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Abstract
This paper employs a structural innovation model to study the effects of relatedness on the process of indigenous innovation in China. Specifically, I rely on a
measure of product relatedness to proxy for interconnections among co-located
firms to study the effects of relatedness on firm’s innovation investments, innovation output and productivity, respectively. The results show that relatedness
helps to promote indigenous innovation in China, although the effects are heterogenous across different types of firms and at different stages of the innovation
process. An identification s trategy i s f urther d eveloped t o b etter i dentify the
effects of relatedness by exploiting the arguably exogenous changes in China’s
ownership restrictions. The results reveal that FDI liberalization is more successful
at promoting innovation, especially in areas that have higher pre-existing levels of
relatedness. A key implication is that as industries are allowed to open up to outside investments, the benefits of new incoming foreign knowledge and expertise
are more easily shared in areas with a denser network of related industries. Such
benefits include, but are not limited to, helping firms to recombine knowledge
from related industries to bring forth proprietary ideas, processes or concepts.
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1. Introduction
Innovation is noted as being at the heart of economic growth, and is essential
for firms to maintain a competitive advantage in the market and to achieve longterm success (Schumpeter, 1934). At the same time, innovation is inherently risky.
In models of active learning, for instance, high levels of risk get embedded into
the innovation process as firms make successive investments in the innovative
search process (Nelson and Winter, 1982; Ericson and Pakes, 1995). To reduce
innovation risk, firms therefore have an incentive to commercialize new ideas and
knowledge by seeking out a diverse set of nearby external actors and information
sources.
In the agglomeration literature, theory predicts that areas with a higher concentration of people and firms are more conducive to creating a dynamic environment
that gives rise to geographically-localized spillovers (Duranton and Puga, 2004).
Firms with better access to such spillovers are expected to benefit from their
co-location due to positive externalities, such as knowledge spillovers, that can
enhance innovation. In line with theoretical expectations, early empirical work
confirms that firms’ innovation performance is higher in clusters in the U.S.
context (Audretsch and Feldman, 1996). Subsequent studies also observe a positive relationship between agglomeration and innovation across different country
contexts (De Beule and Van Beveren, 2012; Zhang, 2015).
Most existing agglomeration-innovation studies, however, typically link the
effects of externalities to only one aspect of innovation, e.g. either innovation
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inputs or innovation outputs. This is not ideal, however, as models of active
learning view innovation as a process; and it is possible and likely that the
effects of externalities may be heterogenous across different phases of innovation
(Ghemawat and Spence, 1985), as well as across different types of firms (Rigby
and Brown, 2015). Such heterogenous effects across firms, for instance, in the
early stages of the innovation process is likely to have important implications for
their innovation performance outcomes in the later stages of innovation.
In a related body of literature, a growing number of micro-econometric innovation studies adopt a structural innovation framework, originally introduced in
Crépon et al. (1998) (referred to as CDM, hereafter), that is capable of studying
the entire process of innovation. The CDM framework essentially combines early
and later stages of innovation, linking the effects of firm’s innovation inputs to
its innovation output, and in turn, studying the effects of that innovation output
on the firm’s productivity3 . Despite conceptualizing innovation as a process,
most CDM studies ignore the potential role of externalities, therefore it is not
well-known how externalities influence different types of firms at different stages
of the innovation process.
Drawing on the aforementioned studies, this paper incorporates a regional
dimension into the CDM framework, capable of studying the effects of local
externalities across multiple stages of the indigenous innovation process in China.
For the purposes of this paper, the product relatedness measure introduced in
3 For

an overview of the CDM literature over the past 20 years, see the special issue introduced
in Lööf et al. (2017).
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Hidalgo et al. (2007) is used to proxy for interconnections between firms within
Chinese prefectural cities, capturing potential spillovers that are expected to take
place between co-located firms in similar, but different industries. The proxy is
included in each stage of the CDM model to study the effects of relatedness on
firms’ innovation investments, innovation output, and productivity, respectively.
The structural innovation model employed in this paper has become popular
in the literature due to its advantages over other approaches. Specifically, it
corrects for the undesirable effects produced by selectivity and simultaneity bias
(Lööf and Heshmati, 2006). In addition, the structural model is parsimonious
and empirically tractable (Griffith et al., 2006). It is acknowledged upfront,
however, that it is difficult to identify the effects of the relatedness measure due
to endogeneity concerns related to reverse causation. To deal with this issue, I
develop a novel identification strategy that exploits changes in national policies
on ownership restrictions, arguably an exogenous shock, to better identify the
effects of relatedness at the different stages of innovation before and after FDI
liberalization.
China offers an ideal context to study the role of externalities on innovation.
The Chinese government’s attempts to reshape its economic geography is noted
as one of the salient drivers behind its innovation and economic success. Existing
studies, for instance, show that agglomeration has led to positive effects on firms’
economic performance (Lu and Tao, 2009) and innovation performance (Zhang,
2015). Moreover, existing work finds a positive relationship between relatedness
and the productivity of Chinese firms (Howell et al., 2016), although how the
4
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heterogeneous effects of relatedness influences different aspects of the innovation
process has not been considered in China, or elsewhere, at least to the author’s
knowledge.
A key contribution of this paper therefore is to study the effects of industry relatedness at different stages of the innovation process and what are the
implications for firms’ productivity. A second contribution is the consideration
given to studying the heterogenous effects of relatedness across different types of
firms and different stages of the innovation process. Finally, this paper makes a
third contribution by developing a novel identification strategy to more robustly
estimate the effects of relatedness across each stage of the structural innovation
model by taking advantage of China’s ongoing process of internationalization
and opening-up.
The organization structure of this paper is as follows. The next section introduces the literature review of the innovation and relatedness studies, followed
by a brief discussion about the Chinese context. Section 3 introduces the empirical strategy and variable development and Section 4 describes the econometric
specification and identification issues. Section 5 presents the main findings and
Section 6 concludes.

