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Abstract
Geographical distance constitutes friction of searching research collaborators. Tak-

ing advantage of a quasi-natural experiment featured by recently connected High
Speed Railway (HSR) lines in China, this paper seeks to identify the impact of a
substantial improvement in intercity transportation infrastructure on collaborative in-
novation across cities, with a focus on university-industry collaboration. The data
pertain to a universe of patent applications filed by all universities and colleges in
China and their citations during the 1985-2016 period. Using the city-level and ap-
plicant pair-level datasets, a variant of the difference-in-differences (DID) model is
employed to tease out the causal relationship between HSR and collaborative inno-
vation. We find that HSR contributes to a substantial increase in collaborative patent
applications between university and industry and the associated citations. The in-
duced effects are salient in research partners with a closer technological distance or
located within a 3-hour to 5-hour HSR traveling distance. Besides, HSR contributes to
industry collaboration by utilizing universities’ strong academic disciplines into the
related technological fields. Lastly, we find that HSR facilitates universities to search
for new research partners with better quality beyond the geographical boundary. The
searching of corporate partners is disproportionately affected.
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1 Introduction

University and industry collaboration (UIC) plays a crucial role in industrial agglomer-

ation, local knowledge spillovers, and regional economic growth (Jaffe, 1989; Mansfield,

1991; Rosenberg and Nelson, 1994; Cermeño, 2019). Driven by the mutual interests, on

the one hand, universities seek to obtain external research funding, develop and commer-

cialize the technological product, create internship and employment opportunities for

graduate students (Ankrah and Omar, 2015; Scandura, 2016; Szücs, 2018). In the midst of

fierce industry competition, on the other hand, firms look for the esteemed university to

accumulate human capital, absorb cutting-edge scientific knowledge, and improve mar-

ket competitiveness (Perkmann, King, and Pavelin, 2011; Bikard and Marx, 2019; Lee and

Miozzo, 2019). The UIC improves the prestige and reputation for university and firm,

new product innovation, and the quality of their collaborative innovation (Eom and Lee,

2010; Maietta, 2015; Scandura, 2016; Szücs, 2018).

Interaction and collaboration between university and industry are often impeded

by long-distance communication (Boschma, 2005). Despite the diffusion of the online

communication technology leads to a substantial reduction in communication costs, lo-

calized knowledge spillover and tacit knowledge exchange are heavily reliant on onsite

interactions and face-to-face communications (Gaspar and Glaeser, 1998; Rosenthal and

Strange, 2001; Storper and Venables, 2004). The absence of offline interactions raises the

costs of searching ideal research partners beyond the geographical boundary. The de-

velopment of intercity transportation infrastructure, however, could make a substantial

reduction in commuting time, providing cost-effective face-to-face interaction opportuni-

ties for collaborators. Despite the burgeoning empirical literature discussing the UIC, our

understanding of collaborative innovation in response to the breakthrough of intercity

transportation is limited. Open but important questions include whether the diffusion of

intercity transportation technology contributes to collaborative innovation across cities,

how it facilitates university to search for ideal research collaborators from industry, and
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how the searching collaborators are disproportionately affected.

Taking advantage of recently connected HSR lines in China as a quasi-natural experi-

ment, this paper seeks to identify whether this substantial improvement in transportation

infrastructure contributes to collaborative innovation between university and industry.

Collaborative innovation is defined by patent applications filed jointly by multiple appli-

cants across cities. The quantity of collaborative innovation is measured by the number of

collaborative patent applications, while the quality is proxied by the number of forward

citations received by these patents. Moreover, we are interested in exploring the role of

geographical distance, technology proximity, and universities’ specialized academic fields

on the HSR-induced UIC patent innovation. The former two examine how the induced

collaborative innovation varies by geographical and technological distances between col-

laborative partners, while the latter aims to highlight the role of the university’s academic

disciplines in facilitating technological innovationwith industry. Lastly, in response to the

removal of geographical barriers due to HSR lines, we investigate how university searches

for research partners from industry.

The data pertain to a universe of patent applications filed by all universities and

colleges in China during the 1985-2016 period. These patents have been successfully

granted and some of them have received citations over the globe. We first aggregate

the patent data into the city level. Taking advantage of the variations in the opening of

HSR lines across cities and years, we employ a variant of the DID approach to compare

city-level collaborative innovation between cities with andwithout HSR lines. Some novel

findings are obtained. We find that HSR facilitates patent collaboration across cities.

The opening of HSR lines leads to a substantial increase in collaborative patents and the

associated citations. These findings are robust and consistent against a series of alternative

checks including an alternative measure of collaborative innovation quality, a restriction

on intercity collaboration, dynamic trend tests by employing an event study model, and

placebo tests with the pseudo assignments of HSR lines.
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To further explore the role of heterogeneity between the paired applicants from uni-

versity and industry in the HSR-induced collaborative patent innovation, we disaggregate

patent data into the paired-applicant level. A variant of the DID model with the paired

applicant fixed effect is employed to compare collaborative innovation outcomes between

the paired applicantswith andwithout a directHSR line connecting between them. Along

this line, we seek to identify the role of geographical distance, technology proximity, and

universities’ specialized academic fields. The induced effect of HSR on collaborative inno-

vation varies across the geographical and technological distance between university and

firm. These effects are salient in the closer technological distance but are more sound

on the geographical distance between 3 to 5 traveling hours via HSR. Besides, HSR con-

tributes to the UIC innovation by converting universities’ strong academic discipline into

the related technological fields.

Lastly, we investigate how HSR facilitates university to adjust collaboration mode

from intracity to intercity and to search for new collaborators. Empirical findings show

that the removal of geographical barriers due to the introduction of HSR lines helps boost

up the innovation quantity and quality of the intercity UIC patents relative to the intracity

collaboration. Moreover, universities appear to have more new collaborators with better

quality. Among these new collaborators, universities are more inclined to collaborate

with corporate partners that are young, non-state-owned enterprises, have large size, and

reside within 5-hour HSR traveling distance (amounts to 1,500 km).

This paper adds to the growing literature studying the driving factors of the UIC

(Oliver, 1990; Ankrah and Omar, 2015).1 The proximity indexes between university and

firm along the dimensions of geographical proximity (Jaffe, 1989; Broström, 2010), cog-

nitive proximity (Balconi and Laboranti, 2006; Maietta, 2015), organizational proximity

(D’Este, Guy, and Iammarino, 2013), institutional proximity (D’Este, Guy, and Iammarino,

2013; Hong and Su, 2013), and social proximity (Boschma, 2005), are crucial determi-

1Oliver (1990) develops a six-critical-determinant framework – necessity, reciprocity, efficiency, stability,
legitimacy, and asymmetry – to explain the driving factors of collaboration.
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nants for the UIC. Besides the similarity between the UIC partners, existing studies have

explored the role of university’s characteristics (e.g., faculty quality, reputation, and aca-

demic discipline) and firms’ type (e.g., size, ownership, and industry) from each side in

facilitating the UIC (Wright et al., 2008; Laursen, Reichstein, and Salter, 2011; Perkmann,

King, and Pavelin, 2011; Lee and Miozzo, 2019). Several articles such as Laursen, Re-

ichstein, and Salter (2011) and Hong and Su (2013) further study the effect of quality or

prestige of universities on the UIC. The former assesses the research quality of university

departments. By splitting universities into three tiers, the paper examines that being

geographically close to the first-tier universities rather than the third-tier ones could sig-

nificantly increase the likelihood of collaborating with local universities. This finding

suggests that firms with low absorptive capacity are much more dependent on the pres-

ence of local and high-quality universities. The latter collects prestige information from

two online rankings together with vertical and horizontal institutional proximities. It

shows that university prestige could indeed improve non-local academic and industry

collaboration but is weakened confronting institutional interference.

One important departure from this line of empirical research on theUIC is to tease out

the causal relationship between an exogenous shock in travel costs and collaborative patent

innovation cross cities. We highlight the role of this travel cost reduction on reshaping the

collaboration decisions between universities and corporate partners. Apart from the UIC

literature focusing on the impact of proximity index, another contribution of our paper

lies in the utilization of university’s established reputation in academic disciplines and the

mapping fromacademicdisciplines to technological fields. Ourfindings shednew light on

how the UIC has been successfully breakthrough by converting the university’s academic

disciplines into the relevant technological fields in patent innovation. Besides, as a data

contribution, we have assembled a universe of patent applications and the associated

citations of all universities and colleges in China during the 1985-2016 period. This novel

dataset allows one to explore the quantity and quality of the UIC patents studied in this
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paper and other important issues in future research.

This paper contributes to another line of the empirical literature assessing the eco-

nomic impacts of transportation infrastructure on economic growth (Faber, 2014; Banerjee,

Duflo, and Qian, 2020), regional economic development (Chen and Vickerman, 2017; Qin,

2017; Donaldson, 2018; Yu et al., 2019), production network (Bernard, Moxnes, and Saito,

2018), investment flow (Lin et al., 2020), market integration (Zheng and Kahn, 2013) and

segmentation (Niu, Sun, and Zheng, 2020), urban specialization (Lin, 2017) and decen-

tralization (Baum-Snow et al., 2017), and social welfare (Barwick et al., 2019). More

importantly, this paper is closely related to recent work on whether travel cost in the form

of time or expenditure constitutes an important friction to innovation and collaboration.

Wang et al. (2018) examine the impact of road density on firm-level patent innovation,

using the Annual Survey of Industrial Enterprises in China during the 1998-2007 period.

By exploiting the variations of the opening of transportation routes across cities and years,

both Dong, Zheng, and Kahn (2020) and Catalini, Fons-Rosen, and Gaulé (2020) focus on

how the co-publications of scientific articles among scholars respond to the new trans-

portation routes. The former focuses on the expansion ofHSR in China. They find out that

a substantial reduction in travel time brought up by the HSR leads to a rise in co-author

productivity, an increase in new collaborators, and the migration of productive scholars.

