
Administrative Boundaries and Collaborative Innovation:
Evidence from a Chinese City

Jinyue Tanga and Chunhua Wang *a

aAntai College of Economics and Management, Shanghai Jiao Tong University

November 24, 2024

VERY PRELIMINARY. PLEASE DO NOT CITE.

Abstract
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riences, perspectives, and skills. The existing literature has explored the effects of
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laboration and collaborative patents. In this paper, we present the first empirical
analysis demonstrating that the presence of administrative boundaries discourages
the formation of innovation collaborations and hinders the production of collabora-
tive innovations in a major Chinese city.
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1 Introduction

Collaboration fosters innovation by bringing together people with diverse perspectives,

experiences, and skills. It typically produces more frequently cited research than indi-

viduals do, and this advantage has been increasing over time (Wuchty, Jones and Uzzi,

2007). The existing literature documents the importance of collaboration networks for

technological progress (König, Liu and Zenou, 2019; Berger and Prawitz, 2024). However,

it lacks sufficient understanding of what determines collaboration between researchers

(Anderson and Richards-Shubik, 2022). Existing studies have examined the roles played

by geographical distance (Van der Wouden and Youn, 2023), travel time (Hanley, Li and

Wu, 2022; Koh, Li and Xu, 2022), and technological diversification (Barbosa, Sáiz and

Zofío, 2024). In this paper, we present the first analysis demonstrating that administrative

boundaries, even within a single city, discourage the formation of collaboration networks

and hinder collaborative innovation activities.

We focus on Shanghai, the largest city and one of the most important innovation hubs

in China, which consists of sixteen administrative districts. Our empirical investigation

examines a panel of highly innovative firms in the city. Using various data sources, we

construct a dataset that includes detailed firm-level information such as geographic loca-

tions of the firms and their collaborators, counts of collaborative invention patents, and the

quality of each invention patent. Our spatial regression discontinuity estimates suggest

that administrative boundary decreases a firm’s probability of collaborating with firms

outside of the district by more than 20%. Combining patent data, our empirical analysis

reveals that the presence of administrative boundaries reduces cross-district collabora-

tive inventions by approximately 1%. Furthermore, leveraging changes in administrative

boundaries as a quasi-natural experiment, we find that removing these barriers signif-

icantly increases the total number of patent applications and the average quality of the

invention patents.

In addition to making contributions to the expanding innovation literature, this paper
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also relates to two other bodies of existing studies. The first is about the border effect.

Studies in the trade literature have extensively examined how borders affect trade volumes,

trade costs, and market integration. The effects exist for national borders (McCallum,

1995; Evans, 2003) and subnational borders such as U.S. states (Wolf, 2000) and provinces

within China (Poncet, 2005). However, to the best of our knowledge, little research has

identified such an effect for a smaller region, such as administrative boundaries within a

metropolitan area. We argue that this is due to local favoritism within regions.

Second, the urban economics literature provides substantial evidence that innovation

activities are mainly concentrated in urban areas due to agglomeration benefits (Carlino,

Chatterjee and Hunt, 2007). This line of literature typically treats a city or metropolitan

area as the unit of observation. In contrast, the present study focuses on the effect of the

organization of areas at finer geographic levels within a city. In our setting, geographic

distance is a minor issue for inventors since they are all located within the same city.

However, as indicated by our findings, the barriers imposed by administrative boundaries

significantly deter innovation collaboration.

The remainder of the paper proceeds as follows. Section 2 describes the study area

and the main data sources. Section 3 presents the empirical strategy. Section 4 shows the

baseline results, robustness checks and mechanism analysis. Section 5 provide further

discussion about the implications of removing boundaries. Finally, Section 6 concludes.

2 Background and data

2.1 Background

China has experienced rapid growth in patent applications over the last two decades

(Hu, Zhang and Zhao, 2017). Of the 1.6 million applications received by the China State

Intellectual Property Office (SIPO) in 2022, over 90 percent were resident applications,

which had been increasing by 21% annually from 2001 to 2022. Figure 1 illustrates the
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growing trend of invention patent applications over the years from 2000-2022.1

Figure 1: Invention patent applications (in 000s)

Notes: This figure illustrates the numbers of invention patent applications in China and in the city of
Shanghai from 2000 to 2022. Data source: China Intellectual Property Statistical Yearbook 2022.