2. Literature Review
2.1. Innovation: Micro-Perspectives
In the micro-empirical innovation literature, three dominant strands of research
have emerged focusing on some aspect of the innovation process. The first strand
5
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of research is built on the early work by Griliches (1958), who explores the direct
linkages between innovation and firm performance. The second strand stems from
the seminal paper written by Pakes and Griliches (1980), who ascribe a positive
association between innovative inputs and innovative outputs, e.g. the knowledge
production function.
In the third strand, Crépon et al. (1998) extend the knowledge production
framework, embedding it into a recursive system of equations that links the
knowledge production function to firm performance. Based on their structural
innovation model, the authors show that the firm’s decision to invest in innovation
increases innovation output, which in turn, increases productivity. Subsequent
studies that adopt a similar CDM approach generally confirm that a virtuous
relationship exists between innovation inputs, innovation output, and firm productivity in both developed country contexts (Griffith et al., 2006; Benavente, 2006)
and developing country contexts (Jefferson et al., 2006; Benavente, 2006; Aw et al.,
2011; Crespi and Zuniga, 2012).
Some CDM studies applied to developing country contexts, however, find there
is considerable heterogeneity in the ability of firms to convert innovation inputs
into innovation output (Crespi and Zuniga, 2012). In Chile, for instance, higher
levels of innovation investment are not found to increase innovation output for
certain types of firms (Benavente, 2006). Despite the growing number of studies
that rely on a structural innovation framework, most existing CDM studies tend
to ignore the potential effects of local externalities on the innovation process. An
important exception is Antonietti and Cainelli (2011), who invoke the CDM model
6
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to study the role of externalities on firm innovation in Italy. The authors generally
find a positive effect of externalities, although they do not take into account
potential heterogenous effects at different stages of the innovation process.
2.2. Agglomeration and Innovation
The importance of local externalities for innovation is based, in part, on the
prevalent view that spillovers are spatially bounded due to the ‘tacit‘ nature
of knowledge (Audretsch and Feldman, 1996). The early literature tends to
distinguish between two types of spillovers: intra-industry spillovers that arise
due to specialization and inter-industry spillovers that arise due to diversity. A
number of empirical studies exist that attempt to study the effects of different
type of externalities on innovation, as well as, productivity4 .
In the U.S. context, for instance, Feldman and Audretsch (1999) show that
innovation performance increases in areas with higher local diversity, but decreases in areas with higher specialization. In Belgian, by contrast, De Beule and
Van Beveren (2012) find that specialization has a positive effect on innovation
performance of Belgian firms. In the Chinese context, Zhang (2015) show that
Chinese firms’ innovation performance is higher in larger and more diverse cities.
While the existing aforementioned studies offer some important insights into
the agglomeration-innovation relationship, they tend to rely solely on geographical
proximity to capture externalities. This is not ideal based on more recent work
that emphasizes the importance of additional dimensions of proximity as being
4

See Arauzo-Carod et al. (2010) for a recent review of the literature.
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important pre-conditions for spillovers to take place. Boschma (2005), for instance,
claim that due to the tacit and cumulative nature of knowledge, it is difficult for
firms to learn from each other and replicate each others’ routines unless they
share close proximity on various dimensions, including cognitive, social and
technological, in addition to geographical.
This emphasis on relatedness builds on the idea of diversity championed by
Jacobs (1969) who argues that firms will be more successful innovators given
they have greater access to a more diverse stock of localized knowledge sources.
Frenken et al. (2007) advance the notion of diversity by developing an empirical
framework to explore the relationship between relatedness (related variety and
unrelated variety) and regional growth. Their empirical findings support the
relatedness hypothesis, showing that higher local industrial relatedness is positively linked to regional growth. Building on relatedness-growth studies, Castaldi
et al. (2015) study the effects of relatedness on innovation, and find that higher
relatedness is positively associated with regional patenting outcomes.
The positive observed relationship between relatedness and innovation at the
regional level is expected to be driven by benefits that accrue at the firm level
(Duranton and Puga, 2004). That is, firms are expected to benefit from relatedness
due, in part, to externalities that arise due to their better access to goods, people
and ideas (Marshall, 1920). Since the benefits of externalities are micro in nature,
it is possible and likely that relatedness will influence different types of firms
differently.
As shown in previous studies, for instance, not all spatially proximate rely on
8
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and benefit from externalities to the same extent (Rigby and Brown, 2015). This is
because firms have a different set of incentives and abilities from which to draw
upon to obtain market competitiveness that can influence to what extent they rely
on externalities. These anticipated heterogeneous effects draw from a capabilities
perspective, whereby firms that have a larger bundle of internal resources are
expected to be better positioned to capture and benefit from external sources of
knowledge (Cohen and Levinthal, 1989).
The effects of relatedness may vary not only across different types of firms, but
also across different stages of the firm’s innovation process. Based on the existing
aforementioned studies, it is plausible to expect that externalities will enhance
innovation outputs; however, their effects on earlier stages of innovation, e.g.
innovation investments, is somewhat ambiguous. On the one hand, externalities
may serve to compliment in-house innovation investments (crowding-in effect), or
on the other hand, serve as a substitute (crowding-out effect). The latter outcome
is possible since the firm knows that any new knowledge produced will itself be
subject to leakages5 .
Developing a successful search strategy therefore enables a firm to possibly
extend the depth of its innovation by using the external knowledge inputs to
compliment its own in-house innovation investments or reduce its innovation
risks and sunk costs by using the external knowledge inputs as a substitute
5 Ghemawat

and Spence (1985) was the first to caution that as a greater stock of knowledge
generated external to the firm becomes freely available, the firm may avoid investing in learning
opportunities, like in-house R&D, as a cost-saving strategy.
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for those investments. While a crowding-in effect is expected to boost firms’
subsequent innovation outcomes, a crowding-out effect can have the opposite
effect, potentially stifling the firm’s innovation capabilities. This undesirable effect
could, in turn, result in shallower innovation outcomes as a result of cannibalizing
some of the firm benefits that would otherwise be generated as part of the
traditional learning-by-doing process.
2.3. China’s Internationalization and Opening-Up
Following its entry into the World Trade Organization (WTO) in 2001, the Chinese government began in earnest lifting the restrictions on ownership structures
governing FDI to comply with WTO membership rules. The resulting FDI liberalization effectively encouraged foreign capital inflows into an increasing number
of industries. Driven by its ongoing liberalization and market-access-in-exchange
for foreign technology policies, China quickly rose to become the number one
FDI-receiving country worldwide. In theory, access to foreign technologies is
a key mechanism to improve the innovation capabilities of firms in developing
economies, which are often technological laggards compared to foreign multinational corporations (Lall, 1992). Specifically, inward FDI can induce indirect
and direct effects that arise from the unintentional transmission and intentional
transfer of capital, knowledge and managerial expertise (Görg and Strobl, 2001).
In general, empirical studies confirm theoretical expectations, finding that
the large amount of incoming FDI led to net positive effects on Chinese firms’
innovation capabilities and overall economic performance (Buckley et al., 2002;
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Cheung and Lin, 2004; Fu et al., 2011). At the individual firm-level, however,
some studies show that the direct effects of FDI fails to boost innovation spending
(Fan and Hu, 2007), primarily due to the issue of leakages. That is, foreign
multinationals refrain from pursuing extra indigenous innovation efforts in China
primarily because the available mechanisms to protect new knowledge are weak.

3. Empirical Strategy
3.1. Data
The main datasource comes from the Annual Report of Industrial Firms (ASIF)
from 2001-2007. The ASIF data includes key firm-level information related to firm’s
location, industry, innovation investments, new innovation sales, productivity, and
so forth, for all Chinese firms that earn at least 5 million RMB (approx. $670,000).
A panel is created by using information on the firm’s name, industry, and address
is relied on to assign unique numerical IDs. More than 95% of all year-to-year
matches are constructed using firm IDs, while the rest of the matches rely on
other information of the firm.
Despite its many advantages, the ASIF data also suffer from a number of
problems, including missing information and the presence of negative values
for some key variables. As in Brandt et al. (2012), these issues are dealt with
by dropping observations that report missing or negative values for any of the
following variables: total sales, total revenue, total employment, and fixed capital.
Moreover, only manufacturing firms with at least eight employees are kept in
the sample. As focus of the study is placed on understanding how industry
11
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relatedness influences China’s indigenous innovation process, the sample of firms
is restricted to ones where the majority shareholder is a Chinese state or private
entity.
Approximately 33% of Chinese firms report information in only one year. To
remove potential selection bias of these firms that enter and leave in the same time
period, only firms that report information for at least two or more consecutive
years are kept in the sample. After following this cleaning procedure, the sample
includes nearly 170,000 domestic Chinese firms.
3.2. Dependent Variables
As in the original CDM model, the ratio of R&D expenditures to the firm’s
total sales revenue is used to measure the firm’s innovation investment intensity,
and firms’ patents are used to measure firm innovation output performance.
The patent information is obtained from SIPO and is merged to the ASIF data
by matching the patent assignee names in SIPO with firm names in ASIF. The
matching procedure is carried out in five steps: extraction of patent data from
SIPO, preparing the list of ASIF firm names, implementation of a set of preprocessing routines to clean and standardize names in SIPO and ASIF, applying a
matching algorithm, and finally a manual check. Based on the matching procedure,
55% of the patents in SIPO are matched to firms contained in the ASIF data.
The number of invention patents is used to proxy for firms’ innovation performance. Relative to other types of patents that could be used as a proxy (e.g.
utility or design), invention patents provide more accurate portrayal of the firm’s