By taking advantage of the emerging low-cost airline in theUS, the latter’s findingswitness

the rising number of collaborations among scientists and the better quality of research

projects.

With the improvement of scholars’ productivity in response to the significant reduc-

tion in travel costs (Catalini, Fons-Rosen, and Gaulé, 2020; Dong, Zheng, and Kahn, 2020),

we contribute to this strand of research by exploring the responsiveness of collaborative

patent innovations betweenuniversities andfirms. Ourfindings extend theunderstanding

of how universities utilize the esteemed academic disciplines and facilitate technological

innovation in collaboration with corporate partners. Moreover, we reveal how the travel
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cost reduction could help universities navigate to better industrial innovation partners

beyond the geographical boundary.

The remaining of the paper is structured as follows. Section 2 introduces data sources,

variables construction, and descriptive statistics. Section 3 presents empirical strategy.

Section 4 provides results, robustness checks, and mechanism discussion. Section 5

concludes.

2 Data

2.1 Data Sources

The unique data pertain to patent applications associated with all universities in China

during the 1985-2016 period. We assemble this dataset from a variety of sources. A list of

about 2,600 universities, which could grant bachelor’s degrees and above, is taken from the

Ministry of Education (MOE) of China. For each university, we further obtain its patent

applications from the State Intellectual Patent Office (SIPO) of China. The corresponding

citations are retrieved from the Google Patent Database. The patent dataset reports patent

type (i.e., invention vs. utility models), patent application date, application number,

grant date, grant number, main International Patent Classification (IPC), and names of

assignees. Moreover, it provides detailed information regarding patent citations, cited

dates, and grant number of cited patents. The dataset includes around 1.2 million patent

applications associated with 2,335 Chinese universities.

A patent applicationmay have co-applicants/co-assignees, hence referring to collabo-

rative patents in this paper. Co-applicants could be grouped into the following categories:

person, industry, university, and government agency. To further navigate to the UIC

patent innovation from all universities’ patents, we take a closer look at the names of

co-applicants. If the name includes words like corporation, company, enterprise, and/or

factory, this collaborative patent then belongs to the UIC of our primary interest. To this
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end, the UIC observations refer to patent applications filed jointly between firm and uni-

versity. To further measure the proximity index along the dimension of geography and

technology, we keep merging the UIC patent data with two main sources. With a list of

industry applicants in collaboration with the university, we first obtain their geograph-

ical locations from National Enterprise Credit Information Publicity System (NECIPS),

the national authority for nation-wide business registration. We then retrieve all patent

applications associated with these industry applicants from the archives in the SIPO of

China.

Next, we obtain a list of cities with HSR stations and connecting times. China HSR

includes a national grid of mostly passenger dedicated lines, regional lines connecting

major cities, and regional intercity lines, varying with an average running speed between

200 km/h and 350 km/h. At the end of 2018, the China HSR network has extended to 29

of the nation’s 33 provincial-level administrative regions with a total length of 29,000 km,

becoming the longest in the world. For each of HSR line, we obtain detailed information

about the opening date, length, designed speed, and stops along the line from China

Railway Yearbooks. We have double-checked the stops of each existing HSR line from

China Railway Service Center.2 Ultimately, the variations of HSR lines across cities and

years provide us an opportunity to compare collaborative innovation outcomes between

cities with and without HSR lines.

The city-level social-economic characteristics are collected from China City Statistics

Yearbook from1985 to 2016. TheCityYearbookprovides passenger ridership andvolumes

of goods shipping by different modes of transportation (i.e., road, train, air, and river or

sea). Besides, we obtain prefecture-level GDP, employment, population, the number of

universities, and the number of faculty and staff members in universities and colleges, all

of which are served as covariates in the regression.

To test the role of university academic discipline on collaborative innovation, we ob-

2It is accessed through www.12306.cn.
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tain a list of Double-First-Class (DFC) Universities and their related Academic Disciplines

released recently from the China MOE. We establish a link between academic disciplines

and the technological spectrum of patents, based upon the description of the IPC index

ranging from the technological field of human necessities to the field of electricity.3

2.2 Variables Construction

2.2.1 Collaborative Innovation

Collaborative innovation is defined as patent applications filed jointly by multiple appli-

cants. Among these collaborative patents, we retrieve city information of each applicant if

the applicant is firm, university, government agency, or research institute, but not person.4

Using the city variations of multiple applicants, collaborative patent innovation is further

decomposed into those with applicants from the same city or across cities. Throughout

this paper, we define collaborative innovation as patent applications filed by applicants

across at least two different cities. Along this line, two sets of innovation measures are

adopted. One is the innovation quantity, denoted by CollabInnov, which is the number of

collaborative patents across cities. The other is the innovation quality, captured by Col-

labInnovCitat, which is the number of forward citations received in the subsequent three

years.

The SIPO of China grants two types of patents – invention and utility model. The

former is related to technical innovations that are inventive and new, while the latter is

related to technical solutions to the shape or structure of an object. Invention patents

contain much more value than utility model ones, and therefore are subject to a longer

period of examination and a lower granted rate (Hu, Zhang, and Zhao, 2017; Wei, Xie,

and Zhang, 2017). Considering the inherent heterogeneity by patent types, we further

narrow down collaborative innovation into the invention patent. Let CollabInnovInvt

3The technological fields of patents are obtained from the IPC. www.wipo.int/classifications/ipc/en.
4The SIPO of China does not provide location information of patent applicants. If an applicant is a

person, one could not retrieve further information from other open data sources.
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denote the number of collaborative invention patents filed by multiple applicants across

cities. Similarly, the quality measure, captured by CollabInnovCitatInvt, is the number of

forward citations received by the collaborative invention patents in the subsequent three

years.

Moreover, for each collaborative patent innovation, its applicants could be classified

into four different categories, i.e., person, university and research institution, firm, and

others (e.g., government agencies). We further distinguish collaborative innovation by

types of assignees. Define CollabInnovD 5 as the number of collaborative patent innovation

between university and firm and CollabInnovCitatD 5 as the number of forward citations

associated with UIC patents.

2.2.2 The Operation of HSR

Of our central interest is city-level HSR connection. We denote HSR2C as a city-level

indicator for the operation status of HSR, equalling one if exists at least one HSR line

stopping at city 2 in year C and zero otherwise. Similarly, in the applicant-paired level

dataset, we use HSRD 5 C to denote a binary indicator for the connection of HSR between

two applicants. This dummy variable takes a value of one if exists at least one direct HSR

line connecting the city of university D with the city of firm 5 at year C, and zero otherwise.

2.2.3 Control Variables

To control for confounding factors as determinants for collaborative innovation, we add a

set of city-level control variables. First, we us city population to capture the size effect. To

remove the potential impacts of transportation modes other than HSR, we further control

for the number of passengers transported by non-HSR railway, road, and airline. City-

level R&D capacity is captured by the number of universities and the number of college

students. All these covariates are defined in a logarithm fashion.
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2.3 Descriptive Statistics

In total, we construct a sample of 407 cities with 21,673 applicant pairs during the pe-

riod between 1985 and 2016. The final datasets used in this paper have approximately

7,000 observations at the city level and 372,108 observations at the applicant pair level.

Descriptive statistics of key variables are presented in Table 1.

Figure 1 illustrates the stacked area plot for the number of patent applications as-

sociated with Chinese universities by patent types during the sample period. The blue,

red, and green areas refer to total patents, invention patents, and utility model ones,

respectively. The number of total patent applications increases steadily before the year

2005 and then climbs up drastically after the year 2010. Figure 2 presents two snapshots

of collaborative innovation networks and HSR systems in the years 2005 and 2010. This

plot sheds light on the changes in collaboration innovation during the pre- and post-HSR

periods. The blue line connecting cities refers to collaborative innovation measured by

patents applications filed by multiple assignees located in different cities. The thickness

of the blue lines indicates the number of collaborative patent innovations. The number

of collaborative patent innovation ramps up drastically from 2005 to 2010, indicating a

positive correlation between HSR connection and collaborative innovation. This clear-

cut illustration calls for an urgent need to employ state-of-the-art econometrical tools to

identify the causal relationship between HSR and collaborative innovation.

3 Empirical Strategy

To examine the effect of HSR on collaborative patent innovation, our empirical strat-

egy involves two regression models based upon the aggregate and disaggregate data.

Firstly, using the city-level aggregate data, we adopt a variant of the DID method to

establish the causal relationship between HSR and collaborative innovation. Secondly,

taking advantage of the paired-applicant level disaggregate data, we further unmask the
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role of heterogeneity in the paired applicants on the HSR-induced collaborative innova-

tion. Mechanisms regarding geographical distance, university academic expertise, and

technological distance are tested by utilizing the characteristics of collaborator pairs.

3.1 Baseline Model

Using the city-level aggregate data, we first examine whether and how HSR affects the

pattern of innovation collaboration. The identification strategy arises from a comparison

of city-level innovation outcomes between cities with and without HSR stations, and

between the pre- and post-connection periods. The model is proposed as follows:

Innovation2?,C+1 = �HSR2C + �′X2C + �2 + �?C + �2?C , (1)

The outcome variables, captured by CollabInnov2?,C+1 and CollabInnovCitat2?,C+1 are the

logarithm one plus the number of collaborative patents and the forward citation of col-

laborative patents in city 2 of province ? at year C + 1, respectively. Of central interest is

the city-level HSR connection dummy, HSR2C , which equals one if city 2 is collected by

any HSR lines in year C. The city-level characteristics X2C includes passengers transported

via air-sea-land mode, population, the number of universities, and the number of col-

lege students. This set of city-level covariates controls the confounding factors that may

shape the decisions of conducting innovation collaboratively, such as, other transportation

infrastructure, R&D capacity. �2 denotes city fixed effect controlling for time-invariant

confounding city unobservable, while �?C is province-year fixed effect capturing time-

variant provincial unobservable attracting collaborative innovation. �2?C represents an

unobserved error term.

