 shows the plotting of regression 

coefficients on these time indicators, with more detailed results reported in Table 7.25 The figure 

contradicts the pre-existing trends hypothesis—focal patents show no obvious trend in citations 

from Chinese organizations in the years leading up to the offshoring date. Figure 3 also 

                                                      
24

 The negative significance of the DD coefficient can be contributed to two possible factors: a decrease of citations for focal patents, or an 

increase of citations for control patents in the post-offshoring period. Distinguishing these two is important because an increase of citations for 

control patents in the post-offshoring period does not necessarily indicate the effect of offshoring. However, the insignificant coefficient on post-
offshoring reiterates that the DD effect is not caused by the increase of citations in control patents.  

25
 See McCrary (2007) and Singh and Agrawal (2011) for examples of using this approach. 
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facilitates an additional observation: there is a sharp discontinuity in the likelihood that focal 

patents are cited by Chinese organizations at the time of offshoring, suggesting a negative 

association between R&D offshoring and knowledge flows to Chinese organizations. 

[Insert Figure 3 and Table 7 Here] 

5.4  Robustness  

5.4.1. The Intentional Omission Hypothesis 

It is possible that when MNCs offshore R&D to China, Chinese organizations still build upon 

the patents (maybe even more frequently) owned by these MNCs, but intentionally omit 

citations. As such, the negative relationship between R&D offshoring and patents’ citations 

received from Chinese organizations hardly represents any reduction in knowledge spillovers. 

Rather it captures Chinese organizations’ strategic efforts to avoid getting caught by the MNCs. 

This hypothesis can be tested by using examiner-added citations. The idea is based on the fact 

that in the US, the patent examiner, rather than the patent applicant, is ultimately responsible for 

identifying the prior art. A patent examiner “is supposed to be an expert in the area and hence to 

be able to identify relevant prior art that the applicant misses or conceals” (Hall, Jaffe, and 

Trajtenberg 2001, p.15). If the intentional omission hypothesis is true, I would expect that 

citations deliberately omitted by Chinese applicants would be added by examiners, and a version 

of the previous regression that used only examiner-added citations would find higher citation 

rates received by focal patents from Chinese organizations. To test this intentional omission 

hypothesis, I replicate the DD analyses, as seen in Table 6, using the same patent samples as 

before, but now I use only examiner-added citations. Table 8 reports the results. As can be seen, 

the coefficients for focal_post are negative and statistically insignificant, suggesting little 

evidence of intentional omissions by Chinese organizations.  
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[Insert Table 8 Here] 

5.4.2. The Technological Divergence Hypothesis 

It is also possible that Chinese organizations and foreign MNCs that have offshored R&D to 

China possess technological trajectories that are diverging from each other over time. This 

change happens to coincide with R&D offshoring and is not captured by the patent class- and 

subclass- matching criteria. In other words, Chinese organizations cite MNCs’ patents less often 

simply because MNCs’ technology becomes less relevant to them. Direct evidence regarding the 

technological divergence hypothesis may be obtained by using a technological proximity 

measure, as first proposed by Jaffe (1986). The Jaffe technological proximity between entity i 

and entity j can be defined as  

Pij =
FiFj

′

(FiFi
′)

1
2(FjFj

′)
1
2

 

where vector 𝐹𝑖 = (𝑓𝑖1, 𝑓𝑖2, … 𝑓𝑖𝑘) and where 𝑓𝑖𝑘 is i’s share of patents in technology class k. This 

index ranges between zero and 1. The higher the value, the closer the degree of overlap in 

technology between two organizations. Since I am interested in the technological proximity 

between Chinese organizations and the R&D offshoring MNCs as a group, I simply collapse the 

patent data into two groups (China-originating patents owned by Chinese organizations versus 

non-China-originating patents owned by the MNCs) to calculate the proximity score across the 

application years of the DD sample’s citing patents. It is notable that while a cited patent is 

available to all future patents for reference, a citing patent only makes a one-time backward 

reference to prior patents. To reflect this difference between cited patents and citing patents, I 

use the patent stock counts up to the citing application year to calculate the F vector for the MNC 

group (i.e., cited patents) and the patent flow counts during the citing application year to 
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calculate the F vector for the Chinese organization group (i.e., citing patents). One drawback of 

the Jaffe technological proximity measure is that it assumes spillovers occur only within the 

same technology class. To allow spillovers among technology classes, I also calculate the 

Mahalanobis distance measure, as seen in Bloom, Schankerman, and Van Reenen (2013) for the 

same data. Similar to the Jaffe technological proximity measure, the higher the value of the 

Mahalanobis measure, the closer the technology is between two groups. Figure 4 presents the 

time series plots of the two proximity measures. The figure contradicts the technological 

divergence hypothesis—the technology difference between Chinese organizations and MNCs 

seems to decrease over time.  