Large cities play a crucial role in driving the growth in patent applications. In this

paper, we focus on Shanghai. The Chinese central government is endeavoring to transform

the city into a global center of scientific and technological innovation2 and the leading city

of the Yangtze River Delta, the most economically active region in China.3 Shanghai is

expected to play an increasing important role in China’s international science and technol-

ogy collaboration. Both the central and municipal governments have issued a number of

policy instruments to encourage innovation activities in Shanghai. Consequently, Shang-

hai has been one of the leading innovative cities in China. In 2022, covering only 0.07%

of China’s total land area, Shanghai produced approximately 6.1% of invention patent

1In this paper, data on patent applications come from WIPO (World Intellectual Property Organization).
The numbers of patent applications cited refer to the total count of patent applications (including direct and
PCT national phase entries) for inventions filed by residents and originated from their home country.

2Retrieved from: https://www.gov.cn/zhengce/2016-05/19/content_5074812.htm
3The government document (in Chinese) is available online at https://stcsm.sh.gov.cn/xwzx/zt/

sswgh/zxbd/20210929/3125f8f91b554ea6af0852552bfc8fca.html

3

https://www.gov.cn/zhengce/2016-05/19/content_5074812.htm
https://stcsm.sh.gov.cn/xwzx/zt/sswgh/zxbd/20210929/3125f8f91b554ea6af0852552bfc8fca.html
https://stcsm.sh.gov.cn/xwzx/zt/sswgh/zxbd/20210929/3125f8f91b554ea6af0852552bfc8fca.html


applications.4

In the following sections, we investigate an important yet somewhat overlooked fact:

administrative boundaries within the city hinder collaborative patents and the formation

of collaborations.

2.2 Data sources

For empirical investigation in this paper, we compile data from several different resources.

Shanghai Science and Technology Enterprises Surveys (SSTES). We obtain firm-level

data drawn from the annual Surveys which are jointly administrated by the Shanghai

Science and Technology Commission and the Shanghai Bureau of Statistics. The SSTES

collects information on a representative sample of firms with high innovation capabilities

in Shanghai. The criterion for choosing the firms are clear and strict.5 Each covered firm

is required to complete an official form and report its employment, R&D investment, and

profit.6 Key findings from the surveys are published annually in the official Shanghai

Statistical Yearbook as a table of “Scientific and Technological Enterprises”.

In addition to the above financial data, each firm also reports its own geographic

location and top three collaborators’ districts of location. By mapping firms’ locations,

we are able to identify relative locations of firms to their collaborators, boundaries and

other geographic factors, which are important for our empirical analysis on the effects of

administrative boundaries.

Patent data. We obtain patent from the incoPat website.7 For each patent, the dataset

includes names of applicants, patent type, content, and citations. We also utilize the

data to identify co-applicants by extracting relevant patent application records that list

4Data source: China Statistical Yearbook by National Bureau of Statistics of China.
5’Reference Standards for Defining Technology Enterprises in Shanghai’ (Hu Ke [2015] No. 70) is listed

in Appendix A. Source: https://stcsm.sh.gov.cn/zwgk/tzgs/zhtz/20150317/0016-149217.html.
6An official form (in Chinese) is available online at https://www.shanghai.gov.cn/newshanghai/

xxgkfj/201801050611059.pdf
7The data are available online at https://www.incopat.com.
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the co-applicants. Once identified, the geographical locations of these collaborating firms

are obtained by cross-referencing the applicant names with their addresses, which are

retrieved from external mapping services such as Google Maps.

GIS data. We obtain GIS datasets from the website of the Shanghai Bureau of Planning

and Natural Resources. We use standard maps that show administrative boundaries of

districts and river systems within the city.8

2.3 Key variables

Administrative boundary and spatial relations. We obtain longitudes and latitudes for

the firms. Using GIS, we combine the information with the map of Shanghai’s sixteen

administrative districts, as shown in Figure 2. This allows us to determine the relative

spatial relations of firms to administrative boundaries of a specific district. For those

incoPat firms that do not appear in the SSTES, we use their names and Google Maps to

identify their geographic locations. During the sample period from 2008 to 2018, there

are three cases of district consolidations ordered by Shanghai government.9 For the main

analyses in the paper, we use the boundaries for the districts after the consolidations.

