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Knowledge complexity is a key determinant of regional competitiveness, yet the mechanisms and micro-level
carriers through which transportation infrastructure shapes it remains insufficiently understood. This study
examines the impact of high-speed rail (HSR) on knowledge complexity using patent and socio-economic data
from 268 Chinese cities over 2005-2020, applying a multi-period difference-in-differences approach. Results
show that HSR significantly enhances urban knowledge complexity, and the findings remain robust after
addressing endogeneity concerns. Mechanism analysis reveals that HSR promotes complexity primarily through
diversified agglomeration and network externalities, while specialized agglomeration has no significant effect.
Moreover, HSR reshapes the relationship between agglomeration and network effects by substituting localized
specialization with networked knowledge flows and enhancing the innovative potential of diversification
through cross-regional complementarities. At the micro level, HSR triggers knowledge combination through two
channels: a sharing mechanism that emphasizes collaborative interactions and collective knowledge external-
ities, and a matching mechanism that facilitates the strategic acquisition and recombination of external
knowledge via technology transfers. By integrating agglomeration and network externality frameworks, this
study provides empirical evidence on how HSR shapes urban knowledge complexity. The findings offer China-
specific policy implications and transferable insights for regions pursuing innovation-driven growth through
improved connectivity.

Hou, 2022; Miwa et al., 2022; Sun et al., 2023; Tang et al., 2021).
Despite the growing literature on HSR and knowledge spillovers, a

1. Introduction

As a transformative innovation in transportation, high-speed rail
(HSR) has been widely adopted worldwide for its exceptional efficiency
and sustainability. Following Japan's inauguration of the Shinkansen in
1964, several European countries, including France and Germany,
established extensive HSR networks. As a latecomer, China launched its
first HSR line in 2008 and, within just over a decade, has developed the
world's largest and most comprehensive HSR network. The economic
and social implications of HSR have attracted substantial academic
attention. Existing studies have highlighted its profound impacts across
multiple dimensions, including accessibility and travel behavior (Chan
and Yuan, 2017; Shaw et al., 2014), economic growth (Ishikura, 2025;
Yoo et al., 2023; Zhang et al., 2025; Zheng and Kahn, 2013), labor
allocation (Feng et al., 2023; Guirao et al., 2018; Heuermann and
Schmieder, 2019), and knowledge spillovers (Gao and Zheng, 2020;
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significant gap remains, as our understanding of the mechanisms
through which HSR influences complex knowledge recombination is still
limited. Innovation, by its nature, is a complex and dynamic process.
Schumpeter (1934) conceptualized innovation as the new combination
of production factors. From the perspective of knowledge, knowledge
complexity provides a comprehensive indicator for capturing this
intricate process of innovation dynamics. It encompasses not only the
number of knowledge combinations but also their richness and tech-
nological diversity (Balland and Rigby, 2017; Fleming and Sorenson,
2001; Sorenson et al., 2006). Knowledge complexity holds particular
importance for regional development policy. Specifically, regions with
higher levels of knowledge complexity are better positioned to reorga-
nize complementary capabilities and explore new technological do-
mains, thereby enhancing regional adaptability and long-term
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competitiveness (Balland and Rigby, 2017; Hidalgo, 2021; Mewes and
Broekel, 2022). In light of increasing technological sophistication and
the rapid expansion of transportation networks, understanding how HSR
affects knowledge complexity is of both theoretical and practical sig-
nificance. Academically, such inquiry helps uncover how HSR reshapes
the evolutionary trajectories of regional knowledge systems, filling an
essential gap in the literature. Practically, it provides evidence-based
insights for HSR network planning and transport-oriented innovation
policy design, which can strengthen the resilience, adaptability, and
competitiveness of regional innovation systems.

As a high-speed transportation system, HSR generates a pronounced
space-time compression effect, facilitating knowledge diffusion and
enhancing knowledge search activities (Dong et al., 2020; Tan and Pan,
2024; Tang et al., 2021; Yao and Li, 2022). Although a conceptual link
exists between HSR and knowledge recombination, several empirical
gaps remain. First, there is a lack of a comprehensive framework to
analyze how HSR influences knowledge complexity. A large body of
existing research has predominantly interpreted the impact of HSR
development on knowledge spillovers through the lens of localized
agglomeration effects (Gao and Zheng, 2020; Hou, 2022; Miwa et al.,
2022; Sun et al., 2023), while largely overlooking network externalities
generated by HSR interconnectivity. These network effects can sub-
stantially reshape knowledge flows beyond the scope of localized
agglomeration (Berger and Prawitz, 2024; Dong et al., 2020; Russell
et al., 2024; Yao and Li, 2022). Second, prior research has insufficiently
examined the interaction between agglomeration economies and
network externalities, leaving unresolved questions regarding whether
these effects are complementary or substitutive. Third, micro-level
mechanisms through which HSR fosters knowledge recombination
remain underexplored, particularly the mediating roles of innovative
actors such as firms, universities, and research institutions. Addressing
these gaps is essential for a holistic understanding of how HSR reshapes
complex knowledge dynamics.

To fill the gaps in existing research, this paper empirically examines
the impact mechanisms of HSR on knowledge complexity using panel
data from 268 prefecture-level cities in China spanning 2005-2020.
Methodologically, we combine the difference-in-differences (DID)
approach with an instrumental variable (IV) regression to construct an
empirical strategy that effectively mitigates endogeneity concerns,
thereby providing a more accurate identification of the causal effect of
HSR on knowledge complexity. Furthermore, we develop a conceptual
framework that integrates agglomeration and network externalities and
employ a mediation model to systematically explore the transmission
channels through which HSR affects knowledge complexity. Building on
this framework, we further investigate how agglomeration and network
externalities interact to jointly shape the evolution of knowledge
complexity. Finally, we identify the micro-level carrier of these mech-
anisms, which lies in technological collaboration and transfer among
different innovators.

