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The Effect of Inward and Outward Foreign Direct Investment on
Regional Innovation Performance: Evidence from China
Quanlin Li, Sunhae Lee†, Sae Woon Park
Department of Business Administration, Changwon National University, Republic of Korea

A B S T R A C T

Purpose: This study examines how IFDI (Inward FDI) and OFDI (Outward FDI) of China affect the regional
innovation performance using a panel data of Chinese provinces and municipalities.
Design/methodology/approach: We use the system Generalized Method of Moments(GMM) estimation method
to correct for the endogeneity of the dependent variable. A balanced panel data set of 30 provinces and municipalities in China over the period 2003- 2017 is employed in the analysis. We measure the regional innovation performance on two scales: the number of patent grants per 10,000 inhabitants and new product sales.
Findings: The empirical results show that IFDI and OFDI have significantly positive impact on innovation performance and that the impact of IFDI is bigger than that of OFDI in new product sales. We also identify three positive
variables- R&D intensity, absorptive capacity, and GDP growth, while the other variables cannot be concluded
because of their different signs depending on the model.
Research limitations/implications: This research is not without limitations. First, this study failed to take account
of the overseas destination and the motives of OFDI due to the data limitations. Considering these factors may
produce different results. Second, this study considered only high-tech industry in calculating the industrial specialization and diversification index because of the data limitations. Expanding the scope of the industry would result
in different values of the indices, and thus our empirical results would be changed accordingly.
Originality/value: Firstly, we provide evidence for the potential positive impact of OFDI and IFDI on regional
innovation performance for the extended period until 2017. China’s OFDI rose significantly during the second
decade of the 21st century. So it was necessary to conduct a research on the extended period. Secondly, we do
not include OFDI and IFDI as independent variables in the same equation, but use them separately in different
equations because the inclusion of them in the same equation raises the concern of potential multicollinearity as
China’s OFDI and IFDI have a very high correlation, which is also what is different from preceding studies.
Keywords: China, Innovation Performance, Inward FDI, Outward FDI, Spillover Effect
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Ⅰ. Introduction
China has become the world's second largest
economy with its GDP surpassing that of Germany
and Japan, respectively, since 2007 and 2010. The
important driver of China’s economic growth can
be found in the fact that the country has served as
a manufacturing base for the whole world due to
its low labor costs. However, its role as a manufacturing
base alone may no longer help Chinese economy
grow consistently as the labor costs in China are
rising recently. Besides, the remarkable economic
growth of China seen up till now relies heavily on
resources such as cheap labor and availability of
natural resources and this inevitably entails the cost
of environmental damage.
As traditional economic development methods
gradually lose their advantages, technological innovation
is considered to play particularly an important role
in China’s future economic development. In this
context, China is particularly required to optimize
and upgrade its industrial structure through innovation.
Also, there is an intensive need for production of
high value-added goods which requires utilization
of advanced technology and innovation in the production
process.
With the growing importance of innovation,
China's domestic economic growth mode has shifted
gradually from factor-driven to innovation-driven
development (Zhu, Zhao & Abbas, 2020). China aims
to become the world leader in science and innovation
by 2050. “Made in China 2025” outlines China’s
strategy to become the world leader in a number
of high-tech industries, such as AI, robotics, aerospace
equipment, medical devices, and many others. In
2017, China’s R&D spending was about US$280
billion, accounting for 2.12% of the country’s GDP
and representing 20% of the world’s total R&D
spending, with the rate of R&D investment growth
significantly exceeding that of the U.S. and the
E.U.(European Commission, 2020). In terms of the
number of patents, which is the index of innovation
performance, the number of granted patents (INP)
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locally in China has risen dramatically from 182,226
in 2003 to over 1,720,828 in 2017. According to
OECD statistics on the number of granted world
patents by technology, the number of granted patents
of China was only 64 in 1999, but the number of
granted patents topped 1,000 in 2009 and ranked
the fourth in the world after Japan, the U.S. and
Germany with 4,214 in 2017.
Generally speaking, there are two effective ways
for a country to improve its innovation capacity. The
first way is to increase R&D investment in the country
and enhance their own innovation capabilities through
independent innovation; the second way is to cooperate
extensively with other countries, learn advanced foreign
technology, and management experience and attract
international high-end talents. A substantial amount
of resource investment is needed in independent R&D,
and even so, the probability of success is very low,
which makes the risk of independent R&D extremely
high. At the same time, independent innovation
generally requires a relatively long period of time.
Even if the innovation is finally successful, the value
it generates will take a long time to emerge. Unlike
with independent R&D, a country can often improve
its own innovation capabilities at a lower cost and
in a shorter time through international channels, which
is a relatively fast and effective method. For more
than 30 years since the economic reforms and opening
up, China’s foreign economic strategy has shifted
from “bringing in” to combining “bringing in” and “going
out”, focusing on enhancing innovation capabilities
and increasing the scale of R&D investment.
As a late-comer among developing countries,
China may naturally have insufficient independent
innovation capacity. So, it is not enough for China
to enhance its own innovation ability through
independent R&D alone. It should rather seek the
ways to cooperate with and accommodate international
channels to accelerate the improvement of its own
innovation ability. IFDI (Inward Foreign Direct
Investment) and OFDI (Outward Foreign Direct
Investment) may be two major international channels
to enhance a country's innovation capability. By
acquiring foreign advanced technology through the
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inflow of FDI, China’s domestic companies can
effectively improve their technologies because
multinational corporations investing in the country
inevitably transfer their standardized and matured
technology and knowledge even though the core and
cutting-edge knowledge and technology are severely
blocked consciously.
Even with the spillover effect from IFDI, China
cannot narrow down the gap in technological development
which exists between the country and the developed
countries if it remains a passive follower of the
technology. Therefore, China can no longer rely on
IFDI alone to obtain international technology spillovers.
Instead, it should work actively to break through
the technological blockade of developed countries
through OFDI.
While IFDI does not induce substantial technology
transfers from the home country to the host country
because the MNEs’ aim when establishing subsidiaries
abroad is not to diffuse their own technologies toward
the host country, but rather to exploit their own
technologies wholly, OFDI induces positive and
highly significant impact from the host country to
the home country. This may be because, through
OFDI, companies seem to be able to source foreign
technology bases. The purpose of China's vigorous
development of two-way FDI is to enable China's
enterprises to rapidly enhance their innovation capabilities
through information exchange and learning with
foreign companies.
There is an enormous amount of literature available
regarding the impact of IFDI on the innovation
performance of the host countries (Ascani & Gagliardi,
2015; Iwasaki & Tokunaga, 2014) and the impact
of OFDI on the innovation performance of the home
countries (Deng, 2012; Filippetti, Frenz, and IettoGillies, 2017; Li et al., 2016). Most studies show
that IFDI and OFDI have a positive impact on the
innovation performance. However, some studies find
that in some situations FDI plays even a negative
role in this regard (Fu, et al., 2011; Liu & Buck,
2007. Zhu, Asimakopoulos & Kim 2020) shows an
insignificant result. Therefore there lacks convincing
evidence demonstrating the positive impact on innovation

