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ABSTRACT 

Although both infrastructure and innovation play an important role in fostering a country’s economic 
growth, discussion in the literature about how the two are connected is limited. This paper examines the 
impact of road density on firm innovation in China using a matched patent database at the firm level and 
road information at the city level. Regional variation in the difficulty of constructing roads is used as an 
instrumental variable to address the potential endogeneity problem of the road variable. The empirical 
results show that a 10 percent improvement in road density increases the average number of approved 
patents per firm by 0.71 percent. Road development spurs innovation by enlarging market size and 
facilitating knowledge spillover.  

Keywords: infrastructure, innovations, transportation cost, knowledge diffusion 

JEL: O31, O33, R11, R40 
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1. INTRODUCTION 

Infrastructure and innovation both play important roles in fostering a country’s economic growth. As the 
“wheels” of economic activity (World Bank 1994), infrastructure provides access to basic services, 
lowers production and transaction costs, promotes trade, and helps accumulate physical and human 
capital. Following the pioneering work by Aschauer (1989), a large body of literature has investigated the 
economic impact of public infrastructure.1 In parallel, the literature on innovation and growth has 
exploded in the past several decades (Romer 1990; Aghion and Howitt 1992). However, the literature on 
the relationship between infrastructure and innovation is comparably much more scant with a few 
exceptions. For example, Acemoglu, Moscona, and Robinson (2016) show that the spread of post offices 
in the United States in the 19th century, largely as a result of railway expansion, stimulated patenting 
activities. Agrawal, McHale, and Oettl (2014) find that better road access expands the distance among 
patents cited to each other in the United States, suggesting a strong knowledge diffusion effect of road 
development.  

Following the spirit of those two papers, we examine the impact of road development on firm 
innovation in China. Our paper contributes to the literature in several dimensions. First, it is among the 
first to examine the relationship between infrastructure and firm innovation in a developing country.  

The rapid infrastructure development and surge in patent activity in the past several decades in 
China offers a good setting to study the impact of road development on innovation. Since the early 1990s, 
China has made tremendous progress in building and upgrading transportation infrastructure. Road 
density, an important indicator of transportation infrastructure, has increased by 7.3 percent per year since 
1990. In comparison, it has barely changed in India in the same period. Along with the rapid improvement 
in transportation infrastructure, the introduction of innovations has surged in the same period. The number 
of approved patents, a common measure of innovation, has grown by more than 20 percent per year. 
China has become the leading country filing patents since 2012. As Figure 1.1 shows, both road density 
and number of approved patents display an upward trend and strong co-movement over time. Across 
Chinese cities, the two variables also exhibit a high correlation, as Figure 1.2 reveals. Of course, the 
positive relationship across space and over time is just suggestive and does not imply any causality of 
road development on innovation. In our study, we control for other important factors that may shape 
innovations.  

                                                      
1 See Romp and De Haan (2007) for relevant reviews. 
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Figure 1.1 Temporal correlation between patents and road density 

 

Source: The patents information is from the Chinese Patent Database (SIPO, various years). The road information is from the 
China City Statistics Yearbook (NBSC, various years [b]).  

Notes:  The figure displays the temporal correlation between patents and road density. We aggregate the patents data and road 
data into year level. 

Figure 1.2 Spatial correlation between number of patents and road density 

 
Source: The patents information is from the Chinese Patent Database (SIPO, various years). The road information is from the 

China City Statistics Yearbook (NBSC, various years [b]).  
Notes:  The figure depicts the spatial correlation between number of patents and road density. We aggregate the firm-level data 

into city-year level, and calculate mean number of patents for each city during the period 2001–2007. 
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Despite our effort to control for as many key variables as possible, the possibility exists that 
innovative activity and road infrastructure status are determined by some unobservable factors that are 
missing in the regressions. To address that problem, we exploit an instrumental variable approach. 
Following Saiz (2010) and Duflo and Pande (2007), we use mean slope in a city (that is, the incline of the 
road) to measure the relative difficulty (cost) of road construction at the city level. Yet the slope variable 
is time-invariant. To remedy that problem, we use the interaction of slope and yearly export price of road 
construction machinery as an instrumental variable and find that a 10 percent improvement in road 
density can increase the average of number of patents per firm by 0.71 percent. This effect is 
economically significantly large, equivalent to a 1.42 percent increase in an average firm’s research and 
development (R&D) investment.  

Second, in addition to quantifying the effect of road development on innovation, we further 
examine the main channels. It has been well regarded that knowledge is a fundamental factor behind 
innovation. However, knowledge (information) is often spatially dispersed (Krugman 1991; Jaffe, 
Trajtenberg, and Henderson 1993). With better road connections, people can travel long distances and 
communicate more widely, making it more likely for people to cross-fertilize ideas (Moretti 2004; 
Glaeser and Gottlieb 2009; Agrawal, Galasso, and Oettl 2014). Our study confirms that knowledge 
diffusion is an important channel through which road development sparks firm innovation. Apart from the 
knowledge-diffusion channel, we also examine the channel of market expansion. Consistent with the 
literature (Romer 1990; Aghion and Howitt 1992; Acemoglu and Linn 2004), we find that improved 
roads expand market size, which in turn leads to more innovation.  

Third, our paper contributes to the emerging body of literature explaining the surge in patent 
activity in China. In the literature, foreign direct investment and government subsidies on patent 
applications are considered two key contributors to the observed rapid patent growth (Hu and Jefferson 
2009; Hu 2010; Thoma 2013; Li 2012; Dang and Motohashi 2015). Our paper contributes to this branch 
of literature by showing that the expansion of transportation infrastructure is another explanatory factor in 
China’s patent growth. 