This study contributes to the existing literature in several aspects.
First, we develop a conceptual framework that integrates HSR,
agglomeration externalities, network externalities, and knowledge
complexity into a unified analytical system. This framework elucidates
the mechanisms through which HSR influences knowledge complexity,
emphasizing the mediating roles of diversified agglomeration and
network externalities. In doing so, it deepens our understanding of how
HSR-driven connectivity enhances knowledge complexity and extends
prior research on the determinants of knowledge complexity (Balland
and Rigby, 2017; Boschma, 2017; Broekel et al., 2023; Fernhaber and
Patel, 2012; Sorenson et al., 2006). Second, we provide novel empirical
evidence for the interactive relationship between agglomeration and
network externalities, a subject of long-standing theoretical debate
(Burger and Meijers, 2016; Capello, 2000; Huang et al., 2020). Whereas
earlier studies on HSR and innovation often examined these two exter-
nalities separately (Hou, 2022; Tan and Pan, 2024; Tang et al., 2021),
this study empirically identifies their interactive effects, offering a more
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comprehensive perspective on how multiple externalities jointly shape
knowledge complexity. Finally, this study advances the understanding
of network externalities by highlighting their micro-level mechanisms.
While prior research emphasizes their role in urban growth through
borrowing scale effects (Alonso, 1975; Meijers et al., 2016), we show
that HSR enhances knowledge complexity via inter-firm collaboration
and technology transfer, enabling innovative actors to leverage network
externalities for knowledge sharing and matching.

After the introduction, the paper is organized into five analytical
sections. Section 2 reviews existing literature to develop research hy-
potheses, while Section 3 outlines our methodology. The following
sections present the empirical framework: variable definition and data
collection (Section 4), followed by results, endogeneity treatment,
robustness test, mechanisms, and heterogeneous effects (Section 5).
Section 6 elaborates on the contributions of the study, outlines its
practical policy relevance, and proposes avenues for future scholarly
exploration.

2. Theoretical analysis and research hypotheses
2.1. Theoretical analysis and conceptual framework

The relationship between transport and innovation can be traced
back to the companion innovation hypothesis, which suggests that
improved transport infrastructure stimulates innovative production and
facilitates innovation diffusion across industries (Garrison and Sou-
leyrette II, 1996). Knowledge recombination theory further emphasizes
that innovation depends on the diversity and interdependence of
knowledge components, with greater complexity requiring stronger in-
terconnections and recombination (Fleming and Sorenson, 2001;
Schumpeter, 1934). Linking these perspectives, HSR can create favor-
able conditions for complex knowledge recombination by promoting
inter-organizational collaboration and interregional learning. From a
mechanism perspective, agglomeration economy theory emphasizes
that agglomeration serves as a key channel for knowledge spillovers
(Jacobs, 1969; Marshall, 1890). By enhancing accessibility and reducing
transaction costs, HSR optimizes the spatial allocation of innovation
resources and strengthens knowledge agglomeration. Meanwhile,
network externality theory suggests that the value of a network rises
exponentially with its connectivity (Burt, 1987; Katz and Shapiro, 1985;
Metcalfe, 1995). HSR connectivity expands intercity interactions and
bridges previously isolated knowledge bases. At the micro level, HSR
influences knowledge complexity through technological collaboration
and transfer among diverse innovation actors. Integrating these theo-
retical insights, this study develops a conceptual framework (Fig. 1) that
examines how HSR shapes knowledge complexity.

2.2. High-speed rail, knowledge spillovers, and knowledge complexity

Amidst the ongoing waves of globalization and the information
technology revolution, the diffusion of codified knowledge has accel-
erated at an unprecedented rate. However, the spatial stickiness of
complex knowledge remains a significant phenomenon (Balland et al.,
2020; Balland and Rigby, 2017), creating inherent barriers to its
inter-regional transfer. This persistence largely stems from two key
factors. The first aspect lies in the inherent complexity of knowledge
components. Knowledge production depends on the recombination of
diverse elements, with higher knowledge complexity requiring a greater
number of components and stronger interdependencies among them
(Fleming and Sorenson, 2001; Sorenson et al., 2006). Second, the social
embeddedness of knowledge transfer plays a critical role. Unlike codi-
fied explicit knowledge, complex knowledge often contains substantial
tacit elements, which are difficult to formalize and require prolonged
social interaction and practical engagement for effective transfer
(Polanyi, 1962). Empirical studies have demonstrated that the success-
ful transfer of tacit knowledge heavily depends on informal mechanisms
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Fig. 1. Conceptual framework of the impact of HSR on knowledge complexity.

(Bathelt, 2007; Pérez-Luno et al., 2019; Storper and Venables, 2004),
such as social networks, organizational trust, and face-to-face
communication.

Transportation infrastructure serves as a critical enabler in shaping
regional innovation ecosystems and facilitating knowledge diffusion.
For example, empirical evidence suggests that the expansion of metro
networks significantly enhances the intensity of intra-city knowledge
collaboration (Koh et al., 2022). Furthermore, modern transportation
infrastructure, including new air routes and HSR, generates time-space
compression effects. These effects foster cross-regional face-to-face in-
teractions and provide new channels for knowledge spillovers (Bai et al.,
2024; Berger and Prawitz, 2024; Dong et al., 2020; Tan and Pan, 2024;
Yao and Li, 2022). HSR reduces spatial friction and transaction costs,
creating favorable conditions for knowledge spillovers and thereby
facilitating the recombination of complex knowledge. Based on the
above analysis, we formulate the following hypothesis:

H1. The expansion of HSR exerts a significantly positive influence on
urban knowledge complexity.

2.3. High-speed rail, agglomeration externalities, and knowledge
complexity

Agglomeration externalities, a central mechanism in explaining the
dynamics of knowledge production, refers to the economic advantages
firms derive from geographic proximity. These advantages include
enhanced knowledge spillovers, increased opportunities for resource
sharing, and reduced transaction costs (Marshall, 1890). The Marshall
externalities theory posits that knowledge spillovers predominantly
occur within industrial clusters characterized by technological similarity
or close supply chain linkages (Marshall, 1890). In contrast, Jacobs’
theory of externalities underscores that the extent and effectiveness of
knowledge spillovers are primarily driven by the interplay and conver-
gence of diverse industries (Jacobs, 1969). The significance of such
externalities in shaping regional knowledge production is widely
regarded as contingent upon several factors, including spatial scale, the
characteristics of knowledge itself, and the specific innovation re-
quirements of local industries (Beaudry and Schiffauerova, 2009; Car-
agliu et al., 2016; Huang et al., 2020).