12

Industry Relatedness, FDI Liberalization and Indigenous Innovation
ability to develop new proprietary knowledge. In order to be approved for an
invention patent, the application must contain a new and useful idea that includes
a new process, improvement or concept in the related field. In contrast, the other
patent types require far fewer requirements in terms of the new idea’s novelty
and technical merit.
There are a number of limitations with only using patents as the sole indicator
for innovation performance, however. For instance, not all patents meet the
SIPO criteria for patentability and not all inventors seek to patent and instead
rely on alternative means to appropriate value from their inventions (Jaffe and
Trajtenberg, 2002). Moreover, another shortcoming of relying on patents to proxy
for firm innovation, especially in transitioning economies, is that relatively few
firms actually patent, but may nevertheless participate in more imitative practices
that are not patentable but still rely on the existence of external knowledge inputs.
For this reason, the share of new product and process (innovation) sales,
measured as the ratio of sales from new products and processes to the firm’s total
sales revenues, is used as an additional proxy for firms’ innovation output. The
new innovation sales of a firm is advantageous in that it shows how successful
firms are converting new innovations, broadly defined, into commercial success.
According to the NBS, the new innovation sales variable includes new products
produced with new technology and new design, products that represent noticeable
improvement in the product or process, or the product is produced for the first
time at least within the province. Thus, the new innovation sales proxy entails
a broader concept of innovation, capturing adaptive and incremental types of
13
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innovation that include revenue streams that stem from the adoption of external
technology developed by other firms in different regions.
Finally, total factor productivity (TFP) is used to measure firm productivity. To
correct for simultaneity and endogeneity issues, TFP estimates for Chinese firms
are derived using the Ackerberg et al. (2015) approach (ACF), and is separately
estimated for each 2-digit industry. The ACF method relies on using intermediate
inputs to proxy for unobserved productivity instead of investments as in the
earlier approach introduced by Olley and Pakes (1996). Moreover, the ACF
approach allows fixed effects to take into account firms’ (unmeasured) productivity
advantages that persist over time and uses a two-step estimation method that
does not attempt to identify any production parameters in the first stage. The
construction of additional variables required to estimate TFP, e.g. firm’s value
added, capital stock and investment, follows closely the outline in Brandt et al.
(2012).
Table 1 shows the changes in the main dependent variables between the
2001 and 2007 time period (See Appendix A for a description of variables and
their correlation coefficients). The share of R&D performing firms decreased
over the time period, which is due to the entry of a large number of non-R&D
performing firms, while the average R&D intensity increased by nearly 90%.
Firms’ innovation output and economic performance also increased over the time
period. The average number of invention patents and innovation sales intensity
increased by 14.4% and 26.1%, respectively, and TFP increased by 13.9%.
Figure 1 plots the bivariate relationships over time between innovation inputs
14
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and innovation output, as well as between innovation output and productivity.
The top panels show that R&D performing versus non-R&D performing firms
exhibit higher innovation performance as indicated by the higher average number
of patents and new innovation sales during the time period. Interestingly, the
innovation performance of non-R&D performing firms also increases during the
time period, hinting at a possible de-coupling between innovation inputs and
outputs first discussed in Hu and Jefferson (2009).
Moreover, patenting firms exhibit higher economic performance compared
to their non-patenting counterparts. Similarly, firms with positive new innovation sales also outperform their counterparts without any new innovations ales,
although the gap in economic performance narrows sharply in later years. One
potential explanation for the observed convergence is that the returns to more
incremental types of innovation captured by the new innovation sales proxy is
limited and diminishing over time in China. In contrast, firms that develop proprietary knowledge and know-how internally are better able to sustain higher
efficiency gains relative to their counterparts that do not.

Please insert Figure 1 here, approximately

3.3. Measuring Local Industrial Relatedness
According to Porter (2000), a cluster is defined as a geographically proximate
group of related or inter-connected companies in a particular field. While the con-
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cept of interconnectedness is intuitively straightforward, it is difficult to measure
empirically since the requisite information on how firms specifically interact with
each other is not available in large-scale statistical databases. As a second-best
alternative, product relatedness measure developed in Hidalgo et al. (2007) is
adapted to measure interconnections between co-located firms (See Appendix B
for the calculation of the product relatedness measure).
In their paper, Hidalgo et al. (2007) introduce a co-occurrence measure of
interconnectedness by building a ‘proximity’ matrix for all four-digit Standard
International Trade Classification (SITC) products. Specifically, the proximity
or relatedness between any two products is calculated based on the conditional
probability that any two products are co-exported by the same country. The main
intuition behind the proximity measure is that a country is more likely to export
two goods with higher proximity given that those same two goods require the
same combination of inputs, endowments or capabilities to produce.
It follows that firms and industries that produce products with a higher
proximity are more likely to interact with one another in various ways, e.g.
reliance on similar inputs, similar technologies and research and development,
and even the same supply or marketing facilities. In this case, industries that share
higher proximity in the Hidalgo sense are likely to be more interconnected in the
Porter sense through skills, technologies, and other common inputs. As a result,
the proximity measure serves as a suitable proxy to measure how interconnected
or related industries and their participating firms are within a specific region.
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4. Econometric Strategy
Following in the spirit of Crépon et al. (1998), an augmented structural innovation framework is used to estimate a set of recursive equations simultaneously in
order to study the effects of relatedness on the process of indigenous innovation
in China. The original CDM model is implemented in three stages that consist of
four equations. Equations (i) and (ii) relate to the firm’s innovation effort, that
is whether or not a firm invests in R&D and the intensity of that investment.
Equation (3) links firm’s R&D intensity to its innovation output, e.g. the knowledge production function, and Equation (iv) links firm’s innovation output to its
productivity.
4.1. R&D Equations
The R&D intensity of the firm is observed if, and only if, it invests in R&D. To
deal with the selection effects, a sample selection model is applied following the
approach in Wooldridge (1995). In the first equation, the likelihood that a firm
invests in R&D is estimated with a random effects probit model. The random
effects structure assume that the errors are not correlated with the regressors, an
unrealistic assumption in this case. To address this issue, the Mundlak specification is used by including a vector of means of the time-varying regressors as
control variables to allow for some correlation between the random effects and
the regressors.
In the second equation, R&D intensity is estimated using Wooldridge’s (1995)
consistent estimator. That is, a pooled OLS model is estimated including T inverse
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mills ratios (interacted with time dummies), which are obtained from estimating
T probit models. Inverse mills ratio is used in the second equation, thus it is
required to find an exogenous variable to satisfy the exclusion restriction. As in
the existing studies (Crespi and Zuniga, 2012), the firm’s size is used to satisfy the
exclusion restriction. That is, the firm’s size is expected to influence its decision to
invest in innovation, but it does not affect the intensity of that investment.
The R&D equations are defined as follows:

git = αd1 dit∗ −1 + γ1 ωic + β 1 Xit−1 + ui1

(1)

k it = αd2 dit∗ −1 + γ2 ωic + β 2 Xit−1 + ui2

(2)

and

where gi and k i respectively correspond to the firm’s decision to invest in R&D
and the R&D intensity. dit∗ refers to estimates of the firm’s incoming foreign direct
investments, a proxy for its access to foreign technical expertise and knowledge,
corrected for selection bias (See Appendix C for a detailed discussion of the
estimation strategy), and αd is the corresponding parameter to be estimated. ωitc
refers to the initial values of the density measure introduced in Hidalgo et al
(2007), capturing product relatedness across each city c, and γ is the corresponding
parameter to be estimated. Xit is a vector of firm and industry controls, and β is
the corresponding parameter to be estimated. Marginal normality is assumed for
u0 and a linear conditional mean assumption for u1 .
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4.2. Innovation performance
In the next step, the firm’s knowledge production function is estimated, expressed as:

pit = αk k∗it−1 + γ3 ωic + β 3 Xit−1 + ui3

(3)

where pit correspond to the logged number of firm’s patents or the firm’s
new product and process sales intensity. k∗it−1 is the predicted values for R&D
obtained above, lagged by one time period to take into account that it takes time
for firms to convert innovation inputs into innovation outputs. The remaining
other variables and parameters have the same interpretation as above.
4.3. Productivity
In the final stage, the production function links firm’s productivity to its
innovation output, expressed as:

qit = α p pit∗ −1 + γ4 ωic + β 4 Xit−1 + ui4

(4)

where qit is the firm’s TFP estimated by either the OP method or the ACF
method. pit∗ and is the predicted values for innovation output intensity obtained
from above lagged by one time period to take into account the time needed for
firms to benefit in terms of efficiency from their new innovations. The remaining
other variables and parameters have the same interpretation as above.
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4.4. Control Variables
In general, the same set of firm and industry control variables (Xit ) are used in
each of the above equations. Following the literature as closely as possible, the
firm controls include: size, capital intensity, sales growth and ownership type.
Controlling for capital intensity ensures that the innovation effect is not picking
up a capital accumulation effect through process innovation. Firm ownership is
important since state-owned enterprises are more concerned with carrying out
the mandate of the state, while privately-owned enterprises are more concerned
with achieving market competitiveness. In addition, average industry innovation
and average industry sales growth are also included as controls to respectively
take into account the pace of the industry and market competition. Note that
location quotients (LQ) are also included as a control variable as a proxy for localization economies or intra-industry spillovers expected to arise due to industry
specialization.
4.5. Estimation Issues
Selection, simultaneity and endogeneity make it extremely difficult to untangle
the complex set of relationships between firms’ innovation efforts, innovation
output and productivity. The selection issue arises since not all firms are equally
likely to invest in innovation. The simultaneity issue arises when firms make
current decisions on these variables in part based on expectations of the effects
of undertaking complementary activities. Sample selection models are used to
reduce selection issues, and a multi-equation system estimated by asymptotic
20
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least squares (ALS) is employed to take into account the simultaneity issue.
This system of equations is similar to indirect least squares, and consists of
estimating several equations individually in a way that best fits the data. In
the present case, that is by employing Wooldridge’s (1995) consistent estimator
approach for FDI and R&D, respectively, and OLS equations for innovation
output and productivity, which is capable of controlling for endogeneity in the
relationship of the equations. Next, different specifications are estimated in their
reduced forms, that is, without endogenous variables, and then the parameters of
the structural system are re-estimated.
Note that ALS is advantageous over alternative estimators, i.e GMM or 2SLS,
in terms of both higher efficiency and lower computational costs, especially in
the case of large samples which is the case here. Moreover, maximum likelihood
would be impractical due to the non-closed form of the joint distribution, while
ALS can be easily generalized to complex systems, which could include limited
dependent variables as in the case here, in a tractable manner. Finally, ALS
imposes restrictions between the equations that, together with the nonlinearity
functional form, help to identify exogenous variations.
4.6. Robustness Check
The inclusion of the relatedness measure adds additional estimation concerns,
which makes it difficult to interpret the effects of the density measure. First is an
inference issue related to serial correlation in the error term across years within a
city. To deal with this issue, I use robust standard errors clustered at the city level
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to adjust for the potential correlation of errors between firms found in the same
region for each estimation. To help reduce endogeneity concerns, region-year, and
industry-year fixed effects are included in the estimation to remove time-invariant
features across different cities, industries and time.
A potentially more serious endogeneity concern relates to reverse causation
bias. In particular, firms’ sorting behavior is potentially a key source of bias. If
more productive firms self-select into more agglomerated regions, it is difficult
to distinguish true externalities from self-selection effects (Combes et al., 2012).
Such bias is likely to be small or non-existent in China since mobility restrictions
imposed by the Hukou system limit the ability of workers (and firms) from
engaging in multi-site optimization (Au and Henderson, 2006).
Nevertheless, the relaxation of such mobility restrictions in China has intensified since the turn of the century. To help mitigate this concern, initial values of
the Density variable enter into the model, which may help reduce the problem
of unobserved local productivity shocks if the shocks that are relevant to current
productivity are relatively recent. Of course, this will not necessarily solve the
key identification problem if spatial sorting is shaped by more distant historical
mobility patterns.
Therefore, as a robustness check, I develop an identification strategy to better
identify the effects of relatedness by exploiting the arguably exogenous changes
in China’s FDI encouragement policy. The exogeneity assumption is based on
the idea that changes in national policies on ownership regulations are arguably
exogenous to industry and regional variables since the changes in China’s FDI
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policies depend largely on the central government’s decisions and membership
rules defined by the WTO regarding FDI investments. After creating an FDI
encouragement proxy, an interaction term is created with the Density measure
in order to explore the effects of relatedness across the innovation process before
and after FDI liberalization periods (See appendix D for a discussion of the how
the FDI encouragement proxy is developed). The interpretation of the interaction
term is analogous to a difference-in-differences estimator.