The parameter of interest, denoted by �, estimates the causal effect of HSR on inno-

vation collaboration. It compares the number of collaborative patents and the number

of forward citations associated with these collaborative patents between cities with and
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without HSR lines and between the pre- and post-connection periods. To test the stability

of empirical results, we employ an event-studymodel to test the parallel trend assumption

and estimate the dynamic effects. Along this line, other robustness checks are conducted

to mitigate confounding factors shaping the decision of collaborative innovation.

3.2 Applicant-Pair Level Model

Taking advantage of the variations of co-applicants across years and cities, we further

navigate collaborative innovation to the UIC sample. Based upon the disaggregated data

at the applicant-pair level, the similar DID method is applied to compare collaborative

innovation between the paired applicants’ cities with and without any direct HSR lines.

For the UIC innovation between university D and firm 5 at year C+1, the regressionmodel

is proposed as follows:

InnovationD 5 ,C+1 = �HSRD 5 ,C + �D 5 + �C + �D 5 C , (2)

The outcome variables are the quantity and quality measures of collaborative innovation

between university and industry, captured by CollabInnovD 5 ,C+1 and CollabInnovCitatD 5 ,C+1,

respectively. The dummy variable, �('D 5 ,C , equals one if the city of university D and the

city of firm 5 are directly connected byHSR lines in year C, and zero otherwise. We include

the paired-applicant fixed effect, denoted by �D 5 , to control for time-invariant unobserv-

able confounding factors that affect the innovation collaboration between university and

firm, such as the established collaboration network. The year fixed effect of �C is also

added to account for time-variant shocks common to both paired-applicants.
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4 Empirical Results

In this section, we begin with presenting baseline results on the causal impacts of HSR on

city-level collaborative innovation. A series of identification challenges are proposed and

mitigated using the event-study model, placebo test, and narrowed definition for collabo-

rative innovation. We then dive into the estimation results arising from the applicant-pair

level and shed light on the role of proximity and heterogeneity between paired university

and firm in the response of collaborative innovation to the expansion of HSR lines. Lastly,

we unmask the mechanism of how HSR affects university to search industry partners

beyond the boundary.

4.1 Baseline Results

Table 2 presents the estimation results for the city-level baseline model in equation (1). All

columns have a set of city-level control variables, including city population, the number of

non-HSR passengers, the number of universities, and the number of college students. The

city fixed effect controls for time-invariant city-level characteristics, such as the number

of R&D institutions, which may affect innovation activities at the city level. We also

include province-year fixed effects to capture region-specific time-variant shocks, such as

the change in provincial government R&D subsidies. The standard errors are clustered at

the city level.

The first two columns of Table 2 report the results on the quantity of collaborative

innovation. All estimates are positive and statistically significant at the 1% level, suggest-

ing that the connection of HSR leads to a remarkable increase in city-level collaborative

innovation. Since the invention patent is more valuable, we then examine how the HSR

induces this technical-intensive innovation. The positive estimate presented in column

(2) is statistically significant at the 1% level. The finding suggests that the HSR induces

radical innovation measured by the number of invention patents.
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Besides the quantity of collaborative innovation, it is interesting to explore whether

the HSR also improves the quality of collaboration innovation. Columns (3) and (4)

show the estimates using the patent citation as a measure of innovation quality. Both

estimates are positive and statistically significant at the 1% level. These results provide

clear-cut evidence that the connection of HSR not only leads to the rising quantity but also

contributes to the improving quality of collaborative innovation. Alternative measures

for the quality index are postulated by defining citations received in the subsequent two

years or four years. Similar findings appeared in Table A1 in Appendix are obtained.

4.2 Identification Challenges

To test the stability of the baseline conclusions, we first employ an event-study model to

check the parallel trend assumptions and estimate the dynamic effect. In an attempt to

remove the potential confounding factors capturing the established innovation network

among collaborators, we then have add a restriction on sample construction. Lastly, we

conduct a placebo test by assigning cities with the pseudo-HSR connection.

4.2.1 Dynamic Effects

The baseline DID model assumes a parallel trend in collaborative innovation between the

treatment and control groups before the connection of HSR. Since the expansion of HSR

lines varies across years, we employ an event-study model to examine this parallel trend

assumption. We first rescale periods into years before and after the opening of HSR lines.

By setting one-year beforeHSR new routes, we regress a variant of the baseline DIDmodel

as follows:

Innovation2?,C+1 =

∑
−6≤:≤6,:≠−1

�:HSR:2C + �′X2C + �2 + �?C + �2?C , (3)
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where the dummy variable, HSR:2C , denotes the k-year before or after the event of HSR

connection at city 2 in year C. Let �2 be the year when city 2 was firstly connected to HSR.

We define HSR:2C = 1[C − �2 = :] as a binary indicator for k-year specific HSR connection,

where −6 < : < 6. The negative values of : stand for the k-year before the HSR, while the

positive values indicate the k-year after theHSR. For thosemore than six years before/after

the HSR, we use HSR−6
2C = 1[C − �2 ≤ −6] and HSR6

2C = 1[C − �2 ≥ 6] to capture. HSR−1
2C was

omitted in the regression due to the choice of the benchmark period. Thus the estimated

effects are relative to the one-year prior to the connection of HSR.

Figure 3 displays the point estimates of the event dummies along with their 95%

confidence intervals. Each dot is an estimated coefficient of the HSR dummy variable

corresponding to a different number of years before or after the actual connection. The

left panel shows the estimates for all patents, while the right panel shows the estimates

for invention patents. Before the operation of HSR, as expected, there are no statistical

differences in the trend in collaborative innovation between two groups of cities. This

finding lends support to that cities without HSR connection could serve as a suitable

control group for cities with HSR connection in the treatment period. After the operation

of HSR, the estimated coefficients increase gradually in magnitude, suggesting that the

effect of HSR on collaborative innovation does not come out immediately and starts to be

more evident over time.

4.2.2 Confounding Innovation Network

Our identification assumption is subject to another challenge of unobserved confound-

ing factors capturing the established innovation network among collaborators, such as

branches or joint research centers among co-applicants of patent innovation. Collabora-

tive innovation assumed in the baseline postulates that among multiple applicants of a

patent, at least two of them come from different cities. It is possible that besides these

two applicants across cities, some co-applicants reside in the same city and have already
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formed up an innovation network before the opening of HSR. For example, a patent has

three co-applicants across two cities. Applicant A is located in city 8, while applicants B

and C are from city 9. Applicants A and B may have established an innovation network

in the form of a joint venture before the opening of HSR lines connecting the cities of

these two applicants. If co-applicants B and C from the same city take the leading role

in collaborative innovation, while co-applicant A from another city assumes the role of

free-rider. Such collaborative innovation would be less responsive to the connection of

HSR lines, leading to an overestimate of the baseline regression. An ideal solution to this

concern is to utilize the information regarding branches or joint research centers among

co-applicants. Unfortunately, our research lacks such valuable information.

To circumvent this data caveat, we narrow down the definition of collaborative in-

novation to those collaborative patents with all co-applicants from different cities. With

this sample restriction, the baseline DID model specification is re-conducted for the inno-

vation quantity and quality proxies. The corresponding results are presented in Table 3.

All estimates are consistently positive and statistically significant at the 1% level for both

the quantity and quality measures, reassuring the baseline conclusion on the induced-

collaborative innovation of the HSR. As expected, themagnitude of these estimates is a bit

smaller than the baseline results. Thus, the effect of HSR is robust against this restrictive

definition of collaborative innovation.

4.2.3 Site Choices of Collaborators

Another potential threat arises from the relocation of existing collaborators or site choices

of new collaborators after the connection of HSR.5 Despite the opening of new campus

for some universities within the same city, the relocation of entire existing universities

5Similar to scientific scholars, inventors of patent innovation could migrate from non-HSR cities to HSR
cities or vice-versa, leading to a biased estimation of the baseline conclusion. Unlike the USPTO patent data,
names of inventors provided in our patent data are not assigned with unique identification codes that are
used to track them across years. Given that Chinese names are short and have similar characters, the data
harmonization work across Chinese characters would lead to severe measurement errors. One could not
rely on this data limitation to estimate the migration of inventors in response to HSR.
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across cities are rare events, in particular, after the expansion of HSR lines. In recent years,

emerging new universities may mirror the expanding path of HSR lines, making one

worry about the endogenous site choices. These new universities tend to be liberal arts

and teaching-oriented ones. They would either have little incentives or lack of research

capacity to conduct technological innovation.

Ourmain concern is the site choice of newfirms following the expansion ofHSR lines.

About 20% of firms were founded after the connection of HSR in their cities, suggesting a

potential endogeneity in site choices. To solve this concern, we restrict our patent samples

and exclude patents with firm applicants that were founded after local HSR operation.

Table 4 shows the corresponding results. All estimates, which are slightly smaller than

our baseline results, are statistically significant at 1% level, indicating that firm applicants

founded before HSR operation have contributed tomost of the HSR effect on collaborative

innovation. Therefore, our baseline result is robust against the site choice problem.

4.2.4 Placebo Tests

To exclude the possibility that the city-level baseline results are not due to the operation

of HSR, we implement a placebo test by generating the pseudo-HSR operation among

cities. Specifically, we first calculate the number of cities running HSR lines at a certain

year (from 1985 to 2017). Then, we randomly choose the same number of cities among

all cities and designate the pseudo treatment of HSR connections by defining a dummy

variable of pseudo-HSR2C . The baseline specification in equation (1) is re-estimated. This

procedure is repeated by 1,000 times using the randomized assignments of pseudo-HSR

connections.

Figure 4 plots the estimated results of the pseudo-HSR effects on city-level collabora-

tive innovation. The upper panel shows the distribution of the estimated coefficients for

collaborative innovation across cities. The red vertical line refers to the estimate of HSR

in column (1) of Table 2. The lower panel illustrates the corresponding p-values. Most of
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the estimates are not statistically significant from zero, providing corroborating evidence

in support of the genuine effects of HSR on city-level collaborative innovation.