Collaborative inventions. In China, there are three general types of patents: inven-

tion, utility model, and design patents. Among these, invention patents represent the most

significant innovations within China’s patent system (Wei, Xie and Zhang, 2017). In most

analyses, we use the number of invention patents to measure innovation outcomes. For

each SSTES firm, we count the number of collaborative patents with firms from different

districts, including the firm’s home district and its neighboring districts. Consequently,

the unit of observation is at the firm-district level.

Furthermore, to measure the quality of a patent, we calculate the number of forward

8Map for administrative boundaries is available online at https://hd.ghzyj.sh.gov.cn/chgl/bzdt/
201911/t20191115_942025.html. The map for the river systems is available online at https://hd.ghzyj.
sh.gov.cn/chgl/bzdt/201911/t20191115_942026.html.

9The original Pudong and Nanhui, Huangpu and Luwan, and Jingan and Zhabei were consolidated into
the new Pudong (in 2009), Huangpu (in 2013), and Jingan (in 2015), respectively.
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Figure 2: Administrative boundaries in Shanghai

citations. We then average this measure to the firm level.

Collaboration. The SSTES requests that firms report the districts of locations for up to

three collaborators if they are also from Shanghai. Therefore, the number of collaborators

among the 16 administrative districts for each firm can be obtained, with the number

ranging from 0 to 3. One limitation is that we cannot determine whether the collaborators

are firms or universities. In this paper, we use a dummy variable to measure innovation

collaboration. If a firm reports having collaborators from a district, the variable for the

firm-district is set to one. This measure complements the literature that primarily uses

innovation collaboration through co-invention of patents, co-authorship of publications,

and funding-supported collaborative research (Davies et al., 2022).

Data indicate that the SSTES firms exhibit strong innovation capabilities. Specifically,

on average, a firm files 0.93 invention patent applications per year. The average number

of collaborative invention patents is 0.20. The number of collaborative patents with firms

from the same district is 0.023, while it is 0.018 from firms in the other fifteen districts.
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3 Empirical method

To estimate the effects of administrative boundaries on collaboration activities, we exploit a

spatial discontinuity design. Firms located close to an administrative boundary between

two districts have similar proximity to amenities, infrastructure, peers, and markets in

both districts.

For this purpose, we reshape the original firm-year-level observations to firm-district-

year-level observations and propose a spatial RD model as follows:

𝑌𝑖 𝑗𝑘𝑡 = 𝛼1𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑗𝑘 + 𝛼2𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑖𝑘 + 𝛼3𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑗𝑘 × 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑖𝑘 + 𝜇𝑖 + 𝜐𝑡 + 𝜖𝑖 𝑗𝑘𝑡

𝑠.𝑡.− ℎ ≤ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑖𝑘 ≤ ℎ

(1)

where 𝑖 indexes firm, 𝑗 indexes the district where firm 𝑖 is located, 𝑘 indexes a neighboring

district that hosts the firm’s co-applicants, and 𝑡 indexes year. 𝑦𝑖 𝑗𝑘𝑡 is the number of firm

𝑖’s collaborative patent applications with her co-applicants located in district 𝑘 in year 𝑡. It

is important to note that we also include the case that 𝑘 = 𝑗. In this case, 𝑦𝑖 𝑗𝑘𝑡 measures the

number of patent applications made by firm 𝑖 with co-applicants from the same district.

In the model, 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑗𝑘 is an indicator variable that equals 0 if 𝑗 = 𝑘. If there is

an administrative boundary between districts 𝑗 and 𝑘, then 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑗𝑘 = 1. 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑖𝑘

measures the distance between firm 𝑖 and the administrative boundary (negative if 𝑗 = 𝑘

and positive if 𝑗 ≠ 𝑘), and ℎ is the estimated MSE-optimal bandwidth following Calonico,

Cattaneo and Titiunik (2015). To allow for potential spatial correlation of the error term

within districts, we cluster the standard errors at the home district by year level. To

account for the firm-level unobserved determinants and time-specific shocks for firms’

collaborative innovation in the estimations, we control for firm fixed effects 𝜇𝑖 and year

fixed effects 𝜐𝑡 in the baseline model.