Finally, our paper is associated with the literature evaluating the impact of transportation 
infrastructure on various outcome variables, such as productivity (Fernald 1999), decentralization (Baum-
Snow et al. 2012), the distribution of workers (Duranton and Turner 2012), trade-related activity 
(Donaldson 2010; Duranton, Morrow, and Turner 2014), and long-term gross domestic product (GDP) 
growth (Banerjee, Duflo, and Qian 2012). Our paper highlights the significant impact of transportation 
infrastructure on innovation, a largely neglected topic in the literature, in particular in the context of 
developing countries.  

We organize the paper as follows. Section 2 describes data and methods. Section 3 reports 
estimation results and various robustness checks. Section 4 discusses the underlying mechanisms. Section 
5 concludes. 
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2. DATA AND EMPIRICAL STRATEGY 

Data 

The main dataset we use is the Annual Survey of Industrial Enterprises in China (ASIEC) conducted by 
the National Bureau of Statistics of China. It covers all state-owned manufacturing firms and those non-
state-owned manufacturing enterprises above a certain size for the 1998–2007 period.2 More than 
100,000 firms appeared at least once in the database, and among them, 27,575 firms were surveyed 
throughout the whole sample period.  

We use approved patents as a measure of innovation. Patent data come from the Chinese Patent 
Database, which includes all patents approved before 2014 and patent applications before 2009.3 The 
patent dataset and the ASIEC have been matched in Xie and Zhang (2015) for the period 1998–2008. We 
use their matched dataset in our analysis. In the matched database, of all the 2,081,656 firm-year 
observations, 2.8 percent have one or more patents. For those with at least one patent, more than 70 
percent possess fewer than four patents (Table 2.1). Because a firm may not receive patents in all the 
years, its chance of receiving at least one patent over the whole sample period is higher than in a 
particular year.  

Table 2.1 Patents summary 

Number of patents per firm-year Number of patents Percentage 
0 2,023,149 97.19 
1 or more 58,507 2.81 
Total 2,081,656 100 
For those who have one or more patents     
1 23,428 40.04 
2 11,728 20.05 
3 5,953 10.17 
4 3,900 6.67 
5 2,535 4.33 
6 or more 10,963 18.74 
Total 58,507 100 

Source: Calculated by authors based on the merged firm patent database (1998–2007) between the Chinese Patent Database 
(SIPO, various years) and the Annual Survey of Industrial Enterprises in China Database (NBSC, various years [a]). 

Road data are obtained from the China City Statistical Yearbook. There are two road measures at 
the city level—road length and road area.4 However, road length is not appropriate for our analysis for 
two reasons. First, road length masks the quality difference among different kinds of road. For example, 
although highways are of higher quality than rural roads, just looking at road length would not reveal the 
difference. Second, a change in statistical definition for the road length variable occurred in 2005, likely 
contributing to a jump in road length in 2005 (Figure A.1 in the appendix). In comparison, the area of 

                                                      
2 It covers all firms with annual sales in excess of 5 million yuan, about US$0.6 million according to the exchange rate in 

2005. They account for more than 85 percent of China’s industrial output value. 
3 We use approved patents to measure a firm’s innovation ability. Other indicators, including the firm’s total factor 

productivity, R&D expenditure, technology secrets, and so on, have also been used in the literature to measure innovation 
(Bloom, Draca, and Van Reenen 2011). Patent data offer the most detailed and systematically compiled and managed information 
about innovation in China (Choi, Lee, and Williams 2011). More important, these data are systematically available unlike other 
commonly used indicators. This database contains 4,060,392 observations, including 1,097,000 invention patents, 1,620,069 
utility model patents, and 1,343,323 design patents. 

4 Road length refers to the length of roads of all grades that have been put in use. Road area stands for the area of road 
surface.  
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paved road is less subject to the measurement problem of road quality and changes in statistical definition 
of road length. Since a spatially large city tends to have more paved roads, we use the share of road area 
in total city administrative area (“road area density”) as a measure in our main analysis.  

Estimation Specification 

Our basic specification takes the following form: 

 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖,𝑐𝑐,𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝑙𝑙𝐼𝐼𝑙𝑙�𝑟𝑟𝐼𝐼𝐼𝐼𝑟𝑟𝑐𝑐,𝑡𝑡� + 𝛽𝛽2 ∗ 𝑋𝑋𝑖𝑖𝑡𝑡 + µ𝑖𝑖 + 𝛼𝛼𝑡𝑡 + ɛ𝑖𝑖,𝑡𝑡,  (1) 

where Innovation𝑖𝑖,𝑐𝑐,𝑡𝑡 represents the innovation level of firm i at city c in year t, log�𝑟𝑟𝐼𝐼𝐼𝐼𝑟𝑟𝑐𝑐,𝑡𝑡� refers to 
the log form of road area density of city c in year t, µ𝑖𝑖 stands for firm-level fixed effects, α𝑡𝑡 refers to 
year fixed effects, and 𝑋𝑋𝑖𝑖𝑡𝑡 is a vector of additional controls, including an industry specialization index, a 
product market competition measure, and a measure of local economic development.  

Although the literature often assumes that the number of patents follows a Poisson or negative 
binomial distribution (Cameron and Trivedi 2013), we use ordinary linear regression for two reasons. 
First, as remarked by Angrist and Krueger (2001), it is more convenient to handle potential endogenous 
problems in a linear empirical framework than nonlinear models. Second, it is impossible to control for 
firm fixed effects in the Poisson or negative binomial regression because many firms do not have any 
patents during the period 2001–2007. The conditional maximum likelihood estimation of the Poisson or 
negative binominal model would drop the firms without patents for the entire time period, resulting in a 
loss of sample size by 93 percent.5 

We use two measures for Innovation𝑖𝑖,𝑐𝑐,𝑡𝑡. The first one is the log form of total patents for a firm, 
“log (patents+1),” following Bloom, Draca, and Van Reenen (2011), Agrawal et al. (2014), and 
Acemoglu, Moscona, and Robinson (2016). The second measure is a dummy variable, “having at least 
one patent,” being one if a firm has at least a patent in a specific year and zero otherwise.  