The mechanisms through which agglomeration externalities shape
knowledge complexity remain contested in the literature. Two dominant
yet competing perspectives emerge regarding spatial clustering's role in

knowledge recombination. The first perspective emphasizes knowledge
diversity as fundamental to innovation ecosystems (@stergaard et al.,
2011; Uzzi and Spiro, 2005). Proponents argue that varied knowledge
bases provide essential raw materials for recombination, enhancing
complexity through cross-pollination of ideas. Agglomeration, in this
view, facilitates complexity by concentrating diverse knowledge stocks.
Conversely, the second perspective underscores specialization's critical
role (Balland et al., 2022; Hidalgo, 2021). This camp maintains that
complexity arises not from breadth alone, but from deep, cumulative
expertise within focused domains. Specialized agglomerations foster
tight-knit professional networks that drive field-specific advances in
knowledge complexity. This perspective suggests that knowledge
complexity can be viewed as an extension of specialized capabilities.

In the context of economic geography, the sharp decline in trans-
portation costs has enhanced intercity economic integration and
simultaneously reshaped the spatial distribution and clustering ten-
dencies of enterprises and human capital (Agrawal et al., 2017; Russell
et al., 2024; Zheng and Kahn, 2013). HSR, as a fast and efficient trans-
portation mode, exerts a substantial influence on the intra-urban spatial
organization of economic activity. Nevertheless, scholarly debate per-
sists over whether the introduction of HSR fosters patterns of specialized
agglomeration or encourages greater diversification. On the one hand,
the deployment of HSR can help cities attract more firms and talent with
specialized advantages in certain fields, supporting the development of
specialized agglomerations (Chen and Guo, 2023; Hou, 2022; Lin,
2017). On the other hand, the expansion of HSR enhances intercity
connectivity, allowing firms and talent from diverse industries to gather
more easily in a single city, thus accelerating cross-industry knowledge
exchange and integration, and fostering diversified agglomeration (Tang
et al., 2021; Yang and Ma, 2023). We propose the following hypotheses
based on the above analysis and discussion.

H2. The commencement of HSR will promote agglomeration effects
within cities, thereby increasing urban knowledge complexity.

H2a. The commencement of HSR promotes urban knowledge
complexity through specialized agglomeration.

H2b. The commencement of HSR enhances urban knowledge
complexity through diversified agglomeration.
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2.4. High-speed rail, network externalities, and knowledge complexity

Network externalities, a concept initially introduced by Katz and
Shapiro (1985), describes the phenomenon in which the utility derived
from a product or service increases as the number of consumers using
that product or service expands. Building on this foundation, Capello
(2000) extends the framework to urban and regional networks, pro-
posing that network effects operate through “borrowed size.” Specif-
ically, smaller cities or regions can integrate into larger urban networks
to benefit from agglomeration economies, including knowledge spill-
overs and access to larger markets, while mitigating the negative ex-
ternalities associated with high-density agglomerations (Alonso, 1975;
Meijers et al., 2016). Transportation infrastructure is crucial in enabling
cities to leverage borrowed size, allowing smaller urban centers to ac-
cess the agglomeration benefits typically concentrated in large metro-
politan areas.

In social network theory, structural hole theory emphasizes the
importance of non-redundant ties in enabling the flow of information
and the access to resources (Burt, 1987). This theory holds profound
implications for innovation networks, where participation significantly
enhances knowledge exchange, resource sharing, and collaboration
among enterprises, universities, and research institutions, thereby
improving innovation performance. An increasing body of empirical
evidence highlights the crucial role of collaborative innovation in
driving knowledge recombination (Berger and Prawitz, 2024; Uzzi and
Spiro, 2005; Xiao et al., 2022). From the perspective of knowledge
complexity, the core function of knowledge networks is primarily re-
flected in facilitating the systematic reorganization of knowledge and
enhancing the knowledge absorption capacity of entities. On the one
hand, cross-organizational collaboration fosters the integration of
diverse knowledge bases, facilitating knowledge recombination
(Fleming and Sorenson, 2001; Xiao et al., 2022). On the other hand,
cooperative relationships within innovation networks enhance the
absorptive capacity of participants (Chatzistamoulou et al., 2022).
Collaborative innovation fosters diverse learning processes, such as
imitative learning, reverse engineering, and joint R&D, allowing entities
to better recognize, absorb, and leverage external knowledge.

The formation and evolution of innovation networks depend not only
on geographical proximity but also on efficient transportation and
communication infrastructure (Guan et al., 2022; Yao and Li, 2022).
China's rapidly growing HSR system exhibits strong network external-
ities consistent with Metcalfe's Law that network value scales quadrat-
ically with node connectivity (Metcalfe, 1995). Thus, as the HSR
network expands, its overall value grows exponentially, reinforcing
network externalities. HSR facilitates intercity innovation collaboration
and strengthens the structural hole effect within innovation networks.
By enabling more actors to occupy structural hole positions, HSR allows
them to leverage informational and positional advantages to access
diverse knowledge and resources. For example, smaller cities can use
HSR to establish cooperative relationships with larger cities or innova-
tion hubs, gaining access to shared innovation resources (Dong et al.,
2020; Henke et al., 2023; Tang et al., 2021; Yao and Li, 2022). Guided by
the theoretical and empirical foundations established above, we
advance the third core hypothesis:

H3. The commencement of HSR promotes intercity innovation coop-
eration, thereby increasing knowledge complexity through network
externalities.

3. Methodology
3.1. Baseline regression model
This study leverages the staggered rollout of HSR systems across

cities as a quasi-natural experiment and employs a multi-period DID
strategy to evaluate the causal effects of HSR on knowledge complexity.

Transport Policy 180 (2026) 104036

This approach effectively simulates a quasi-experimental setting,
enabling us to identify the causal impact of HSR on knowledge
complexity while controlling for time-invariant unobserved heteroge-
neity and common temporal shocks. The formula is as follows:

Yi = o + fyHSRDID + 7y > CVig + iy + Ve + € €}

Where: Y; is the dependent variable, representing knowledge
complexity; HSRDID; is the independent variable, indicating whether
HSR has been implemented; CV;; represents a set of control variables,
which will be detailed below; u; captures city fixed effect, while vy,
denotes province-by-year fixed effects, which control for all time-
varying shocks common to cities within the same province. ¢; is the
error term, capturing unobserved random factors.