[Insert Figure 4 Here] 

Additional evidence against the technological divergence hypothesis may also be obtained 

from the regression results using examiner-added citations. The logic is straightforward: if there 

is a true divergence in technology trajectories between Chinese organizations and MNCs, 

examiners are also less likely to identify focal patents as the “prior art” for the patent 

applications by Chinese organizations. As such, I expect to see statistically significant negative 

coefficients for the DD estimate, similar to the results using non-examiner-added citations. 

However, the results presented in Table 8 suggest that this is not the case. 

5.4.3. The Empirical Evidence Deterrence Effect of Multinational R&D Offshoring 

To partially test the deterrence effect of multinational R&D offshoring argument, as 

described in Section 3, I draw upon the insights from field interviews, the existing findings in the 

literature on alliance, and the social network analysis tools, estimating the following regression 

equation: 
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cn_citi = f(α1cni + α2hari + α3cn_hari + βZZi + γi + ψt + εi) (2) 

Here, 𝑐𝑛_𝑐𝑖𝑡𝑖 is the dependent variable measuring citations received from Chinese organizations. 

I measure it as the yearly number of citations an MNC i received from Chinese organizations, 

where the citations are located in time by using the application years of the citing patents. The 

variable 𝑐𝑛𝑖 equals 1 if the owner of the cited patent is a foreign MNC that has offshored R&D 

to China (defined as having at least 10 China-originating patents by the end of 2012) and the 

application date of the citing patent is after the firm’s first China-originating patent. If these two 

conditions are not met, then 𝑐𝑛𝑖 equals zero (i.e., the owner of the cited patent is a foreign MNC 

that has not offshored R&D to China or the owner of the cited patent is an offshore MNC, but the 

application date of citing patent is before the owner’s first China-originating patent). I employ 

ℎ𝑎𝑟𝑖, the harmonic centrality index (Rochat 2009) for i one year before the citing application 

year, to measure the reach of a foreign MNC in the China alliance network. For node xi, the 

normalized harmonic centrality is defined as the sum of the inverse distances from xi to all other 

nodes (i.e., alliance participant) divided by (n-1). Formally, 

1

𝑛 − 1
∑

1

𝑑𝑖𝑠𝑡(𝑥𝑖 , 𝑥𝑗)
𝑗≠𝑖

 

For two unconnected nodes, the inverse distance of two is defined as zero. 𝑐𝑛_ℎ𝑎𝑟𝑖 is the 

interaction term of 𝑐𝑛𝑖 and ℎ𝑎𝑟𝑖, which I use to proxy an MNC’s ability to deter, sensed by 

Chinese organizations. As mentioned in Section 3, good relationship with local partners was 

viewed by Chinese organizations as credible means for potential retaliation. 𝑍i are a vector of 

controlling variables. I include two controls: 𝑡𝑒𝑐𝑖 and 𝑙𝑛_𝑡𝑜𝑡𝑎𝑙_𝑐𝑖𝑡𝑖. The variable 𝑡𝑒𝑐𝑖  is the 

Jaffe technological proximity index, as described previously, between a foreign MNC’s patent 

portfolio up to one year before the citing year and the patent portfolio owned by all Chinese 
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organizations as a whole in the citing year, which I use to control for the technological relevance 

of a foreign MNC’s patent portfolio to Chinese organizations. As an alternative, I also calculate 

the Mahalanobis distance index, 𝑚𝑎𝑙𝑡𝑒𝑐𝑖, substituting for 𝑡𝑒𝑐𝑖 in regressions. The variable 

𝑙𝑛_𝑡𝑜𝑡𝑎𝑙_𝑐𝑖𝑡𝑖 is the log term of total number of citations a foreign MNC receives in the citing 

application year. 