5. Main Results
Table 2 reports the results for the firms’ innovation effort. Columns (1)-(2) refer
to the firm’s decision to invest in R&D, and Columns (3)-(4) refer to the firm’s
R&D intensity. Columns (1) and (3) include only the firm-level characteristics,
and industry and geographical variables are added in Columns (2) and (4). Note
that the density measure and LQ measure are both standardized for comparison
purposes.
(Insert Table 2 Approximately Here)
The results reveal that FDI intensity decreases the likelihood of investing in
R&D, as well as reduces the amount of R&D spending given the decision to invest
has already been made. In support of earlier findings (Fan and Hu, 2007), this
result is most likely driven by the reluctance of foreign multinationals to invest in
R&D due to weak intellectual property rights. The results also show that firms
that are larger, privately-owned and more capital intensive are more likely to
invest in innovation. Moreover, firms are more likely to invest in innovation,
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and invest more intensively, if they are in industries that are respectively more
competitive, more specialized, and faster paced.
The positive, statistically significant coefficients on density indicate that higher
industry relatedness is positively associated with firms’ innovation efforts (both
the probability and intensity of R&D). Comparing the size of coefficients on
density and LQ reveals that the spillovers expected to take place in areas with
higher local industrial relatedness have stronger effects on firms’ innovation
efforts compared to localization economies. One explanation for this finding is
that spillovers expected to take place between related industries better promote
the genuine transfer of new knowledge and ideas that require additional R&D to
curtail that new information to better fit the needs of the firm’s own particular
industry. By contrast, it is often difficult for firms in the same industry to learn
anything new from each other due to excessive cognitive or technological overlap,
which can lead to a cognitive ’lock-in’ process that stifles innovation (Nooteboom,
2000).
Table 3 reports the results from the firm’s knowledge production function.
Two different proxies are used to measure firm’s innovation output: number of
invention patents and share of new product and process (innovation) sales. The
patenting results are reported in Columns (1)-(2), while Columns (3)-(4) reports
the results for the share of new innovation sales.
(Insert Table 3 Approximately Here)
The firm’s R&D intensity and FDI intensity are both respectively positive and
statistically significant across each specification irrespective of which innovation
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performance indicator is used. Further comparisons of the size of the coefficients
show that the effect of FDI in Columns (1) and (2) is insignificant in an economic
sense, especially when compared to firm’s own in-house R&D spending. In
Columns (3) and (4), by contrast, the coefficient on FDI intensity is larger than the
one on firm’s R&D intensity. One explanation for these findings is that foreign
companies focus more on transferring already existing external products and
processes to their Chinese counterparts6 , rather than on transferring new ideas
and know-how that are patentable.
In terms of the other control variables, firms that are privately owned, more
capital intensive, have higher sales growth and that are in industries that are more
competitive, more innovative, and more specialized, generate more patents and
higher share of new innovation sales, respectively. The effects of firm size and
firm age vary depending on the innovation performance indicator. Firms that are
larger and older have a higher number of patents, while it is smaller and younger
firms that have a higher share of new innovation sales. One explanation for this
finding is that firms need to be larger in size and more experienced to overcome
the higher costs associated with patenting new inventions, while firms that are
smaller and less experienced can more readily generate new innovation sales by
expropriating new products and processes from elsewhere.
The coefficients on Density enter into the model positively and statistically
significant irrespective of which innovation performance indicator is used. The
6

Such new products/processes, once sold, would be included as part of the sales revenues
included in the new product and process sales proxy.
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size of the coefficients on Density are larger compared to the ones on LQ in both
Columns (2) and (4), although the difference in size is quite trivial in Column (4).
The results indicate that relatedness plays an important role in offering solutions
to firms that help them to recombine knowledge from related industries to bring
forth new, proprietary ideas, processes or concepts that are patentable. Moreover,
relatedness (and localization economies) provide solutions that help firms to solve
commercialization of new innovations problems faced in related industries (and
within the same industry).
Table 4 reports the results from the firm’s production function where TFP
estimates derived from the ACF method are used to proxy for firm productivity.
Note that alternative estimates for TFP based on the OP method are also considered, but not reported due to their qualitatively similar findings. In Columns (1)
and (2), patenting outcomes are used to proxy for firm’s innovation output or
knowledge base, while the share of new product and process sales is used as an
alternate innovation output proxy in Columns (3) and (4).
(Insert Table 4 Approximately Here)
Across each specification, the coefficients on innovation output are positive
and statistically significant irrespective of which proxy is used, however, the size
of the coefficients on the new innovation sales proxy are small and negligible
in an economic sense. In other words, adopting a more incremental-type of
innovation strategy that relies in large part on expropriating already existing
products and processes has limited benefits for increasing the efficient allocation
of resources within the firm. Results on the other coefficients indicate that firms
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that are larger, privately owned, older, more capital intensive and have higher
sales growth exhibit higher productivity than their respective counterparts.
The coefficient on LQ is negative and statistically significant. In support of
previous studies (Yang, 2015), one explanation for this finding is that the net
benefits of localization economies arising from intra-industry spillovers do not
outweigh the negative externalities such as higher competition effects, among others. By contrast, the coefficient on Density is positive and statistically significant,
suggesting that relatedness offer solutions to firms that help them to solve process
or organizational problems faced in related industries, and that these benefits
from relatedness are, on net, productivity-enhancing.
5.1. Heterogenous Effects of Relatedness
Next, emphasis is placed on understanding how different types of firms rely
on and benefit from relatedness at different stages of the innovation process. FDI
has played an important role in helping to expand China’s innovation capabilities
(Cheung and Lin, 2004; Fu et al., 2011). Therefore, focus is placed on exploring
how the relationship between relatedness and firm’s innovation effort, and its
innovation output, is moderated by access to foreign knowledge and expertise,
and what are the implications for firm’s productivity. To do this, interaction terms
are created between the density measure and firm’s FDI in the R&D equations,
and the innovation output equations. Table 5 reports the results. Note that each
stage of the structural innovation model is estimated the same as before, including
the same set of controls and inclusion of direct effects, but are not reported due to
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their qualitatively similar results.
In Column (1) the negative and statistically significant coefficient on the
interaction term indicates that in areas with higher relatedness, the likelihood of
investing in R&D is significantly lower for firms that receive comparatively more
FDI. After the decision to invest in R&D has been made, however, the results in
Column (2) indicate that firms with comparatively higher amounts of FDI increase
the amount of their R&D expenditures given they are located in areas with higher
density. In Columns (3) and (4), the results from the interaction terms indicate that
firm’s with higher FDI are better equipped to acquire, adapt and convert spillovers
from related industries into new patentable inventions and new innovation sales,
respectively. These higher innovation outputs, measured by either patenting or
share of new innovation sales, of firms located in areas with higher density, in
turn, increase its overall productivity in Columns (5) and (6).
The results can be interpreted as follows. In the early stages of innovation,
given the decision to invest has already been made, receiving a larger amount
of FDI encourages firms in areas with higher density to rely on and incorporate
spillovers expected to arise from industry relatedness into their in-house R&D
efforts. One potential explanation of this finding is that more FDI intensive
firms rely on externalities in order to better adapt foreign technologies via higher
R&D activities to local applications. In the latter stages of innovation, firms
with a higher bundle of resources, in this case, access to foreign expertise and
knowledge, are better able to convert spillovers expected to arise from relatedness
into innovation outputs. In turn, firms with higher innovation outputs are better
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positioned to rely on relatedness to employ new technological advances and
improve the allocation of productive resources.
(Insert Table 5 Approximately Here)
5.2. Effects of Relatedness on Innovation Before and After FDI Liberalization
An identification strategy is developed to better interpret the effects of relatedness relying on the plausibly exogenous changes in China’s ownership restrictions.
The results are reported in Table 6. The coefficients on relatedness are positive
and statistically significant in each equation, in line with the baseline findings.
Moreover, the coefficients on the FDI encouragement proxy also enter in as positive and statistically significant in each equation, indicating that FDI liberalization
in China spurs the innovation process and boosts firm productivity.
The positive and statistically significant coefficients on the interaction term
further indicates that the success of FDI liberalization depends, in part, on the
pre-existing local industrial structure. That is, FDI liberalization policy is more
successful at promoting firms’ innovation efforts, output, and productivity, respectively, in areas that have denser networks of related industries. In other words,
the benefits of opening up to foreign investments are more easily shared across
related firms. Such benefits include helping firms to recombine new knowledge
into proprietary ideas, concepts or processes, to solve commercialization of new
innovations problems, and to solve process or organizational problems.
(Insert Table 5 Approximately Here)
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6. Conclusion
This paper adapted the original CDM model first introduced by Crépon et al.
(1998) to take into account the role of externalities on the innovation process
applied to the Chinese context. As in the existing CDM studies, this paper
finds that innovation inputs increase innovation output, which in turn, enhances
productivity of the firm. Departing from most existing CDM studies, this paper
incorporates a regional dimension. The main results reveal that the effects of
relatedness is positively related to each stage of the CDM model, spurring the
process of innovation and enhancing overall firm efficiency.
The effects of relatedness are found to be heterogeneous, however, both across
different types of firms and at different stages of innovation. In the early stages
of innovation, for instance, better access to foreign expertise and technologies
increase firms’ innovation efforts, but only in areas with denser networks of
related firms. As a result, these types of firms are also expected to exhibit higher
innovation output and productivity driven by their attempts to adapt foreign
technologies, via higher R&D spending, to local applications.
Finally, this paper designs a novel identification strategy to better identify the
effects of relatedness across the different stages of innovation by exploiting China’s
ongoing process of FDI liberalization. The findings suggest that as industries
are opened up to outside investments, the benefits of new incoming foreign
knowledge and expertise are more easily shared in areas with a denser network
of related industries. Such benefits include not only helping firms to recombine
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knowledge from related industries to bring forth new, proprietary ideas, processes
or concepts, but also the solutions provided to firms that help them to solve
process, organizational, or commercialization problems faced in related industries.
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Appendix A. Description of Main Variables
(Insert Table A3 Approximately Here)