3.2. Mediation effect model

This study examines the multifaceted mechanisms through which
HSR impacts knowledge complexity, focusing on dual channels of in-
fluence: agglomeration and network externalities. Building on Baron
and Kenny (1986) 's framework, we construct a mediation model to
analyze the intervening roles of these dynamics.

M = S0 + 8tHSRDID;: + 8¢ ) CVie + iy + Ve + € @)
Yi =vo + 1My +7x Z CVi +p; + Vpr + Eit 3
Yie = 9o + 1 HSRDID; + 9, My + 9 Y CVie + iy + Vi + € )

We examine mediation effects through a three-step procedure, where
M, captures agglomeration and network externalities, and control var-
iables follow Model (1). Step 1: Estimate Model (2) to test whether
HSRDID; significantly affects M;, (coefficient 6;). Step 2: Estimate Model
(3) to assess whether M influences Y; (coefficient y,). Step 3: Estimate
Model (4) to evaluate the direct effects of HSRDID;, (coefficient ¢,) and
M (coefficient ¢,) on Y;. Mediation is established if: (1) §; and y, are
significant, and (2) ¢, diminishes or loses significance in Model (4). Full
mediation occurs if ¢, becomes insignificant, while partial mediation is
inferred if ¢, remains significant but attenuated.

4. Variables and data
4.1. Study area and data sources

This study focuses on China's urban system and its HSR network as
the research setting. The nation's HSR infrastructure, having evolved

Fig. 2. Distribution of China's HSR network in 2011, 2016, and 2019.
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from regional corridors to the world's most extensive network (Fig. 2),
offers a compelling quasi-natural experiment for examining the co-
evolution of HSR and knowledge complexity. This study focuses on
China's prefecture-level cities and constructs a panel dataset for the
period 2005 to 2020. To ensure comparability of the data, the following
sample selection and processing procedures are applied: First, the cen-
trally administered municipalities (Beijing, Shanghai, Chongging, and
Tianjin) were removed from the analysis due to their distinct roles
within China's economic system. These cities function as provincial-level
units, and as such, lack direct comparability with other prefecture-level
cities. Second, to maintain sample consistency, cities located along the
Qinhuangdao-Shenyang passenger line, including Qinhuangdao, Hulu-
dao, Jinzhou, Panjin, Anshan, and Shenyang, were excluded from the
analysis.” Finally, to ensure data quality, cities with a significant number
of missing values (e.g., Lhasa, Bijie, and Tongren) were excluded from
the analysis. As a result, a balanced panel dataset comprising 268
prefecture-level cities is constructed.

Regarding data sources, patent text data were obtained from the
China National Intellectual Property Administration (CNIPA). Specif-
ically, invention patent applications are used as the primary raw data for
measuring knowledge complexity, as they are widely recognized as
high-quality innovations and among the most reliable indicators of
technological advancement (Acs et al., 2002; Fleming and Sorenson,
2001; Griliches, 1998; Higham et al., 2021). Data on HSR openings were
collected from the China National Railway Administration, while
socio-economic variables were sourced from the China City Statistical
Yearbook (2006-2021) and the statistical bureaus of relevant provinces.
Information on patent collaboration and patent transfer was obtained
from three sources: CNIPA, the Tianyancha database, and GAODE Map.
By integrating applicant and assignee data from CNIPA, firm-level in-
formation from Tianyancha, and geocoding services from GAODE Map,
we were able to accurately determine the detailed geographic locations
of each patent entity.

4.2. Variable definitions

4.2.1. Dependent variable

Knowledge complexity captures the structural diversity, specializa-
tion, and interdependence of knowledge components within and across
technological domains, reflecting the organization of a knowledge sys-
tem (Balland and Rigby, 2017; Fleming and Sorenson, 2001). The
measurement of knowledge complexity varies depending on the theo-
retical perspective and research purpose. Building on prior studies
(Fleming and Sorenson, 2001; Ning et al., 2023), this study adopts the
element combination method to directly measure knowledge
complexity. The theoretical rationale of this approach is rooted in
complexity economics and evolutionary theory. Specifically, the stron-
ger the interdependence among knowledge elements, the more difficult
knowledge recombination becomes, implying a higher level of
complexity. Compared with traditional indicators such as patent counts,
R&D expenditure, or patent citations, knowledge complexity empha-
sizes the structural richness and systemic interdependence of knowledge
systems and serves as a more comprehensive and explanatory indicator
of innovation activities (Balland and Rigby, 2017; Broekel, 2019; Hi-
dalgo, 2021). The formula is as follows:

2 These cities were excluded for two reasons. First, according to the Design
Specification for High-Speed Railways in China (TB10621-2014), HSR refers to
passenger-dedicated lines with a design speed of at least 250 km/h and an
initial operating speed of no less than 200 km/h. The Qinhuangdao-Shenyang
line, however, operated at an initial speed of only 160 km/h, which falls short
of this standard and therefore does not qualify as HSR in a strict sense. Second,
this line commenced operation in October 2003, preceding our sample period of
2005-2020. Including it could thus introduce inconsistencies into the temporal
framework of the study.
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Where: KCI stands for the urban knowledge complexity index. KCL;
measures patent ['s technological interdependence, where SC; is the
count of technological subclasses of patent, EA;; denotes the recombi-
national ease of technology category i in year t. N, is the total number of
patents in city c in year t. In other words, KCI., is a mean per patent, not
a sum; therefore, it does not mechanically grow with city patent counts.

This study employs the four-digit International Patent Classification
(IPC) system to identify recombination relationships among technolog-
ical elements. The ease of recombination is defined as follows:

N, sc,it

Ejp=—
Npat.i.t

©

Where: N, is the number of other technological categories combined
with subclass i between 2000 and 2020, N, represents the total
number of patents containing technological subclass i during the same
period. The value of E;; changes over time. A higher value indicates a
greater diversity of technologies being combined, while a lower value
suggests fewer technological categories are being recombined.

4.2.2. Independent variable

This paper employs a DID model to estimate the causal effect of HSR
on knowledge complexity. Accordingly, the treatment variable,
HSRDID, is coded as a binary indicator, with a value of 1 representing
cities connected by HSR and 0 representing non-connected cities. While
a simple binary variable provides a straightforward identification of
treatment status, it may underestimate the heterogeneous effects of HSR
connectivity and network centrality across cities. To address this limi-
tation, we construct alternative measures of HSR in the robustness test,
which capture the connectivity and centrality of HSR connections more
accurately.

