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A B S T R A C T

Infrastructure development is considered a key driver of industrial growth. In this study, we used 
the difference-in-differences method to examine the effect of access to expressways on industrial 
clustering development. Our findings highlight that access to expressways was associated with a 
6.5 % increase in the number of firms in specific industries. The results remained robust after 
several endogeneity tests. Furthermore, our mechanism analysis demonstrated that the effect was 
driven by the reduction of trade costs and alleviation of information friction.

1. Introduction

Over the past few decades, China’s industrial growth has accelerated significantly, aided by numerous market-oriented reforms that 
facilitated its transformation into the world’s factory (Naughton, 2007). By 2015, China accounted for 18.5 % of global manufactured 
exports, a dramatic surge from 2.8 % in 1990 (Hanson, 2020). China’s rapid industrial expansion has spurred the rise of numerous 
“specialty cities,” many of which are rural towns in coastal areas. The emergence of these specialty cities indicate that China’s in-
dustrial growth has been largely driven by localized industrial clusters (Long & Zhang, 2012).

According to cluster theory, firms in a geographically defined cluster accrue advantages from clustering, fostering economic growth 
in the region (Porter, 1990). Extensive empirical evidence has confirmed the positive agglomeration externalities associated with 
industrial clusters (Glaeser et al., 2010; Guo et al., 2020; Ruan & Zhang, 2009). However, creating a cluster from scratch is a significant 
challenge for governments (Shang et al., 2025; van der Linde, 2003), making research on the determinants of cluster formation crucial.

Infrastructure investment is considered a key driver of economic development (see Faber (2014) for a review). When transportation 
infrastructure connects metropolitan cities to peripheral regions, the literature suggests two opposing outcomes: diffusion (Baum- 
Snow et al., 2017; He et al., 2020; Wu et al., 2023) and concentration (Faber, 2014) of industrial activities. Peripheral regions could 
benefit from diffusion but might suffer adverse effects from concentration, contingent on empirical findings.

In this study, we examined the role of expressways in industrial clustering development. Industrial clustering is measured by the 
firm number in a specific industry, given the density of firms in an industry at the county level is an important feature of entrepre-
neurial clustering in China. We initially employed a difference-in-differences (DID) method to examine the effect of access to 
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expressways. Our findings indicate that expressway access can substantially enhance the development of industrial clustering. More 
specifically, after gaining access to expressways, firms in a specific industry at the county level increased by 6.5 %.

Several studies (Faber, 2014; He et al., 2020; Wu et al., 2023) suggest that expressway routing choices may be affected by un-
observable factors, leading to potential endogeneity issues. To address the concern, we employed three methods. First, we used a 
matching approach to ensure comparability between treatment and control groups. Second, we conducted robustness checks to ac-
count for the endogeneity of expressway access over time. Third, we applied Faber’s (2014) least cost path spanning tree networks 
approach to construct an instrumental variable, which we then used in long-difference regression. Our baseline results remained robust 
after these examinations.

Furthermore, our mechanism analysis demonstrated that the effect was driven by the reduction of trade costs and alleviation of 
information friction. First, we found expressways improved logistics to reduce trade costs, using road freight volume as a proxy. 
Second, the results show that expressways reduced information friction by facilitating migrant flows. Importantly, migrant flow is 
predetermined to ensure exogeneity. Information friction was measured by the surname distance between counties.

This study contributes to the existing literature from three perspectives. First, it contributes to our understanding of determinants of 
industrial clustering and the agglomeration economy. Prior literature focused on the role of entrepreneurship (Zhu et al., 2019), clan 
culture (Fan et al., 2023), universities (Lee, 2021), and institutional regulation (Lu & Tao, 2009). This study examined the role of 
transportation infrastructure on industrial clustering, providing new insights regarding this strand of literature.

Second, this study speaks to the literature on the role of transportation infrastructure. As mentioned, when transportation infra-
structure links metropolitan cities to peripheral regions, the literature has proposed two contrasting outcomes for industrial activities: 
diffusion (He et al., 2020; Wu et al., 2023) and concentration (Faber, 2014). Our empirical results support the diffusion effect. After 
access to expressways, resource endowments flow more efficiently. Peripheral regions, with lower land and labor costs, are better 
suited for the development of labor-intensive industrial clusters. Our research provides empirical evidence for understanding the role 
of infrastructure in promoting balanced regional development.

Third, our study contributes to the literature regarding the role of migrant flows. Several studies found that migrant flow can 
facilitate regional affinity, promoting economic communication between regions (Burchardi et al., 2019; Parsons & Vézina, 2018). Our 
results demonstrated that expressways reduced information friction by facilitating migrant flows. Therefore, in inland regions of 
China, these outflow migrants can act as linkages to developed coastal areas. Our study also offers new insights into this strand of 
literature.

The remainder of the study is organized as follows. Section 2 introduces the institutional background and related literature. Data 
are discussed in Section 3. Section 4 shows the empirical specification and baseline results. Robustness checks are implemented in 
Section 5. In Section 6, we examine several potential mechanisms of access to expressways. The study’s conclusions are presented in 
Section 7.