The idea is simple: the higher the degree of an MNC’s reach in the Chinese partnership 

network, the greater the possibility of leaking knowledge to others,26 but at the same time, the 

greater the degree to which it could leverage this advantage to retaliate against competitors’ 

learning. Combing this advantage with the monitoring advantage of R&D offshoring through the 

processes of information sensing and technology assessment, indigenous Chinese firms and 

organizations are more likely to be deterred from building on MNC R&D. As such, I expect to 

observe a positive association between ℎ𝑎𝑟𝑖 and the dependent variable 𝑐𝑛_𝑐𝑖𝑡𝑖 , and a negative 

association between the interaction term 𝑐𝑛_ℎ𝑎𝑟𝑖 and the dependent variable 𝑐𝑛_𝑐𝑖𝑡𝑖.  

To construct a sample for empirical analysis, I merge the alliance data with the patent data by 

matching alliance participants’ names with patent assignees’ names. The patent data are drawn 

from the same sources as described in Section 2. The alliance data are gathered using the SDC 

Platinum Database. I use only signed alliances that involve at least one Chinese participant with 

China as the nation of alliance and an effective date between 1998 and 2008. For non-Chinese 

participants, I only include those with a home country considered an advanced economy. I 

aggregate all alliances to the ultimate parent corporation.27 I include alliance types because any 

                                                      
26

 Owen-Smith and Powell (2004) find that a firm’s betweeness centrality in a geographically dispersed alliance network positively affects its 

innovation. Schilling and Phelps (2007) find that firms embedded in alliance networks that exhibit high reach have greater innovative output. 

Based on these findings, I infer that firms with a higher reach, defined as a higher harmonic index score, are more likely to leak knowledge to 
Chinese organizations.  

27
Note that I do not trace the whole family structure of the ultimate parent corporation, and thus I may not account for patents assigned to a 
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type of alliance may provide both a path for information (knowledge) transmission and a 

strategic tool for MNCs to leverage. Since alliance termination dates are rarely reported in the 

SDC Platinum database, following Schilling and Phelps (2007), I assume that alliances last for 

three years. I create alliance networks based on three-year windows (i.e., 1999–2001, 2000–

2002,… 2006–2008)28, resulting in eight snapshots of networks. I calculate the harmonic 

centrality based on these eight snapshots of networks. These networks include both foreign 

organizations and Chinese organizations, with the majority of them being firms. For my purpose, 

I am only interested in the relationship between R&D offshoring and patent citations; therefore, I 

only include foreign MNCs with at least one patent in the regression. The final sample contains 

two types of MNCs: those that have not offshored R&D to China (without any China-originating 

patents by the end of the grant year 2012) and those that have offshored R&D to China (with at 

least 10 China-originating patents by the end of the grant year 2012). The resulting dataset 

includes 20 MNCs that have offshored R&D to China and 138 that have not. 

Table 9 summarizes descriptive statistics for the key variables used in the regression. Table 

10 reports the correlation matrix between variables.  

[Insert Table 9 and Table 10 Here] 

Table 11 reports the regression results using the Poisson quasi-maximum likelihood (PQML) 

estimation.29 Column (1) and Column (3) show the results using the pooled data. Column (2) and 

Column (4) report with firm fixed effects. Across all models, the coefficient of har is positive 

and significant, suggesting that an MNC that has greater reach (a higher harmonic centrality 

                                                                                                                                                                            
child company (of the ultimate patent corporation) that has no alliance in China.  

28
 I have also created yearly networks using the harmonic centrality scores based on yearly networks, which yields similar empirical results.  

29
For a detailed discussion of the PQML model and the trade-offs involved in choosing between PQML and Negative Binomial models in 

similar settings, see Branstetter, Li, and Veloso (2015). 
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index) in the China-based alliance networks experiences more knowledge diffusion to Chinese 

organizations, and the coefficient of cn_har is negative and significant, suggesting that 

offshoring R&D to China helps MNCs with a greater reach in the Chinese partnership network to 

reduce their knowledge diffusion to Chinese organizations. Although it is difficult to establish 

causality for this relationship at this point of time, the association does provide suggestive 

evidence of the deterrence effect of R&D offshoring through local business partners. 