4.3 Applicant-Pair Level Results

The aforementioned empirical results document the causal relationship betweenHSR and

collaborative innovation at the city level. We further narrow down collaborative patent

applications to those filed jointly by university and industry. Based upon the disaggregate

applicant-pairs level data, the DID empirical strategy in equation (2) allows us to exploit

the variations in collaborative patent innovation between pair-cities over years. This

model could better mitigate omitted variables arising from the potential time-invariant

confounding factors at the paired-level, which may not be captured in the aggregate city-

level model. To further understand the underlying mechanisms of how HSR affects the

decisions on university-to-industry collaborative innovation, we explore the heterogeneity

effects along the dimension of geographic distance, technology proximity, universities’

specialized academic disciplines.

To take a closer look at the induced effect of HSR on collaborative patent innovation

at the applicant level, we focus on patents jointly applied by universities and firms. Using

the pair-wise disaggregate data, we estimate the model in equation (2). Both pair and

year fixed effects are included to capture the unobservable paired-level heterogeneity and

time-variant policy shocks that may affect innovation collaboration. The standard errors

are clustered at the pair level. Table 5 presents the results for the quantity and quality of

collaborative innovation between university and industry.

Columns (1)-(2) of Table 5 report the estimated effect of HSR on the quantity of

UIC innovation measured by patent counts. The coefficient estimates are positive and

statistically significant at the 1% level, suggesting that HSR induces UIC innovation. To

capture the heterogeneity across patent types, we estimate the effect of HSR on invention

patents. Similar results are obtained, positive and statistically significant at the 1% level.
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As we move on to the innovation quality proxied by patent citations, the coefficient

estimates reported in columns (4)-(6) remain positive and statistically significant at the

1% level. These findings indicate the substantial improvement in the quality of UIC

innovation could be attributed to the expansion of HSR.

The paired-level data allow us to take advantage of variations in co-applicants across

years and cities. Moreover, this disaggregated dataset provides us an opportunity to

probe into the heterogeneity in co-applicant pairs between university and firm along

the dimension of geographical and technological distances, as well as the mapping of

academic disciplines into technological fields. With this objective in mind, we further

explore the mechanism of how HSR affects collaborative innovation between industry

and university, based upon the applicant-pair level model.

4.3.1 Geographical Distance

Geographic distance may affect university and firms’ decisions on collaborative innova-

tion. To explore the role of geographic distance in the UIC innovation, we estimate a

variant of the applicant pair-level model specification (2) by including interaction terms

between the HSR dummy and a series of distance indicators. We set the indicators to

capture the geographical distance between university and firm, ranging from [300 km, 900

km), [900 km, 1,500 km), to 1,500 km plus. Given the average speed of 300 km/hour via

HSR, these distance categories correspond to HSR traveling hours from [1-hour, 3-hour),

[3-hour, 5-hour), to 5-hour plus. The distance level of 0-300 km is set as the benchmark

and hence is omitted in the regression.

Table 6 presents the corresponding results. The first two columns report the effects of

HSR on collaborative innovation measured by patent counts. We obtain some interesting

results. First, the coefficients of HSR are all negative. In contrast, the coefficients of the

interaction terms between HSR and indicators for different distance levels are all positive

and statistically significant at the 1% level. These findings indicate that, compared to
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the short-distance scenario (less than 300 km), the operation of HSR is more likely to

encourage university-industry collaboration in relatively long-distance scenarios (more

than 300 km). Second, by comparing the interaction terms between HSR and different

distance indicators, we find that the induced effect of HSR on collaborative innovation

is salient in university-firm pairs with a distance between 900 km and 1,500 km. The

results are consistent with the expectation that a substantial reduction in traveling hours

mainly affect agents’ decisionsof switching transportationmode in relatively long-distance

scenarios.

In columns (3)-(4) of Table 6, we examine how HSR affects the innovation quality of

UIC patent innovation. Similar to the estimates of the innovation quantity, the coefficients

of the interaction terms between HSR and distance indicators are positive and statistically

significant at the 1% level in most cases. We observe a rising quality of UIC innovation

brought up by HSR lines in response to the increasing traveling distance between univer-

sity and firm. However, this effect starts phasing out beyond certain traveling distance

(i.e., 5-hour plus traveling distance).

4.3.2 Technology Proximity

Firms tend to collaborate with universities who have performed innovation activities

within similar technological fields. The effect of HSR may vary across firms and uni-

versities with different similarity in technology scope. It is interesting to study the role

of technology proximity between the university and the firm in bilateral collaborative

innovation.

Using patent applications in the past three years across different technology classes,

technology proximity between two co-applicants 8 and 9 of patent applications, denoted

by TechProximity8 9C , is calculated using the method proposed by Jaffe (1986).6 Larger

6For co-applicant 8 and 9 of a patent, its technology proximity at year C is defined as TechProximity =

(8C(
′
9C
/(
√
(8C(

′
8C

√
( 9C(

′
9C
), where the vector (8C = (B81C , ..., B8:C , ..., B8 C) and (′9C = (B 91C , ..., B 9:C , ..., B 9 C) capture

the technology scope of co-applicants 8 and 9, respectively. The subscript : denotes technology class based
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technology proximity indicates that two potential collaborators share a similar technol-

ogy scope and have patent applications in the common technological fields. Using the

disaggregated applicant paired-level data, we add an interaction termbetween technology

proximity and theHSR dummy based upon the applicant paired-level model specification

(2). The corresponding estimation results are presented in Table 7. All columns include

the pair and year fixed effects. The standard errors are clustered at the pair level.

In the first two columns of Table 7, dependent variables are collaborative innovation

measured by patent counts. The estimated coefficients for the interaction term between

HSR and technology proximity are positive and statistically significant at the 10% level

for all collaborative patents and the 5% level for collaborative invention patents. These

findings indicate that HSR is salient in terms of facilitating collaborative innovation be-

tween universities and firms that share similar technology scopes. This effect is more

pronounced in inducing the UIC radical innovation captured by invention patents. The

last two columns present the estimation results on the innovation quality of UIC. Both

estimates for the interaction terms are consistently positive and statistically significant at

the 1% level, lending strong support to the complementarity assumption between tech-

nology proximity and UIC. The more similarity of technology scope between universities

and firms, the larger impact the HSR would have on the quality of UIC innovation.

4.3.3 University Academic Fields

When searching for research partners in a certain technological field, firms are more likely

to choose the university partners that are specialized in the same field. Along this line, we

take a closer look at whether HSR facilitates the UIC innovation by utilizing universities’

prestigious academic disciplines into technological fields. The MOE of China announced

upon the first 3-digit of IPC codes. And  is the total number of the technology class. B8:C is measured by
the ratio of the number of patents applied by co-applicant 8 in technology class : relative to the total number
of patents applied by co-applicant 8 within a three-year window from C − 2 to C, and B 9:C is defined similarly
for co-applicant 9.
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the DFC Program with world-class academic disciplines and universities in China.7 We

obtain a list of the DFC university with the DFC discipline to measure a university’s

academic strength in certain technological fields. Comparing with other measures of uni-

versity quality, the DFC Program provides the variations across universities and academic

disciplines, offering us an opportunity to probe into how universities take advantage of

their expertise in academic fields and collaborate with corporate partners. Moreover, the

first-batch of DFC universities and disciplines announced recently are time-invariant and

highly correlated with universities listed in the 211 and 985 Programs, two nationwide

elite universities programs, making us no worry about the endogeneity of this quality

index as a consequence of the expansion of HSR lines.

For each DFC discipline, we establish a link between academic disciplines and tech-

nological fields of patents as provided in Appendix A1. Define DFCGD as a binary indicator

for whether a university D is listed as a DFC university and has a DFC discipline-related

to technology field G. This indicator is a proxy for a university’s academic strength in the

corresponding field. We consider eight technological fields based upon the technological

spectrum listed in the WIPO, ranging from human necessities to electricity. To examine

whether a university’s advantage in academic disciplines plays an important role in fa-

cilitating the UIC innovation, we introduce an interaction term between the HSR dummy

and the indicator for a university’s research expertise DFCGD into the applicant pair-level

model specification (2).

The corresponding estimation results for both innovation quantity and quality are

presented in Panel A and Panel B of Table 8, respectively. All columns include the pair and

year fixed effects but varies by the technological fields G. The standard errors are clustered

at the pair level. A cursory glance of Panel A reveals that the estimates of an interaction

term between theHSR indicator and a dummy for prestigious academic disciplines exhibit

a mixed pattern across columns. In some technological fields, such as human necessities

7In Appendix A1, we briefly summarize the background of the DFC Program and how it relates to the
previous 211 and 985 Programs advocated by the MOE.
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(A), operation transport (B), chemistry and metallurgy (C), and mechanical engineering,

lighting, heating, and weapons (F), we document statistically insignificant coefficients for

the interaction terms. These results suggest themutedeffects ofHSRon theUIC innovation

by utilizing universities’ strong academic disciplines into technological innovation in the

relatedfields. In other technological fields, such as textile andpaper (D), fixed construction

(E), physics (G), and electricity (H), the estimated coefficients of the interaction terms are

positive and statistically significant at the 1% level, providing strong evidence that the

UIC innovation facilitated by HSR emerges in these related fields.

A closer look at Panel B provides further insights into the heterogeneous effects of

HSR on the innovation quality of UIC across technological fields. In all columns, we doc-

ument consistently positive estimates for the interaction terms between HSR dummy and

indicators for the university’s prestigious academic disciplines. These estimates are not

statistically significant at any conventional levels for the fields of human necessities (A),

operation and transport (B), and mechanical engineering, lighting, heating, and weapons

(F), but are statistically significant at the 1% level for the remaining fields in the techno-

logical spectrum. These results suggest that the operation of HSR between universities

and firms would contribute to the rising quality of UIC patent innovation.