(Insert Table A4 Approximately Here)
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Appendix B. Quantifying the Relatedness Measure
Following Hidalgo et al. (2007), φjk is a co-occurrence measure used to capture
“proximity" between industries, which is expressed as:

φjk = min( Prob( RCArj > 1| RCArk > 1), Prob( RCArk > 1| RCArj > 1))

(B.1)

where φjk represents the ‘product space.’ In this case, RCA is defined as location
quotients, and is measured as

Emprjt / ∑ j Emprjt
,
∑r Emprjt / ∑r ∑ j Emprjt

where Emprjt is the employment

in industry j in region r in year t. A higher φjk indicates a higher probability that
two industries that have local specialization are observed to co-agglomerate in
one region, and are therefore more likely to have higher relatedness with each
other.
The density measure, ω rj , is employed to quantify relatedness, which essentially
combines information on the intrinsic relatedness of a product with that of the
local pattern of specialization. It can be expressed as follows,

ω rj

∑k xkr φjk
=
∑k φjk

(B.2)

where ω rj is the density around industry j for region r. xkr = 1 if RCA > 1 and
0 otherwise.
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Appendix C. FDI Equations
The FDI equations are modeled in the same fashion as the R&D equations
based on the consistent estimator in Wooldridge (1995). The FDI equations are
defined as follows:
f it = β 00 Xit−1 + ui00

(C.1)

dit = β 01 Xit−1 + ui01

(C.2)

and

where f i and di respectively correspond to whether the firm received FDI and
the intensity of the investment. Xit is a vector of firm and industry controls, and
β is the corresponding parameter to be estimated. Marginal normality is assumed
for u0 and a linear conditional mean assumption for u1 .
Because the inverse mills ratio is used, it is required to find an exogenous
variable to satisfy the exclusion restriction for more robust estimation. As argued
by Blonigen (2005), securing a foothold in the domestic market is a key reason
why multinational corporations choose to make an overseas investment, although
market access is not necessarily related to the amount of that investment. For this
reason, domestic market access is used to satisfy the exclusion restriction. That is,
it is assumed that multinationals will make more overseas investments in level in
areas that have better access to the domestic market but not proportionally more
once the decision to invest abroad has been taken.
Access to domestic market is proxied by calculating the average transportation
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cost as a percentage of sales in the industry multiplied by the sum of population of
all other provinces weighted by the inverse of the distance between the provincial
capital and the city squared (Dist × trcost). The sum of population of all other
provinces weighted by the square of the inverse of their distance to a city gives
a measure of how centrally located the city is, while the average transportation
cost as a percentage of sales measures the bulkiness of the industry. Dist × trcost
therefore measures the access to the domestic market and thus the attractiveness
to FDI of the city-industry
Table A1 reports the results from the FDI equations. Columns (1)-(2) employ
the Mundlak specification to model whether or not a firm receives FDI, and
Columns (3)-(4) rely on Wooldridge’s (2005) consistent estimator to model the
firm’s FDI intensity. Only firm-level characteristics are included in Columns (1)
and (3), followed by the inclusion of industry variables in Columns (2) and (4).
The results reveal that better performing firms tend to be more likely to receive
FDI and receive a larger amount (conditioned on initially receiving FDI). That
is, Chinese firms that are younger, more capital intensive, and have higher sales
growth are more likely to attract FDI and attract more of it. Firms with better
domestic market access also have a higher probability of attracting FDI.
(Insert Table A1 Approximately Here)

Appendix D. FDI Encouragement Proxy
Following the same strategy as in Sheng and Yang (2016), a FDI encouragement
proxy is developed using information published in the Catalogue for the Guidance
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of Foreign Investment Industries. The catalogue classifies each industry into one
of three categories: “Encouraged,” “Restricted,” and “Prohibited." The category
“Encouraged” aims to lift foreign capital inflow restrictions following China’s
accession into the World Trade Organization. For encouraged industries, foreign
investors are given more freedom in choosing their ownership structures, and
enjoy various other benefits including preferable corporate tax rates, subsidized
land, and duty-free for imported inputs.
The listed industries are roughly the same as the classification in the China
Standard Industrial Classification (CSIC) at four digits, although it is possible that
each listed item could be possibly matched with multiple industries at the 4-digit
level. A systematic key word search is used to define industry coverage on the
basis that the listed item matches with the industry under CSIC(2002). During
the study period, the catalogue was revised four times, where the number of
“Encouraged” categories increased from 177 industries in 1997 to 263 by 2007.
The FDI encouragement proxy is developed by creating a dichotomous variable
that is coded one if an industry at the 4-digit level gets classified by the central
government as "encouraged," and a zero otherwise. An interaction term is then
created between the Density measure and the FDI encouragement proxy and is
included in each stage of the structural model. The interaction term tests whether
areas with higher pre-existing levels of industry relatedness enhance the different
stages of innovation prior to versus post FDI liberalization, and can be interpreted
as analogous with the DID estimator.
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Table 1: Summary Information: Dependent Variables
Full Sample of Indigenous Firms

Firm Innovation Effort
– Decision to Pursue R&D
– R&D Intensity
Firm Innovation Output
– Number of Invention Patents
– Innovation Sales Intensity
Firm Productivity
– TFP

2001

2007

% Change

13.06
0.008

9.65
0.015

-26.1
87.5

1.218
0.023

1.394
0.029

14.4
26.1

6.557

7.466

13.9

Table 2: Firm Innovation Effort
R&D Choice (0=No, 1=Yes)
Firm FDI Intensity∗
Firm Ownership (SOE=0, POE=1)
Firm Size
Firm Age
Firm Sales Growth
Firm Capital Intensity
Industry Sales Growth
Industry Average Innovation
LQ
Density
Industry-Year FE
City-Year FE
Num. obs.