2. Background and related literature

2.1. Industrial clustering

The concept of industrial clusters originates from Marshall’s (1920) Principles of Economics, in which he defined the phenomenon of 
large-scale agglomeration of similar product producers in specific spaces, termed specialized production zones. Porter (1990) later 
formalized this concept, defining industrial clusters as constellations of geographically proximate companies and related institutions 
interacting in a particular sector. These clusters are united by shared characteristics and mutual dependencies. Drawing on the 
foundational theories of Marshall (1920), Arrow (1962), and Romer (1986), Glaeser et al. (1992) consolidated and advanced the 
understanding of industrial clusters, presenting the MAR model, which emphasizes three primary characteristics of clusters: (a) 
knowledge spillover in the region, (b) shared intermediate inputs, and (c) a region-specific common labor pool.

In the literature, indicators characterizing the degree of regional specialization are commonly used, such as HHI (Herfindahl- 
Hirschman Index), Gini coefficient, LQ (location quotient), and Krugman index (Delgado et al., 2014; Ellison et al., 2010; Ellison & 
Glaeser, 1997). These indicators share the common characteristic of emphasizing specialization. Guo et al. (2020) argued that 
measuring regional specialization may not be the most suitable method to capture the regional patterns of industrial clustering in 
China. This is primarily because many heavy industries are state-owned enterprises, and their locations were determined by admin-
istrative decisions (Fan & Zou, 2021). These firms are typically large, dominate their region, and have high specialization scores.

Hence, Guo et al. (2020) adopted a different approach to measure industrial clusters, using density-based index (DBI). In this DBI 
measure, a county is defined as having an industrial cluster if it ranks in the highest 5 % percentile of all counties in terms of firm 
density for a given industry sector.

The DBI measure for industrial clusters aligns well with the characteristics of clusters in China. Industrial clusters in China often 
take the form of specialty towns, typically characterized by a concentration of numerous small and medium-size enterprises and 
family-owned workshops. Multiple case studies of Chinese industrial clusters have highlighted this pattern. For example, Ruan and 
Zhang (2009) analyzed data from Puyuan Township in 2005, identifying approximately 10,000 firms and family workshops producing 
more than 500 million cashmere sweaters annually. Similarly, Fleisher et al. (2010) found that Zhili Township had over five thousand 
workshops engaged in children’s garment production in 2005. Therefore, the density of enterprises serves as a key indicator of the 
presence and strength of these industrial clusters.

However, the DBI method has some shortcomings. First, the 5 % threshold limits cross-year comparisons, because it reflects a 
relative level of development. An industrial cluster may be redefined as not clustered in the following year if its firm growth is 
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relatively slow, even though the industry may still be significant. Therefore, this measure can pose issues regarding longitudinal 
comparisons. Second, this method overlooks the heterogeneity of industries. Different industries may have different thresholds. 
Finally, the definition of the 5 % threshold is also controversial, given it is an arbitrary designation. In the empirical analysis section of 
this study, we address these three issues when applying the DBI method.

2.2. National Expressway Network Plan

Since the late 1970s, China has undergone significant economic reforms and adopted opening-up policies, leading to rapid and 
sustained economic growth. However, infrastructure investment, particularly in road networks, initially lagged behind. Prior to the 
1990s, China’s freight transportation relied heavily on railways and rivers, with road freight accounting for less than 5 % (Baum-Snow 
et al., 2017; Li et al., 2017). In response to these challenges, the Chinese Ministry of Transportation proposed the “7–5 network” in the 
late 1980s as part of the National Expressway Network Plan.

The network was designed with seven horizontal and five vertical axes, with the goal of creating a national expressway system 
featuring approximately 30,000 km of high-grade roads primarily for automobiles by the end of 2007. This plan received approval 
from the State Council in 1992. According to the 1990 Yearbook of China Transportation & Communications, the 7–5 network aimed 
to connect 203 of 567 cities, covering around 70 % of the urban population.

The construction process involved two phases: a kickoff phase from 1992 to 1997, followed by rapid development from 1998 to 
2007 (Faber, 2014). By the end of 1997, 10 % of the planned mileage had been completed. In 1998, the State Council decided to 
accelerate construction. By 2003, 91 % of the planned mileage had been completed, and by 2007, all targets were met. This study 
concentrates on the period from 2000 to 2007, which corresponds to the rapid development of expressway construction.

2.3. Internal migration in China

Massive interregional migration has been a prominent phenomenon in China. In 1958, the household registration system (hukou) 
was formally implemented in China. Every Chinese resident receives a hukou under this system, which can be classed as either 
agricultural or nonagricultural and connected to a particular region. Prior to 1978, hukou served as an individual’s authorization to 
reside and conduct business in the specified locality. People were forbidden to leave their hukou residence (Kinnan et al., 2018). Since 
the reform and opening up in the late 1970s, restrictions on internal migration in China have been substantially relaxed. Therefore, the 
country has witnessed mass migration during the last four decades. Migrants move from rural areas to urban cities and towns and from 

Table 1 
Number of firms in the top five percentile of two-digit industries in 1998.