4.4 Searching Mechanism

Lastly,we reveal themechanismofhow thebreakthroughof geographic boundarybrought

up by HSR could facilitate university to adjust collaboration mode from intracity and

intercity, and whether this adjustment contributes to a tradeoff in the innovation quality.

Moreover, we explore how university searches research partners beyond the geographic

boundary.
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4.4.1 Intracity and Intercity Collaboration

The operation of HSR remarkably reduces the cost of medium- and long-distance travel

time and facilitates the communication between universities and firms located in different

cities. Hence, universities’ choice of collaboration mode, i.e., intracity (within-city) or

intercity (across-city) collaboration, might be affected by the HSR connection. To test this

hypothesis, we estimate the following regression model to explore the heterogeneity in

the effect of HSR on different collaboration modes:

Innovation82?:,C+1 = �1HSR2C ×Within: + �2HSR2C ×Across: + 8: + �?C + �82?:C , (4)

The outcome variable is the count or citation of patents co-filed with firms by univer-

sity 8 in city 2 of province ? with collaboration mode : ∈ {Within City,Across City} at

time C + 1. The treatment variable, HSR2C , is defined as before. Two dummy variables,

Within: and Across: , are binary indicators for the intracity and intercity collaboration,

respectively. Besides, we include the university-by-collaboration mode fixed effects 8:

and province-year fixed effects �?C to capture unobservable university characteristics and

region-specific time-variant shocks. The parameters, �1 and �2, capture the effect of HSR

on two collaboration modes. To compare the statistical difference in the magnitude of

these effects, we conduct an F-test on these two estimated coefficients.

Table 9 reports the estimation results. The first column shows the results using patent

counts as the dependent variable. The coefficient estimates of the interaction termbetween

HSR and collaboration mode are all positive and statistically significant at the 1% level.

More importantly, the HSR effect on the intercity collaborative innovation is significantly

larger than that on the intracity collaborative innovation, as suggested by the p-value of

the F-test reported at the bottom line of this table. The result suggests that, after the

connection of HSR, universities are inclined to collaborate with firms located in different

cities on innovation activities. This finding is consistent with our expectation that the
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decreasing travel cost due to the operation of HSR expands universities’ choice set and

allows them to engage in more long-distance collaborations with firms located in different

cities.

Column (2) of Table 9 presents the estimated effect of HSR on the quality of collabora-

tionmodesmeasured by the three-year forward cumulative patent citations. Similarly, the

coefficient estimates for the interaction terms indicate that the quality of intercity collab-

orative innovation improves substantially after the operation of HSR. Since HSR facilities

long-distance collaboration, a decline in travel costs helps ease the strain on universities’

resources, enables them to find more matched collaborators from different cities, thereby

improving the innovation quality for the intercity collaboration.

4.4.2 Search for New Collaborators

We have documented evidence demonstrating that universities are more likely to engage

in intercity collaborative innovation following the operation of HSR. Along this line, we

further study whether the HSR also facilitates universities’ search for new collaborators.

To this end, we estimate the following regression model:

Collaborator82?,C+1 = �HSR2C + 8 + �?C + �82?C , (5)

where the outcome variable is the number of new firms collaborated with university 8

in city 2 of province ? at year C + 1. The binary indicator, HSR2C , is defined as before.

We include the university fixed effect 8 and province-year fixed effect �?C to account

for unobserved university characteristics and regional time-variant shocks that may also

affect the number of collaborators.

The corresponding results are reported in Table 10. In column (1), we define the new

collaborator for a university as the firm that this university firstly collaborates with.8 The

8Alternative definitions for new collaborators are postulated as those firms that first-time collaborate
with university in the past four years, five years, or six years. With these alternative definitions, we re-
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coefficient estimate of the HSR dummy is positive and statistically significant at the 1%

level, suggesting that the operation of HSR induces universities to find more corporate

collaborators. Since some firmswere established after the operation of HSR, their location

choices might be endogenously determined by HSR connection. To address this issue,

we exclude the firms that was established after the local HSR operation when defining

universities’ new collaborators. The estimation result, listed in column (2), is still robust

against this alternative check.

In addition to the quantity, the quality of new collaborators also matters. To explore

whether the HSR induces universities to find high-quality new collaborators, we estimate

a regressionmodel similar to themodel specification (5) but with a patent-weighted count

of new collaborators as the outcome variable. Specifically, we calculate the weighted-

average number of new collaborators for a university in each year where the weight is

defined as the count of collaborative patents co-filed by the firm and university this year.

The corresponding results are presented in columns (3) – (4). We document consistently

positive and statistically significant estimates for the HSR dummy, suggesting that the

operation of HSR induces universities to find more firm collaborators with higher R&D

capacity.

4.4.3 Search for New Collaborators by Type

We have shown that the operation of HSR facilitates universities’ search for new and high-

quality firm collaborators. To further understand what types of firm that universities

start collaborating with after the HSR connection, we explore several layers of firm het-

erogeneity including asset levels, age, sector, ownership, and its distance to the university.

Specifically, we estimate the following regression model to uncover the heterogeneous

estimate the effects of HSR on search for new collaborators. The corresponding results are presented in
Table A3 in Appendix. The results are robust against these alternative checks.
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effect of HSR on universities’ extensive and intensive search of new firm collaborators,

Collaborator82?:,C+1 =

∑
:

�:HSR2C × Type: +
∑
:

�:Type: + 8: + �?C + �82?:C , (6)

The outcome variable is the extensive margin captured by the number of new collabora-

tors with type : for university 8 in city 2 of province ? at time C + 1. Besides, we measure

the intensive margin of searching for new corporate collaborators by the patent-weighted

count of new collaborators. The dummy variables, Type: , are binary indicators for differ-

ent firm categories, e.g., the state-owned firms and foreign-owned firms. We control for

the university-by-firm type fixed effect 8: and province-year fixed effect �?C .

Table 11 reports the estimation results.9 The first two columns report the extensive

searching results, while the remaining columns refer to the intensive searching findings.

Whereas odd columns show the coefficient estimates for the interaction terms between

HSR and firm type indicators, even columns present the corresponding standard errors.

In Panel A, we study how HSR facilitates universities’ choice of new collaborators

beyond the geographic boundary. The estimated coefficients of searching distance within

1,500 km are positive and statistically significant. The magnitude of these estimates

becomes smaller as the distance goes further and then turns into the negative values when

the distance is beyond 1,500 km. These results suggest that universities are more inclined

to find new collaborators located within a 1.5-hour HSR traveling distance, amounting

to 500 km. The extensive margin of searching for new partners beyond the geographical

boundary is accompanied by intensive collaboration. In column (3), the estimates share a

similar pattern as those appeared in column (1). Universities appear to conduct in-depth

research collaboration and co-invent more patents with new collaborators located within

500 km.
9In Appendix, we revisit the alternative definition for the new search defined as those first-time collab-

orating with the university in the past five years. The corresponding estimates reported in Table A4 share
similar findings as those presented in Table 11.
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We further interact HSR dummy with four quartile indicators for firm size in terms

of values of assets. Panel B reports the coefficient estimates, positive and statistically

significant at the 1% level except for firms with asset values in the first quartile. Besides,

the magnitude of these estimates increases as the asset value rises. These results suggest

that HSR encourages universities to collaborate with larger new firms. Moreover, the

estimated coefficients for the intensive margin of searching new collaborators are positive

and statistically significant at the 1% level for those firms with assets not in the first

quartile.

In Panel C, we study the heterogeneity of extensive and intensive search by firm age.

In both odd columns, the coefficients are positive for young firms (i.e., age less than 10)

and mature firms (i.e., age between 10 and 20), statistically significant at the 1% level. The

estimates are negative for old firms with age larger than 30. HSR leads to universities’

collaborative innovation with young and mature corporate partners. Panels D and E

present the estimated effect of HSR on universities’ search for new firm collaborators by

sectors and by ownership types. We find that, after the operation of HSR, universities

are more likely to collaborate with Sole/Joint Ventures/Foreign-owned firms and with

firms in the manufacturing and service sectors, but become less likely to collaborate with

state-owned enterprises (SOE) firms and firms in the agriculture sector.

5 Conclusion

In this paper, we examine the impacts of HSR operation on collaborative innovation by

employing universal patent applications associatedwith all universities in China and their

corresponding forward citations during the study period of 1985-2016. Using both the

city-level and applicant-pair level patent data, we find consistent and robust evidence

that HSR significantly induces collaborative innovation, especially between university

and industry. The HSR-induced effects are salient in encouraging collaboration invention
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patents, which are embodied with greater values of innovation. The main conclusions

still hold when it comes to innovation quality measured by forward citations associated

with collaborative patents.

Moreover, we unravel the underlying mechanisms of how HSR affects the UIC in-

novation by exploring several layers of heterogeneity, including advantage complement,

geographical distance, technology proximity, collaboration mode, and the search for new

collaborators. First, we document strong evidence that the UIC patent innovation is

formed up by utilizing the prestigious academic disciplines of the university into the

relevant technological fields of patents. Second, the induced effect of HSR on collabo-

rative innovation is more pronounced among universities and firms with relatively long

distance, in particular those within a 5-hour HSR traveling distance. Third, universities

and firmswithmore similar technology scope aremore likely to collaborate in response to

the operation of HSR. Lastly, the HSR encourages universities to engage more in intercity

collaborations and to collaborate with new and high-quality corporate partners.