We are particularly interested in 𝛼3, which captures the effect of administrative bound-
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aries on collaborative patent applications within a city. If administrative boundaries

hinder collaborative innovation activities between districts, we should observe negative

coefficient estimates of 𝛼3.

The overlap between the administrative boundary and the non-administrative bound-

ary formed by the river complicates the separation of their effects. Therefore, in the

subsequent regression analysis, we exclude observations from the ChongMing District

(denoted as “CM” in Figure 2), which is geographically isolated from other districts by

the Yangtze River.

4 Empirical results

4.1 Baseline results

Using the count of collaborative invention patents (in 𝑙𝑜𝑔(1+ .)) as the outcome variable, we

estimate various specifications of Equation (1). Table 1 reports the estimated effects of the

administrative boundaries on collaboration. The three panels differ in kernel weighting

methods used for the estimations. The four columns differ in the inclusion of fixed

effects. As shown in Panel C, the estimates suggest that the presence of an administrative

boundary reduces a firm’s number of inventions that are collaborative with firms from

the adjacent district by approximately 1%.

A comparison of the RD estimates across the four columns reveals that the magnitudes

of the estimated boundary effects are quantitatively similar across these four specifications.

This implies that district- and industry-specific characteristics are uncorrelated with the

treatment status.

Figure 3 shows the visible discontinuity in collaborative patent applications at the

boundary. While firms located in a district (the left part of the figure) actively collaborate

with firms within their district, even those located close to the boundary, there is a sharp

downward jump right across the boundary. This indicates that, for firms located in another
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Table 1: Impact of administrative boundaries on collaborative inventions

D.V.: 𝑙𝑜𝑔(1+ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑎𝑡𝑒𝑛𝑡𝑠)
(1) (2) (3) (4)

Panel A. Kernel Type: Triangular

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.015*** -0.015*** -0.014*** -0.015***
(0.005) (0.004) (0.004) (0.004)

Bandwidth 3.210 3.210 3.190 3.191
Obs. 49,181 49,195 48,916 48,916

Panel B. Kernel Type: Epanechnikov

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.014*** -0.014*** -0.014*** -0.014***
(0.004) (0.004) (0.004) (0.004)

Bandwidth 2.942 2.967 2.943 2.948
Obs. 45,640 45,849 45,655 45,682

Panel C. Kernel Type: Uniform

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.010* -0.010** -0.011** -0.010**
(0.005) (0.005) (0.005) (0.005)

Bandwidth 1.991 2.009 2.139 1.999
Obs. 32,890 33,185 34,639 33,025

Firm FE Y Y Y
Year FE Y
Industry-Year FE Y Y
Home dist.-Year FE Y
Nbr dist.-Year FE Y

Notes: 1. Each cell in the table represents a separate RD regression. 2. The dependent vari-
able is 𝑙𝑜𝑔(1 + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑎𝑡𝑒𝑛𝑡𝑠). 3. The running variable is the distance
between a firm and the boundary, where negative (positive) distance means firms are lo-
cated inside (outside) the districts. 4. The discontinuities at boundaries are estimated using
local linear regressions and MSE-optimal bandwidth proposed by Calonico, Cattaneo and
Titiunik (2015) for different kernel weighting methods. 5. Conventional local linear regres-
sion discontinuity standard errors are in parentheses, clustered at the home district by year
level. 6. Significance: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1.

district (the right part of the figure), even those very close spatially to the boundary, their

collaborative patent applications with firms from the adjacent district are significantly

smaller. Additionally, the jump exists only at the boundary, highlighting the significant

impact of boundaries.
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Figure 3: Collaborative inventions: Discontinuity at boundaries

4.2 Robustness checks and heterogeneity analysis

Alternative bandwidths. Our baseline model uses the optimal bandwidth as determined

by the approach. As the first set of robustness checks, we use different bandwidths

between 1 and 10 kilometers to make estimations. Figure 4 reports the point estimates and

confidence intervals. It also reports findings from a regression with all firm observations in

each district. Overall, the checks find similar results as those from the baseline regression.