Two-digit industry Five percent threshold

13 Food processing 59
14 Food manufacturing 76
15 Beverage manufacturing 70
16 Tobacco processing 2
17 Textile 56
18 Garment 161
19 Leather, fur, and feathers products 35
20 Timber and wood 75
21 Furniture 32
22 Paper products 59
23 Printing 81
24 Culture, education and sports articles 86
25 Petroleum and coking 19
26 Raw chemical materials 62
27 Medicine 62
28 Chemical fibers 14
29 Rubber and Plastics 128
30 Nonmetallic products 126
31 Ferrous metals 64
32 Nonferrous metals 15
33 Metal products 101
34 General machinery 171
35 Special machinery 134
36 Automobile 58
37 Transport equipment 43
38 Electrical Machinery and Equipment 83
39 Electronic equipment 77
40 Instruments and Meters 60
41 Other manufacturing 22
42 Comprehensive Utilization of Waste 45
43 Repair industry 2

Notes: The number is calculated by authors based on China’s firm registration database.
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inland regions to coastal regions to seek nonagricultural jobs.
However, these migrants still maintain close ties with their hometowns (Zhao, 2002). Migrant workers struggle to obtain urban 

hukou in most Chinese cities. Without this local hukou, they face restricted access to public services, including public housing, social 
security, and health insurance. Additionally, they experience labor market discrimination (An et al., 2024). Because institutional 
barriers to permanent settlement in urban areas have not been completely removed, many migrants in China are temporary migrants 
(Murphy, 1999; Zhao, 2002). These temporary migrants sustain intimate connections with their hometown, frequently shuttling back 
and forth between their hometown and place of residence multiple times a year. After the access to expressways, the phenomenon may 
have become more pronounced.

3. Data

3.1. Firm registration database

China’s firm registration database was founded by the State Administration for Market Regulation in China. It covers all enterprises 
registered in China since the reform and opening up in 1978. The database provides indicators including the year of establishment, 
enterprise location, value of registered capital, industry code, legal representatives, and shareholders. The database includes firm 
registration information from 1990 to 2020. For consistency with the coverage period of other datasets, we used data from 2000 to 
2007 in our study.

China’s firm registration database was used to measure the development of industrial clustering—namely, the DBI measurement 
developed by Guo et al. (2020). To capture an industry’s annual firm density, we calculated the firm number at the county-industry- 
year level based on the year of establishment and location information obtained from the dataset.

Compared to other commonly used enterprise databases (e.g., ASIFP Data), the advantage of China’s firm registration database is 
that the coverage is broad enough and still well represented in the county-industry-year dimension. Given our use of the DBI measure 
for industrial clusters, we acknowledge this measure’s shortcomings and addressed them as follows. First, the 5 % threshold poses 
limitations for cross-year comparisons. Therefore, we calculated the critical value of 5 % based on the data in 1998 in Table 1.1 Second, 
as Table 1 illustrates, some industries have a small number of firms, such as tobacco manufacturing and maintenance. Therefore, these 
two industries are not covered in the subsequent discussion. Finally, the definition of 5 % is controversial, so we also used the firm 
number in each two-digit industry as a proxy variable for cluster development.

3.2. China’s National Expressway Network

Data on China’s National Expressway Network was collected from the China Administrative Spatio-Temporal Expressway Data-
base. The database consists of information on China’s expressway network in 2000, 2002, 2003, 2005, and 2007. Because the Spatio- 
Temporal Expressway Database has gaps, we collected the data from the Yearbook of China Transportation & Communications 
(1998–2007) by hand to fill the gaps. In Fig. 1, we present the geographical distribution of connected counties based on China’s 
National Expressway Network in 2000 and 2007. Fig. 1 shows that in 2000, relatively few counties had access to expressways and they 

Fig. 1. China’s National Expressway Network in 2000 and 2007. 
Notes: Fig. 1 shows the geographical distribution of connected counties based on China’s National Expressway Network in 2000 and 2007.

1 Because our empirical setting covered 2000 to 2007, we selected 1998 as a preestablished baseline year.
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were not connected in a network. In comparison, the 7–5 network had become clearly established by 2007.

3.3. Other datasets

First, we exploit the Prolonged Artificial Nighttime-Light Dataset of China (1984–2020) to construct nighttime lighting intensity, 
serving as a proxy for county-level economic performance. Second, geographic distances between counties were computed using 
geographic information system software. Third, we used China population census 2000 and the 1 % national population sample survey 
in 2005 (mini-census) to calculate interregional migrants. The calculation method is based on Imbert et al. (2022). Additionally, 
because the mini-census in 2005 contained individual surname information, we employed it to calculate surname distance based on the 
method used by Bai and Kung (2022). Fourth, we collected other control variables from the China City Statistical Yearbook and the China 
County Statistical Yearbook.