Considering the potential lagging effect of roads, we employ the average road density of city c in 
year t during the last four years (t-3, t-2, t-1, and t) as the main measure of our road variable. If a firm was 
established last year, then we use the average road density from last year and this year; if a firm was just 
established this year, then we just use current road density. As a robustness check, we also try three-year 
lag and five-year lag to construct our key explanatory variable, and the results are similar.  

One main empirical challenge in estimating equation 1 is possible correlations between 
unobserved factors ɛ𝑖𝑖,𝑡𝑡 and road area density log�𝑟𝑟𝐼𝐼𝐼𝐼𝑟𝑟𝑐𝑐,𝑡𝑡�. For example, in areas with high growth 
potential, local governments may invest more in infrastructure. Meanwhile, local firms also likely respond 
to the same growth opportunities by investing in R&D. As a result, the observed spike in firm innovative 
activity is likely driven by unobserved growth potential rather than road development. Alternatively, 
when facing a tight budget, local governments’ investment in roads may crowd out subsidies extended to 
firms in support of their innovations. When the error term and road variable are correlated, the estimates 
will be biased. To address this potential problem, we exploit an instrumental variable approach. 

Instrumental Variable  

Following Saiz (2010) and Duflo and Pande (2007), we use slope to measure the relative difficulty (cost) 
of constructing roads. The greater the mean slope for a city, the higher the cost to build roads. However, 
the slope variable at the city level is time-invariant, and it is problematic to use it as an instrument for the 
time-varying road variable. To overcome this problem, we also consider a time-varying variable, the 

                                                      
5 In fact, we also run conditional maximum likelihood estimations of a negative binominal model as a robustness check. The 

results are robust.  
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weighted export price of road-building machinery, and interact it with the proportion of area with a slope 
of greater than 15 degrees to proxy for road construction costs.6  

The slope variable itself may not meet the exclusion restriction because geographical conditions 
likely affect industrial structure, which in turn matters to firm behavior. The interaction of slope with the 
cost of road-building machinery can partly ameliorate the problem as it varies over time and is less likely 
to be correlated with unobserved factors, if any. Another way to reduce the omitted-variable problem is to 
control for as many related variables as possible in the regressions; such variables include an industry 
specialization index, a product market competition measure, and a measure of local economic 
development. As Duranton and Turner (2012) point out, the validity of instrumental variable estimation 
hinges upon the orthogonality of the dependent variable and the instrument conditional on control 
variables, not on unconditional orthogonality. Table 2.2 reports summary statistics for the variables.  

Table 2.2 Variables summary 

Variable  Observation Mean Standard deviation Minimum Maximum 
Left-hand variables      
log(total patents+1) 1,630,400 0.041 0.271 0 8.406 
log(invention+1) 1,630,400 0.009 0.112 0 8.321 
log(design+1) 1,630,400 0.018 0.183 0 7.005 
log(utility+1) 1,630,400 0.022 0.183 0 6.506 
log(product+1) 1,630,400 0.040 0.267 0 8.161 
log(process+1) 1,630,400 0.005 0.084 0 8.297 
Right-hand variables      
log(road) 1,610,392 -6.457 1.495 -14.842 -2.741 
log neighbor road (1st) 1,603,010 -6.907 1.064 -11.677 -4.532 
log neighbor road (1st+2nd) 1,603,171 -6.993 0.888 -11.771 -5.213 
log neighbor road (1st+2nd+3rd) 1,603,281 -7.132 0.752 -9.722 -5.589 
industry specialization index 1,628,565 0.009 0.008 -0.027 0.513 
competition index 1,514,100 0.030 0.012 0.000 0.061 
log GDP per capita 1,624,964 9.973 0.728 7.601 11.502 
Instrumental variables      
ratio15 (local)*eprice 1,554,680 0.403 0.390 0.000 2.323 
ratio15 (1st neighbor)*eprice 1,546,477 0.453 0.353 0.001 2.007 
ratio15 (1st+2nd neighbor)*eprice 1,550,971 0.484 0.324 0.002 2.010 
ratio15 (1st+2nd+3rd neighbor)*eprice 1,552,045 0.496 0.288 0.002 1.882 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 
come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  “ratio15” stands for proportion of area with slope greater than 15 degrees; “eprice” indicates weighted average price of 
the exported equipment. Industry specialization index is a concentration index for each two-digit industry proposed by 
Ellison and Glaeser (1997). Competition index is log(1/HHI), where HHI is the Herfindahl-Hirschman index. Log GDP 
per capita is the log form of GDP per capita. 

                                                      
6 The export price data for road-building machinery are from the Chinese Longitudinal Firm Trade Transaction Database. 

Road-building machines (with customs number 8,429) include motorized bulldozers, side-shovel bulldozers, road graders, 
graders, scrapers, mechanical shovels, excavators, shovel loaders, tamping machines, and road rollers. Because the road measure 
is based on the average for up to the past four years depending on a firm’s survival status, we use the corresponding period of 
export price information to construct the instrumental variable. 
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3. ESTIMATION RESULTS 

Benchmark Results 

Table 3.1 presents the ordinary least squares (OLS) estimation results based on the basic specification in 
equation 1.7 In the first regression on the log(patents +1), only the road density variable is included as an 
independent variable. It is significantly positive. After adding more control variables—industry 
specialization index, product market competition, and local economic development—one by one in 
regressions 2 through 4, the results hold. Columns 5 through 8 repeat the regressions in the first four 
columns by using “having at least a patent” as the dependent variable. Although the road variable is 
positive, it is no longer significant.  

Figure 3.1 Raw correlation between patents and road density 

 
Source: Innovation variables come from the Chinese Patent Database (SIPO, various years). The road and GDP information 

come from the China City Statistics Yearbook (NBSC, various years [b]). 
Notes:  The figure depicts the raw correlation between patents and road density. We aggregate the data into city-year level, and 

each dot in the figure represents a city-year observation. 