Dynamic effects. To evaluate whether the estimated effect varies across different

periods, we run the regression for each of the covered years from 1998-2008. Figure 5

summarizes the main findings.

Different measures of collaborative patents. In the baseline regressions, the outcome

variable is 𝑙𝑜𝑔(1 + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑎𝑡𝑒𝑛𝑡𝑠) because invention patent counts

contain zero values. As a check, we apply an inverse hyperbolic arcsine transformation.

Column 1 of Table 2 finds similar results. In Column 2, we simply use the count as the

outcome variable.

Outliers. To address concerns about outliers, we delete the top and bottom 0.5%
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Figure 4: Estimates for different bandwidths

Notes: We choose different bandwidths between 1 and 10 kilometers to make separate estimations. The
figure report results (point estimate and 90% confidence interval) from each of the ten regressions. In
addition, the last one is obtained from using all firm observations in the districts.

Figure 5: Estimates for different periods

Notes: For each year, we run the regression and report the point estimate and 90% confidence interval in the
figure.
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of observations with extreme values of employment, assets, R&D employees, or R&D

expenditure. Columns 3-6 in Table 2 report the respective results. Overall, the estimates

are slightly larger (in absolute value) than the baseline estimate.

Table 2: Robustness checks

Panel A: Panel B:
Alternative measures Exclude outliers based on ...

arcsinh count employment asset R&D emp. R&D exp.
(1) (2) (3) (4) (5) (6)

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.012* -0.122** -0.012*** -0.015*** -0.015*** -0.016***
(0.006) (0.059) (0.004) (0.004) (0.004) (0.003)

Bandwidth 1.994 2.072 2.579 2.623 2.710 2.677
Obs. 32,905 33,863 39,868 40,377 41,541 41,067

Notes: 1. Each cell in the table represents a separate RD regression. 2. Panel A uses alternative
measures of the outcome variable. In Column 1, we apply an inverse hyperbolic arcsine trans-
formation because invention counts contain zero values. Column 2 simply use the counts (not in
𝑙𝑜𝑔). 3. Panel B use samples without outliers base on different measures. 4. The running vari-
able is the distance between a firm and the boundary, where negative (positive) distance means
firms are located inside (outside) the districts. 5. The discontinuities at boundaries are estimated
using local linear regressions and MSE-optimal bandwidth proposed by Calonico, Cattaneo and
Titiunik (2015). The kernel weighting method: uniform. 6. Conventional local linear regression
discontinuity standard errors are in parentheses, clustered at the home district by year level. 7.
Significance: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1.

Heterogeneity analysis. We examine whether the estimated effects vary across differ-

ent firm groups. As the first heterogeneity analysis, we classify firm observations into two

groups based on whether their employment is above or below the district-industry-year

median. The first two items in Figure 6 reports the results for the “above median” and the

“below median” groups, respectively. The subsequent three sets of results in the figure

classify firms according to their assets, R&D employment, and firm age. Overall, the

estimated effects are similar across all groups.

4.3 Non-administrative boundaries

We argue that local favoritism within districts drives the effects of administrative bound-

aries on innovation collaboration. While we have not identified data sources to directly test

for this, we examine whether certain non-administrative boundaries have similar effects.
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Figure 6: Heterogeneity analysis

Notes: 1. Each item represents a separate RD regression. It reports point estimate and 90% confidence
interval. 2. In the first sets of regressions, we classify firm observations into two groups based on whether
their employment is above or below the district-industry-year median. The other sets use different variables
to make the classifications.

Specifically, we investigate the boundaries formed by river systems.

Rivers divide the city into several smaller regions, as illustrated in Appendix Figure

A1. We use these rivers to define non-administrative boundaries and identify firms located

on either side of a river. We then estimate a model similar to Equation (1) and report the

results in Table 3. All three RD regressions yield statistically insignificant estimates.

We find no evidence to suggest that firms located on one side of a non-administrative

boundary tend to produce more collaborative patents with firms on the same side.