4. Empirical setting and baseline results

We first estimated the following standard DID specification to investigate the effect of access to expressways: 

Ycit = β0 + β1Expresswayct + β2Xc ×Year+ μc + λit + εcit , (1) 

where Ycit is the dependent variable measuring the development of industrial clustering. We had two measurements for the dependent 
variable in county c and industry i in year t: the logarithmic value of the number of firms and a dummy variable, 1[Clustercit > 0], 
indicating whether an industry was clustered. Expresswayct represents access to expressways in county c in year t. Xc is a series of 
control variables, including firm number in the manufacturing sector and the intensity of nighttime lighting in county c in 1998. 
Subscript c denotes the county, i denotes the two-digit industry, and t denotes the year. εcit is the error term. Standard errors were 
clustered at the county level.

However, expressway routing choices may be affected by unobservable factors, leading to potential endogeneity issues. To address 
this problem, we used three approaches. First, we applied a matching method to ensure comparability between treatment and control 
groups, thereby better satisfying the parallel trends assumption in the empirical framework. Additionally, we used the matched sample 
as our baseline. Second, we conducted robustness checks to account for the endogeneity of access to expressways over time. Third, 
following Faber (2014), we constructed an instrumental variable and employed it in a long-difference regression.

Table 2 
Summary statistics of main variables.

Variable Cell Obs Mean SD

Firm County-industry-year 234,320 19.58 60.03
Dummy_cluster County-industry-year 234,320 0.05 0.22
Expressway County-year 234,320 0.26 0.44
Nightlight County 234,320 573.36 835.78
Manufacture County 234,320 452.51 725.76

Notes: “Firm” denotes the firm number for the specific industry in a county. “Dummy_cluster” represents 1[Clustercit > 0], which equals one if the firm 
density ranks in the top five percentile among all counties. “Expressway” was a dummy variable and equaled one when the county had access to the 
expressway network. “Nightlight” denotes the intensity of nightlight at the county level in 1998. “Manufacture” represents the firm number in the 
manufacturing sector at the county level in 1998.

Table 3 
Baseline results based on matched groups.

Log (Firm+1) IHS (Firm)

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

Expressway
0.065*** 0.065*** 0.076*** 0.076***
(0.011) (0.010) (0.013) (0.012)

County FEs √ √ √ √
Year-Industry FEs √ √ √ √
Control*Year √ √
Observations 234,320 234,320 234,320 234,320
Adjusted R2 0.650 0.651 0.648 0.650

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. IHS (Firm) is calculated by inverse hyperbolic sine transformation, which equals log
(

Firm +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 + Firm2

√ )
. 

“Firm” denotes the firm number in county c in industry i in year t. “Expressway” represents the access to expressway network in county c in year t. 
Control variables include the firm number in the manufacture sector and the intensity of night lights in county c in 1998. Standard errors are clustered 
at the county level.
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First, we exploited the matching method to make the treatment and control groups comparable. For counties with access to ex-
pressways as of 2000, we followed Callaway and Sant’Anna (2021) and excluded them from the sample. The matching covariate was 
the number of manufacturing firms at the county level in 1998. This covariate had two advantages. First, the variable was pre-
determined, making it more exogenous. Second, it controlled for the overall industrial development level.

This study calculated descriptive statistics based on the matched sample. Because large cities are the target of expressway con-
nectivity, we followed the literature (He et al., 2020) and dropped the sample of municipalities and provincial capitals. Table 2
presents detailed descriptive statistics for the primary variables.

Industrial clustering was measured using two variables: “firm,” which indicated the firm number in a specific industry in a county, 
and “dummy_cluster,” represented as 1[Clustercit > 0], which equaled 1 if the firm density ranked in the top 5 % among all counties. The 
average value of “firm” was 19.58, indicating that on average, there were 19.58 enterprises in a specific industry for a county per year. 
Furthermore, the mean value of “dummy_cluster” was 0.05, which approximately matches the cutoff threshold value.

“Expressway” was a dummy variable and equaled one when the county had access to the expressway network. Moreover, the 
intensity of nighttime light and the firm number in the manufacturing sector at the county level in 1998 were controlled in the 
following regression specification. Summary statistics of additional variables used in robustness checks and further discussion are 
shown in Table A1.

Table 3 reports the results of the baseline regression based on the matched sample (see the results of the unmatched sample in 
Table A2). As mentioned, the density of firms in an industry at the county level is an important feature of entrepreneurial clustering in 
China. Therefore, we used the logarithmic value of the firm number plus one as the key dependent variable, as shown in Table 3. 
Logarithmic transformation can lead to issues with the estimated coefficients (Cohn et al., 2022). Consequently, following Burbidge 
et al. (1988), we used the inverse hyperbolic sine transformation as an alternative specification for our outcome variable, as shown in 

Columns 3 and 4. This transformation is defined as log
(

Firm +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 + Firm2

√ )
. Additionally, Columns 1 and 3 only incorporate county 

fixed effects and year-industry fixed effects, whereas Columns 2 and 4 also introduce the interaction of control variables and year 
dummy variables.