performance (Wang, 2018).
A few studies have examined the impact of IFDI
on the innovation performance of China (Buckley,
Clegg & Wang, 2002; Ouyang & Fu, 2012). However,
to the best of our knowledge, there is no study on
the impact of OFDI on the innovation performance
of China except Li et al., (2016). This appears to
be due to China’s short history of OFDI.
It is well known that IFDI contributes significantly
to the innovation performance of the host country.
However, the extent to which OFDI contributes to
the innovation performance of its home country will
depend on the investment motives of the investment
firms. In other words, OFDI seeking strategic assets
will contribute greatly to the innovation performance
of its home country, while OFDI seeking natural
resources will contribute little to the innovation
performance of its home country. Thus, Chinese
government is encouraging Chinese enterprises to
engage in mergers and acquisitions for seeking
strategic assets (Hannas, Mulvenon & Puglisi, 2013).
Based on the fact that China’s OFDI seeking
strategic assets have increased and that little research
has been done on the impact of OFDI on innovation
performance, this study aims to investigate the impact
of OFDI as well as IFDI on regional innovation
performance in the context of China. Globally, the
proportion of FDI from emerging economies has
gradually increased, and China has become one of
the most dazzling stars among them. China has
continuously pushed forward its “going global”
opening-up strategy and has become the largest capital
exporter among the developing countries”. In 2017,
China’s OFDI and IFDI flow and stock amounts
ranked in the second place in the world after the
U.S. China, therefore, provides an appropriate context
to examine the relationship between FDI (inward
or outward) and innovation performance.
This study can contribute to the literature in four
ways. Firstly, we provide evidence for the potential
positive impact of OFDI and IFDI on regional
innovation performance for the extended period until
2017. Since China’s OFDI rose significantly during
st
the second decade of the 21 century, and the empirical
67

GLOBAL BUSINESS & FINANCE REVIEW, Volume. 25 Issue. 1 (SPRING 2020), 65-88

results may vary depending on the analysis period,
studies on the extended period were necessary.
Secondly, unlike in the proceeding study, OFDI and
IFDI as independent variables were not included in
the same equation, but were analyzed using different
equations in this study. China’s OFDI and IFDI have
a very high correlation, so the inclusion of them
in the same equation raises the concern of potential
multicollinearity. Thirdly, the impact of local industrial
structure on the innovation performance was analyzed.
Industrial structure in the region may also affect the
innovation performance. Fourthly, while most of the
prior studies considered the number of granted patents
in a region as a regional innovation performance,
this study additionally used sales of new products
as the fruits of innovation as a dependent variable.

Ⅱ. The Status of R&D, FDI and Innovation
Performance in China
In today's era, advanced technology and innovative
capabilities can create much more values than land,
capital, and other material factors can do. The ability
to innovate has become an important source of core
competitiveness of an enterprise or even a country.
At the enterprise level, many companies attach great
importance to technological innovation, and their R
& D investment accounts for a large proportion of
the revenue. Such companies tend to have advanced
technologies and own a large number of patents.
By owning advanced technologies and a large number
of patents, they prove themselves to be active among
the innovative firms and can often stand out in the
fierce market competition and can develop further.
At the industrial level, technology-intensive industries
such as IT, aerospace, semiconductors, pharmaceuticals,
etc., have broad development prospects, and are also
supported by many countries as strategic industries.
At their national level, many countries in the world
now continue to increase R&D investment, focus
on personnel training, and hope to lead global
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technological change and achieve rapid economic
growth. China is now keeping up with the world's
technological frontier, and following the global
technological change, strives to realize the transformation
and become a strong innovative country. One of the
important purposes of China's vigorous development
of two-way FDI is that through information exchange
and learning with foreign companies, China's enterprises
can rapidly enhance their innovation capabilities.
For more than 30 years since the late 1980s, China
has implemented a "market-for-technology" strategy
to acquire foreign advanced technology through the
inflow of FDI hoping that the IFDI would effectively
improve domestic technology. As a result, multinational
corporations investing in China transferred standardized
and mature technologies, but the core and cutting-edge
knowledge and technology were severely blocked
consciously. China cannot narrow down the gap in
technological development which exists between
China and the developed countries if it remains a
passive follower of the technology. Thus, China can
no longer rely on IFDI alone to obtain international
technology spillovers. Instead, it should work hard
to break through the technological blockade of
developed countries through OFDI.
China’s OFDI has grown rapidly. According to
the data released by UNCTAD, China’s OFDI flow
has expanded from US$ 2.9 billion in 2003 to US$
129.8 billion in 2018, an increase of nearly 44.7
times the world’s OFDI flow and the ranking has
risen from the 21st to the 2nd place. From the
perspective of stocks, China’s OFDI stock has grown
rapidly from US$ 33.2 billion in 2003 to US$ 1,938.8
billion in 2018, an increase of nearly 58.4 times,
and its raking has risen from the 25th to the 6th
in the world.
Among China’s OFDI, strategic asset seeking
OFDI is considered to have the most significant impact
on innovation performance. However, there is no
statistical data on the weight of strategic asset seeking
OFDI. In general, though, the OFDI of manufacturing
industry, information transmission, computer service
and software industry, and scientific research and
technical service industry can be seen as strategic
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asset or market seeking, and that of mining industry
can be seen as natural resource seeking. Therefore,
the increase of strategic asset seeking OFDI can be
roughly estimated as a change in the weight of the
OFDI in the three industries as mentioned above.
According to the data released by Statistical Bulletin
of Chinese Outward Foreign Direct Investment, the
proportion of the preceding three industries among
China’s OFDI increased from 4.0 percent in 2003
to 13.2 percent in 2016, and 11.5 percent in 2017.
On the other hand, the proportion of natural resource
seeking OFDI exceeded 10 %, e.g., 16.4% in 2003
and 23.6% in 2009, but it has stayed below 10%
since 2015 and only 2.3% in 2017. If the proportion
or amount of OFDI into the developed countries
increases, this can be estimated also as the increase
in strategic asset-seeking OFDI (Beugelsdijk, Pedersen
and Petersen, 2009; Forte and Silva, 2017; Lee, 2010).
Of China’s OFDI, the proportion of OFDI into the
developed countries averaged 59.2% during the
analysis period, and the amount hit a record high
of US$ 20 billion in 2015.
Furthermore, there is a considerable amount of
evidence suggesting that many Chinese firms are
actively seeking for strategic assets (Gao, Li & Huang,
2019; Sutherland, Anderson & Hertenstein, 2018;
Sutherland, Anderson & Hu, 2020). M&As have

become increasingly commonplace as the means for
Chinese MNEs to seek global reach (Antkiewicz and
Whalley 2007; Globerman and Shapiro 2009; Sutherland
2018). They are primarily used to secure technology
and brands and fast and enhance differentiation
advantages and innovation (Deng 2009; Rui and Yip
2008). Therefore, it is reasonable to suppose that
OFDI of China may have a significant positive impact
on the innovation performance of China.
According to the data from the UNCTAD database,
China ’s IFDI flow has grown from US $ 53.5 billion
in 2003 to US $ 139.0 billion in 2018, with an annual
increase of 6.8% on average during the period. Despite
the year-to-year decline in global FDI flows in 2016,
China rose against the declining trend with an increase
of 4.4% over the same year. It was the largest
developing country in terms of FDI inflows in that
year and was ranked in the third place among all
other countries in the world including the developed
ones. From the perspective of stocks, China's IFDI
stocks by the end of 2018 exceeded US $ 1,627.7
billion, accounting for 5.07% of the total stocks of
the countries/regions in the world and was ranked
as the first among the developing countries worldwide
(see Figure 1).
The number of granted patents per 10 thousand
people in China increased gradually from 18 in 2003

Figure 1. OFDI, IFDI Flows and Granted Patents in China, 2003-2018
Source: UNCTAD (2019) and China Science and Technology Statistics Yearbook (2019)
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to 245 in 2018 (see Figure 1). As shown in Figure
2, the number of granted triadic patent families in
the world has remained stagnant for the past 19 years,
but the number in China has grown significantly
from just 357 in 2003 to 4,214 in 2017. In addition,
OFDI, IFDI flows and granted patents in China are
growing nearly at the same rate, as shown in Figure
1. This suggests that OFDI and IFDI flows are
contributing to the improvement of China’s innovation
performance nationwide.