Our findings shed light on the positive externality of transportation infrastructure

from the perspective of knowledge generation. The spatially dispersed knowledge gener-

ation plays an essential role in explaining differences in regional economic development

(Jaffe, Trajtenberg, and Henderson, 1993; Audretsch and Feldman, 1996). The diffusion

of new and fast transportation technologies, however, could foster inter-regional commu-

nication and interaction among research partners, facilitating knowledge generation and

spillovers beyond the geographical boundary. This finding points to profound policy im-

plications for economic agglomeration anddevelopment. The distributional effects ofHSR

are associated with attracting resources and investment flow to HSR-connected cities, in

particular, large cities, leading to a concern about the disparity of economic developments

across regions (Qin, 2017). The intercity innovation collaboration brought up byHSR lines

may overturn this unexpected side effect by contributing to knowledge spillovers across

cities. The expansion of HSR lines toward broader areas would have a sizable effect on
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inter-regional innovation generation and helpmitigate the pressing disparity issue. Along

this line, a research agenda worthy of further investigation is to quantify the knowledge

spillover effects, in which HSR may facilitate citation flow between connected cities.
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Figure 1: Number of Patent Applications Associated with Chinese Universities

Notes: Blue, red, and green areas indicate the number of total patents, invention patents, and utility patents
applied from 1978 to 2016, respectively.
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Figure 2: Patent Collaboration Network and High Speed Railway System

Notes: The blue line connecting cities refers to collaborative innovation measured by patents applications
filed by multiple assignees located in different cities. The thickness of the blue lines indicates the number
of collaborative patent innovations. The purple dot represents collaborative innovation within a city. The
size of the purple dot suggests the number of collaboration.
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Figure 3: Dynamic Effect of HSR on City-Level Collaborative Innovation

Notes: Charts from left to right respectively show the dynamics of the impact of HSR operation on collabo-
rative innovation across cities on total patents and invention patents that have multiple applicants located
in at least two cities. Blue dots represent coefficients of time indicators. One year before HSR operation (-1)
is chosen as a baseline and omitted. Shaded areas represent 95% confidence interval.
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Figure 4: Placebo Test for Pseudo Assignments of Cities with HSR Lines

Notes: Theupper chart depicts the sampledistributionof 1,000 estimates for the effects ofHSRoncollaborated
innovation across cities based upon the city-level patent. The lower panel provides a scatter plot of p-values
associated with these 1,000 estimated coefficients. In the upper chart, the horizontal axis represents the
coefficient. In the lower chart, the horizontal axis and vertical axis respectively indicate standard error and
coefficient.
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Table 1: Summary Statistics

VARIABLES N Mean Std. Dev. Min. Max.

Panel A: City-level Variables
HSR 20,130 0.051 0.219 0 1
Innov 20,130 0.442 0.981 0 8.167
InnovInvt 20,130 0.373 0.893 0 7.913
Innov3YFwdCitat 20,130 0.325 0.996 0 8.859
Innov3YFwdCitatInvt 20,130 0.301 0.955 0 8.780
Population 8,365 5.392 1.091 1.567 8.125
Transport 7,873 7.964 1.261 2.565 12.566
University 6,495 1.494 0.858 0 4.522
Student 7,773 9.119 2.004 0 13.858

Panel B: Pair-wise University-to-Firm Variables
HSR 372,108 0.065 0.247 0 1.000
Innov 372,108 0.042 0.233 0 5.106
InnovInvt 372,108 0.034 0.201 0 5.094
Innov3YFwdCitat 372,108 0.037 0.272 0 5.953
Innov3YFwdCitatInvt 372,108 0.033 0.256 0 5.953
TechProximity 336,599 0.041 0.121 0 1
GeoDistance 358,545 659.368 605.478 11.063 3605.064

Panel C: University-level Variables
New Collaborator 27,951 0.165 0.516 0 4.585
WeightedNewCollaborator 27,951 0.212 0.677 0 7.176

Notes: In Panel A, HSR is a dummy, equaling one if a city has operating high-speed railway (HSR) stations,
and zero otherwise. Innov and InnovInvt are respectively defined as the logarithm one plus the number of
patents and invention patents that have multiple applicants located in at least two cities. Innov3YFwdCitat
and Innov3YFwdCitatInvt represent the logarithm one plus the total number of three-year forward cumula-
tive citations for the corresponding collaborated patents and invention patents, respectively. The variable
Population is the population in a city at the end of a year. Transport is the sum of passengers transported by
railway, road, and airline. University is the number of universities and colleges, and Student is the number
of students in universities and colleges. All city-level characteristic variables are defined in a log fashion. In
Panel B, HSR is a binary indicator, equaling one if there exists a direct HSR connection between a pair of uni-
versity and firm at year t and zero otherwise. Innov, InnovInvt, Innov3YFwdCitat, and Innov3YFwdCitatInvt
are similarly defined at pair-wise University-to-Firm level. TechProximity is defined as a normalized Eu-
clidean norm between a pair of technological positions. GeoDistance represents pair-wise spherical distance.
In Panel C, NewCollaborator is defined as the logarithm one plus the number of new collaborators at the uni-
versity level. WeightedNewCollaborator is the logarithm one plus the number of new collaborators weighted
by the number of corresponding patents.
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Table 2: The Effect of HSR on City-Level Collaborative Innovation

VARIABLES Patent Count Patent Citation
Total Invention Total Invention
(1) (2) (3) (4)

HSR 0.455*** 0.479*** 0.852*** 0.856***
(0.082) (0.081) (0.143) (0.141)

City Characteristics Y Y Y Y
City FE Y Y Y Y
Province-Year FE Y Y Y Y
R2 0.817 0.802 0.758 0.745
Observations 5,451 5,451 5,451 5,451

Notes: Patent Count is the logarithm one plus the number of collaborated patents that have
multiple applicants located in at least two cities. Patent Citation is the logarithm one plus
the total number of three-year forward cumulative citations for the corresponding collab-
orated patents. Total represents all patents while Invention represents invention patents.
HSR is a dummy and equals one if a city has operating high-speed railway (HSR) sta-
tions and zero otherwise. City characteristics include population, the sum of passengers
transported by railway, road and airline, the number of universities and colleges, and the
number of students in universities and colleges. All control variables are in log fashion.
Standard errors in parentheses are clustered at the city level. *** significant at the 1% level,
** significant at the 5% level, * significant at the 10% level.
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Table 3: Robustness Check on Intercity Collaborative Innovation

VARIABLES Patent Count Patent Citation
Total Invention Total Invention
(1) (2) (3) (4)

HSR 0.431*** 0.449*** 0.801*** 0.809***
(0.078) (0.077) (0.139) (0.137)

City Characteristics Y Y Y Y
City FE Y Y Y Y
Province-Year FE Y Y Y Y
R2 0.807 0.793 0.745 0.733
Observations 5,451 5,451 5,451 5,451

Notes: We restrict our sample to collaborated patents whose applicants are all located in
different cities. Patent Count is the logarithm one plus the number of collaborated patents
that have multiple applicants located in at least two cities. Patent Citation is the logarithm
one plus the total number of three-year forward cumulative citations for the correspond-
ing collaborated patents. Total represents all patents while Invention represents invention
patents. HSR is a dummy and equals one if a city has operating high-speed railway (HSR)
stations and zero otherwise. City characteristics include population, the sum of passen-
gers transported by railway, road and airline, the number of universities and colleges, and
the number of students in universities and colleges. All control variables are in log fash-
ion. Standard errors in parentheses are clustered at the city level. *** significant at the 1%
level, ** significant at the 5% level, * significant at the 10% level.
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Table 4: Robustness Check on Site Choices in Collaborative Innovation

VARIABLES Patent Count Patent Citation
Total Invention Total Invention
(1) (2) (3) (4)

HSR 0.389*** 0.416*** 0.785*** 0.791***
(0.083) (0.081) (0.143) (0.142)

City Characteristics Y Y Y Y
City FE Y Y Y Y
Province-Year FE Y Y Y Y
R2 0.814 0.799 0.754 0.741
Observations 5,451 5,451 5,451 5,451

Notes: We restrict our sample to collaborated patents whose firm applicants are founded
before the operation of the local high-speed railway station. Patent Count is the logarithm
one plus the number of collaborated patents that university and firm are located in two
cities. Patent Citation is the logarithm one plus the total number of three-year forward cu-
mulative citations for the corresponding collaborated patents. Total represents all patents
while Invention represents invention patents. HSR is an indicator, equaling one if there
exists a direct HSR line between a pair of university and firm at year t and zero otherwise.
Standard errors in parentheses are clustered at the paired-level applicant. *** significant
at the 1% level, ** significant at the 5% level, * significant at the 10% level.
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Table 5: The Effect of HSR on University-Firm Collaborative Innovation

VARIABLES Patent Count Patent Citation
Total Invention Total Invention
(1) (2) (3) (4)

HSR 0.012*** 0.013*** 0.019*** 0.021***
(0.005) (0.004) (0.006) (0.006)

Pair FE Y Y Y Y
Year FE Y Y Y Y
R2 0.126 0.126 0.115 0.109
Observations 360,832 360,832 349,556 349,556

Notes: Patent Count is the logarithm one plus the number of collaborated patents that
university and firm are located in two cities. Patent Citation is the logarithm one plus the
total number of three-year forward cumulative citations for the corresponding collabo-
rated patents. Total represents all patents while Invention represents invention patents.
HSR is an indicator, equaling one if there exists a direct HSR line between a pair of
university and firm at year t and zero otherwise. Standard errors in parentheses are
clustered at the paired-level applicant. *** significant at the 1% level, ** significant at
the 5% level, * significant at the 10% level.
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Table 6: The Role of Geographical Distance

VARIABLES Patent Count Patent Citation
All Invention All Invention
(1) (2) (3) (4)

HSR -0.014*** -0.009** -0.010 -0.006
(0.005) (0.004) (0.007) (0.007)

HSR × 1[300 ≤ Dist ≤ 900] 0.058*** 0.046*** 0.059*** 0.053***
(0.011) (0.009) (0.014) (0.014)

HSR × 1[900 ≤ Dist ≤ 1500] 0.065*** 0.061*** 0.082*** 0.080***
(0.016) (0.015) (0.022) (0.021)