4.4 Mechanism

In China, the government exhibits strong local favoritism in public procurement (Tang,

Wang and Wu, 2025). We argue that this type of favoritism plays a crucial role in driving

the boundary effects discussed earlier. Various levels of the Chinese government provide
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Table 3: Effects of non-administrative boundaries

D.V.: 𝑙𝑜𝑔(1+ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑎𝑡𝑒𝑛𝑡𝑠)
(1) (2) (3)

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.008 -0.008 -0.008
(0.006) (0.006) (0.006)

Kernel Type Triangular Epanechnikov Uniform
Bandwidth 3.447 3.165 3.016
Obs. 34,157 30,805 29,441

Notes: See the notes under Table 1. An exception is that 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 in the present
table is defined based on major rivers as presented in Appendix Figure A1.

a range of incentives to encourage firm innovation, including R&D subsidies, tax breaks,

direct procurement, and reduced rental costs. Public procurement for innovation has been

widely used as a demand-side innovation policy tool to develop firms’ innovation capa-

bilities (Stojčić, Srhoj and Coad, 2020). Compared to tax reductions, direct procurement

offers a simpler mechanism. In contrast to cost reduction incentives such as lower rents,

direct procurement provides a straightforward form of financial support. However, the

criteria for allocating governmental procurement are often unclear, allowing government

officials to exercise discretion.

To provide suggestive evidence, we classify firms into two groups based on their

relationship with the government: more favored and less favored. We follow the approach

by Fang et al. (2023) for making this classification. Specifically, we use a set of control

variables to estimate the predicted amount of governmental procurement received by

firms, and then use the residual as a measure of the relationship between firms and the

government. The estimation model takes the following form:

𝑌𝑖𝑚𝑗𝑡 = 𝛼 +X′
𝑖𝑡𝜑 + 𝜈𝑚𝑡 + 𝜅 𝑗 + 𝜖𝑖𝑚𝑗𝑡 (2)

where 𝑌𝑖𝑚𝑗𝑡 is firm 𝑖’s governmental procurement received in year 𝑡. 𝑚 indexes industry.

X′
𝑖𝑡 is a vector of control variables including assets, ratio of profit to assets, and employ-

ment. 𝜈𝑚𝑡 and 𝜅 𝑗 control for industry by year FE and home district FE, respectively. The
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𝜖𝑖𝑚𝑗𝑡 is an error term, which we use to measure the firm’s relationship with the govern-

ment. If the residual for firm 𝑖 in year 𝑡 is greater than 0, then the firm is considered as

one favored by the government in year 𝑡. Results from estimating Model (2) are reported

in Appendix Figure A1.

We then apply the spatial RD model to the two groups of firms: more favored (i.e.

those with 𝜖𝑖𝑚𝑗𝑡 > 0) and less favored (i.e. those with 𝜖𝑖𝑚𝑗𝑡 < 0), respectively. Columns

1 and 2 of Table 4 report the results. The magnitudes indicate that boundaries primarily

reduce cross-district collaborative patents through the favored firms. Column 2 also

reveals a negative effect for the less favored firms, but this effect is significantly smaller in

magnitude.

Table 4: Government favoritism and boundary effect

D.V.: 𝑙𝑜𝑔(1+ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟𝑎𝑡𝑖𝑣𝑒 𝑝𝑎𝑡𝑒𝑛𝑡𝑠)
More favored firms Less favored firms

(1) (2)

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.060** -0.011**
(0.025) (0.005)

Bandwidth 2.373 2.239
Obs. 715 34,799

Notes: 1. Each column represents a separate RD regression. Column 1 uses the
subsample of more favored firms. Column 2 is for the subsample of less favored
firms. We make such classifications of firms by following the approach by Fang
et al. (2023). See the text for more details. 2. The dependent variable is the natu-
ral log of collaborative invention patent applications with firms in each neighbor
district or firms in its own district. 3. Significance: *** 𝑝 < 0.01, ** 𝑝 < 0.05, *
𝑝 < 0.1.

4.5 The effects on collaboration

The previous estimations primarily rely on the patent data. However, we can not observe

collaborations between firms from the patent dataset if the firms do not made patent

implications. To further understand the effect of boundary on collaboration, we turn to

the SSTES dataset. Specifically, we replace the outcome variable in the baseline model

1 with a dummy variable measuring whether a firm has collaborators from an adjacent
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district. Table 5 reports the estimation results, suggesting that the boundary reduces the

probability of a firm’s collaborating with firms from neighboring district by about 25%.