Ⅲ. Hypothesis Development
A. Outward FDI from the Domestic Economy
There are a number of studies available regarding
the positive impact of OFDI on the innovation
performance of the home countries (Branstetter, 2006;
Chen, Li & Shapiro, 2012; Deng, 2009, Deng, 2012;
Driffield, Munday & Roberts, 2004; Filippetti, Frenz
& Ietto-Gillies, 2017; ; Fosfuri et al., 1999; Fu, 2008;
Globerman, Kokko & Sjoholm, 2000; Huang &
Zhang, 2020; Kogut & Chang, 1991; Li et al., 2016;

Figure 2. The Number of Granted Triadic Patent Families (1999-2017)
Source: OECD (2019)
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Potterie & Lichtenberg, 2001; Shireen, 2012; Teece,
1992).
Recently, there is a recognition that the foreign
invested companies may be learning from local
companies in the host country. This may be especially
true for OFDI in relatively more innovation-intensive
host country (Pradhan & Singh, 2009). For example,
Kogut and Chang (1991) studied the reverse technology
spillover effect of OFDI from Japan to U.S.A. They
found that reverse technology spillovers exist.
Branstetter (2000) also studied Japanese companies
in the United States as a research target, and concluded
that Japanese companies' direct investment in the
United States promoted their technological level.
In addition, the study of Globerman, Kokko &
Sjoholm (2000) using references in Swedish patent
data found that Swedish companies are likely to make
references to countries with large patent stocks and
to countries that are located close to Sweden, and
that OFDI is a channel for the diffusion of foreign
technology to home country’ s companies. Van
Pottelsberghe and Lichtenberg (2001) analyzed 13
industrialized countries. They argued that IFDI does
not induce substantial technology transfers from the
home country to the host country. They explained
that this is because the MNEs’ aim when establishing
subsidiaries abroad is not to diffuse their own
technologies toward the host country, but rather to
exploit their own technologies wholly. However,
OFDI induces positive and highly significant impact
from the host country to the home country. They
said that through OFDI, companies seem to be able
to source foreign technology bases.
Driffield, Munday & Roberts (2004) argued that
the motivation of OFDI may not necessarily be to
use its own “ownership” advantages, but to obtain
superior technology from the host country. The key
to strategic asset seeking OFDI's success is the
presence of technology externalities from the host
country to the home country. They empirically tested
the existence of the “reverse spillover” effect using
panel data from the British manufacturing industry.
The results show that technology invented in the
domestic sector will have spillover effects on foreign

invested corporations, but this effect will only occur
in relatively R & D-intensive sectors. However, Bitzer
and Gorg (2009) 's examination of industry-and
country level data in 17 OECD countries found that
OFDI has a negative impact on the total factor
productivity.
In terms of research on OFDI of developing
countries, empirical evidence on the correlation
between the two is inconclusive. For example, Fosfuri
and Motta (1999), Pradhan & Singh's (2009), and
Chen, Li & Shapiro (2012) argued the existence of
reverse technology spillover effects in OFDI from
developing countries to developed countries. In
addition, AIAzzawi (2012) found that OFDI has a
significant positive effect on the domestic innovation
of technologically backward countries. Bai (2009)
investigates whether China’s OFDI has the reverse
technology spillover effect using OFDI panel data
over the period from 1985 to 2006. The results show
that the reverse technology spillover effect is not
significant, because China’s OFDI is concentrated
in industries with low technology intensity, and the
proportion of OFDI in technology-seeking type is
relatively small. Huang & Zhang (2020) examine
the innovation spillovers from OFDI and IFDI using
firm-level data from Shandong province in China
over the period 2002-2007. The results show that
product innovation is largely promoted by OFDI than
IFDI.
Recently, however, a number of Chinese firms
have undertaken OFDI primarily in order to acquire
foreign technology(Pradhan & Singh, 2009). Therefore,
the analysis of recent periods will probably change
the results. Howell, Lin & Worack (2020) investigates
the effects of cross-border M&A on domestic
innovation of Chinese firms. The results showed that
cross-border M&A has a positive impact on the
number of patent applications, but no statistically
significant effect on the number of granted patents.
As a whole, the preceding studies mentioned above
show positive impacts of OFDI on the innovation
performance, except for a few studies. However,
depending on the country and the period to be
analyzed, the results may differ, and considerable
71
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literature argues that innovation performance varies
not just between nations, but also between subnational
regions, such as provinces or cities (Aarstad &
Kvitastein, 2020; Li, et al., 2016; Song & Zhang,
2017; Wang et al., 2016). The uneven distribution
of innovation performance is particularly apparent
in China which covers huge geographical areas (Li,
et al., 2016).
Given this, we suggest:
H1. OFDI has a positive impact upon regional
innovation performance of the home country.

B. Inward FDI in the Domestic Economy
There exist a lot of researches on the positive
impact of IFDI on the innovation performance of
the host countries (Ascani & Gagliardi, 2015; Ben
Hamida, 2013; Blind and Jungmittag, 2004; Fu, 2012;
Garcia, et al., 2013; Gorodnichenko, Svejnar & Terrell,
2012; He, Kwan & Fan, 2019; Huang & Zhang,
2020; Iwasaki & Tokunaga, 2014; Souare, 2013).
IFDI contributes to regional innovation in three
ways. First, innovation by foreign invested firms
increases regional innovation outputs directly. Second,
spillovers emanating from innovation of foreign
invested firms may improve innovation performance
of the region where they are located because spillovers
include knowledge transfers through the supply chain
and skilled labor turnovers. Third, the entry of foreign
invested firms may strengthen market competition
and thus improve the innovation performance of the
region (Fu, 2008). Geroski (1990) argues that lack
of competition in a market will cause inefficiency
and will result in low innovative performance.
Scholars may differ in ideas on whether IFDI can
improve the innovation capacity or technological
progress of the host country. Most scholars argue
that there is a positive effect. Blind and Jungmittag
(2004) examines the effects of IFDI on the innovation
capabilities using data of German service firms. The
results show that IFDI has a significant positive effect
on product and process innovation. Souare (2013)
investigated the role of IFDI in explaining productivity
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growth through technology transfer and domestic
innovation. The results show that IFDI promotes
productivity growth through the rate of innovation.
Ascani and Gagliardi (2015) investigated whether
IFDI's knowledge externality improves local innovation
performance by targeting Italian manufacturing
companies for the period from 2001 to 2006. The
results show that the existence of IFDI is beneficial
for the innovation performance of the Italian economy.
Gorodnichenko, Svejnar & Terrell (2012) argues
that IFDI has positive spillover effects on technology
innovation in host country from large firm-level and
industrial-level data sets of eighteen countries.
However, while they detect the spillover effects with
micro data at the firm level, when they use industry
-level data, they find much weaker, and usually
insignificant, effects. He, Kwan & Fan (2019) argued
from meta-analysis of 41 studies on IFDI spillovers
in China that the horizontal spillover effect in China
is positive and economically significant. Huang &
Zhang (2020) investigates and compares the spatial
spillovers from IFDI to the innovation performance
of indigenous firms using firm-level panel data over
the period 2002-2007. They find that IFDI stimulates
innovation performance in domestic firms, and that
the spillover effect from OFDI is larger than that
from IFDI.
Other scholars argue that there is a negative effect.
Jozef (2001) selects micro-level enterprise panel data
and empirically analyzes whether IFDI has spillover
effect on the host country in three emerging economies
such as Bulgaria, Romania and Poland. The analysis
results show that the negative competition effect
brought by IFDI is greater than the positive spillover
effect. Keller (2002) estimated the spillover effects
of G5 countries' R & D expenditures on the spatial
distribution of productivity in other OECD countries,
and found that technology spillovers were mainly
local rather than global, as the benefit from foreign
spillover was declining with distance. Song & Zhang
(2017) investigates whether IFDI contributes to regional
innovation growth in China using provincial-level
data over the 2003-2011. The result shows that IFDI
has significantly negative impact on regional innovation
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growth, suggesting that IFDI serves as a substitute
for domestic R&D and thus reduces local innovations.
Given this, we suggest:
H2. IFDI has a positive impact on regional innovation
performance of the host county.