R&D Intensity

(1)

(2)

(3)

(4)

−0.008∗∗∗
(0.002)
−0.024∗
(0.010)
0.353∗∗∗
(0.003)
0.092∗∗∗
(0.004)
0.041∗∗∗
(0.005)
0.340∗∗∗
(0.003)
...
...
...
...
...
...
...
...

−0.009∗∗∗
(0.002)
−0.025∗
(0.011)
0.357∗∗∗
(0.003)
0.088∗∗∗
(0.004)
0.037∗∗∗
(0.005)
0.338∗∗∗
(0.003)
0.018∗∗∗
(0.004)
0.007∗∗∗
(0.002)
0.012∗∗
(0.004)
0.020∗∗∗
(0.002)

−0.030∗∗∗
(0.004)
0.149∗∗∗
(0.013)
...
...
0.231∗∗∗
(0.014)
0.095∗∗∗
(0.009)
0.320∗∗∗
(0.012)
...
...
...
...
...
...
...
...

−0.027∗∗∗
(0.004)
0.144∗∗∗
(0.013)
...
...
0.222∗∗∗
(0.017)
0.097∗∗∗
(0.009)
0.341∗∗∗
(0.012)
0.011∗∗∗
(0.003)
0.004∗∗∗
(0.001)
0.021∗∗∗
(0.007)
0.034∗∗∗
(0.004)

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Notes: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Firms’ R&D equations are estimated following the approach in Wooldridge
(1995) that relies on a consistent estimator to address selection effects. Bootstrapped standard errors in parentheses and
clustered at city-prefecture level. All variables enter into the model lagged by one year. Columns (1)-(2) reports marginal
effects (at the means) for the probability of engaging in R&D. Means of the time-varying regressors are included as control
variables to allow for some correlation between the random effect and the regressors. Inverse Mills Ratio are interacted
with year dummies, and are significant at 1% confirming the inclusion of a selection equation. See Appendix A for a
description of variables.
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Table 3: Firm Innovation Performance
Number of Invention Patents
Firm FDI Intensity∗
Firm R&D Intensity∗
Firm Ownership (SOE=0, POE=1)
Firm Size
Firm Age
Firm Sales Growth
Firm Capital Intensity
Industry Sales Growth
Industry Average Innovation
LQ
Density
Industry-Year FE
City-Year FE
Num. obs.

Innovation Sales Intensity

(1)

(2)

(3)

(4)

0.010∗∗∗
(0.003)
0.163∗∗∗
(0.012)
0.061∗∗∗
(0.017)
0.348∗∗∗
(0.004)
0.007∗∗∗
(0.000)
0.084∗∗∗
(0.008)
0.198∗∗∗
(0.004)
...
...
...
...
...
...
...
...

0.011∗∗∗
(0.003)
0.162∗∗∗
(0.012)
0.063∗∗∗
(0.017)
0.353∗∗∗
(0.004)
0.007∗∗∗
(0.000)
0.077∗∗∗
(0.008)
0.201∗∗∗
(0.004)
0.039∗∗∗
(0.006)
0.024∗∗∗
(0.002)
0.015∗
(0.007)
0.030∗∗∗
(0.006)

0.043∗∗∗
(0.014)
0.029∗∗∗
(0.002)
0.080∗∗
(0.025)
0.107∗∗∗
(0.007)
−0.005∗∗∗
(0.001)
0.096∗∗∗
(0.015)
0.119∗∗∗
(0.008)
...
...
...
...
...
...
...
...

0.043∗∗∗
(0.014)
0.028∗∗∗
(0.002)
0.082∗∗
(0.025)
0.109∗∗∗
(0.007)
−0.005∗∗∗
(0.001)
0.099∗∗∗
(0.015)
0.115∗∗∗
(0.008)
0.019∗∗∗
(0.002)
0.032∗∗∗
(0.003)
0.024∗
(0.015)
0.025∗∗∗
(0.004)

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Notes: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Bootstrapped standard errors in parentheses and clustered at city-prefecture
level. All variables enter into the model lagged by one year. See Appendix A for a description of variables.
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Table 4: Firm Productivity
TFP
Firm Patents∗
Firm Innovation Sales∗
Firm Ownership (SOE=0, POE=1)
Firm Size
Firm Age
Firm Sales Growth
Firm Capital Intensity
Industry Sales Growth
Industry Average Innovation
LQ
Density
Industry-Year FE
City-Year FE
Num. obs.

(1)

(2)

(3)

(4)

0.040∗∗∗
(0.011)
...
...
0.100∗∗
(0.031)
0.375∗∗∗
(0.009)
0.013∗∗∗
(0.003)
0.412∗∗∗
(0.019)
0.353∗∗∗
(0.010)
...
...
...
...
...
...
...
...

0.043∗∗∗
(0.011)
...
...
0.097∗∗
(0.031)
0.377∗∗∗
(0.009)
0.014∗∗∗
(0.003)
0.409∗∗∗
(0.019)
0.355∗∗∗
(0.010)
0.011∗∗
(0.004)
0.003∗∗
(0.001)
−0.011∗
(0.038)
0.014∗∗∗
(0.003)

...
...
0.005∗∗∗
(0.001)
0.320∗∗∗
(0.006)
0.298∗∗∗
(0.002)
0.012∗∗∗
(0.001)
0.469∗∗∗
(0.003)
0.288∗∗∗
(0.002)
...
...
...
...
...
...
...
...

...
...
0.004∗∗∗
(0.001)
0.315∗∗∗
(0.006)
0.301∗∗∗
(0.002)
0.012∗∗∗
(0.001)
0.460∗∗∗
(0.003)
0.293∗∗∗
(0.002)
0.018∗∗∗
(0.003)
0.008∗∗∗
(0.001)
−0.014∗∗∗
(0.006)
0.019∗∗∗
(0.003)

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Notes: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Bootstrapped standard errors in parentheses and clustered at city-prefecture
level. All variables enter into the model lagged by one year. See Appendix A for a description of variables.

Table 5: Relatedness, Firm heterogeneity, and the Indigenous Innovation Process
Innovation Effort
Engage in R&D
(0=No, 1=Yes)
Relatedness
× Firm FDI Intensity∗

× Firm Invention Patents∗
× Firm Innovation Intensity∗
Industry-Year FE
City-Year FE
Num. obs.

Innovation Output

TFP

R&D
Intensity

Invention
Patents

Innovation Sales
Intensity

(1)

(2)

(3)

(4)

(5)

(6)

−0.012∗∗∗
(0.002)
...
...
...
...

0.003∗∗
(0.001)
...
...
...
...