Table 3 demonstrates that various methods of transforming the dependent variable yielded consistent results. The results 
demonstrate that access to expressways significantly enhanced the development of industrial clustering. Additionally, the coefficients 
in the first and second columns are nearly identical, suggesting that the matched sample was already highly comparable even without 
the inclusion of control variables. Specifically, we used the coefficient in Column 2 as the reference point. After expressway access, the 
firm survival number for the specific industry increased by 6.5 %.

Second, the timing of expressway completion may also involve endogeneity, so we conducted a robustness check. By the end of 
2003, completed expressway mileage accounted for 91 % of the goal, indicating that the network was nearly complete. Counties with 
earlier access to expressways also needed the network’s completion to gain greater transportation benefits. Therefore, we set the access 
to expressways for all counties to 2004. Table 4 shows the robustness check for this timing assumption. The coefficients are positive 
and significant.

Third, we adopted the least cost path spanning tree networks approach from Faber (2014) to construct an instrumental variable. 
Specifically, using a minimum-spanning tree algorithm, we generated the expressway network with the smallest length that connected 
all major cities in the network by 2007. Counties along this path were defined as the straight-line instrumental variable. Table A3 
shows that the results for the instrumental variable were also significant.

Finally, to test the impact dynamically, we employed the event study method to estimate the difference between the ex-ante and ex- 
post treatment groups and the control group flexibly: 

Ycit =
∑+4

τ=− 4,τ∕=− 1
β1τExpresswayτ

ct + β2Xc ×Year+ μc + λit + εcit . (2) 

Table 4 
Robustness check for timing assumption of expressway completion.

Log (Firm+1) IHS (Firm)

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

Expressway2004
0.084*** 0.082*** 0.097*** 0.095***
(0.014) (0.014) (0.017) (0.016)

County FEs √ √ √ √
Year-Industry FEs √ √ √ √
Control*Year √ √
Observations 234,320 234,320 234,320 234,320
Adjusted R2 0.650 0.651 0.648 0.650

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. IHS (Firm) is calculated by inverse hyperbolic sine transformation, which equals log
(

Firm +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 + Firm2

√ )
. 

“Firm” denotes the firm number in county c in industry i in year t. “Expressway2004” represents the access to expressway network in county c in year t 
and the timing of access for all counties in the treatment group is 2004. Control variables include the firm number in the manufacture sector and the 
intensity of night lights in county c in 1998. Standard errors are clustered at the county level.
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In Eq. (2), we replaced the core coefficient β1 with the leading and lagging terms in event studies β1τ. If τ < 0, it represents the − τ th 
period before access to expressways, and if τ ≥ 0, it represents the τ th period after access to expressways. To improve the precision of 
the estimation, we combined all periods before four periods and after four periods of treatment.

The recent econometric literature has pointed out that the DID estimator may suffer from the problem of negative weights when 
treatment effects are allowed to be heterogeneous. Some studies found that traditional two-way fixed-effect estimators can cause bias 
(Callaway & Sant’Anna, 2021; de Chaisemartin & D’Haultfœuille, 2020; Goodman-Bacon, 2021). To avoid the potential negative 
weighting problem in this paper, we used the heterogeneity treatment effect robust estimator to conduct further robustness checks in 
the subsequent analysis.

Fig. 2 illustrates the estimated coefficients and their 95 % confidence intervals of Eq. (2). The results show that the estimated value 
of β1t was not significantly different from 0, indicating no significant difference between treatment and control groups before the policy 

Fig. 2. Common trend test. 
Notes: Common trend test of Eq. (2). The figure plots the event study coefficients with corresponding 95 % confidence intervals.

Table 5 
Robustness check of alternative specifications.

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

PPML Spillover Add controls Add controls

Expressway
0.065** 0.064*** 0.063*** 0.066***
(0.028) (0.010) (0.010) (0.011)

Distance (0-10 km) − 0.023
(0.031)

Distance (10-20 km) 0.031
(0.024)

County FEs √ √ √ √
Year-Industry FEs √ √ √ √
Control*Year √ √ √ √
Economic Controls √
Infrastructure Controls √
Observations 234,320 234,320 234,320 213,150
R2 0.629 0.651 0.651 0.645

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. “Expressway” represents the access to expressway network in county c in year t. “Distance (0-10 km)” 
represents the counties located 10 km from the treatment areas. Control variables include the firm number in the manufacture sector and the intensity 
of night lights in county c in 1998. Economic Controls include bank deposit balances, government expenditures, GDP per capita, and the industrial 
share. Infrastructure Controls include the presence of high-speed rail, the presence of an airport, and railway freight volume. Standard errors are 
clustered at the county level.
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was implemented. We also referred to de Chaisemartin and D’Haultfœuille (2020) to demonstrate that the results were robust to 
treatment effect heterogeneity.