C. R&D Intensity in the Domestic Economy
The positive relationship between R&D intensity
and innovation performance has been recognized by
many scholars (Aarstad & Kvitastein, 2020; AnzolaRoman Bayona & Garcia-Marco, 2018; Hervas-Oliver,
Garrisgos & Gil-Pechuan, 2011; Love & Roper, 1999;
Zhu, Zhao & Abbas, 2020). According to the definition
of innovation, R&D investment of firms, and regional
or central governments can create new knowledge
or patents and develop new products (Zhu, Zhao
& Abbas, 2020). Even studies adopting an open
perspective on the innovation (i.e. research for the
effects of collaborative innovation) argued that R&D
intensity help organizations to capitalize on external
sources of innovation (Anzola-Roman Bayona &
Garcia-Marco, 2018). Thus, a positive effect is expected
for R&D intensity on innovation performance.
Given this, we suggest:
H3. R&D intensity has a positive impact on regional
innovation performance.

D. Absorptive Capacity in the Domestic
Economy
For the learning process from OFDI and IFDI
to affect innovation performance, two conditions
should be achieved as premises: there must be
spillovers; and the firm, industry, region, and country
on the receiving part must have the absorptive capacity
to capture the spillovers (Filippetti, Frenz & IettoGillies, 2017; Liu et al., 2019). Absorptive capacity
was introduced as an important factor for innovation
in 1989. Since then, the concept has been developed
through reconceptualization (Duchek, 2014). Recently,
the concept of absorptive capacity refers to the ability

of the receiving party to recognize the value of external
information, absorb it, and exploit it to commercial
purposes (Cohen & Levinthal, 1990; Li. et al., 2016;
Sultana & Turkina, 2020). Following this traditional
concept, absorptive capacity depends on a firm’s prior
knowledge or experiences, and prior knowledge or
experiences facilitate knowledge absorption by defining
the locus of knowledge search (Duchek, 2014;
Rosenkopf & Nerkar, 2001). On the other hand, they
may restrict a firm’s search fields to familiar areas
(Stuart & Podolny, 1996).
Filippetti, Frenz, and Ietto-Gillies (2017) analyzed
the impact of internationalization on innovation
performance in 40 countries and considered the role
of absorptive capacity on the relationship between
internationalization and innovation. The results show
that OFDI is positively related to the innovation
performance, and it is also found that the higher
the absorptive capacity of the countries, the greater
will be the promotion of OFDI to the innovation
capacity. Likewise, IFDI is also positively related
to innovation performance of countries with high
absorptive capacity. Therefore, these relationships
do not extensively apply to countries with low
absorptive capacity. Li et al. (2016) investigated the
same issues in 30 Chinese provinces and found almost
the same empirical result.
Zeng et al. (2019) examine the moderating effects
on the relationship between regional innovation and
its major determinants using city-level panel data
of China over the period 2000-2015. The results show
that regional absorptive capacity is the most important
factor that facilitates regional innovation.
These results suggest that innovation performance
does not benefit from IFDI or OFDI without the
existence of R&D expertise, so called absorptive
capacity in the domestic region (facilities and personnel).
Thus Chinese companies must not only acquire
valuable strategic assets through OFDI, but also must
have the R&D expertise to adapt and exploit those
assets (Li, et al., 2016).
H4. Regional absorptive capacity will have a positive
impact upon domestic innovation performance.
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E. Industrial Structure in the Domestic
Economy
Jacobs (1969) suggests that diversity is the main
driving force for fruitful innovation. The proponents
of the Jacobs model focus on the interactions between
different industries, especially complementary industries
effect. Emerging technology sectors benefit from a
more diverse economy as they facilitate greater
exchange of skills between sectors (Glaeser et al.,
1992; Harrison, Kelley & Gant 1996). It is believed
that more opportunities to imitate, share and reorganize
ideas and practices across industries are embedded
in a more diverse regional economy (Beaudry &
Schiffauerova, 2009). Wei et al. (2008) finds that
diversified externalities promote the innovation
performance of Jiangsu, but the effect of specialized
externalities is not obvious. Cui (2016) investigates
factors that affect the innovation performance of hightech industries.
From a national perspective, the result shows that
specialization has a negative impact and diversification
has a positive impact. Li et al. (2014) examines the
extent of diversification and specialization in regional
industrial structure at the province level using data
of Chinese provinces over the period from 2000 to
2010. They find that China’s regional innovation
performance benefits from diversification but not
specialization. Based on this, we assume that industrial
diversification has a positive impact on the region’s
innovation performance.
Given this, we suggest
H5. Regional industrial diversity has a positive
impact on the region's innovation capabilities.
On the other hand, Marshall (1890) provides the
empirical evidence that agglomeration economies are
beneficial for economic growth. However, more
specialized regions may develop more specialized
knowledge base than diversified regions. As a result
they may be more prone to lock-in their regions
of expertise(Choe, 2018; Li et al., 2014). We argue
on this basis that industrial specialization has a negative
impact on the region’s innovation performance.
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Given this, we suggest
H6. Regional industrial specialization has a negative
impact on the region's innovation capabilities.

Ⅳ. Data and methodology
A. Data and Variables
1. Data

This study has chosen China as the empirical test
setting for examining the impact of OFDI and IFDI
on regional innovation performance. China is a
country with a vast geographical area and is characterized
by regions (provinces and municipalities). So it is
appropriate to analyze at the regional level, not at
the national level. We, thus, use a balanced panel
data set for 30 provinces and municipalities over
the period 2003-2017.1) The analysis period is set
to start from 2003 because data on China’s OFDI
by provinces or municipalities can be obtained from
2003.
Data on granted patent, R&D expenditure, technical
staff, and technology market turnover are drawn from
China Science and Technology Statistics Yearbook.
OFDI data are obtained from Chinese Foreign Direct
Investment Statistical Bulletin. New product sales,
IFDI, foreign company’s sales, GDP growth rate,
loan balance of financial institutions and GDP are
collected from China Statistical Year Book. We
calculate the industry specialization index and
industry diversification index using China High-Tech
Industry Statistical Year Book.
2. Variables