Table 5: Impact of administrative boundaries on collaboration

D.V.: Collaboration (dummy)

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

𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 -0.253*** -0.245*** -0.252*** -0.245***
(0.023) (0.022) (0.021) (0.022)

Bandwidth 1.722 1.580 1.736 1.475
Obs. 219,540 204,834 220,455 190,603

Firm FE Y Y Y
Year FE Y
Industry-Year FE Y Y
Home dist.-Year FE Y
Nbr dist.-Year FE Y

Notes: 1. Each column in the table represents a separate RD regression using local lin-
ear regressions and MSE-optimal bandwidth proposed by Calonico, Cattaneo and Titiunik
(2015) for different kernel weighting methods. 2. The dependent variable is the dummy on
whether a firm has a collaborator in neighbor district. 3. The running variable is the dis-
tance between a firm and neighbor districts’ boundaries, where negative (positive) distance
means firms are located inside (outside) the districts. 4. Conventional local linear regression
discontinuity standard errors are in parentheses, clustered at the home dist. by year level.
5. Significance: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1.

5 Implications

During the covered period of time, there were three cases of district consolidation in

Shanghai. We take advantage of these cases and check if the removal of administrative

boundaries contributes to innovation activities by using an event study (ES) approach.

The main outcome variables are patent applications and mean citations.

We employ the ES approach as follows, and introduce a series of dummy variables in

the regression to trace out the year-by-year effects of consolidation:

𝑌𝑖 𝑗𝑡 = 𝛼 +
5∑

𝑘≥−5,𝑘≠−1
𝜌𝑘𝐶

𝑘
𝑖𝑗𝑡 +X𝑖𝑡𝛾 + 𝜇𝑖 + 𝜅 𝑗 + 𝜈𝑡 + 𝜖𝑖 𝑗𝑡 (3)

where 𝑖 indexes firm, 𝑗 indexes district where firm 𝑖 is located, and 𝑡 indexes year. 𝑌𝑖 𝑗𝑡 is the

16



outcome variable in year 𝑡 (i.e., total inventions or mean citations). The dummy variables,

𝐶𝑘
𝑖𝑗𝑡

jointly represent the effects of consolidation. Let 𝑒 𝑗 denote the year when district 𝑗 was

consolidated. We define 𝐶−5
𝑖 𝑗𝑡

= 1 if 𝑡 − 𝑒 𝑗 ≤ −5, and 0 otherwise; 𝐶𝑘
𝑖𝑗𝑡

= 1 if 𝑡 − 𝑒 𝑗 = 𝑘, and

0 otherwise, 𝑘 = −4,−3,−2, 0, 1, 2, 3; 𝐶5
𝑖𝑡
= 1 if 𝑡 − 𝑒 𝑗 ≥ 5, and 0 otherwise. The dummy for

𝑘 = −1 is omitted so that the post-treatment effects are relative to the period immediately

prior to the year of consolidation. X𝑖𝑡 is a vector of control variables, same as Equation

1. 𝜇𝑖 , 𝜅 𝑗 and 𝜈𝑡 control for firm FE, home district FE, and year FE, respectively. As there

are a few firm migrations, the model includes both 𝜇𝑖 and 𝜅 𝑗 . In the above model, 𝜖𝑖 𝑗𝑡 is

an error term. The interested estimate is 𝜌, which captures the effect of pair-wise district

consolidation on firms’ collaboration activities, with firms in non-consolidated districts as

the control group.

(a) Invention patents (b) Citations

Figure 7: Year-by-year effects of district consolidation

Notes: The figure report results (point estimate and 90% confidence interval) from two separate regressions
using Equation (3). The left panel uses 𝑙𝑜𝑔(1 + 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜 𝑓 𝑖𝑛𝑣𝑒𝑛𝑡𝑖𝑜𝑛𝑠) as the outcome variable, while the
right one uses mean citations. The right one uses mean citations.