5. Robustness check

This section describes several robustness checks used to validate the reliability of our results. First, we used Poisson regression to 
address potential issues with the dependent variable. Second, we tested for spillover effects to ensure that our identification strategy 
did not violate the stable unit treatment value assumption (SUTVA). Third, we controlled for omitted variables by adding relevant 
control variables. Finally, we experimented with different definitions of the dependent variable to assess the sensitivity of our findings 
to the cutoff threshold. The results from these robustness checks provide further confidence in the consistency and validity of our 
conclusions.

5.1. Poisson regression

Using the log of the dependent variable can be problematic, especially due to the high prevalence of zeros in the data. To address 
this, we employed inverse hyperbolic sine transformations. Another alternative specification we employed was Poisson pseudo- 
maximum likelihood (PPML), serving as an additional robustness check for the dependent variable specification. These results are 
presented in Column 1 of Table 5. The coefficients were both significant and of similar magnitude to those in the baseline regressions. 
This suggests that different transformations of the dependent variable did not lead to biased estimates.

5.2. Spillover effect

The DID method requires the stable unit treatment value assumption to hold. However, transportation infrastructure may have 
diffusion effects, meaning that control groups are likely to be affected by the policy. This could lead to biased estimates. To address 
this, we tested for spillover effects, shown in Table 5. In Column 2, we explicitly controlled for spillover effects, following the literature 
(Huang & You, 2025). We included neighboring areas in the control group as a hypothetical treatment group, using 2004 as the 
assumed policy shock year. Therefore, the coefficient for expressway access captures the policy’s impact after accounting for spillover 
effects. We found no significant spillover effects in counties 20 km from the treatment areas. This suggests that our identification 
strategy did not violate SUTVA.

5.3. Omitted variables

The baseline specification may suffer from omitted variable bias. To address this, we added a set of control variables. The first group 
of control variables consisted of county-level socioeconomic indicators, including bank deposit balances, government expenditures, 
GDP per capita, and industrial share. These indicators are important determinants of industrial cluster development. In Column 3 of 
Table 5, we further controlled for these variables. The results remained robust after including these controls.

The second group of control variables included other transportation infrastructure. We compiled data on high-speed rail openings, 
airport openings, and railway freight volume from 2000 to 2007. Prior to 2008, there was no true high-speed rail, except for the 
Qinshen Passenger Dedicated Line, which began operation in October 2003 and reached a maximum operating speed of 200 km/h. We 
considered counties through which the Qinshen line passed as the treatment group affected by high-speed rail. Information on airport 
openings was sourced from publicly available online resources, and all counties in cities with newly opened airports were regarded as 
the treatment group. Data on railway freight volume were taken from the statistical yearbooks of prefecture-level cities. We included 
the presence of high-speed rail, presence of an airport, and railway freight volume as control variables in the regression. The results, 

Table 6 
Robustness check on different cut-off thresholds of clustering.

7 % cut-off 5 % cut-off 3 % cut-off

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

Expressway
0.006*** 0.006*** 0.007*** 0.006*** 0.002 0.001
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

County FEs √ √ √ √ √ √
Year-Industry FEs √ √ √ √ √ √
Control*Year √ √ √
Observations 234,320 234,320 234,320 234,320 234,320 234,320
Adjusted R2 0.351 0.351 0.321 0.321 0.268 0.268

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Seven/five/three percent cut-off denotes a county was considered to have a particular industry’s cluster, if 
it was in the top seven/five/three percentile of all counties in terms of that industry’s firm density. “Expressway” represents the access to expressway 
network in county c in year t. Control variables include the firm number in manufacture sector and the intensity of night lights in county c in 1998. 
Standard errors are clustered at the county level.
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shown in Column 4, reveal that the coefficients are statistically significant, with a value of 0.066, which is very close to the baseline 
coefficient of 0.065.

5.4. Definition of the dependent variable

In this section, we altered the definition of the dependent variable to the dummy variable definition, 1[Clustercit > 0]. A potential 
concern regarding the definition of the dummy variable is the arbitrary nature of the cutoff threshold (5 %). Different cutoff thresholds 
may yield inconsistent results. Therefore, we adjusted the threshold to 7 % and 3 %, and the results are presented in Table 6. The 
coefficients for these cutoffs were positive and significant, although the coefficients for the 3 % cutoff became nonsignificant. As the 
cutoff threshold decreased, the size threshold of the clusters increased. The findings in Table 6 suggest that the impact of expressways is 
more pronounced for smaller industry clusters.

6. Further discussion of underlying mechanisms

In this section, we explored how expressway access affects clustering development. First, we analyzed how expressways improve 
logistics to reduce trade costs, using road freight volume as a proxy. Our results show that expressway access significantly increased 
road freight volume, especially in prefectures with more counties connected to expressways. We also examined how expressway 
development interacted with geographic and industrial proximity to reduce trade costs. Second, we investigated how expressways 
reduced information friction by facilitating migrant flows. The findings indicate that expressway access had a stronger effect in regions 
with higher migrant outflows and greater surname distance.