[Insert Table 11 Here] 

6 Conclusion and Discussion 

This paper has examined the impact of R&D offshoring to China on knowledge diffusion to 

Chinese organizations. It is an important topic not only because knowledge spillovers play a 

central role in economic growth (Romer 1990),  but also it is of great interest to business leaders 

and policymakers. While governments in emerging economies are actively engaged in attracting 

MNCs to invest R&D in their jurisdiction (Jaruzelski, Schwartz, and Staack 2015) in the hope 

that such an effort will induce knowledge diffusion from MNCs to indigenous organizations and 

help them catch up with the global technological leaders, business leaders and policymakers in 

MNCs’ home countries are concerned that such knowledge diffusion may not only weaken the 

MNCs competitive advantage, but also their home nations’ comparative advantage in innovative 

sectors (National Research Council 2007). To what extent, do the data and real-world insights 

support these arguments or concerns?  

Using non-examiner-added patent citations as an indicator of knowledge flows, I find that 

patents created outside of China by MNCs that have offshored R&D to China receive, on 

average, significantly fewer citations from Chinese organizations during the post-offshoring 

period. This finding proves robust to a number of alternative approaches and tests. 
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In addition, I examine the other two types of knowledge flows: the one from MNCs Chinese 

R&D subsidiaries to Chinese organizations and the one from MNCs non-China R&D facilities to 

their Chinese subsidiaries. I find that (1) China-originating patents owned by MNCs with China-

based R&D facilities do not appear to receive more citations from Chinese organizations than 

comparable patents owned by the same MNC originating outside of China and (2) patents 

created by these MNCs outside of China receive, on average, significantly more citations from 

their China subsidiaries than from randomly picked comparable control patents owned by 

organizations that have no R&D activities in China. 

From the point of view of the R&D offshoring MNC, one might infer from this finding that 

offshoring R&D to emerging economies actually helps to reduce knowledge leakages. For 

policymakers in an MNC’s home country, it is tempting to conclude that offshoring R&D to 

emerging economies has little to no negative impact on the home country’s competitive 

advantage in technology. These ideas may well have merit, but one must be cautious in making 

such strong conclusions. There is a limitation to a causal interpretation of my findings. Recall 

that I define focal patents as those owned by an MNC that has offshored R&D to China. I 

interpret this event of offshoring as the “treatment,” yet, as I have noted, firms make deliberate 

choices about when and where to offshore R&D. As such, the “treatment” is endogenous, not 

random. What I have estimated is the “treatment effect on the treated,” rather than the “treatment 

effect” per se. Although the use of the DD approach helps ameliorate the endogeneity issue to 

some extent, it remains an issue in the interpretation of my results. Nevertheless, my results are 

striking—although there is widespread concern that growing multinational R&D may exacerbate 

problems of unwanted knowledge spillovers to indigenous Chinese organizations, the citation 

results are simply not consistent with these concerns.  
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To shed light on the possible mechanism that drives the negative association between R&D 

offshoring and knowledge diffusion to Chinese organizations, I have conducted interviews with a 

wide range of R&D practitioners, including managers, researchers, and lawyers, for both MNCs 

and indigenous Chinese organizations in China. Insights from these interviews suggest that when 

MNCs offshore R&D to China, there appear to be two countervailing effects on Chinese 

organizations. On the one hand, offshoring R&D may create learning (or imitation) opportunities 

for Chinese organizations. On the other hand, as MNCs expand R&D in China, they also 

increase their ability or potential to monitor what is happening locally in terms of technological 

activity. Being aware that MNCs could combine the monitor ability or potential with other 

strategic tools to retaliate against competitors for learning, indigenous Chinese firms and other 

organizations may choose not to build on MNC R&D at the first place, leading them to 

undertake inventions that are increasingly independent. Using China-based alliance data and 

social network measures, I find evidence favoring this argument. 

The interviews and empirical results provide evidence supporting a deterrence effect of 

multinational R&D shoring in China, yet one should be very careful about regarding it as the 

only underlying mechanism driving the negative relationship between R&D offshoring and 

knowledge diffusion. I prefer to consider these results as suggestive rather than dispositive.  