4.2.3. Mediation variables

Specialized agglomeration. To quantify technological specialization
patterns, we employ the Herfindahl-Hirschman index (HHI) maximum
values across cities as our specialized agglomeration metric, calculated
as:

Lkm) @

()

Specifically, T;x denotes the number of technologies in category k for
city i; Ty is the national total in category k. T;; and T, represent the total
technologies in city i and nationally, respectively. Technologies are
classified using two-digit IPC codes to ensure consistent cross-city
comparisons.

Diversified agglomeration. Building on the framework proposed by
Frenken et al. (2007), we distinguish between related variety (RV) and
unrelated variety (UV). RV measures the extent of relatedness within a
city's knowledge base, offering a reflection of knowledge diversity across
various levels of sectoral aggregation. The formula is as follows:

. P"L P
RV= P* Zi" In <17;) ®)

JESg

SPE., = max

The methodology incorporates two core patent distribution metrics:
P, measures two-digit IPC category shares within cities, while P; assesses
four-digit subclass distributions within each category. These jointly
inform the RV index, an entropy-based measure of technological
diversification.

UV measures the diversity of knowledge that lacks a cognitive basis,
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reflecting differences across broader sectoral categories. The formula for
UV is as follows:

UV=> P;*In (1%) )
g

Where: P, denotes the proportion of patent IPC two-digit categories
within the city's technological classification. UV represents the entropy
value of technological categories.

Network externalities. Network externalities can be systematically
evaluated using various quantitative metrics, among which weighted
degree and betweenness centrality represent two established measure-
ment instruments (Huang et al., 2020; Tang et al., 2021). To operate this
analytical framework, we construct a patent collaboration network
specifically designed for quantifying these two critical indicators.
Detailed methodological specifications and technical implementation
procedures for network construction are provided in Appendix A.

Weighted degree (WD) serves as a network analysis metric that
evaluates nodal prominence by aggregating the intensity of its linkages
with neighboring nodes. This measure reflects a node's capacity to access
and influence network resources. The mathematical formulation of WD
is provided below:

JEN(D)

where: WD represents the weighted degree of node i, w; denotes the
number of joint patent applications between node i and node j.

Betweenness centrality (BC) measures a node's brokerage potential
in network connectivity, formally defined as the fraction of shortest
paths passing through it relative to all possible shortest paths in the
network. Formally expressed as:
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foreign direct investment and financial development, are included to
represent openness and financial capacity. Finally, as prior studies have
shown that other transportation modes, such as highways and air
transport, significantly affect knowledge diffusion and innovation out-
comes (Agrawal et al., 2017; Bai et al., 2024; Wang et al., 2018), we
further control for highway and air transportation to mitigate potential
confounding effects. The detailed calculation methods for these vari-
ables are reported in Table 1.

5. Results analysis
5.1. Descriptive statistics and correlation analysis

Table 2 presents the summary statistics for key variables. The
knowledge complexity index (KCI) exhibits substantial cross-city vari-
ation, ranging from 0.01 to 47.6, reflecting pronounced regional dis-
parities in knowledge complexity. The dichotomous treatment indicator
HSRDID exhibits sufficient variation across both cross-sectional and
temporal dimensions, satisfying the common support requirement for
causal identification. The correlation matrix presented in Fig. 3 dem-
onstrates that all pairwise correlation coefficients remain below the
conventional threshold of 0.8. This initial assessment is further corrob-
orated by variance inflation factor (VIF) analysis, which yields a mean
VIF of 2.42, substantially below the commonly accepted threshold of
5.0. The maximum individual VIF of 4.14 provides additional confir-
mation that multicollinearity does not pose a significant concern for our
regression specifications.

Table 2
. oy(i Summary statistics for model variables.
BC(i) = Zﬁ an i
szizt Ot Variable Obs Mean Std. Dev. Min Max
. . . . KCI 4288 3.07 5.17 0.01 47.60
where: o is the total count of shortest paths between nodes i and j; o4(i) HSRDID 4288 0.37 0.48 0.00 1.00
is the count of shortest paths through node i. pop 4288 423.07 264.93 18.20 2094.70
pergdp 4288 41922.75 31666.92 2730.00 256877.00
4.2.4. Control variables rdi 4288 0.01 0.02 0.00 0.21
’ 'B. i1di . rudies. this stud trols f ¢ he 4288 8.95 0.81 6.12 11.54
.u1 ing on p.reV10us stu 1.es, is s u.y controls ‘or a range o p9— inpolicy 4288 1.24 1.99 0.00 21.00
tential confounding factors. First, regarding population and economic fin 4288 2.21 1.10 0.51 21.30
conditions, we include population size and GDP per capita to capture fdi 4288 0.02 0.02 0.00 0.20
market size and development disparities, thereby accounting for po- infoinfa 4288 71.49 88.84 0.00 931.10
tential city-scale effects. Second, regarding innovation inputs and the digital 4288 0.42 1.07 0.00 18.57
) Y o » Tegarcing puts ) motor 4288 7052.10 10590.95 12.00 195597.00
policy environment, we introduce variables such as R&D intensity, air 4288  1932959.00  6145060.00 0.00  73400000.00
human capital, and innovation policies to capture resource endowment SPE 4288 8.89 12.39 1.28 277.90
and institutional support. Third, to account for potential digitalization RV 4288 4.73 2.50 0.00 13.61
effects on knowledge complexity, we incorporate indicators of digital uv 4288 3.47 0.53 0.00 4.14
infrast ¢ includi f the dieital d inf WD 4288 415.22 1362.67 0.00 20818.00
in ra.ls ru? ure, including measurefs of the digital eco.nomy a.n in .or- BC 4288 66.27 232,78 0.00 3316.78
mation infrastructure. In addition, structural variables, including
Table 1
Definitions and calculation methods of control variables.
Variable Name Abbreviation =~ Measurement Reference
Population size pop Total number of permanent residents (Broekel et al., 2023; Tang et al., 2021)
Economic development pergdp GDP per capita (Broekel et al., 2023; Gao and Zheng, 2020; Tang et al.,
level 2021)
R&D intensity rdi Share of government science expenditure in total fiscal budget (Broekel et al., 2023; Hou, 2022; Tang et al., 2021)
Human capital he Average years of schooling (interpolated where census data missing) Rodriguez-Pose et al. (2021)
Innovation policy inpolicy Number of National High-Tech Industrial Development Zones /
Digital economy digital Number of newly registered digital-related firms per capita /
Information infrastructure infoinfa Number of broadband internet interfaces per 100 residents Wan et al. (2024)
Foreign direct investment fdi Ratio of actually utilized foreign capital to GDP Ning et al. (2016)
Financial development fin Credit intermediation ratio (deposits + loans of financial institutions/ Li and Li (2022)
GDP)
Highway transport motor Highway passenger traffic (Agrawal et al., 2017; Wang et al., 2018)