To address potential endogeneity problems of the road variable in Table 3.1, Table 3.2 presents 
the first stage and second stage of instrument variable estimations. As shown in the first two columns on 
the first-stage regressions, the coefficient for the interaction term between slope and weighted price of 
imported construction machinery in two regressions on road density, one without any controls and one 
with a set of control variables, is significantly negative, indicating that the instrument variable has 
predictive power on road density.  

                                                      
7 See Figure 3.1 for the correlation between number of patents and road density at the city-year level. 
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Table 3.1 Benchmark ordinary least squares results 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Variable Log(patents+1) Having at least one patent 

          

Log(road) 0.004** 0.004** 0.004* 0.004* 0.000 0.000 0.000 0.000 

 (0.002) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001) 

Industry specialization index  -0.006 -0.075 -0.079  0.006 -0.040 -0.041 

  (0.078) (0.116) (0.116)  (0.053) (0.077) (0.077) 

Competition index/100   -0.169 -0.211   -0.198 -0.234 

   (0.221) (0.220)   (0.144) (0.144) 

Competition index^2/10000   0.169 0.725   1.691 2.126 

   (3.559) (3.546)   (2.281) (2.278) 

Log GDP per capita    -0.001    0.002 

    (0.003)    (0.002) 

         

Firm fixed effects (FE) YES YES YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES YES YES 

Age group FE YES YES YES YES YES YES YES YES 

Observations 1,610,392 1,610,392 1,498,754 1,496,815 1,610,392 1,610,392 1,498,754 1,496,815 

R-squared 0.601 0.601 0.606 0.607 0.514 0.514 0.520 0.521 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables come from the Chinese Patent Database (SIPO, 
various years). The road and GDP information come from the China City Statistics Yearbook (NBSC, various years [b]). 

Notes:  Industry specialization index is a concentration index for each two-digit industry proposed by Ellison and Glaeser (1997). Competition index is log(1/HHI), where HHI is 
the Herfindahl-Hirschman index. Log gross domestic product (GDP) per capita is the log form of GDP per capita. Robust standard errors in parentheses; *** p < 0.01, ** 
p < 0.05, * p < 0.1. 
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Table3.2 Benchmark: First-stage and two-stage least squares results 

  (1) (2) (3) (4) (5) (6) 
Variable Log(road) Log(patents+1) Having at least one patent 

  First stage 2SLS 

Ratio15*eprice -0.101*** -0.107***     

 (0.002) (0.002)     
Log(road)   0.065*** 0.071*** 0.034** 0.038*** 

   (0.021) (0.021) (0.014) (0.014) 

Industry specialization index  0.708***  -0.127  -0.068 

  (0.069)  (0.098)  (0.065) 

Competition index/100  0.276*  -0.220  -0.238** 

  (0.152)  (0.184)  (0.121) 

Competition index^2/10000  16.319***  -0.551  1.370 

  (2.442)  (2.997)  (1.924) 

Log GDP per capita  -0.018***  -0.000  0.003 

  (0.004)  (0.003)  (0.002) 

              
Observations 1,495,375 1,384,771 1,495,375 1,384,771 1,495,375 1,384,771 

R-squared 0.565 0.578     

Number of firms 361,408 338,801 361,408 338,801 361,408 338,801 

First-stage F-stat     1992 2449 1992 2449 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 
come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  For all specifications, we include the firm, year, and age group fixed effects. “Ratio15” stands for proportion of area 
with slope greater than 15 degrees; “eprice” indicates weighted average price of the exported equipment. Industry 
specialization index is a concentration index for each two-digit industry proposed by Ellison and Glaeser (1997). 
Competition index is log(1/HHI), where HHI is the Herfindahl-Hirschman index. Log gross domestic product (GDP) per 
capita is the log form of GDP per capita. Robust standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 

Columns 3 through 6 display the two-stage least squares (2SLS) results on log(patents+1) and the 
dummy “having at least one patent.” The first-stage F-statistics in all the four second-stage regressions 
pass the weak instrumental variable test. The road variable is statistically positive in all the four 
regressions. In column 4 with control variables, the coefficient for road density is 0.071, implying that 10 
percent more roads would increase a firm’s number of patents by 0.71 percent. Considering that the 
elasticity of corporate patenting to R&D expenditure in the innovation literature is estimated to be close to 
0.5 (Aghion, Van Reenen, and Zingales 2013; Bloom, Schankerman, and Van Reenen 2013; Agrawal, 
Galasso, and Oettl 2014), a 10 percent increase in road density is roughly equivalent to a 1.42 percent 
increase in corporate R&D investment. The effect is economically sizable. According to column 6, a 
firm’s probability of having patents would increase by 0.38 percent if road density increases by 10 
percent. Per capita GDP is not significant in both the OLS and 2SLS regressions, probably due to inherent 
collinearity between firm fixed effects and per capita GDP at the city level. If we drop per capita GDP in 
the regressions, the main results still hold. Overall, the 2SLS estimates in Table 3.2 are larger than the 
corresponding OLS coefficients in Table 3.1, indicating a downward bias of OLS estimates.  
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Having investigated the impact of road density on total patents, we further consider the impact on 
three types of patent—invention, design, and utility model—and re-estimate equation 1.8 The coefficient 
for the road variable and its confidence interval are reported in Figure 3.2. The coefficient for the road 
variable is positive and significant for the innovation and utility model patents, but not for design patents. 
Next, we divide patents into process and product innovations, repeat the estimation of equation 1, and 
present the results in Figure 3.3.9 As shown in the figure, road density plays a significant role in shaping 
production innovation but not process innovation. It is very likely that road improvement enlarges market 
size, thereby making it possible to recover large fixed costs normally associated with product innovations.  