One should also be cautious when generalizing my findings. Despite the measurement issues 

I have discussed in Section 2, patent citations capture only a small proportion of overall 

knowledge diffusion from MNCs to a very small fraction of Chinese organizations—only those 

applying for US patents. Although the knowledge flows reflected by patent citations may also 

include the elements of imitation that contribute to “further innovation,” they do not directly 

measure pure imitations or IP theft.  
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Despite the limitations described above, this paper does make significant contributions to the 

literature because it examines an important topic that is often neglected. To the best of my 

knowledge, this is the first empirical study that uses patent citation data to directly measure the 

relationship between multinational R&D offshoring and knowledge diffusion from offshore 

MNCs to domestic organizations in China. It is also the first paper to find a negative relationship 

between R&D offshoring and knowledge diffusion, contradicting the prior literature’s general 

consensus of a positive relationship based on data from advanced countries. My study suggests 

an unusual possible benefit for MNCs to moving R&D operations to emerging markets that has 

not caught the attention of scholars. It suggests that future discussion of strategic dynamics and 

policy arrangements regarding multinational R&D in emerging markets should consider the 

unique situations of these countries, as they may differ from those in advanced economies. 
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Table 1. Frequency difference of citations received from Chinese (CN) organizations 

after MNCs’ first China-originating patent: MNC-owned non-China-originating 

(Focal) vs. randomly picked non-China-originating (Control) 

 Number of citations Cited by CN organizations % 

Focal 1,258,912 0.076 

Control 1,098,556 0.088 

Difference  -0.012 

t-Statistic  -3.23 

Effect  0.86 
Notes: This analysis is based on the sample described in Figure 1. The “number of citations” corresponds to the total number of citations 

received by focal patents and control patents, respectively. “Cited by CN organizations %” indicates the percentage of citations received  

from Chinese organizations. The effect is computed as Focal cited by CN organizations % / Control cited by CN organizations %. 
 
 

Table 2. Frequency difference of citations received from Chinese (CN) organizations 

after MNCs’ first China-originating patent: MNC-owned China-originating (Focal) vs. 

MNC-owned non-China-originating (Control) 

 Number of citations Cited by CN organizations % 

Focal 7,308 0.274 

Control 5,814 0.172 

Difference  0.102 

t-Statistic  1.24 

Effect  1.59 
Notes: The analysis here is similar to the one in Table 1. I use a matching procedure similar to that described in the notes for Figure 1 but 

define focal patents and control patents in different ways. Focal patents are now selected from China-originating patents owned by all foreign 

offshore MNCs, and control patents are now selected from non-China-originating patents owned by these MNCs; because of this change in 
the population selection, the same inventor nationality criterion is dropped.  

 
 
Table 3. Frequency difference of citations received from MNC China subsidiaries after 

MNCs’ first China-originating patent: MNC-owned non-China-originating (Focal) vs. 

randomly picked non-China-originating (Control) 

 Number of citations Cited by MNC China Subsidiaries % 

Focal 2,145,665 0.144 

Control 2,094,537 0.073 

Difference  0.071 

t-Statistic  22.11 

Effect  1.96 
Notes: The analysis here is similar to the one in Table 1. I use the same sample as that described in Figure 1, but instead of counting 

citations received from Chinese organizations, I now look at citations received from the China R&D subsidiaries of the multinationals 
that have established such entities. 
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Table 4. DD variable definitions and summary statistics 

Variables Definitions  Mean SD Min Max 

cn_cit Binary indicator for whether a Chinese organization 

makes the citation 

0.0008 0.0290 0 1 

focal Binary indicator for whether the given patent is a 

focal patent owned by an R&D offshoring firm 

0.52 0.50 0 1 

post_focal For a focal patent, this is a binary indicator for 

whether the citation is made in the post-offshoring 

period. For a control patent, it is always 0. 

0.26 0.44 0 1 

post For both the focal and corresponding control patents 

in a matched pair, this is a binary indicator for 

whether the citation is made in the post-offshoring 

period according to the focal patent  

0.51 0.50 0 1 

gdelay The delay between application date and grant date for 

the patent (in years) 

2.51 1.23 0.18 22.36 

claims Number of claims on the patent 19.86 17.01 1 335 

total_inv Number of inventors on the patent 2.68 2.01 1 38 

china_pats Total number of patents assigned to Chinese 

organizations in the one year preceding the patent’s 

application date 

511.22 291.89 97 1028 

cit_gap Number of years between the citing patent 

application date and the cited patent application  

8.73 4.72 0.00 36.95 

Notes: Statistics are based on the DD sample as illustrated in Figure 2. The unit of observation is at the citation level. The sample has 199,537 

citations for citing application year of 2001–2010, arising from 10,708 focal patents and 10,708 control patents.  