Aviation transport air Civil aviation passenger turnover

Bai et al. (2024)
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Fig. 3. Correlation matrix of variables.

5.2. Baseline regression result

Table 3 presents the DID estimates of HSR construction on knowl-
edge complexity. Column (1) shows the baseline model including only
city and year fixed effects, while columns (2) to (4) sequentially add
controls for population size, economic development, innovation inputs,
digital infrastructure, and alternative transportation modes to mitigate
potential omitted variable bias. Column (5) further introduces prov-
ince-year fixed effects to account for unobserved shocks at the provin-
cial level. All models cluster robust standard errors at the city level. The
coefficient of HSRDID is positive and statistically significant across all

Transport Policy 180 (2026) 104036

specifications. In the fully specified model (column 5), the coefficient is
0.081 and significant at the 1 % level, indicating that, after controlling
for multiple confounding factors, cities with HSR exhibit knowledge
complexity approximately 8.1 % higher than non-HSR cities. These re-
sults provide strong empirical support for Hypothesis 1, suggesting that
HSR serves as a catalyst for enhancing knowledge recombination ca-
pacity. Extending prior research emphasizing HSR's role in stimulating
innovation and knowledge spillovers (Gao and Zheng, 2020; Hou, 2022;
Miwa et al., 2022; Sun et al., 2023), our findings demonstrate that HSR
not only increases the volume of knowledge exchange but also struc-
turally reshapes regional innovation systems by reorganizing knowledge
elements.

5.3. Endogeneity treatment

5.3.1. Dealing with reverse causality

There may exist a reverse causal relationship between HSR imple-
mentation and knowledge complexity, as cities with higher knowledge
complexity are potentially more likely to receive HSR connections. To
address this endogeneity, we implement an instrumental variable (IV)
strategy leveraging historical transportation infrastructure, following
established practice in transport economics (Baum-Snow et al., 2017;
Zheng and Kahn, 2013; Zhu, 2021). Specifically, we construct two his-
torical IVs: IV_1931rail, a dummy indicating whether a city had a rail-
way station in 1931, and IV_Post, the number of post stations in a city
during the Ming Dynasty. Since both IVs are inherently cross-sectional
and thus would be absorbed by fixed effects in a panel setting, we
follow Duflo and Pande (2007) and introduce temporal variation by
interacting each historical IVs with a full set of year variables. Formally,
the time-varying IVs are defined as: IV_1931railnum = IV_1931rail x
year and IV_postnum = IV_Post x year. This multiplicative specification

Table 3
Baseline regression results of HSR on knowledge complexity.
@D (2 3) 4 (©)]
InKCI InKCI InKCI InKCI InKCI
HSRDID 0.186%*** 0.109%*** 0.103%*** 0.104*** 0.081%***
(0.025) (0.019) (0.018) (0.018) (0.016)
Inpop 0.917%** 0.592%** 0.584*** 0.445%**
(0.149) (0.126) (0.126) (0.115)
Ingdp 0.055 0.076 0.090* 0.054
(0.059) (0.049) (0.048) (0.050)
Inrdi 0.142%** 0.125%** 0.125%** 0.054%**
(0.014) (0.013) (0.013) (0.010)
Inhc 1.403 1.182 1.192 0.858
(0.871) (0.794) (0.782) (0.616)
Ininpolicy 0.218%** 0.160%** 0.162%** 0.118%***
(0.032) (0.028) (0.028) (0.022)
Infin 0.036 0.085* 0.092* 0.033
(0.058) (0.050) (0.049) (0.041)
Infdi —1.299* —0.392 —0.302 —0.885
(0.759) (0.671) (0.678) (0.613)
Ininfoinfa 0.002%** 0.002%*** 0.001%**
(0.000) (0.000) (0.000)
Indigital 0.180%** 0.174%** 0.346%**
(0.054) (0.054) (0.074)
Inmotor —0.029** —0.005
(0.014) (0.014)
Inair —0.001 0.000
(0.002) (0.002)
Year fixed effects YES YES YES YES NO
City fixed effects YES YES YES YES YES
Province-Year fixed effects NO NO NO NO YES
Constant 0.902%** —7.527%%* —5.612%** —5.488%** —4.044***
(0.009) (2.095) (1.907) (1.889) (1.540)
Observations 4288 4288 4288 4288 4272
r2.a 0.923 0.949 0.956 0.956 0.972

Note: Robust standard errors (in parentheses) are clustered at the city level. *, **, and *** denote statistical significance at the 10 %, 5 %, and 1 % levels, respectively.
The same notation applies to the subsequent regression tables and is therefore not repeated.



M. Guan and Y. Hou

preserves the exogenous historical component of the IVs while gener-
ating the time variation required for panel estimation, thereby ensuring
relevance without compromising the exclusion restriction.

Subsequently, we re-estimate model (1) using a two-stage least
squares (2SLS) approach, with the results presented in Table 4. Columns
(2) and (6) report the first-stage estimates, showing that both
IV_1931railnum and IV_postnum are positively and significantly associ-
ated with HSRDID. This indicates a strong correlation between the lo-
cations of modern HSR stations and the layout of historical
transportation infrastructure. Regarding the validity of the IVs, both
first-stage regressions show that the IVs are strongly correlated with HSR
implementation, with F-statistics of 109.57 and 280.11, respectively,
well above the conventional threshold of 10. Columns (4) and (8) report
the second-stage estimation results, where the coefficients of HSRDID
remain positive and statistically significant, and are substantially larger
than the baseline results. These results indicate that, after addressing
potential reverse causality, HSR continues to exert a significant positive
effect on knowledge complexity, further corroborating the robustness of
our findings.