(1) The dependent variable
The regional innovation performance is used as
the dependent variable. We measure the regional
innovation performance on two scales. One measure
1) Tibet is excluded from the analysis target because of the limited
availability of data.
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is the number of patent grants per 10,000 inhabitants
as a final innovative output (Technological Innovation
Performance Model) (Li, et al., 2016; Song & Zhang,
2017; Wang, Ning & Lee, 2016). The other measure
is new product sales as the direct output of invention
activity (Product Innovation Performance Model)
(Alegre, Lapiedra & Chiva 2006, Fu, 2008; Huang
& Zhang, 2020; Liu & White, 1997; Nicholls-Nixon
and Woo, 2003; Usai, 2011).
Existing literature used the number of patents in
two ways such as the number of patent applications
and the number of granted patents as a measure for
innovation performance. Innovation performance is
often measured by patent application as intermediate
innovation outputs. Patent application count can
represent regional innovation performance if the same
patent approval procedures are applied across the
provinces (Huang, Liu & Xu, 2012; Li, 2011; Li
et al., 2014; Usai, 2011). However, there is a
shortcoming in using patent applications as a measure
of innovation performance. The number of patent
applications may exaggerate the innovation performance
because not every patent application will be approved
(Li et al., 2014). To overcome this problem, we
determine to use the number of patent grants.
There are three types of patents: invention, utility
model, and design. Patents registered in the State
Intellectual Property Office of the PRC are classified
into these three types. Some literature used invention
and utility model patents as measure of innovation
performance (Motohash, 2008; Li et al., 2014).
However, most literature used only invention patents
as the measure (Fu, 2008; Li et al., 2016; Paci &
Usai. 1999). We also use the number of granted
patents in the analysis, but in order to test robustness,
we attempt to include both invention and utility model.
The empirical results are almost the same but we
do not mention it in this paper because of the
limitations of pages.
New product sales can reflect the part of innovation
performance that the patent data may not necessarily
capture. Patents may evaluate a more accurate level
of innovation capability than new product sales,
especially in China where new product sales may

be over-recorded by firms in order to gain subsidies
from local governments (Li, 2009). New product sales
also depend on many other factors such as economic
environment and firm’s scale (Prieto & Lee, 2019).
However, the patent data are controversial because
they cannot measure the level of market application
and the quality of innovation output (Acs & Audretsch,
1990). For this reason, some studies (Deng et al.,
2019; Pellegrino, G., Piva, M. and Vivarelli, 2012)
use new product sales as the proxy of innovation
performance. Following the studies, we use new
product sales as the proxy of innovation performance
in this study in order to check robustness. To control
for the possible time effect over the fifteen year period
of the study, we use the real amount of new product
sales. The real amount of new product sales is
calculated by deflating the amount of new product
sales with consumer price index of China.
New product sales refer to the sales of new products
sold by enterprises during the reporting period. A
new product refers to a brand-new product that is
developed and produced using new technological
principles and new design concepts, or that has a
significant improvement in structure, material and
technology, etc., compared to the original product,
thereby significantly improving product performance
or expanding user functions of the product. It includes
both new products that have been identified by the
relevant government departments and are within the
validity period, and new products developed by
enterprises on their own, within one year from the
date of commissioning without the approval of the
relevant government departments (National Bureau
of Statistics of China, 2019).
(2) The independent variables
Following the existing literature (Li et al., 2016),
we use the proportion of OFDI flow over GDP of
each province as a proxy for the impact for OFDI
on regional innovation performance, thus controlling
the relative sizes of the regional economies. The
amount of natural resource seeking OFDI should be
deducted from the total OFDI amount because it
does not contribute to the improvement of innovation
75

GLOBAL BUSINESS & FINANCE REVIEW, Volume. 25 Issue. 1 (SPRING 2020), 65-88

performance. However, it is not possible to identify
the underlying motivations for the regional OFDI
from the available data (Li et al., 2016). IFDI inflows
may contribute to the improvement of innovation
performance through the spillover effect associated
with the presence of foreign invested companies. We
proxy IFDI inflow by the proportion IFDI flow over
GDP of each region. However, we do not include
IFDI inflow in the same model where OFDI inflow
is used since the correlation coefficient between the
two variables is over 0.7, which means putting IFDI
inflow and OFDI inflow together in a single model
would result in multicollinearity. The models in which
OFDI inflow is included use a variable of a foreigninvested company’s sales/total sales in each region
to control the spillover effect associated with the
presence of foreign invested companies.
We proxy R&D intensity of each region by
calculating the proportion of R&D expenditure over
GDP of a region. An absorptive capacity of each
region is calculated by the proportion of technical
staff over the total employees of a region. These
two variables are so highly correlated that putting
the two variables together in a single model would
cause a concern of multicollinearity. Thus, these two
variables are included separately in different models.
The variable of the regional industrial specialization
in each region is estimated using a measure developed
by Glaeser et al. (1992). This variable reflects the
extent to which a region’s industry structure is
specialized to economic activities in China as a whole
(Wang et al., 2016). We first calculate specialization
index in each region as follows:
 
  
 

where  is gross industrial output amount in industry
in region ,  is the total industrial output amount
in region ,  is the national industrial output amount
in industry , and  is the total national industrial
output amount. Hence,  indicates industry 's share
of all output amount in region  relative to that in
the whole country (Li et al., 2014). Due to the
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availability of data, we calculate this index for 23
high-tech industries.
We use the average of specialization indices of
all local industries as the industrial specialization
index at regional level. A higher value of  means
a greater degree of industrial specialization in the
region.
 










We employ the industrial diversity variable to
reflect the extent to which regional industrial structure
is diversified. The regional industrial diversification
variable in each region is estimated using a measure

 



be
developed by Henderson (1997). Let   



industry 's share of industry in region . Then a
Hcrfindahl-Hirschman index (HHI) can be used as
a measure of regional industrial diversity.  is
then subtracted from 1 to allow a higher value of
it to reflect higher diversity. It is calculated as follows:
   



φ

≠ 




(3) Control variables
There are four control variables. First, technology
product purchase variable is included to control the
spillover effect of technology product purchase from
local suppliers or foreign countries. We use the natural
log of the technology product purchase amount.
Second, the foreign presence variable is included
to control the demonstration effect of foreign invested
companies in any region. That is to say, new products
and technologies developed by foreign invested
companies can be observed by local companies and
passed through to them. We proxy the foreign presence
as the proportion of the sales of foreign invested
companies to total sales in any region. Foreign invested
companies brings capital and new technology into
the host country, so domestic companies improve
their technology via learning and imitation (Li et
al., 2014). This variable is not used in the model
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in which IFDI is included due to the concern of
multicollinearity. Third, regional GDP growth rate
is included to control regional demand for innovation
and economic development potential (Li., et al., 2016;
Ouyang & Fu, 2012; Wang et al., 2016). Fourth,
the financial development level may influence the
innovation performance (Zhu, Asimakopoulos &
Kim, 2020). In this paper, the proportion of the loan
balances of all financial institutions to GDP is used
to measure the financial development level of the
region.

B. Model Specification
Eight empirical models are set up according to
the variables used in the model. Two different proxies
for the dependent variable representing the regional
innovation performance such as the number of patent
grants and new product sales are used in each different
model. That is, each is used equally in the half of
the models. To address the concern of multicollinearity,
different independent variables are included in the
empirical models.
Model 1 uses the number of patent grants as the
dependent variable and OFDI inflow as the independent
variable. Therefore, the equation is as follows:
 



                  
               
      

(1)

Where:  is the number of patents grant of
region  in year ;  is the OFDI flow /GDP
from region  in year ;  is research intensity
of region  in year ;  is industrial specialization
index of region  in year ;  is the industrial
diversification index of region  in year ;  is
the proportion of foreign companies sales / total sales
of region  in year ;  is the GDP growth rate
(percent) of region  in year ;  is the technology
product purchase amount of region  in year , 
is the loan balances of financial institutions of region
 in year ; ε is an independent and identically
distributed error term;  are parameters to be estimated.

Model 2 is the same as Model 1, except that it
uses IFDI flow instead of OFDI flow as the
independent variable.
                    