Figure 3.2 Structure of patents: Invention, design, and utility model 

 
Source: Calculated by authors based on the regressions mentioned above. The firm-level dataset is the Annual Survey of Industrial 

Enterprises (NBSC, various years [a]). Innovation variables come from the Chinese Patent Database (SIPO, various years). 
The road and GDP information come from the China City Statistics Yearbook (NBSC, various years [b]). 

Notes:  The figure reports the coefficient of log(roads) and its 95 percent confidence interval in regressions for different types of 
patent. We use the same specification as columns 4 and 6 in Table 3.2 but change the dependent variable into three 
different kinds of patent: invention, design, and utility model. 

                                                      
8 See Figure A.1 in the appendix for the patterns of the three types of patent. 
9 We use the following procedure to classify product and process innovations: if the name of an invention patent contains 

the word “method,” we define it as a process innovation; otherwise, we define it as a product innovation. If it contains the words 
“method” and “and/or,” it will be defined as belonging to both types. We acknowledge that the method is rather crude. The 
further refinement of the classification of product and process innovations remains a future research topic.  
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Figure 3.3 Structure of patents: Process and product 

 
Source: Calculated by authors based on the regressions mentioned above. The firm-level dataset is the Annual Survey of 

Industrial Enterprises (NBSC, various years [a]). Innovation variables come from the Chinese Patent Database (SIPO, 
various years). The road and GDP information come from the China City Statistics Yearbook (NBSC, various years [b]). 

Notes:  The figure reports the coefficient of log(roads) and its 95 percent confidence interval in regressions for different types of 
patent. We use the same specification as columns 4 and 6 in Table 3.2 but change the dependent variable into two 
different kinds of patent: process patents and product patents.  

Robustness Checks 
In this subsection, we perform a variety of robustness checks for the benchmark specification of equation 
1. Table 3.3 presents a falsification test on a randomly assigned road variable. To alleviate the concern 
about some omitted variables driving both road density and firm innovation that may lead to a spurious 
relationship, we randomly assign a firm to a city and then use the newly generated road density variable 
in the randomly matched cities to estimate equation 1. After repeating the process 50 times, bootstrapped 
coefficients and standard errors are obtained. The coefficients in Table 3.3 are statistically indifferent 
from zero, largely dismissing the concern about common trends.  

Table 3.4 performs another falsification test on a subsample of state-owned enterprises (SOEs).10 

In principle, private firms are more responsive to market signals than SOEs, which tend to receive 
lucrative government supports and face less market competitive pressures. Therefore, we expect to see a 
much larger impact of road improvement on private firms than on SOEs. As Table 3.4 shows, this is 
indeed the case. Road improvement enhances the innovative activity only of private firms and not of 
SOEs.  

We also change the lag length to three years or five years. The results are similar whether we use 
a three-year or five-year lag. Due to space limitations, the results are not reported here. Sine export prices 
of road construction machines from the Chinese Longitudinal Firm Trade Transaction Database are 
available for only 2000 to 2006, in the previous estimates, we use the price information of 2004–2006 as a 
proxy for the missing information in 2007. This may create some measurement errors. To address this 
concern, we drop observations in 2007 from the sample and re-estimate equation 1. The results still hold. 
To save space, we do not show the results here.  

                                                      
10 In Table 3.4, we define a firm as an SOE if the state owns at least half of its registered capital.  
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Table 3.3 Falsification test 

  (1) (2) (3) (4) 
Variable log(patents) Having at least one patent 

log(road) OLS 2SLS OLS 2SLS  

Bootstrap coefficient 0.001  -0.070  0.001  -0.028  

Bootstrap standard error 0.001  0.062  0.001  0.041  

Mean t-stat 0.725  1.217  0.655  0.900  

     

Other controls YES YES YES YES 

Firm fixed effects (FE) YES YES YES YES 

Year FE YES YES YES YES 

Observations (mean) 1,467,134 1,355,364 1,467,134 1,355,364 

R-squared (mean) 0.61  0.52  

Number of firms (mean)  333,452  333,452 

First-stage F-stat (mean)   139   139 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 
come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  For each road variable in each city, we randomly assign a road value from another city and then rerun the regression. We 
repeat the process 50 times and obtain bootstrap coefficients and standard errors. Other controls include age group fixed 
effects, specialization index for each two-digit industry, log GDP per capita, and competition level and its square form. 
GDP = gross domestic product; OLS = ordinary least squares; 2SLS = two-stage least squares. 

Table 3.4 Differential impact on state-owned and private enterprises 

  (1) (2) (3) (4) 
Variable log(patents) Having at least one patent 

 Non-state-owned State-owned Non-state-owned State-owned 
log(road) 0.079*** 0.013 0.047*** -0.034 

 -0.023 -0.088 -0.015 -0.062 

          

Other controls YES YES YES YES 

Firm fixed effects (FE) YES YES YES YES 

Year FE YES YES YES YES 

Observations 1,284,619 89,774 1,284,619 89,774 

Number of firms 318,978 24,066 318,978 24,066 

First-stage F-stat 2023 108.6 2023 108.6 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 
come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  Other controls include age group fixed effects, specialization index for each two-digit industry, log GDP per capita, and 
competition level and its square form. We measure whether a firm is state owned by two standards. Here, we define a 
firm as state owned if the state owns at least half of its capital. In the appendix, we compare the share of capital between 
foreign investors and the state. All specifications are estimated by two-stage least squares. Robust standard errors in 
parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1. 
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4. MECHANISMS AT WORK 

Having shown that transportation infrastructure matters to firms’ innovative behavior, we now turn to the 
underlying mechanisms. The literature has highlighted two major channels—market size expansion and 
knowledge diffusion. Road improvements lower transportation costs, which in turn expands firms’ market 
size (Bougheas, Demetriades, and Morgenroth 1999; Jacoby and Minten 2009). A better-connected road 
system may also facilitate knowledge diffusion (Agrawal, Galasso, and Oettl 2014; Donaldson and 
Hornbeck 2013; Zheng and Kahn 2013).  