5.3.2. Dealing with sample selection bias

The spatial distribution of HSR stations across Chinese cities reflects
deliberate planning shaped by geographic, economic, and administra-
tive considerations. This non-random placement raises potential endo-
geneity concerns, as station locations may correlate with underlying
urban characteristics. To address potential sample selection bias, we
implement a propensity score matching (PSM) strategy, estimating each
city's likelihood of receiving treatment and matching treated and control
cities to simulate a counterfactual scenario approximating random
assignment. In the baseline specification, we adopt one-to-one nearest-
neighbor matching with replacement to balance covariates and ensure
comparability. As shown in Table 5, standardized biases across most
covariates fall below 20 % after matching, with bias reduction exceeding
60 % and mean differences becoming statistically insignificant. These
results indicate that PSM substantially enhances comparability, ensuring
the robustness and validity of the subsequent DID estimations.

Table 6 presents the results of re-estimating model (1) using the
matched sample. Columns (1) and (2) show that the coefficients of
HSRDID are positive and statistically significant, consistent with the
results of the baseline regression. To ensure robustness and rule out
sensitivity to the matching method, we conduct additional checks using
three alternative PSM techniques: one-to-one nearest-neighbor match-
ing with replacement and a 0.01 caliper (columns 3-4), kernel matching
(columns 5-6), and radius caliper matching (columns 7-8). Across all
methods, the coefficient of HSRDID remains positive and significant.
These findings confirm that, after controlling for potential sample se-
lection bias, the positive effect of HSR on knowledge complexity is
robust, further reinforcing the credibility of our conclusions.

Table 4
Results of IV (2SLS) estimation.
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5.4. Robustness test

5.4.1. Parallel trend test

The DID framework's validity crucially depends on satisfying the
parallel trends assumption, which requires comparable pre-treatment
trajectories between treatment and control groups. Following the
methodology of Beck et al. (2010), we address potential pre-existing
trends through mean-differencing of regression coefficients and confi-
dence intervals across all pre-treatment periods. Fig. 4 presents the re-
sults of the parallel trends test. Before the introduction of HSR, the
coefficients fluctuate around zero without a clear trend, confirming that
treatment and control regions followed similar trajectories in knowledge
complexity. Following the opening of HSR, the coefficients rise signifi-
cantly and continuously, indicating that HSR expansion has a sustained
and cumulative positive impact on regional knowledge complexity over
time.

5.4.2. Placebo test

To validate the credibility of our results, we conduct a placebo test in
line with the method proposed by Ferrara et al. (2012). By generating
300 randomized pseudo-treatment assignments and re-estimating Model
(1), we assess whether the observed effects persist under artificial con-
ditions. Fig. 5 reports the results of the placebo test. The estimated co-
efficients obtained from random reassignment of treatment years are
symmetrically distributed around zero, and most of the simulated effects
are statistically insignificant, as indicated by the high p-values. This
suggests that the observed positive impact of HSR on knowledge
complexity is unlikely to be driven by random chance, thereby con-
firming the robustness and causal validity of the baseline results.

5.4.3. Alternative measures of dependent variable

In the baseline regression models, knowledge complexity is
measured using the element combination method. To further assess the
robustness of our findings, we also employ the mapping approach pro-
posed by Balland and Rigby (2017) to construct an alternative knowl-
edge complexity index (KCIMORT). The theoretical rationale of this
approach is rooted in product space theory, which posits that a tech-
nology exhibits higher knowledge complexity if its spatial distribution is
concentrated and produced by only a few regions, indicating greater
production difficulty. The detailed computation procedure is provided
in Appendix B. To verify the robustness of our findings, we compare the
statistical properties of KCI and KCIMORT. As shown in Appendix C, the
two indicators exhibit distinct distributional characteristics and a rela-
tively low Pearson correlation (r = 0.059), suggesting that they capture
complementary dimensions of knowledge complexity. Columns (1) and
(2) of Table 7 present the estimation results based on the alternative
dependent variable. The coefficient of HSRDID remains positive and
statistically significant. This finding demonstrates that the positive effect
of HSR on knowledge complexity is robust and insensitive to the choice

First-stage regression

Second-stage regression

First-stage regression Second-stage regression

@ 2) 3) @ %) 6) @ 8)

HSRDID HSRDID InKCI InKCI HSRDID HSRDID InKCI InKCI
HSRDID 0.205%** 0.147%** 0.458%** 0.256%**

(0.045) (0.028) (0.080) (0.048)

IV_postnum 0.092%** 0.093***

(0.009) (0.009)
IV_1931railnum 0.522%%* 0.522%**

(0.029) (0.031)

Control variables NO YES NO YES NO YES NO YES
City fixed effects YES YES YES YES YES YES YES YES
Province-Year fixed effects YES YES YES YES YES YES YES YES
Observations 4272 4272 4272 4272 4272 4272 4272 4272
F test 106.88 109.57 321.06 280.11
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Table 5
Results of the balance test for PSM.
Variable Matched Treated Mean Control Mean %bias Y%reduct|bias| t-test t p>lt| V(T)/V(C)
Inpop U 5.9577 5.2931 105.7 26.58 0.000 0.90"
M 5.8131 5.7733 6.3 94.0 2.67 0.008 1.10°
Inpergdp U 10.414 10.229 24.4 6.19 0.000 0.84"
M 10.26 10.161 13.0 46.5 5.41 0.000 1.02
Inrdi U —4.6202 —5.1877 65.9 15.07 0.000 1.68"
M —4.8318 —4.9984 19.3 70.6 7.88 0.000 1.67°
Inhc U 2.1923 2.168 27.3 6.79 0.000 0.96
M 2.1718 2.15 24.5 10.3 11.24 0.000 1.38°
Ininpolicy 8] 0.64004 0.24887 73.0 15.77 0.000 2.76
M 0.43711 0.28492 28.4 61.1 12.78 0.000 1.54"
Infin U 0.71371 0.61842 25.0 5.82 0.000 1.45°
M 0.62727 0.58541 11.0 56.1 4.49 0.000 1.50"
Infdi U 0.01941 0.00779 79.0 16.76 0.000 3.33°
M 0.01392 0.01953 —38.2 51.6 —12.46 0.000 0.40"
Ininfoinfa U 79.984 30.481 69.7 14.07 0.000 7.26"
M 52.457 56.76 —6.1 91.3 —-2.78 0.005 0.63"
Indigital U 0.2713 0.15309 38.2 8.08 0.000 3.42°
M 0.17813 0.15446 7.6 80.0 4.07 0.000 1.91°
Inmotor U 8.503 7.6345 88.3 22.52 0.000 0.83"
M 8.2983 8.0989 20.3 77.0 9.38 0.000 1.27¢
Inair U 6.5844 4.9625 24.8 5.84 0.000 1.35%
M 5.1271 3.468 25.4 -2.3 10.24 0.000 1.30°