HSR × 1[Dist ≥ 1500] 0.037* 0.033* 0.061** 0.059**
(0.020) (0.017) (0.030) (0.029)

Pair FE Y Y Y Y
Year FE Y Y Y Y
R2 0.127 0.127 0.116 0.111
Observations 348,576 348,576 337,683 337,683

Notes: Patent Count is the logarithm one plus the number of collaborated patents that university and
firm are located in two cities. Patent Citation is the logarithm one plus the total number of three-
year forward cumulative citations for the corresponding collaborated patents. Total represents all
patents while Invention represents invention patents. HSR is an indicator, equaling one if there ex-
ists a direct HSR line between a pair of university and firm at year t and zero otherwise. Dist is the
spherical distance between university and firm. 1[300 ≤ Dist ≤ 900], 1[900 ≤ Dist ≤ 1500], and
1[Dist ≥ 1500] are binary indicators for traveling distances between 300km and 900 km, between 900
km and 1500 km, and greater than 1500 km, respectively. Traveling distance less than 300km is cho-
sen as our baseline here. Standard errors in parentheses are clustered at the paired-level applicant.
*** significant at the 1% level, ** significant at the 5% level, * significant at the 10% level.
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Table 7: The Role of Technology Proximity

VARIABLES Patent Count Patent Citation
All Invention All Invention
(1) (2) (3) (4)

HSR 0.003 0.004 -0.001 0.001
(0.004) (0.004) (0.006) (0.006)

TechProximity 0.224*** 0.203*** 0.200*** 0.191***
(0.014) (0.013) (0.015) (0.015)

HSR × TechProximity 0.055* 0.059** 0.147*** 0.150***
(0.030) (0.028) (0.040) (0.038)

Pair FE Y Y Y Y
Year FE Y Y Y Y
R2 0.136 0.138 0.122 0.117
Observations 325,799 325,799 314,939 314,939

Notes: Patent Count is the logarithm one plus the number of collaborated patents that univer-
sity and firm are located in two cities. Patent Citation is the logarithm one plus the total num-
ber of three-year forward cumulative citations for the corresponding collaborated patents.
Total represents all patents while Invention represents invention patents. HSR is an indica-
tor, equaling one if there exists a direct HSR line between a pair of university and firm at
year t and zero otherwise. TechProximity is defined as normalized Euclidean norm between
university’s and firm’s technological positions. Standard errors in parentheses are clustered
at the paired-level applicant. *** significant at the 1% level, ** significant at the 5% level, *
significant at the 10% level.
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Table 8: The Role of University Academic Discipline

Tech Class Human Operation Chem. Textiles Fixed ME. Light Physics Elec.
Neces. Trans. Metal. Paper Construct. Heating

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

Panel A: One-year Forward Count of Patent
HSR -0.003** 0.002 -0.004** -0.002*** -0.003** 0.002** 0.004 0.006**

(0.001) (0.002) (0.002) (0.000) (0.001) (0.001) (0.003) (0.003)
HSR × DFC2;0BB -0.002 -0.004 0.001 0.041*** 0.022*** -0.000 0.029*** 0.020***

(0.002) (0.005) (0.003) (0.014) (0.005) (0.003) (0.007) (0.006)

R2 0.052 0.061 0.072 0.054 0.065 0.052 0.103 0.119
Observations 360,832 360,832 360,832 360,832 360,832 360,832 360,832 360,832

Panel B: Three-year Forward Cumulative Citation of Patent
HSR -0.003** 0.003 -0.008** -0.002*** -0.005*** 0.004** 0.000 0.004

(0.002) (0.002) (0.003) (0.001) (0.002) (0.002) (0.004) (0.004)
HSR × DFC2;0BB 0.002 0.002 0.009* 0.045*** 0.020*** 0.000 0.047*** 0.035***

(0.003) (0.009) (0.005) (0.015) (0.005) (0.003) (0.009) (0.009)

R2 0.047 0.055 0.065 0.049 0.057 0.050 0.085 0.088
Observations 349,556 349,556 349,556 349,556 349,556 349,556 349,556 349,556

Pair FE Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y

Notes: In Panel A, dependent variables are the logarithm one plus the number of collaborated patents that university and firm
are located in two cities by eight technology classes. In Panel B, dependent variables are the logarithm one plus the total number
of three-year forward cumulative citations for the corresponding collaborated patents. DFC2;0BB are dummies, indicating Double
First-Class (DFC) Discipline of universities, which equals one if the university has a DFC Discipline in technology class. HSR is
an indicator, equaling one if there exists a direct HSR line between a pair of university and firm at year t and zero otherwise. As
space is limited, we put our criterion in the Appendix. Standard errors in parentheses are clustered at the paired-level applicant.
*** significant at the 1% level, ** significant at the 5% level, * significant at the 10% level.
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Table 9: Types of Collaborative Innovation

VARIABLES Patent Count Patent Citation
(1) (2)

HSR ×Within 0.091*** 0.047***
(0.029) (0.015)

HSR × Across 0.177*** 0.065***
(0.033) (0.015)

University-Type FE Y Y
Province-Year FE Y Y
R2 0.427 0.264
Observations 75,328 75,328
?-value (F-Test) 0.0000 0.0103

Notes: Patent Count is the logarithm one plus the number of col-
laborated patents that university andfirmare located in two cities.
Patent Citation is the logarithm one plus the total number of three-
year forward cumulative citations for the corresponding collabo-
rated patents. HSR is an indicator, equaling one if there exists a
direct HSR line between a pair of university and firm at year t and
zero otherwise. Within andAcross are dummies defined according
to the spatial distribution of coassignees. The last row provides
p-values of F-test where the null hypothesis is that interaction
terms share the same coefficients. Standard errors in parentheses
are clustered at the university level. *** significant at the 1% level,
** significant at the 5% level, * significant at the 10% level.
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Table 10: Search for New Collaborators

VARIABLES Count of New Collaborators Patent-Weighted Count of
New Collaborators

Unique Before HSR Unique Before HSR
(1) (2) (3) (4)

HSR 0.132*** 0.144*** 0.168*** 0.180***
(0.032) (0.032) (0.043) (0.042)

University FE Y Y Y Y
Province-Year FE Y Y Y Y
R2 0.462 0.459 0.441 0.437
Observations 27,008 24,992 27,008 24,992

Notes: Count of New Collaborators is the logarithm one plus the number of new collaborators that
the university collaborated with. Patent-Weighted Count of New Collaborators is the logarithm
one plus the number of new collaborators multiplied by the number of corresponding patents.
Unique represents that each collaborator is counted only if it hasn’t collaborated with the uni-
versity in the past while Before HSR only considers those firms started before HSR operation
in their cities. HSR is an indicator, equaling one if a city has operating HSR stations and zero
otherwise. Standard errors in parentheses are clustered at the university level. *** significant
at the 1% level, ** significant at the 5% level, * significant at the 10% level.
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Table 11: Search for New Collaborators by Firm Types

VARIABLES Count of New Collaborators Patent-Weighted Count of
New Collaborators

Coef. S.E. Coef. S.E.
(1) (2) (3) (4)

Panel A: Search Distance
1-500 0.159*** (0.024) 0.207*** (0.032)
500-1,000 0.060*** (0.023) 0.093*** (0.032)
1,000-1,500 0.049** (0.023) 0.075** (0.032)
1,500-2,000 -0.016 (0.026) -0.017 (0.037)
2,000- -0.101*** (0.024) -0.139*** (0.034)

Panel B: Firm Asset Quartile
0-25 % 0.016 (0.019) 0.023 (0.026)
25-50 % 0.114*** (0.022) 0.153*** (0.030)
50-75 % 0.115*** (0.023) 0.152*** (0.031)
75-100 % 0.176*** (0.026) 0.246*** (0.037)

Panel C: Firm Age
1-10 0.138*** (0.023) 0.195*** (0.032)
11-20 0.195*** (0.026) 0.251*** (0.035)
21-30 0.021 (0.022) 0.034 (0.031)
30+ -0.082*** (0.023) -0.107*** (0.031)

Panel D: Firm Ownership
Solo/JV/FDI 0.124*** (0.026) 0.164*** (0.036)
SOE -0.020 (0.025) 0.006 (0.034)
Other 0.175*** (0.026) 0.220*** (0.035)

Panel E: Industry
Agriculture -0.096*** (0.027) -0.145*** (0.035)
Manufacture 0.140*** (0.027) 0.180*** (0.036)
Service 0.111*** (0.026) 0.156*** (0.036)

Notes: Count of New Collaborators is the logarithm one plus the number of new collabora-
tors that the university collaborated with. Patent-Weighted Count of New Collaborators is the
logarithm one plus the number of new collaborators multiplied by the number of corre-
sponding patents. Interaction terms between category dummies and HSR dummy serve
as independent variables in five panels from A to E, measuring the effects of HSR on the
search for heterogeneous firms. HSR is an indicator, equaling one if a city has operating
HSR stations and zero otherwise. University by firm type fixed effects and province-year
fixed effects are introduced in regression. Standard errors in parentheses are clustered at
the university level. *** significant at the 1% level, ** significant at the 5% level, * significant
at the 10% level.
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Online Appendix

A1 Mapping Discipline with Technology Field
The Chinese government has long been putting endeavors and resources to establish high-
quality universities. In November of 1995, the State Council initiated the 211 Program
with a target of fostering the development of 100 high-quality universities. In 1999, the
State Council set up an ambitious target of building up the world-class universities and
academic disciplines, namely the 985 Program. By the end of 2011, the 211 Program has
expanded to 112 universities, while the 985 Program has a total of 39 elite universities.
Universities listed in these two programs have been receiving financial and R&D support
from the central government, while the remaining universities have received little support.
A lack of competition has led to a decline in the development of both listed and unlisted
universities into these programs. In 2016, MOE formally announced to initiate a brand-
new Double-First-Class (DFC) Program with an introduction to the entry/exit of the
program. The DFC Program has set a dual target of fostering world-class universities
and academic discipline. In 2017, MOE, Ministry of Finance, and National Development
of Reform Committee have issued the first list of 137 DFC universities and 465 DFC
academic disciplines, covering most of the universities in the 211 or 985 Programs. We
collect the specialized disciplines of those 140 universities and classify them into fields
A-H respectively, which imply the specialized fields of universities.