Reduction in Transportation Costs and Market Expansion 
Fernald (1999) constructed a vehicle intensity index (average vehicle share) to measure an industry’s 
reliance on transportation infrastructure. We use that index to construct a “vehicle intensity” dummy, 
which equals one if the average vehicle share in a particular industry is larger than the median level 
among all the industries. We also use an alternative measure to capture an industry’s reliance on 
transportation infrastructure. Theoretically, an industry with a larger weight per unit of value for its 
products implies high dependence on transportation (Duranton, Morrow, and Turner 2014). Based on the 
average weight per unit of value of products at the industrial level, we create a “weight intensity” dummy, 
being one if it is above the median level and zero otherwise. See Tables A.1 and A.2 in the appendix for 
more detailed information about these two classifications. As shown in columns 1 through 4 of Table 4.1, 
firms in industries with intensive vehicle use or heavier weight per unit of product value witness more 
rapid growth in innovation as roads improve. The results indicate that road improvement spurs firms to 
innovate probably through the channel of lower transportation costs.  

As shown in the literature, lower transportation costs are often associated with greater market size 
(Jacoby and Minten 2009). Market size (access) has been regarded as one of the more important 
determinants of innovation (Aghion and Howitt 1992; Acemoglu and Linn 2004). Extensions of the 
Melitz (2003) model made by Bustos (2011) and Lileeva and Treer (2010) show that firms that enjoy a 
larger market are more likely to invest in technologies. Larger markets increase firm sales, enabling them 
to recoup the large fixed investment associated with R&D. We use two ways to test the market-size 
channel.  

First, we examine the differential impact of road improvement on two different types of firm. 
Firms producing homogeneous goods, which tend to have lower markups and thus have to rely more on 
market expansion to generate profit, are often more responsive to changes in transport costs than those 
producing differentiated goods (Martincus and Blyde 2013). In other words, market size matters more to 
those producing homogeneous goods. Because market size expands as the cost of transportation drops, 
firms producing homogeneous goods may benefit more from road improvements. To text this, we divide 
the sample into two subgroups according to the average value of the GM index, a popular measure of 
industry-level product heterogeneity.11 The higher the GM index, the more heterogeneous are the 
products in an industry (see Table A.3 in the appendix for more information). In columns 5 and 6 of Table 
4.1, the interaction term between road density and a dummy indicating heterogeneous firms is included. 
The interaction term is negative and significant, suggesting that road improvement plays a greater role in 
facilitating innovations of firms producing homogeneous goods than those producing heterogeneous 
goods, consistent with the theoretical prediction. The result provides some indirect evidence that roads 
shape firms’ innovation behavior via the channel of market-size expansion.  

                                                      
11 The GM index, named after Gollop and Monahan (1991), measures the dissimilarity of input portfolios across firms in an 

industry. Kugler and Verhoogen (2012) aggregated the index to ISIC rev. 2 four-digit industries using a concordance from the 
Organization for Economic Co-operation and Development. We converted this index to the national industries classification 
(GBT4754-2002) based on the United Nations matching code. The UN matching code is available from 
http://unstats.un.org/unsd/cr/registry/regdnld.asp?Lg=1. 

http://unstats.un.org/unsd/cr/registry/regdnld.asp?Lg=1
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Table 4.1 Transportation cost mechanisms 

  (1) (2) (3) (4) (5) (6) 

Variable 

log(patents) Having at 
least one 

patent 

log(patents) Having at 
least one 

patent 

log(patents) Having at 
least one 

patent 

log(road) 0.074*** 0.045*** 0.061*** 0.037** 0.064** 0.010 

 (0.023) (0.016) (0.024) (0.016) (0.032) (0.022) 
log(road)*“vehicle 
intensity” dummy 0.010*** 0.005***     

 (0.002) (0.001)     
log(road)*“weight 
intensity” dummy   0.012*** 0.006***   

   (0.001) (0.001)   
log(road)*“heterogeneous” 
dummy     -0.004** -0.003*** 

     (0.002) (0.001) 

Other controls YES YES YES YES YES YES 

Firm fixed effects (FE) YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Observations 1,275,995 1,275,995 1,305,167 1,305,167 485,296 485,296 

Number of firms 313,055 313,055 321,230 321,230 122,347 122,347 

First-stage F-stat 971.5 971.5 985.6 985.6 338.1 338.1 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 
come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  Other controls include age group fixed effects, specialization index for each two-digit industry, log GDP per capita, and 
competition level and its square form. The vehicle intensity index (vehicle share index), which is adopted from Fernald 
(1999), captures an industry’s reliance on highways. Vehicle intensity dummy equals one if the vehicle intensity index 
of that industry is larger than the median level of all industry. The weight intensity index comes from Duranton, 
Morrow, and Turner (2014) and is defined as the mean weight per output value at the industry level. The “high-weight 
intensity” dummy is defined as one if the industry’s weight intensity index is larger than the median level of all 
industries. In columns 5 and 6, we divide the sample into two groups by the value of the GM index (Gollop and 
Monahan 1991), which measures product heterogeneity at the industry level. The higher the GM index, the more 
heterogeneous the products in an industry are. The dummy equals one if the GM index is larger than its median level, 
and zero otherwise. See the appendix for more details. All specifications are estimated by two-stage least squares. 
Robust standard errors in parentheses;*** p < 0.01, ** p < 0.05, * p < 0.1. 

Second, we examine the impact of road density on export status. A firm that exports goods to the 
world market has a larger market size than one focusing purely on the domestic market. In column 1 of 
Table 4.2, we focus on a subsample of firms that did not export at first and use a dummy variable 
indicating whether a firm exports or not later on as a dependent variable. It is apparent from the table that 
road access increases a firm’s likelihood to export. In column 2, we change the dependent variable to 
log(sales). Road access increases the sales of firms that did not initially export. However, there is concern 
that as road conditions change, firms may move elsewhere. For example, firms may relocate to coastal 
areas to take advantage of export opportunities there. In Table A.4, we restrict our sample to those firms 
that have never changed their locations throughout the sample period. The results are similar. In a word, 
market size has expanded associated with road improvement, which in turn may lead to more instances of 
corporate innovation. 