 
 
 
 
 
 
 
 

Table 5. Frequency difference of patent citations received from Chinese organizations 

(DD sample): Pre- vs. post-offshoring 

 Cited by CN organizations % 

 Before After 

Focal 0.055 0.078 

 (N=51,006) (N=52,606) 

Control 0.047 0.158 

 (N=47,248) (N=48,677) 

Difference 0.008 -0.080 

t-Statistic 0.580 -3.692 
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Table 6. Regression analysis (DD sample) 

 (1) (2) (3) (4) (5) (6) 
Model: Logit  

(in odds ratio) 

Logit 

(in odds ratio) 

Logit 

(in odds ratio) 

Linear Linear Linear 

Sample: DD sample 

(post only) 

DD sample DD sample DD sample 

(post only) 

DD sample DD sample 

       

focal 0.511*** 

(0.100) 

1.216 

(0.345) 

 

 

-0.000747*** 

(0.000218) 

0.000105 

(0.000143) 

 

 

       

post_focal  

 

0.419* 

(0.145) 

0.264* 

(0.152) 

 

 

-0.000861*** 

(0.000261) 

-0.000720* 

(0.000322) 

       

post  

 

0.838 

(0.325) 

0.645 

(0.405) 

 

 

0.000261 

(0.000227) 

0.0000713 

(0.000290) 

       

ln_gdelay 0.977 

(0.139) 

1.057 

(0.130) 

 

 

-0.0000543 

(0.000169) 

0.0000347 

(0.000109) 

 

 

       

ln_claims 0.647*** 

(0.0531) 

0.666*** 

(0.0548) 

 

 

-0.000563*** 

(0.000126) 

-0.000374*** 

(0.0000869) 

 

 

       

ln_total_inv 1.037 

(0.150) 

0.945 

(0.115) 

 

 

0.0000557 

(0.000168) 

-0.0000393 

(0.0000997) 

 

 

       

ln_china_pats 1.302 

(1.390) 

1.254 

(1.101) 

0.783 

(1.040) 

0.000238 

(0.00109) 

0.000145 

(0.000676) 

-0.000290 

(0.000741) 

       

ln_cit_gap 1.786* 

(0.419) 

1.407* 

(0.228) 

9.033* 

(8.641) 

0.000579* 

(0.000248) 

0.000193+ 

(0.000100) 

0.000418 

(0.000325) 

       

constant 0.000218 

(0.00158) 

0.000217* 

(0.000930) 

 

 

0.00189 

(0.00653) 

0.000391 

(0.00327) 

0.00120 

(0.00341) 

       

Patent FE No No Yes No No Yes 

Citing App 

Year FE  

Yes Yes Yes Yes Yes Yes 

R2    0.0009 0.0007 0.0003 

pseudo R2 0.04 0.04 0.09    

Chi-square 74.43 126.67 41.01    

F    9.05 4.20 2.08 

Pro>chi-

square or F 

0.00 0.00 0.00 0.00 0.00 0.01 

N 93297 199537 1762 101283 199537 199574 

Notes: Citations used here are non-examiner-added citations. Dependent variable is a binary indicator for whether the citation is made by a 
Chinese organization. Independent variables are as described in Table 4. All models include citing patent application year fixed effect. Models 

in the columns 3 and 6 also include cited patent fixed effect. Coefficients are in odds ratio in the columns 1-3.  Checking the values of 

predicted dependent variables using the estimates in column 6: there are no predicted values above 1, and only 2.6% of the predicted values 

are below zero. Robust standard errors in parentheses. +p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 

 
  



 
 
 

45 

Table 7. Estimating the temporal trend in citations received by focal patent from 

Chinese organizations (DD sample) 

 

 DD sample 

Pre-offshoring period 5-6 -0.000258 

(0.000522) 

  

Pre-offshoring period 4 -0.000423 

(0.000329) 

  

Pre-offshoring period 3 -0.0000980 

(0.000433) 

  

Pre-offshoring period 2 0.000156 

(0.000452) 

  

Post-offshoring period 1 -0.000598+ 

(0.000308) 