Table 7 
The effect of expressways on freight volume at the prefecture level.

(1) (2)

Expressway_num 0.033***
(0.010)

Expressway_ratio 0.206***
(0.072)

Prefecture FEs √ √
Year FEs √ √
Control √ √
Observations 1047 1047
Adjusted R2 0.879 0.878

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. The dependent variable is the log value of 
freight volume at the prefecture level. “Expressway_num” represents the number of 
counties with access to expressways within the prefecture. “Expressway_ratio” represents 
the proportion of counties with access to expressways within the prefecture. Control 
variables include GDP per capita, fiscal expenditures, and the industrial share at the 
prefecture level. Standard errors are clustered at the prefecture level.

Table 8 
Heterogeneity check by county location.

(1) (2)

Expressway 0.118*** 0.275***
(0.019) (0.030)

Expressway*Distance_city − 0.042***
(0.013)

Expressway*Distance_industry − 0.020***
(0.003)

County FEs √ √
Year-Industry FEs √ √
Control*Year √ √
Observations 234,320 234,320
Adjusted R2 0.651 0.663

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. The dependent variable is the log value of the firm survival 
number. “Expressway” represents the access to expressway network in county c in year t. “Distance_city” 
represents the distance from each county to the nearest provincial capital. “Distance_industry” represents 
the average distance between a county and pre-2000 cluster counties. Control variables include the firm 
number in the manufacture sector and the intensity of night lights in county c in 1998. Standard errors are 
clustered at the county level.
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6.1. Mechanism 1: reducing trade costs

In this section, we examined the first mechanism of how expressways promote industrial cluster development by reducing trade 
costs. We first used road freight volume as the dependent variable to examine how expressways affected the mobility of production 
factors and products. However, due to data limitations, we could only obtain this variable at the prefecture level. Therefore, the in-
dependent variables needed to be aggregated to the prefecture level. We defined two explanatory variables. “Expressway_num” 
represented the number of counties with access to expressways in the prefecture. “Expressway_ratio” represented the proportion of 
counties with access to expressways in the prefecture.

Table 7 shows that both explanatory variables had a positive and significant effect on road freight volume. The control variables 
included GDP per capita, fiscal expenditures, and industrial share at the prefecture level. This result supports that one of the key 
mechanisms is by improving logistics and transportation.

Additionally, we calculated two types of distance as indirect evidence for reducing trade costs. First, we computed the distance from 
each county to the nearest provincial capital, referred to as “Distance_city.” Next, we aimed to capture the distance between each 
county and counties that had industrial clusters prior to 2000. This reflected the distance between each county and the industrial 
frontier, represented by “Distance_industry.” The variable measured the average distance between a county and pre-2000 cluster 
counties.

We constructed interaction terms between these two types of distances and expressway development to explore their impact on 
industrial cluster development. The results are presented in Table 8. First, we found a negative interaction term between “Dis-
tance_city” and expressway, indicating that the farther a county is from the provincial capital, the smaller the positive effect of the 
expressway. Specifically, the coefficient of the interaction term suggests that for every 100 km increase in distance from the nearest 
provincial capital, the impact of the expressway on the firm number decreased by 4.2 %. This decline represented approximately two 
thirds of the expressway’s effect in the baseline regression.

The interaction between “Distance_industry” and expressway yielded a similar result. As expected, counties closer to the original 
clusters experienced greater effects. Because industries tend to spread outward from initial clusters, areas closer to these original 
clusters likely benefited from lower trade costs once they gained access to expressways.

6.2. Mechanism 2: reducing information friction

Another mechanism we examined is that access to expressways can boost the interregional labor mobility, thereby reducing 
interregional information friction. In the section, we first provided direct evidence that access to expressways facilitate interregional 
migration flow. We referred to Imbert et al. (2022) to construct the migrant flow dataset. They used the Mini-Census in 2005 to create a 
migration flow matrix between all Chinese prefectures for each year from 2000 to 2005. Based on the method, we constructed the 
variable of outflow and inflow migrants at the prefecture level. Table 9 shows that expressways promote both outflow and inflow 
migration. For each additional county with expressway access, outflow migrants increase by 3.4 %, and inflow migrants rise by 4.6 %.

Additionally, we used a triple difference regression model to estimate the impact of expressways on clusters through migrant flow. 

Ycit = αExpresswayct + βExpresswayct ×Migrantci +Xγ+ εcit (3) 

Migration flow may be an endogenous variable. Therefore, we measured migration flow using the outflow migrant number from 
2000. This ensures that migration flow is pre-determined within our analysis period, helping to mitigate concerns about endogeneity. 
Moreover, we referred to Barwick et al. (2024) for the discussion of endogeneity. They argued that two assumptions must be met to 
obtain consistent estimates of β in Eq. (3). The first assumption is εcit⊥Expresswayct ∣ X and the second is Migrantci⊥Expresswayct ∣ X. 
The first assumption is the standard exogeneity assumption, which we have discussed in Section 4. We followed Barwick et al. (2024)
to test the second assumption. The results in Table A4 shows that the population outflow in 2000 has no effect on the timing of 
expressway access, which support the second assumption.