15 

Table 4.2 Market expansion mechanisms 

  (1) (2) (3) 
Variable Export dummy log(sales) 

 Non-exporting at first All firms Non-exporting at first 

log(road) 0.064*** 0.832*** 0.425*** 

 (0.022) (0.063) (0.066) 

Other controls YES YES YES 

Firm fixed effects (FE) YES YES YES 

Year FE YES YES YES 

Observations 764,663 1,385,972 764,663 

Number of firms 187,136 339,086 187,136 

First-stage F-stat 2132 2364 2132 
Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 

come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  Other controls include age group fixed effects, specialization index for each two-digit industry, log GDP per capita, and 
competition level and its square form. In column 1, we set the dependent variable as export dummy, and constrain the 
sample to those export firms at first. In columns 2 and 3, the dependent variables are log(sales). In column 3, the sample 
is restricted to firms that did not export at first. We also perform a robustness check by using firms that remained in the 
same place during those years in the appendix. All specifications are estimated by two-stage least squares. Robust 
standard errors in parentheses;*** p < 0.01, ** p < 0.05, * p < 0.1. 

Knowledge Diffusion (Star Effect) 
Lower transportation costs and better road connections also accelerate the mobility of people and 
diffusion of knowledge across space, allowing for ideas to cross-fertilize (Moretti 2004; Glaeser and 
Gottlieb 2009). In this subsection we investigate the channel of knowledge diffusion brought by road 
improvements.  

As uncovered in Agrawal, Galasso, and Oettl (2014) and Agrawal, McHale, and Oettl (2014), 
innovation “stars” have disproportionately large knowledge spillover effects. We can test whether 
improved roads expedite the flow of knowledge from the innovation stars.  

We first specify patent stars for each industry. The stars include firms above the 99th percentile in 
patent distribution in a given year, similar to the definition of Agrawal, Galasso, and Oettl (2014). If a 
city-industry has at least one star firm, we define the star dummy as one, and otherwise as zero. We drop 
those star firms from the regression sample. Following Agrawal, Galasso, and Oettl (2014), we divide the 
firms into two groups, one with a star nearby and one without a star nearby, and run separate regressions 
on the two subsamples. As shown in Table 4.3, firms in cities with innovation stars benefit more from 
road improvements than those without stars. This suggests that road improvement boosts knowledge 
spillover from star innovators within a city, leading to more patents.  
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Table 4.3 Knowledge diffusion (star effect) 

  (1) (2) (3) (4) 
Variable log(patents) Having at least one patent 

  No star nearby Star nearby No star nearby Star nearby 
log(road) -0.015 0.059** -0.007 0.064*** 

 (0.024) (0.024) (0.023) (0.022) 
Other controls YES YES YES YES 

Firm fixed effects (FE) YES YES YES YES 

Year FE YES YES YES YES 

Observations 500,141 776,886 500,141 776,886 

Number of firms 151,927 210,648 151,927 210,648 

First-stage F-stat 564.1 1039 564.1 1039 
Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 

come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  A star firm is defined as an inventor above the 99th percentile in the patenting distribution of that industry in that year. If 
a city-industry has one or more star firms, we define the star dummy as one, and zero otherwise. We have already 
dropped those star firms from the sample before we run regressions. According to Agrawal, Galasso, and Oettl (2014), 
we divide the sample into two groups, one with a star nearby and one without a star nearby. All specifications are 
estimated by two-stage least squares. Robust standard errors in parentheses;*** p < 0.01, ** p < 0.05, * p < 0.1. 

Spatial Spillover Effect 
The star effect focuses only on knowledge diffusion within a city. Firms may also benefit from road 
improvements elsewhere (Donaldson and Hornbeck 2013). To capture the spillover effect from neighbors, 
we include road density in neighboring cities and their interactions with local road density in regressions 
following Shirley and Winston (2004) and Li and Li (2013).12 As columns 1 and 2 in Table 4.4 show, 
road density among the first layer of neighbor cities is highly positive and significant. Moreover, its 
interaction with local road density is also significantly positive, indicating that road improvement in 
neighboring cities exerts a positive externality on the innovative activity of local firms. When expanding 
road density to multiple layers of neighboring cities, the results are robust. See columns 3 and 4 in Table 
4.4 for results when considering the second layer of neighboring cities. 
  

                                                      
12 Strictly speaking, our specification cannot fully distinguish the market size effect from the spatial spillover effect.  
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Table 4.4 Spatial spillover effect 

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

Variable 
Log(patents+1) 

Having at 
least one 

patent 
Log(patents+1) 

Having at 
least one 

patent 

          

log(road) 0.011 0.004 0.050*** 0.027*** 

 (0.014) (0.009) (0.015) (0.010) 

log neighbor road (1st) 0.092*** 0.057***   

 (0.014) (0.009)   

log(road)*log neighbor road (1st) 

0.005*** 0.003**   

(0.002) (0.001)   

log neighbor road (1st+2nd)   0.262*** 0.191*** 

   (0.063) (0.043) 

log(road)*log neighbor road (1st+2nd) 

  0.018*** 0.013*** 

  (0.004) (0.003) 

Other controls YES YES YES YES 

Firm fixed effects (FE) YES YES YES YES 

Year FE YES YES YES YES 

Observations 1,379,979 1,379,979 1,380,041 1,380,041 

Number of firms 337,633 337,633 337,640 337,640 

First-stage F-stat 1503 1503 502.7 502.7 

Source: The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 
come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  Other controls include age group fixed effects, specialization index for each two-digit industry, log GDP per capita, and 
competition level and its square form. Ln neighbor road (1st) stands for the road density for the first layer of neighbors, 
and log neighbor road (1st+2nd) means the road density for the first two layers of neighbors. All specifications are 
estimated by two-stage least squares. Robust standard errors in parentheses;*** p < 0.01, ** p < 0.05, * p < 0.1. 
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5. CONCLUSION AND REMARKS 