  

Post-offshoring period 2 -0.000615+ 

(0.000369) 

  

Post-offshoring period 3 -0.000989* 

(0.000437) 

  

Post-offshoring period 4 -0.00125** 

(0.000473) 

  

Post-offshoring period 5 -0.000671 

(0.000685) 

  

Post-offshoring period 6 -0.00129+ 

(0.000781) 

  

Post-offshoring period 7-8 -0.00148* 

(0.000605) 

Observations 199574 

Note: The regression uses the “DD” sample and the linear model as in Table 6 Column (6). The reference period is now pre-offshoring 

period 1 (the omitted timing category). The period for control patents is defined as in pre-offshoring period 1. Figure 3 graphically 

illustrates the results from this table. Robust standard errors in parentheses. + p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 8. Robustness check using examiner-added citations (DD sample) 

 (1) (2) (3) (4) (5) (6) 
Model: Logit  

(in odds ratio) 

Logit 

(in odds ratio) 

Logit 

(in odds ratio) 

Linear Linear Linear 

Sample: DD sample 

(post only) 

DD sample DD sample DD sample 

(post only) 

DD sample DD sample 

       

focal 0.931 

(0.131) 

0.912 

(0.165) 

 

 

-0.000390 

(0.000763) 

-0.000140 

(0.000304) 

 

 

       

post_focal  

 

1.028 

(0.235) 

0.910 

(0.268) 

 

 

-0.000241 

(0.000814) 

-0.000537 

(0.00107) 

       

post  

 

1.058 

(0.382) 

0.905 

(0.415) 

 

 

0.000329 

(0.00111) 

-0.000171 

(0.00137) 

       

ln_gdelay 0.969 

(0.126) 

1.039 

(0.114) 

 

 

-0.000173 

(0.000712) 

0.000125 

(0.000342) 

 

 

       

ln_claims 0.863+ 

(0.0740) 

0.898 

(0.0638) 

 

 

-0.000822+ 

(0.000492) 

-0.000324 

(0.000219) 

 

 

       

ln_total_inv 0.984 

(0.102) 

0.921 

(0.0761) 

 

 

-0.0000827 

(0.000563) 

-0.000236 

(0.000241) 

 

 

       

ln_china_pats 0.893 

(0.787) 

0.900 

(0.616) 

1.941 

(1.583) 

-0.000538 

(0.00407) 

-0.000244 

(0.00176) 

0.00208 

(0.00209) 

       

ln_cit_gap 1.042 

(0.138) 

0.966 

(0.0809) 

1.335 

(0.348) 

0.000206 

(0.000647) 

-0.0000852 

(0.000186) 

0.000836 

(0.000599) 

       

constant 0.0286 

(0.167) 

0.00205+ 

(0.00689) 

 

 

0.00887 

(0.0226) 

0.00309 

(0.00863) 

-0.00978 

(0.0101) 

       

Patent FE No No Yes No No Yes 

Citing App 

Year FE  

Yes Yes Yes Yes Yes Yes 

R2    0.0015 0.0021 0.0020 

pseudo R2 0.02 0.04 0.11    

Chi-square 50.20 190.48 109.43    

F    3.36 7.83 6.59 

Pro>chi-

square or F 

0.00 0.00 0.00 0.00 0.00 0.00 

N 38028 110764 2349 38028 110764 110781 

Notes: The regression models employed here are similar to the ones employed in the corresponding columns in Table 6, but using 

examiner-added citations. Robust standard errors in parentheses. + p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 9. Descriptive statistics for the deterrence effect test 

Variables Definition Mean SD Min Max 

total_cn_cit The total number of citations a foreign MNC receives from 

Chinese organizations in the citing application year 

1.213 3.196 0 26 

cn Binary indicator for whether the owner of the cited patent is a 

foreign MNC that has offshored R&D to China and the 

application date of the citing patent is after the firm’s first 

China-originating patent 

0.200 0.400 0 1 

har The harmonic centrality index one year before the citing 

application year for the MNC 

0.023 0.036 0.002 0.148 

cn_har The interaction term of cn and har 0.007 0.023 0 0.148 

ln_total_cit Total number of citations a foreign MNC receives in the 

citing application year 

4.306 3.276 0 10.859 

tec The Jaffe technological proximity index 0.182 0.218 0 0.878 

maltec The Mahalanobis distance index 1.291 1.648 0 7.397 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 10. Correlations matrix between variables for deterrence effect test 