           
      

(2)

Where:  is the IFDI flow /GDP of region
 in year . All variables except IFDI have the same
definitions as before.
Model 3 is the same as Model 1, except that is
uses ABS variable instead of RDI variable as the
independent variable.
                     
               
      

(3)

Where:  is the proportion of the number of
technical staff over the total number of employees
of region  in year . All variables except ABS have
the same definitions as before.
Model 4 is the same as Model 2, except that is
uses ABS variable instead of RDI variable as the
independent variable.
                     
           
      

(4)

Model 5 is the same as Model 1, except that it
uses NPS variable instead of PAT variable as the
dependent variable. All variables except NPS have
the same definitions as before.
               
             
              

(5)

Where:  is new product sale of region  in
year . All variables except NPS have the same
definitions as before.
Model 6 is the same as Model 5, except that it
uses IFDI variable instead of OFDI variable as the
independent variable. All variables have the same
definitions as before.
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(6)

Model 7 is the same as Model 5, except that it
uses ABS variable instead of RDI variable as the
independent variable. All variables have the same
definitions as before.
                  
             
              

(7)

Model 8 is the same as Model 6, except that it
uses ABS variable instead of RDI variable as the
independent variable. All variables have the same
definitions as before.
                  
             
          

(8)

Detailed definitions of each variable are provided
in Table 1.
In addition to the above-mentioned mulitcollinearity
between variables, there is often a concern of endogeneity.
OFDI may result in better innovation performance,
but it may inversely lead more OFDI. We thus use
the system Generalized Method of Moments(GMM)
estimation method (Blundell and Bond, 1998). We
use the first difference of the lagged dependent and
independent variables as instruments and the Hansen’s
J-test for checking their overall validity( Li., et al.,
2016). Arellano Bond serial correlation test is also
conducted to detect the existence of the first or
second-order serial correlation of error terms. The
test is actually two separate statistics, one for the
first correlation and the other for the second. If the
innovations are i.i.d ., we expect the first order statistics
to be significant, and the second order statistics to
be insignificant. Baltagi et al. (2009) argues that taking

Table 1. Variable description
Variable name

Acronym

Operationalization

Sources

Patents

 

Granted patents per 10,000 residents of
region  in year 

China Science and Technology
Statistics Yearbook

New Product Sales

  

Natural log of new product sales of
region  in year 

China Statistical Yearbook

Outward FDI

 

Inward FDI

 

Natural log of inward FDI flow
/GDP(percent) of region  in year 

China Statistical Yearbook

R&D Intensity

 

R&D expenditure/GDP (percent) of
region  in year 

China Science and Technology
Statistics Yearbook

Absorptive Capacity

  

Technical staff over the total employees
of region  in year 

China Science and Technology
Statistics Yearbook

Technology Purchase

 

Natural log of the technology market
purchase of region  in year 

China Science and Technology
Statistics Yearbook

Industry Specialization Index

 

Industry specialization index of region  China High-Tech Industry Statistical
Yearbook
in year 

Industry Diversification Index

 

Industry diversification Index of region China High-Tech Industry Statistical
Yearbook
 in year 

Foreign Presence

  

Foreign companies sales/ the total sales
of region  in year 

China Statistical Yearbook

GDP Growth Rate

 

GDP growth rate (percent) of region 
in year 

China Statistical Yearbook

Financial Development

  

Loan balances of financial institutions/
GDP(percent) of region  in year 

China Statistical Yearbook
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Natural log of outward FDI
Statistical Bulletin of Chinese
flow/GDP(percent) of region  in year  Outward Foreign Direct Investment
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the first difference in GMM has two advantages.
First, this procedure removes any endogeneity stemming
from the correlation of coefficients with the regressors.
Second, by differencing, the GMM estimation approach
helps to ensure that all the regressors are stationary.

C. Basic Statistics and Spatial Dependence
Table 2 indicates means, standard deviations, and
the correlation matrix for all the variables. The mean
number of regional granted patents is 4.6 per 10,000

inhabitants, while the mean number of regional new
product sales is 278.8.3 billion Yuan. As Figure 3
and Figure 4 show, the number of granted patents
and new product sales have been spatially clustered,
with the eastern costal area of China showing large
numbers (for example, Jiangsu, Zhejiang). If the
dependent variable has spatial dependence, it should
be reflected in the regression analysis.
Global Moran’s index is carried out to explore
the degree to which the distribution of regional
innovation performance in China deviates from the
null hypothesis of innovation performance spatial

(a) 2003

(b) 2008

(c) 2013

(d) 2017

Figure 3. Geographic Distribution of Granted Patents in China, 2003, 2008, 2013, and 2017
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(a) 2003

(b) 2008

(c) 2013

(d) 2017

Figure 4. Geographic Distribution of New Product Sales in China, 2003, 2008, 2013, and 2017

randomness. Global Moran’s index is calculated in
ArcGIS to the change in spatial autocorrelation of
innovation performance (granted patents per 10
thousand persons and new product sales amount)
in each year between 2003 and 2017. If Moran’s
index is close to 1, it indicates clustering, while if
it is close to 0, it indicates randomness (Huang &
Wei, 2016). In order to test spatial dependence in
panel regression of our data, we calculate Moran’s
I for residual and five Lagrange Multiplier test
statistics for the model for regional granted patents
and regional new product sales in 2003, 2010, and
80

2017. The results show Moran’s I for regional
innovation performance is significant at 5% level.
However, Moran’s I for the residuals, Lagrange
Multiplier Lag statistic, Robust LM (lag), Lagrange
Multiplier Error statistic, Robust LM (error), and
Lagrange multiplier (SARMAR) are not significant
except for the model of new product sales in 2003.
So we use the regression model without spatial terms
(Table 3). The average percentage of OFDI to GDP
is 38.78%, while that of IFDI is 134.01%. IFDI is
seen higher than GDP in China. This may be because
many foreign companies invest in China to take
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Table 2. Basic Statistics and Correlation Matrix
Mean

S.D.





4.6781

7.4636

1.0000



16.068

1.6787

0.5845
***

1.000



0.3878

2.0418

0.5035
***

0.5379
***

1.0000



1.3404

0.8509

0.4706
***

0.4043
***

0.7122
***

1.0000



1.0451

1.0821

0.6882
***

0.5211
***

0.4238
***

0.4742
***

1.0000



1.2312

1.4450

0.5771
***

0.5398
***

0.3850
***

0.4979
***

0.6159
***

1.0000



12.8794

1.7885

0.6144
***

0.7468
***

0.5295
***

0.3507
***

0.4848
***

0.5471
***

1.0000



0.7276

1.5164

0.3108
***

0.3634
***

0.1568
***

0.4623
***

0.5200
***

0.5524
***

0.4069
***

1.000



2.1099

0.7427

0.1148
**

0.3297
***

0.0457

-0.011

0.1412
***

0.0527

0.2919
***

-0.130
***

1.0000



19.5827

16.5258

0.4463
***

0.4580
***

0.2630
***

0.8711
***

0.5097
***

0.5277
***

0.3739
***

0.5670
***

-0.071

1.000



14.2451

6.8059

-0.296
***

-0.244
***

-0.401
***

-0.030

-0.175
***

-0.109
**

-0.292
***

0.0164

-0.025

0.0031

1.0000



1.1389

0.4001

0.4711
***

0.1072
**

0.3501
***

0.3343
***

0.5200
***

0.3348
***

0.3099
***

0.2992
***

-0.105
**

0.2763
***

-0.304
***























1.0000

Table 3. Diagnostics for Spatial Dependence
Panel A: Regional Granted Patents
2003

2010

Value

P-value

Mora’s I (patents)

0.0796

Moran's I (error)

-1.1628

Lagrange Multiplier (lag)
Robust LM (lag)

2017

Value

P-value.