We run two separate regressions with invention patent counts (in 𝑙𝑜𝑔(1 + .)) and

mean citations as the outcome variables. Figure 7 summarize the findings. For either
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regression, most coefficient estimates for 𝐶𝑘 (𝑘 ≥ 0) are positive and statistically signifi-

cant. Meanwhile, there are no substantial increase or decrease during the periods before

collaboration. Therefore, the results indicate that there are positive effects of district

consolidation on both innovation quantity and quality.

6 Conclusion

In this paper, we present the first empirical analysis demonstrating that the presence

of administrative boundaries discourages the formation of innovation collaborations and

hinders production of collaborative invention patents in a major Chinese city. The baseline

results are robust to a number of checks.

These findings have important implications for policymakers. Policymaking and the

implementation of innovation policies have largely been considered within the adminis-

trative hierarchy. Our findings suggest that innovation policies should emphasize greater

coordination between regions.

In closing, at least two open questions remain for future research. First, it is important

to better understand why administrative boundaries hinder innovation collaboration.

Future work could explore the barriers posed by administrative boundaries when relevant

data (such as more detailed information on procurement and subsidy) become available.

Second, this paper has not discussed the net innovation effects of the boundaries. If the

forces behind boundaries promote collaborations within the same district, what is the

effect relative to the effect on cross-district collaboration?
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A Science and Technology Enterprises in Shanghai
According to the SSTES, a science and technology enterprise refers to an enterprise regis-
tered in Shanghai with independent legal status that meets any three of the following five
criteria:

1. The enterprise mainly engages in technology development, technology transfer,
technology consulting, technology services, technology testing, or the research and devel-
opment, production, and operation of high-tech products (services) and other scientific
and innovative activities.

2. The proportion of scientific and technical personnel directly engaged in research
and development is not less than 5% of the total number of employees.

3. The combined income from technical services and sales of high-tech products
(services) accounts for no less than 30% of the enterprise’s total sales revenue.

4. The annual research and development expenses account for no less than 3% of the
total sales revenue.

5. The enterprise owns intellectual property such as patent rights, copyrights, in-
tegrated circuit layout design rights, new plant variety rights, or possesses proprietary
technologies.
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B Appendix Figures and Tables

Figure A1: Major rivers
Notes: This map depicts the major rivers that pass through Shanghai, excluding the Chong-
Ming District. Data come from official maps issued by Shanghai Bureau of Natural and Plan-
ning Resources, which are available online at https://hd.ghzyj.sh.gov.cn/chgl/bzdt/
201911/t20191115_942026.html.
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Table A1: Government favoritism

D.V.: 𝑙𝑜𝑔(1+ 𝑔𝑜𝑣𝑒𝑟𝑛𝑚𝑒𝑛𝑡 𝑝𝑟𝑜𝑐𝑢𝑟𝑒𝑚𝑒𝑛𝑡)
(1) (2) (3) (4) (5)

𝑎𝑠𝑠𝑒𝑡 -0.011** -0.011** -0.011*** -0.008* -0.007
(0.005) (0.004) (0.004) (0.004) (0.005)

𝑅𝑂𝐴 -0.018 -0.017 -0.018 -0.021 -0.020
(0.021) (0.021) (0.021) (0.023) (0.023)

𝑒𝑚𝑝. 0.024*** 0.025*** 0.025*** 0.032*** 0.031***
(0.007) (0.007) (0.007) (0.007) (0.008)

Home dist. FE Y
Year FE Y
Home dist.-Year FE Y Y Y
Industry FE Y Y
Industry-Year FE Y
Obs. 171,624 171,624 171,622 167,062 167,058

Notes: 1. The dependent variable is 𝑙𝑜𝑔(1 + 𝑔𝑜𝑣𝑒𝑟𝑛𝑚𝑒𝑛𝑡 𝑝𝑟𝑜𝑐𝑢𝑟𝑒𝑚𝑒𝑛𝑡). 2. The control
variables include assets (in 𝑙𝑜𝑔), the ratio of profit to assets (divided by 100), and em-
ployment (in 𝑙𝑜𝑔). 3. Standard errors are in parentheses, clustered at the home district
by year level. 4. Significance: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1.
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