0.015∗∗∗
(0.003)
...
...
...
...

0.043∗∗∗
(0.010)
...
...
...
...

...
...
0.031∗∗∗
(0.007)
...
...

...
...
...
...
0.018∗∗∗
(0.005)

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Yes
Yes
527,712

Notes: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Bootstrapped standard errors in parentheses and clustered at city-prefecture
level. In each specification, the same set of controls are included as in the corresponding Tables 2-4 above.
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Table 6: Robustness Check: Effects of Relatedness on Innovation Before and After FDI Liberalization
Innovation Effort
R&D
Choice
Density
FDI Encouragement
Density x FDI Encouragement
Notes:
level.

∗∗∗ p

Innovation Output

Productivity

R&D
Intensity

Invention
Patents

New Product and
Process Sales

TFP

(1)

(2)

(3)

(4)

(5)

0.011∗∗∗

0.008∗∗∗

0.021∗∗∗

0.013∗∗∗

(0.003)
0.016∗∗∗
(0.004)
0.011∗∗∗
(0.002)

(0.001)
0.019∗∗∗
(0.005)
0.014∗∗∗
(0.003)

(0.003)
0.013∗∗∗
(0.002)
0.008∗∗∗
(0.002)

(0.002)
0.047∗∗∗
(0.011)
0.028∗∗∗
(0.007)

0.016∗∗∗
(0.004)
0.093∗∗∗
(0.017)
0.032∗∗∗
(0.010)

< 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Bootstrapped standard errors in parentheses and clustered at city-prefecture

Table A1: Main Variable Definitions
Definition
Firm R&D Decision

Variable equals 1 if firm invests in R&D in year t, and 0 otherwise.

Firm R&D Intensity

The total amount of R&D expenditures per employee, in logarithm.

Firm Invention Patents

The number of firm’s invention patents, in logarithm.

Firm Innovation Sales Intensity

The ratio of new product and process (innovation) revenue to total firm revenue,
in logarithm.

Firm TFP

Estimates for firms’ TFP are constructed using the Ackerberg et al. (2015)
method.
Variable equals 1 if the firm receives FDI in year t, and 0 otherwise.

Firm Attracts FDI
Firm FDI Intensity

Share of foreign capital, measured by the amount of foreign direct investment
to firm’s total assets, in logarithm.

Firm Size

Number of workers, in logarithm.

Firm Ownership

Variable equals 1 if the majority shareholder of the firm is a POE, and 0 if the
state is the majority shareholder.

Firm Age

Firm’s age measured in years, in logarithm.

Firm Capital Intensity

The ratio of capital to the total number of workers in the firm. Capital is
constructed as in Brandt et al., (2012).

Firm Sales Growth

The difference in real firm sales between year t and year t − 1.

Industry Average Sales Growth

The difference in real sales sales between year t and year t − 1 for each 3-digit
CIC industry.

Industry Average Innovation Sales

Weighted industrial average of new product and process sales in each 3-digit
CIC industry, in logarithm.

Domestic Market Access

Calculated as the average transportation cost as a percentage of sales in the
industry multiplied by the sum of population of all other provinces weighted by
the inverse of the distance between the provincial capital and the city squared.

LQ

Location quotients used to proxy for industry specialization.

Density (ω)

Based on Hidalgo’s et al. (2007) product density measure, used to proxy for
interconnections among co-located firms.

FDI Policy Encouragement

A value of 1 is given if the 4-digit industry is listed as an industry that gets
designated as “encouraged,” and a 0 otherwise. Following Sheng and Yang
(2016), the variable is constructed based on the the Catalogue for the Guidance
of Foreign Direct Investment Industries for the year 1997, 2002, 2004, and 2007.
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Table A2: Correlation Coefficients for Main Variables

FDI Intensity
R&D Intensity
Number of Patents
Innovation Sales Intensity
TFP
Density
Notes:

∗∗∗ p

FDI
Intensity

R&D
Intensity

Number of
Patents

Innovation Sales
Intensity

TFP

...
0.021∗∗∗
0.001∗∗∗
0.059∗∗∗
0.011∗∗∗
0.023∗∗∗

...
...
0.224∗∗∗
0.314∗∗∗
0.015∗∗∗
0.020∗∗∗

...
...
...
0.142∗∗∗
0.026∗∗∗
0.057∗∗∗

...
...
...
...
0.032∗∗∗
0.015∗∗∗

...
...
...
...
...
0.069∗∗∗

< 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Correlations are based on Pearson’s coefficient.

Table A3: Firm Foreign Direct Investment
Attract FDI (0=No, 1=Yes)
Firm Ownership (SOE=0, POE=1)
Firm Size
Firm Age
Firm Sales Growth
Firm Capital Intensity
Industry Sales Growth
Industry Average Innovation
Domestic Market Access
Industry-Year FE
City-Year FE
Num. obs.

FDI Intensity

(1)

(2)

−0.019
(0.017)
0.245∗∗∗
(0.004)
−0.014∗∗∗
(0.000)
0.123∗∗∗
(0.008)
0.217∗∗∗
(0.004)
0.035∗∗∗
(0.005)
0.015∗∗∗
(0.001)
0.021∗∗∗
(0.014)

0.033∗∗∗
(0.009)
0.153∗∗∗
(0.002)
−0.007∗∗∗
(0.000)
0.059∗∗∗
(0.004)
0.142∗∗∗
(0.002)
0.020∗∗∗
(0.003)
0.009∗∗∗
(0.001)
...
...

Yes
Yes
527,712

Yes
Yes
527,712

Notes: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Firms’ R&D equations are estimated following the approach in Wooldridge
(1995) that relies on a consistent estimator to address selection effects. Bootstrapped standard errors in parentheses and
clustered at city-prefecture level. All variables enter into the model lagged by one year. Columns (1)-(2) reports marginal
effects (at the means) for the probability of attracting FDI. Means of the time-varying regressors are included as control
variables to allow for some correlation between the random effect and the regressors. Inverse Mills Ratio are interacted
with year dummies, and are significant at 1% confirming the inclusion of a selection equation. See Appendix A for a
description of variables.

5

Inter-Industry Relatedness and the Indigenous Innovation Process in China

0.12

Yes

Share of Innovation Sales

Number of New Invention Patents

R&D Performing Firms

2.2

No

2.0

1.8

1.6

2001

2002

2003

2004

2005

2006

R&D Performing Firms
Yes

0.09

No

0.06

0.03

2007

2001

2002

2003

Year

2004

2005

2006

2007

2005

2006

2007

Year
7.6

Patents Holding Firms

Firms with New Innovation Sales

Yes

7.6

Yes
No

7.2

7.2

TFP

TFP

No

6.8
6.8

6.4

6.4
2001

2002

2003

2004

2005

2006

2007

2001

2002

2003

Year

2004

Year

Figure 1: Changing Relationship between R&D, Innovation Outputs, and TFP

1

Inter-Industry Relatedness and the Indigenous Innovation Process in China

Panel A: Industry Average R&D Expenditures, 2001 (Left) to 2007 (Right)

Panel B: Industry Average Innovation Sales, 2001 (Left) to 2007 (Right)

Panel C: Industry Average TFP, 2001 (Left) to 2007 (Right)

Figure 2: Evolution of China’s ‘Product Space’
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