Value

P-value

0.0166

0.1706

0.0003

0.1535

0.0010

0.2449

-0.2375

0.8123

0.0157

0.9875

0.0011

0.9741

0.0056

0.9402

0.0198

0.8881

1.2504

0.2635

1.4823

0.2234

0.6843

0.4081

Lagrange Multiplier (error)

1.2985

0.2545

0.4848

0.4863

0.2982

0.5850

Robust LM (error)

2.5478

0.1105

1.9615

0.1614

0.9628

0.3265

Lagrange Multiplier (SARMA)

2.5489

0.2796

1.9671

0.3740

0.9826

0.6118

Value

P-value

Value

P-value.

Value

P-value

0.1431

0.0001

0.1823

0.0001

0.2288

0.0000

Moran's I (error)

4.2917

0.0000

-0.2095

0.8341

1.1757

0.2397

Lagrange Multiplier (lag)

10.9859

0.0009

0.0995

0.7524

1.0609

0.3030

Robust LM (lag)

7.7268

0.0054

0.0111

0.9162

1.5618

0.2114

Lagrange Multiplier (error)

3.2631

0.0708

0.4670

0.4944

0.0017

0.9671

Robust LM (error)

0.0040

0.9495

0.3786

0.5384

0.5026

0.4784

Lagrange Multiplier (SARMA)

10.9899

0.0014

0.4781

0.7874

1.5635

0.4576

Panel B: Regional New Product Sales
2003
Mora’s I (new product sales)

2010

2017
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Ⅴ. Empirical Results

advantage of China’s low labor costs. The correlation
coefficient between OFDI and IFDI is 0.7122, which
is very high. Additionally, the correlation between
IFDI and foreign presence is 0.8711, and the
correlation between R&D intensity and absorptive
capacity is 0.6159. Thus, there is a serious concern
of multicollinearity among these variables, so they
must not be included together in the same model.

The GMM regression results are reported in Table
4. The consistency of the GMM estimators asks for
valid instrument variables and the absence of secondorder serial correlation (Blundell & Bond, 1998).
We conduct the Hansen test for over-identifying
restriction and overall validity of the instrument
variables. The insignificant values of the Hansen
J-statistics in all models confirm that the overidentifying restrictions of instrument variables are

Table 4. GMM regression results

   

Model 1

Model 2

Model 3

Model 4

0.7883***
(66.2588)

0.7763***
(72.2849)

0.8073***
(46.2462)

0.8641***
(86.5504)

    


0.7182***
(8.0847)
0.7325***
(4.7719)




0.8072***
(10.8302)

1.4968***
(17.0672)

Model 6

Model 7

Model 8

0.6719***
(14.2957)

0.7471***
(36.2669)

0.6504***
(12.0455)

0.7207***
(20.1358)

0.0701***
(4.2146)
0.8048**
(4.7822)

2.3115***
(35.4217)

 

Model 5

0.2708***
(2.8945)
0.2995***
(3.0418)

0.6776***
(9.5018)

1.2142***
(50.5025)

0.0893***
(6.6622)
0.1948*
(1.7088)

0.2747***
(5.0827)
0.0730**
(0.9749)

0.2300**
(2.5657)



0.6548***
(5.0804)

1.6014***
(26.0323)

0.6451***
(4.3263)

1.1717***
(13.2000)

0.0736*
(1.8147)

0.1421***
(4.5693)

0.1115**
(2.5344)

0.1219***
(8.3857)



-0.520***
(-21.9616)

-0.443***
(-30.097)

-0.603***
(-31.469)

-0.519***
(-37.6186)

0.0397***
(3.4824)

0.0378*
(1.7472)

0.0004**
(0.1046)

0.0275*
(1.8629)



-0.526***
(-4.9218)

-0.290***
(-6.3510)

-0.645***
(-7.942)

-0.349***
(-9.3460)

0.0012
(0.0360)

0.0301
(0.8685)

0.0200
(0.5957)

0.0404
(1.1207)

 

-0.0391**
(-2.5173)



0.0651***
(11.1075)

0.0656***
(24.6631)

0.0637***
(12.3415)

0.0758***
(35.4407)

0.0054***
(4.6062)

0.0027***
(2.8793)

0.0032***
(3.5821)

0.0018**
(2.2689)

 

-0.5703**
(-2.4197)

0.8316***
(6.1690)

-0.3743*
(-1.8612)

1.3194***
(11.4732)

0.0577*
(0.8721)

-0.1015**
(-2.2786)

0.0723**
(1.2561)

-0.0507*
(-0.8057)

AR(1)

0.0076

0.0064

0.0068

0.0127

0.0028

0.0036

0.0061

0.0072

AR(2)

0.4051

0.3840

0.4917

0.3550

0.1942

0.9998

0.1538

0.8421

J-statistic

21.6622

21.8710

21.6772

21.3661

21.2398

23.5067

23.8998

24.4077

Prob.
(J-statistic)

0.4192

0.4191

0.4183

0.4982

0.4443

0.3736

0.2979

0.3262

Observations

390

390

390

390

390

390

390

390

Number of
regions

30

30

30

30

30

30

30

30
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-0.051***
(-3.9297)

0.0237***
(5.6710)

0.0202***
(5.1484)
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valid. In other words, our set of instruments, as a
group, are exogenous. The p-values of the test for
second-order autocorrelation 〔 AR(2)〕 also favors the
null hypothesis of no second-order autocorrelation.
These further support the use of system GMM for
our estimation.
There may be structural changes in the relationship
between variables during the period from 2003 to
2017. However, since no statistical program to check
for structural change provides for system GMM, it
is analyzed for sub samples from 2011 to 2017, with
the results for the whole period almost identical in
sign and significance of coefficients, which may be
inferred as having no structural changes during the
whole period. The results for the sub period are not
provided for page saving. We therefore focus our
discussion on coefficients’ signs and significance of
our model.
The coefficients of lagged innovation performance
(patents and new product sales) are positive and
significant at 1%, denoting a conditional divergence.
This suggests that provinces diverge to their own
state innovation performance, held for all of our
models. Economically, this result may well suggest
that current levels of innovation performance depend
on the past innovation performance in each region.
The empirical results show that the effects of
variables on the technological performance and the
product performance are similar, but the industrial
specialization and the foreign presence have different
results depending on kinds of innovation performance.
In all models, OFDI and IFDI are positive and
significant at 1%, therefore Hypothesis 1 and 2 are
supported. When the number of granted patents is
considered as the dependent variable, the coefficients
for the two variables are similar, but when new product
sales is taken as the dependent variable, the coefficients
for IFDI are higher than those for OFDI. This suggests
that IFDI contributes more to new product sales
(product innovation performance) than OFDI. Perhaps
the smaller coefficients of OFDI reflect the fact that
the history of China’s OFDI is shorter than that of
IFDI, apparently because it takes some time to mature
from investing abroad, commercialize the learning