  total_cn_cit cn har cn_har ln_total_cit tec maltec 

total_cn_cit 1       

cn 0.60 1      

har 0.02 0.14 1     

cn_har 0.23 0.58 0.51 1    

ln_total_cit 0.55 0.70 0.16 0.43 1   

tec 0.46 0.45 0.18 0.33 0.53 1  

maltec 0.67 0.68 0.00 0.28 0.80 0.628 1 
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Table 11. Regression analysis on the deterrence effect of multinational R&D offshoring 

through local partnership 

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

     

cn 0.593+ 

(0.342) 

0.269 

(0.315) 

0.508 

(0.339) 

0.271 

(0.298) 

     

har 6.839+ 

(3.818) 

10.68** 

(3.522) 

10.90* 

(4.866) 

9.923** 

(3.410) 

     

cn_har -12.45** 

(3.864) 

-10.27** 

(3.514) 

-10.08* 

(4.835) 

-9.666** 

(3.049) 

     

ln_total_cit 0.688*** 

(0.0946) 

0.933* 

(0.450) 

0.608*** 

(0.0855) 

0.858+ 

(0.458) 

     

tec 1.550* 

(0.635) 

0.326 

(1.517) 

 

 

 

 

     

maltec  

 

 

 

0.180+ 

(0.0997) 

0.151 

(0.225) 

     

cons -7.144*** 

(0.725) 

 

 

-6.819*** 

(0.647) 

 

 

     

Firm FE No Yes No Yes 

Year FE  Yes Yes Yes Yes 

pseudo R2 0.68  0.67  

Number of firms 158 30 158 30 

Log pseudolikelihood -359 -215 -367 -214 
Chi-square 561 179 673 266 

Pro>chi-square 0 0 0 0 

N 436 145 436 145 

Notes: The regression models employed here are the Poisson quasi-maximum likelihood (PQML) 

estimation. Citations used are non-examiner-added citations. The harmonic centrality index values are 

calculated according to alliance networks based on three-year windows. Dependent variable is the 

yearly number of citations the MNC received from Chinese organizations, where the citations are 
located in time by using the application years of the citing patents. Independent variables are as 

described in Table 9. All models include citing patent application year fixed effect. Models in the 

columns 2 and 4 also include firm fixed effect. Robust standard errors clustered by the firm in 

parentheses. + p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 
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Figure 1. Matching focal patents with controls  

 

Notes: I begin by identifying a set of focal patents, each created by inventors with a residential address in a country other than China and 
assigned to a foreign company that has at least one China-originating patent by the end of the grant year 2012. I match each focal patent with a 

control patent (from an organization that has no China-originating patents) such that the control patent has the same technology class, subclass, 

inventor residential country, and closest application date (within a one-year range). If several potential control patents are found, one is chosen 

randomly. Using this procedure, 38 percent of the focal patents find a matched control. I determine that an MNC has offshored R&D to China if 

it has at least 10 China-originating patents; my research has found 123 offshore MNCs. Among then, 113 firms find matched control patents.  

  

Compare 
citation rates 

 R&D offshoring MNC 

Focal patent 

Control patent 

China 

MNC subsidiary 

Chinese-created 
patent 

Chinese Organization 

Chinese-created 
patent 

Similar application 
date, same class, 
subclass and 
inventor country 

PF 

PC 



 
 
 

50 

Figure 2. DD sample construction and design illustration 

A) DD sample timeline 
  

Missing examiner 

identifier 

Citing application date range 

 Offshoring date  

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 

 

Notes: Cited application date is at least two years before the inferred offshoring (treatment date). A cited patent has a 2–5-year pre-

offshoring and a 4–7-year post-offshoring period to receive citations. 
 

B) DD design illustration 

   Offshoring date 

Control patent  
Pr(CN_cit) Pr(CN_cit) 

        

Focal patent  
Pr(CN_cit) Pr(CN_cit) 

  Pre- period Post- period 
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Figure 3. Estimated temporal trend in focal citations received from Chinese organizations 
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Figure 4. Trends in technological proximity indices between Chinese organizations and 

offshore MNCs 
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