Using a matched patent database at the firm level and infrastructure information at the city level, we 
estimate the effect of transportation infrastructure on firm innovation. Our identification strategy exploits 
the variation in the difficulty of constructing roads—that is, the interaction between slope and export price 
of road construction machinery—as an instrument variable. We find that road improvement plays a strong 
role in sparking firm innovation. Road improvement lowers firms’ transportation costs and expands their 
market size, which in turn contributes to greater instances of innovation. In addition, road network 
expansion creates a spatial externality in knowledge spillover. Firms benefit not only from road 
improvements in their own cities but also from those in neighboring cities.  

Our findings have important policy implications. As remarked by Agrawal, Galasso, and Oettl 
(2014), when promoting firms’ ability to innovate, policymakers need not limit themselves only to 
targeted R&D subsidies and tax credits, the two most popular industrial policies. We find that a 10 
percent increase in local road density is roughly equivalent to a 1.42 percent increase in corporate R&D 
investment. When designing innovation policy, the role of infrastructure should be included in the toolkit.  

Our study is subject to some limitations. The lack of patent citation data in China prevents us 
from studying the impact of road improvements on the quality of innovation and the web of links among 
innovations across regions. We leave these as future research topics. 
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APPENDIX: SUPPLEMENTARY TABLES 

Table A.1 Selective industries grouped by average vehicle share 

Low average vehicle share High average vehicle share 

Industry Index Industry  Index 

Leather products 0.200  Paper products 0.900  

Rubber and plastic products 0.200  Oil and nuclear fuel processing 1.000  

Textile industry 0.300  Food 1.300  

General equipment 0.400  Beverage manufacturing 1.300  

Vehicle manufacturing 0.400  Wood processing  1.700  

Metal products 0.500  Nonmetal mineral products 2.800  
Source:  This index is from Fernald (1999) directly. 
Notes The vehicle intensity index comes from Fernald (1999) and measures the reliance on highways. We divide the sample 

into two groups by median value (0.70). The “vehicle intensity” dummy equals one if an industry’s vehicle intensity 
index is larger than the median level of all industries. 

Table A.2 Selective industries grouped by weight per value 

Low weight per value High weight per value 

Industry Index Industry  Index 

Communication equipment, computer 0.010  Wood, bamboo, rattan, etc. 2.170  

Textile wearing apparel 0.060  Petroleum, nuclear fuel 2.330  

Medicines 0.080  Plastic 8.510  

Leather, fur, etc. 0.120  Coal 42.440  

Electrical machinery equipment  0.150  Ferrous metal ores 42.440  

Textile 0.250  Nonferrous metal ores 42.440  

Rubber 0.320  Mining auxiliary 42.440  

Source: This index is calculated by authors, based on the relevant index from Duranton, Morrow, and Turner (2014).  
Notes:  Following Duranton, Morrow, and Turner (2014), we use weight per value to measure the degree of dependence on 

transportation at the industry level. Industries with large weight per value are naturally more dependent on 
transportation. We divide the sample into two groups by the median value (0.34). 
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Table A.3 Homogeneous versus heterogeneous products 

Industries with homogeneous products Industries with heterogeneous products 

Industry GM Industry GM 

Oil 0.000  Nuclear fuel 0.540  

Balls products 0.150  Forest chemical product  0.540  

Edible ice 0.290  Raw material for organic chemistry 0.540  

Sugar 0.360  Wood processing 0.560  

Nonedible vegetable oil 0.400  Luggage and bags  0.570  

MSG products 0.460  Cotton  0.590  

Eggs 0.460  Fur tanning and garment processing 0.600  

Beverages 0.460  Bamboo products 0.600  

Source: This GM index is calculated by authors, based on the index from Kugler and Verhoogen (2012). We converted this index 
to the national industries classification (GBT4754-2002) based on the United Nations matching code. The UN matching 
code is available from http://unstats.un.org/unsd/cr/registry/regdnld.asp?Lg=1. 

Notes:  We divide the sample into two groups by the average value of the GM index (Gollop and Monahan 1991), which 
measures the dissimilarity of input portfolios across firms in an industry. A larger GM index value in an industry means 
it has more heterogeneous products. We divide the sample into two groups by the median value (0.53). 

Table A.4 Market expansion mechanism (unchanged city code) 

  (1) (2) (3) 
Variable Export dummy log(sales) log(sales) 

 Non-exporting at first All Non-exporting at first 

log(road) 0.065*** 0.843*** 0.432*** 

 (0.023) (0.063) (0.067) 

Other controls YES YES YES 

Firm fixed effects (FE) YES YES YES 

Year FE YES YES YES 

Observations 763,770 1,384,771 763,770 

Number of firms 186,928 338,801 186,928 

First-stage F-stat 2218 2449 2218 
Source:  The firm-level dataset is the Annual Survey of Industrial Enterprises (NBSC, various years [a]). Innovation variables 

come from the Chinese Patent Database (SIPO, various years). The road and GDP information come from the China 
City Statistics Yearbook (NBSC, various years [b]). 

Notes:  Other controls include age group fixed effects, specialization index for each two-digit industry, log GDP per capita, and 
competition level and its square form. In this table, we constrain the sample to firms that did not change locations 
during the sample period. All specifications are estimated by two-stage least squares. Robust standard errors in 
parentheses;*** p < 0.01, ** p < 0.05, * p < 0.1. 
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Figure A.1 Road area and road length 

 
Source: The road information comes from the China City Statistics Yearbook (NBSC, various years [b]). 
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