A: Traditional Chinese Medicine, Science of Traditional Chinese Medicine, Chinese
and Western Medicine, Clinical Medicine, Crop Science, Public Health and Pre-
ventive Medicine, Bipplatrics, Agricultural Engineering, Agricultural Resource and
Environment, Agronomy, Stomatology, Horticulture, Preclinical Medicine, Nursing,
Forestry Engineering, Forestry, Plant Protection, Fishery Science, Marine Science,
Biomedical Engineering, Biology, Zootechnics, Agrostology, Pharmacy, Landscape
Architecture, Food Science and Engineering.

B: Transportation Engineering, Instrument Science and Technology.

C: Metallurgical Engineering, Chemistry, Chemical Engineering and Technology, Ma-
terial Science, Petroleum and Gas Engineering, Mineral Engineering, Aeronautical
Science and Technology

D: Textile Science and Engineering

E: Civil Engineering, Architecture, Water Conservancy Project

F: Aeronautical Science and Technology, Armament Science and Technology, Mechan-
ical Engineering, Aerospace and Manufacturing Engineering, Naval Architecture
and Ocean Engineering, Power Engineering and Engineering Thermophysics.

G: Power Engineering and Engineering Thermophysics, Optical Engineering, Dynam-
ics, Mechanics, Nuclear Science and Technology, Physics, Computer Science and
Technology, Information and Communication Engineering, Electronic and Electrical
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Engineering, Electronic Science and Technology, Electrical Engineering, Software
Engineering.

H: Computer Science and Technology, Information and Communication Engineering,
Electronic and Electrical Engineering, Electrical Engineering, Software Engineering.

where Field A is Human Necessities; Field B is Performing Operations; and Transporting;
Field C is Chemistry and Metallurgy; Field D is Textiles and Paper; Field E is Fixed
Constructions; Field F is Mechanical Engineering, Lighting, Heating, and Weapons; Field
G is Physics; and Field H is Electricity. The State Intellectual Property Office (SIPO,
http://epub.sipo.gov.cn/ipc.jsp) provides more details about the fields on which
our recognition about disciplines is based.
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A2 Additional Figures and Tables
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Figure A1: Dynamic Effect of HSR on Citations from Collaborative Patent Innovation

Notes: Charts from left to right respectively show the dynamics of the impact of HSR operation on three-year
forward cumulative citations of total patents and invention patents that have multiple applicants located in
at least two cities. Blue dots represent coefficients of time indicators. One year before HSR operation (-1) is
chosen as a baseline and omitted. Shaded areas represent 95% confidence interval.

52



0
.0

2
.0

4
.0

6

-.5 -.4 -.3 -.2 -.1 0 .1 .2 .3 .4 .5

.08

.09

.1

.11

.12

.13

.14

.15

-.4 -.3 -.2 -.1 0 .1 .2 .3 .4 .5

p>0.1 0.05<p<0.1 (*)
0.01<p<0.05 (**) p<0.01 (***)

Figure A2: Placebo Test on Collaborative Invention Patents

Notes: The upper chart depicts the sample distribution of 1,000 estimates for the effects of HSR on three-year
forward cumulative citations of collaborated innovation across cities based upon the city-level patent. The
lower panel provides a scatter plot of p-values associated with these 1,000 estimated coefficients. In the
upper chart, the horizontal axis represents the coefficient. In the lower chart, the horizontal axis and vertical
axis respectively indicate standard error and coefficient.
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Table A1: Intercity Collaborative Innovation by Alternative Quality Measures

VARIABLES Citation Cumulative Citation
Total Invention 2-Year Fwd 4-Year Fwd
(1) (2) (3) (4)

HSR 0.808*** 0.718*** 0.854*** 0.828***
(0.132) (0.117) (0.144) (0.142)

City Characteristics Y Y Y Y
City FE Y Y Y Y
Province-Year FE Y Y Y Y
R2 0.671 0.609 0.748 0.761
Observations 5,451 5,451 5,451 5,451

Notes: Citation is the logarithm one plus the number of citations of collaborated patents in the
application year, where patents have multiple applicants located in at least two cities. Cumula-
tive Citation is the logarithm one plus the total number of forward cumulative citations for the
corresponding collaborated patents. Total represents all patents while Invention represents in-
vention patents. 2-Year Fwd and 4-Year Fwd indicate different lengths of the time window. HSR
is an indicator, equaling one if a city has operating HSR stations and zero otherwise. City char-
acteristics include population, the sum of passengers transported by railway, road and airline,
the number of universities and colleges, and the number of students in universities and colleges.
All control variables are in log fashion. Standard errors in parentheses are clustered at the city
level. *** significant at the 1% level, ** significant at the 5% level, * significant at the 10% level.
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Table A2: University-Firm Collaborative Innovation by Alternative Quality Measures

VARIABLES Citation Cumulative Citation
Total Invention 2-Year Forward 4-Year Forward
(1) (2) (3) (4)

HSR 0.010*** 0.005** 0.014*** 0.014***
(0.003) (0.002) (0.005) (0.005)

Pair FE Y Y Y Y
Year FE Y Y Y Y
R2 0.081 0.064 0.110 0.114
Observations 360,832 360,832 360,832 360,832

Notes: Citation is the logarithm one plus the number of citations of collaborated patents in the applica-
tion year, where university and firm are located in two cities as coassignees. Cumulative Citation is the
logarithm one plus the total number of forward cumulative citations for the corresponding collaborated
patents. Total represents all patents while Invention represents invention patents. 2-Year Fwd and 4-Year
Fwd indicate different lengths of time window. HSR is an indicator, equaling one if there exists a direct
HSR line between a pair of university and firm at year t and zero otherwise. Standard errors in parenthe-
ses are clustered at the paired-level applicant. *** significant at the 1% level, ** significant at the 5% level,
* significant at the 10% level.
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Table A3: Searching for New Collaborators with Alternative Definition

VARIABLES Count of New Collaborators Patent-Weighted Count of
New Collaborators

Time Interval 4-Year 5-Year 6-Year 4-Year 5-Year 6-Year
(1) (2) (3) (4) (5) (6)

HSR 0.122*** 0.121*** 0.121*** 0.159*** 0.157*** 0.157***
(0.030) (0.030) (0.030) (0.039) (0.039) (0.039)

University FE Y Y Y Y Y Y
Province-Year FE Y Y Y Y Y Y
R2 0.470 0.469 0.469 0.450 0.449 0.449
Observations 27,008 27,008 27,008 27,008 27,008 27,008

Notes: Count of New Collaborators is the logarithm one plus the number of new collaborators that
the university collaborated with. Patent-Weighted Count of New Collaborators is the logarithm one
plus the number of new collaborators multiplied by the number of corresponding patents. X-
Year (- = 4, 5, 6) represent extended definitions of new collaborator that each collaborator is also
counted if it hasn’t been collaborated with the university for over - years and now collaborates
again. HSR is an indicator, equaling one if a city has operating HSR stations and zero otherwise.
Standard errors in parentheses are clustered at the university level. *** significant at the 1% level,
** significant at the 5% level, * significant at the 10% level.
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Table A4: Search for Alternative New Collaborators by Firm Type

VARIABLES Count of New Collaborators Patent-Weighted Count
New Collaborators

Coef. S.E. Coef. S.E.
(1) (2) (3) (4)

Panel A: Distance
1-500 0.148*** (0.021) 0.195*** (0.029)
500-1,000 0.049** (0.020) 0.077*** (0.028)
1,000-1,500 0.042** (0.020) 0.067** (0.028)
1,500-2,000 -0.019 (0.022) -0.019 (0.032)
2,000- -0.101*** (0.022) -0.134*** (0.030)

Panel B: Firm Asset Quartile
0-25 % 0.017 (0.017) 0.027 (0.023)
25-50 % 0.104*** (0.019) 0.144*** (0.027)
50-75 % 0.102*** (0.020) 0.140*** (0.028)
75-100 % 0.148*** (0.023) 0.207*** (0.032)

Panel C: Firm Age
1-10 0.125*** (0.020) 0.181*** (0.028)
11-20 0.174*** (0.023) 0.224*** (0.031)
21-30 0.015 (0.019) 0.029 (0.027)
30+ -0.078*** (0.020) -0.096*** (0.027)

Panel D: Firm Ownership
Solo/JV/FDI 0.111*** (0.023) 0.151*** (0.032)
SOE -0.039* (0.021) -0.025 (0.029)
Other 0.163*** (0.023) 0.211*** (0.032)

Panel E: Industry
Agriculture -0.087*** (0.024) -0.130*** (0.032)
Manufacture 0.126*** (0.024) 0.164*** (0.032)
Service 0.098*** (0.023) 0.143*** (0.032)

Notes: Count of New Collaborators is the logarithm one plus the number of new collabo-
rators that the university collaborated with. Patent-Weighted Count of New Collaborators
is the logarithm one plus the number of new collaborators multiplied by the number
of corresponding patents. Alternative definition of new collaborators is assumed that
each collaborator is counted if it hasn’t been collaborated with the university for over
five years and now collaborates again. Interaction terms between category dummies
and HSR dummy serve as independent variables in five panels from A to E, measuring
the effects of HSR on the search for heterogeneous firms. HSR is an indicator, equaling
one if a city has operating HSR stations and zero otherwise. University by firm type
fixed effects and province-year fixed effects are introduced in regression. Standard er-
rors in parentheses are clustered at the university level. *** significant at the 1% level,
** significant at the 5% level, * significant at the 10% level.
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