Table 9 
The effect of expressways on migration flow at the prefecture level.

(1) (2)

Outflow Inflow

Expressway_num
0.034** 0.046**
(0.015) (0.023)

Prefecture FEs √ √
Year FEs √ √
Control √ √
Observations 758 758
Adjusted R2 0.933 0.813

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. The dependent variable is the log value of 
outflow and inflow migrants at the prefecture level. “Expressway_num” represents the 
number of counties with access to expressways within the prefecture. Control variables 
include GDP per capita, fiscal expenditures, and the industrial share at the prefecture 
level. Standard errors are clustered at the prefecture level.
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For the estimation of Eq. (3), we expected the impact of expressway access to be more pronounced in regions with higher pop-
ulations of outflow migrants. As shown in Table 10, we found that the interaction term between migrant and expressway was 
significantly positive. Moreover, for every 1 % increase in migrant outflow, the effect of expressway access increased by 1.49 %.2

Finally, we provided evidence that expressway access and migrant flow can reduce information friction. However, we lacked direct 
data to measure information friction. Instead, we used surname distance as a proxy for information friction. Surname distance 
measures potential biological, cultural, and institutional differences in population characteristics (Bai & Kung, 2022). Differences in 
human traits and characteristics may act as barriers to industrial transfer between different regions.

The variable “Distance_surname” was calculated as follows. First, we employed the Mini-Census in 2005 to calculate surname 
distance at the county-pair level based on the method in Bai and Kung (2022). Second, we constructed a new variable, “Dis-
tance_surname,” representing the average surname distance between a county and pre-2000 cluster counties.

As shown in Table 10, we introduced a new interaction term, denoted as “Expressway*Migrant*Distance_surname” in the 
regression model. The results in Table 10 suggest that the effect of access to expressways and migrant flow was more pronounced in 
counties and industries that were farther apart in terms of surname distance. However, the effect of geographic distance was 
nonsignificant. This implies that migrant flow may reduce interregional informational friction.

7. Conclusion

In this study, we examined the effect of access to expressways on industrial clustering development in China. We found that access 
to expressways can stimulate the development of industrial clustering. The empirical findings show that expressways were related to a 
6.5 % increase in number of firms at the industry level. Moreover, we demonstrated that the effect was driven by the reduction of trade 
costs and alleviation of information friction.

Our research supports that investment in transportation infrastructure is crucial for economic growth. Improved transportation 
enhances the spatial reallocation of economic resources and activities, reshaping the structure and distribution of the regional 
economy. At the same time, we highlight the importance of social ties. Migrants serve as bridges between regions, driving the 
development of their hometowns.

Owing to the agglomeration effect of industrial clustering, cluster-based economic development policies have gained popularity 
among policymakers during the past two decades (Wolman & Hincapie, 2015). This study shed light on how better to implement 
cluster-based economic development policies by emphasizing the importance of investing in transportation infrastructure. These 
strategic interventions are pivotal in fostering the development of industrial clusters.

The limitations of this study could be addressed in future research. First, we have not yet validated the classic theory of industrial 

Table 10 
The effect of expressways and migrant flow on clustering.

(1) (2) (3)

Expressway − 0.010 1.819*** − 0.017
(0.012) (0.031) (0.034)

Expressway*Migrant 0.097*** − 0.147 0.179***
(0.010) (0.201) (0.028)

Expressway* Distance_industry − 0.262***
(0.034)

Expressway*Migrant* Distance_industry 0.032
(0.029)

Expressway* Distance_surname − 0.011
(0.024)

Expressway*Migrant* Distance_surname 0.066***
(0.018)

County FEs √ √ √
Year-Industry FEs √ √ √
Control*Year √ √ √
Observations 234,320 234,320 234,320
Adjusted R2 0.652 0.664 0.651

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. The dependent variable is the log value of the firm survival number. “Expressway” represents the access to 
expressway network in county c in year t. “Migrants” denotes the log value outflow migrant number in county c in industry i in 2000. “Distance_city” 
represents the distance from each county to the nearest provincial capital. “Distance_industry” represents the average distance between a county and 
pre-2000 cluster counties. “Distance_surname” represents the average surname distance between a county and pre-2000 cluster counties. Control 
variables include the firm number in the manufacture sector and the intensity of night lights in county c in 1998. Standard errors are clustered at the 
county level.

2 This figure was derived from the following calculation: A 100 % increase in migrant outflow led to a change of 0.097 in the effect of the 
expressway, which was 149 % of the baseline regression value of 0.065. Therefore, for every 1 % increase in migrant outflow, the effect of 
expressway access increased by 1.49 %.
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clusters. Future studies could explore this in three areas: input sharing, labor pooling, and knowledge spillovers. Second, a long-term 
panel dataset could be used to examine the long-term effects.
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