and release the new products with enhanced innovation
capabilities. The study of Li et al. (2016) from 2003
to 2010 showed that OFDI had smaller coefficients
than IFDI in the technological performance models.
The reason for this, as they explained, is that not
all Chinese OFDI is market-seeking or strategic
asset-seeking (and might lead to more innovation).
However, with the drastic reduction in resource-seeking
OFDI since 2011, it is inferred that the impact of
OFDI and IFDI on technological innovation has
become similar.
In all our models except model 7, R&D intensity
(RDI) and absorptive capacity (ABS) are positive
and significant at 1%, therefore Hypothesis 3 and
4 are supported. In the technological innovation
performance model, the coefficients of R&D intensity
are much higher than those of absorptive capacity.
This suggests that R&D intensity affects innovation
performance directly while absorptive capacity affects
it indirectly. The coefficients for the two variables
are much larger in the technological innovation model
than the product innovation model. This suggests
that while R&D investment or securing R&D
personnel contributes directly to the increase in the
number of granted patents, it is not clear whether
these can be in commercial use and lead to new
product sales.
Industrial diversity is negative and significant at
1 % in the technology innovation models, while it
is insignificant in the product innovation model.
Therefore, Hypothesis 5 is not supported. On the
other hand, industrial specialization is negative and
significant at 1% in the technology innovation model
while it is positive and significant at 5% in the product
innovation model. This may suggest that industrial
specialization diminishes the number of patent grants
though it enhances the new product sales. Therefore,
Hypothesis 6 is supported partially.
The coefficients of technology purchase () are
positive and significant at 1% in all models except
in model 5, indicating that learning technology
through technology purchase contributes to innovation
performance. The coefficients of foreign presence
are negative and significant at 1% in the technology
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innovation models including OFDI variable, while
they are positive and significant at 1% in the product
innovation models including OFDI. This suggests
that competition between domestic and foreign
invested companies undermines the increase of the
number of patent grants (Li et al., 2016), while this
contributes to the increase in sales of new products.
It can be possibly inferred that fierce market competition
with foreign invested companies promotes the
development of new products by companies (Li et
al., 2014).
As with other research results (Li., et al., 2016;
Ouyang & Fu, 2012; Wang et al., 2016), GDP growth
has a significantly positive effect on innovation
performance in all models. Financial lending is
beneficial to technological innovation performance
under IFDI and has no statistical significance under
OFDI. The coefficients of development of financial
markets show different signs depending on the model.
This is quite different from what we expected.
According to the prior studies, the increase in domestic
credit has a positive impact on innovation performance
in the low financial development countries. China
has not fully developed its financial markets yet.

Ⅵ. Conclusion
Building a panel model using data from 30 provinces
and municipalities in China from 2003 to 2017, this
study investigates the impact of inward and outward
FDI on two kinds of regional innovation performance:
technological innovation performance; product
innovation performance. So far, there has been a
weak consensus on whether knowledge externalities
associated to OFDI and IFDI benefit the innovation
performance. Such inconclusiveness of the prior studies
may be attributed to flaws of variable measurement
and empirical methodology.
The first issue concerns measurement associated
to the proxy for IFDI. For example, if IFDI is measured
by indicators of the presence of foreign invested
84

companies such as the number of foreign invested
firms in each region or the proportion of employment
in foreign firms to the total employment of each
region, these proxies do not account for the actual
size of foreign capital (Ascani & Gagliardi, 2015).
The second concern regards the endogeneity between
the dependent variable and the independent variables.
Thus, in order to address the above mentioned
concerns effectively, we use the amount of IFDI and
OFDI to prevent problems arising from measurement,
and we employ system GMM to address the endogeneity
concerns as well.
As a whole, the results are similar for the two
kinds of innovation performance, but the industrial
specialization and the foreign presence have different
results depending on the kind of innovation performance.
OFDI and IFDI have positive and significant impacts
on both the innovation performances. Although OFDI
and IFDI have similar effects on technical innovation
performance, it is found that IFDI has a greater impact
on product innovation performance. The R & D
intensity and absorptive capacity have positive
impacts. In the technological innovation performance
model, the coefficient of the R & D intensity has
much higher value than that of the absorptive capacity.
On the other hand, industry specialization is negative
in the technology innovation performance model
while positive in the product innovation performance
model. Technology purchase and GDP growth have
positive impacts. The foreign presence has a negative
impact on the technology innovation performance,
while it has a positive impact on the product innovation.
The impacts of industrial diversification and domestic
credits of financial institutions are inconclusive.
With regard to the practical implications, our
findings suggest the following issues.
First, when new product sales is used as the
dependent variable, the regression coefficients for
statistically significant independent variables such as
OFDI, IFDI, R&D intensity, absorptive capacity, and
technology purchase have relatively lower value. This
suggests that these variables have less impact on
new product sales than they do on the number of
granted patents. In other words, these variables may
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directly influence the number of granted patents, but
they may not influence the new product sales directly.
The reason for this: not all patents are commercially
exploited, with some or probably many granted
patents failing to reach new product; even many of
the most commercially significant patents take
decades to come into the market (Sichelman, 2010).
Thus, the government and companies need to seek
ways to promote the commercialization of patents.
Second, domestic R&D investments are an important
prerequisite for valuable knowledge externalities
through OFDI or IFDI. This is supported by the fact
that the coefficients of R&D intensity are the largest.
In absolute terms, China’s R&D investment is 452
billion PPP dollars, making the second-largest country
in the world only behind the U.S.A. as of 2017, but
the ratio of R&D investment/GDP still remains at
th
the 13 place with 2.1286% (UNESCO Institute for
Statistics, 2019). Although China’s ranking for global
innovation index has risen a lot, its ranking for 2019
th
was at the 14 place. In order to improve the
innovation capabilities of China in the era of the
fourth industrial revolution, it should continue to
increase the R&D investment.
Third, absorptive capacity is a prerequisite for
being able to absorb new external knowledge. The
coefficients of absorptive capacity are positive and
significant. Although R&D system, such as centrality
of R&D in each company, is needed to improve
absorptive capacity, the development of human
capital is of even more importance (Pisano & Shih,
2009). To this end, China should continue to reform
its educational system changing the previous testoriented education model that inhibited creative and
critical thinking, rationally allocating educational
resources, promoting educational equity, and cultivating
many innovative, application-oriented, and compoundtype high-tech development talents.
Lastly, we can infer from the result that China’s
innovation performance is highly heterogeneous
between coastal areas and inland areas because, as
the result shows, regions with high economic growth
have good innovation performance and China’s
coastal areas have high economic growth and good

innovation performance. This situation can also be
confirmed in Figure 3 and Figure 4. Therefore the
Chinese government should take steps to bridge this
regional heterogeneity and ensure that innovation can
spill over to other regions. This will contribute to
improving China’s overall innovation performance.
This study is not without limitations and they are
described below:
First, as with Li et al. (2016), this study failed
to take account of the overseas destination and the
motivations of OFDI due to the data limitations.
Depending on these factors that were not considered
here, the results may vary. Perhaps OFDI flows to
developed countries may contribute to a higher levels
of reverse knowledge transfer than OFDI to developing
countries. Also, strategic asset seeking OFDI may
expect a higher level of the reverse knowledge transfer
than resource seeking OFDI. Second, this study
considered only high-tech industry in calculating the
industrial specialization and diversification index,
because of the data limitations. Expanding the scope
of the industry would result in different values of
the indices, and so our empirical results would be
changed accordingly.
Finally, future studies might well examine the
following issues:
First, as China becomes decentralized, there is
intense competition among local governments to
attract IFDI. Infrastructure-building, and partnership
with firms may be different depending on local
governments. Therefore, future studies will need to
consider the role of local governments.
Second, we conducted this study on a basis of
province without considering cities within a single
province or all the cities in China. The result showed
that there was no spatial dependence in the analysis
models or in the dependent variable, that is, the
number of patents or new product sales of each subject
province. The spatial dependency may be shown by
examining cities within a single province instead of
examining the provinces of China. Therefore, it is
suggested that to check the spatial dependency, further
studies examine innovation performance of cities
within a single province.
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