2 If variance ratio outside [0.94; 1.07] for U and

Table 6

[0.86; 1.17] for M.

DID estimation results using different PSM matching methods.

1:1 Nearest-Neighbor Matching

1:1 Nearest-Neighbor Matching (Caliper)

Kernel Matching Radius Caliper Matching

@ (2) 3 “@ ©) (6) @] 8

InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI
HSRDID 0.075%*** 0.040%** 0.069*** 0.036** 0.074%** 0.039%** 0.071%*** 0.037***

(0.017) (0.014) (0.017) (0.014) (0.017) (0.014) (0.017) (0.014)
Control variables NO YES NO YES NO YES NO YES
City fixed effects YES YES YES YES YES YES YES YES
Province-Year fixed effects YES YES YES YES YES YES YES YES
Constant 0.790%** —0.380 0.794%** —0.094 0.792%** —0.240 0.793%** —0.155

(0.005) (1.168) (0.005) (1.188) (0.005) (1.180) (0.005) (1.182)
Observations 3473 3473 3426 3426 3462 3462 3453 3453
r2a 0.962 0.970 0.962 0.970 0.962 0.970 0.962 0.970
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Fig. 4. Parallel trend test plot.

of complexity indicator, providing further confidence in the validity of
our empirical conclusions.

5.4.4. Alternative measures of independent variable

To further ensure the robustness of our results, we re-estimate the
model by adopting an alternative measure of the key explanatory vari-
able. Specifically, two more fine-grained indicators are introduced to

Fig. 5. Placebo test results.

replace the binary HSR treatment variable, providing a more accurate
characterization of cities' connectivity and centrality within the HSR
network. The first, the HSR centrality index (HSRcentrality), is con-
structed using intercity train timetable data from 2013 to 2020. This
index accounts for both the number and directionality of HSR services
between cities, offering a comprehensive representation of each city's
hub position within China's national HSR network. Detailed



M. Guan and Y. Hou

Transport Policy 180 (2026) 104036

Table 7
Robustness test results using alternative variables.
@ (2 3) 4 5) (6)
InKCIMORT InKCIMORT InKCI InKCI InKCI InKCI
HSRDID 0.040* 0.037*
(0.022) (0.022)
InHSRcentrality 0.016%** 0.020%**
(0.005) (0.004)
InHSRconnectivity 0.023** 0.022%*
(0.011) (0.011)
Control variables NO YES NO YES NO YES
City fixed effects YES YES YES YES YES YES
Province-Year fixed effects YES YES YES YES YES YES
Constant 3.338%** 2.857 1.508%*** —0.245 1.513%** 0.718
(0.008) (2.769) (0.010) (2.061) (0.015) (2.775)
Observations 4272 4272 2136 2144 2136 2136
r2.a 0.732 0.734 0.971 0.959 0.970 0.972

computational procedures are provided in Appendix D. The second in-
dicator, the HSR connectivity index (HSRconnectivity), measures the
total number of HSR routes directly linked to each city's stations,
capturing the breadth of its network connections. Data are drawn from a
database compiled by Davis et al. (2025). Columns (3)-(8) of Table 7
present the estimation results. Both InHSRcentrality and InHSRconnec-
tivity yield positive and statistically significant coefficients, consistent
with the baseline findings, confirming that HSR network connectivity
and centrality significantly enhance knowledge complexity.

5.5. Mechanism analysis

5.5.1. Agglomeration externalities mechanism

Columns (1)-(4) of Table 8 present the results using specialized
agglomeration as the mediating variable. As shown in column (2), the
coefficient of HSRDID is 0.720 but statistically insignificant, suggesting
that the expansion of HSR has not significantly reshaped specialized
agglomeration patterns. This result contrasts with previous studies
arguing that HSR development promotes industrial specialization (Chen
and Guo, 2023; Hou, 2022; Miwa et al., 2022; Sun et al., 2023). The
inconsistency may imply that HSR primarily facilitates innovation by
enhancing intercity knowledge exchange rather than by strengthening
industry-specific knowledge bases. When InSPE is introduced into the
model (column 4), its coefficient becomes significantly negative, while
the coefficient of HSRDID declines from 0.081 in the baseline regression
to 0.077. This outcome indicates that specialized agglomeration does
not serve as an effective channel through which HSR enhances knowl-
edge complexity. Moreover, the insignificant association between InSPE
and knowledge complexity suggests that specialization does not exert a
clear influence on complex knowledge recombination. This finding
contradicts Balland et al. (2022), who emphasize the positive contri-
bution of specialization to economic complexity, but aligns with Martin
and Sunley (2022), who contend that excessive specialization can
induce path dependence and constrain regional innovation capacity.
Overall, the results do not support the hypothesized pathway “HSR —
specialized agglomeration — knowledge complexity,” and hypothesis
H2a is therefore not supported.

Columns (5)-(8) of Table 8 report the results using related variety as
the mediating variable. As shown in column (6), the coefficient on
HSRDID is positive but not statistically significant, indicating that the
expansion of the HSR network has only a limited impact on promoting
diversification. In column (8), the coefficient of InRV is positive and
significant. This further implies that interrelated knowledge can be more
readily absorbed, recombined, and transformed into new knowledge,
consistent with the theoretical perspectives of related variety (Balland
et al., 2019; Frenken et al., 2007). Although column (8) shows that the
coefficient of HSRDID decreases from 0.081 to 0.075 while InRV re-
mains significantly positive, this reduction cannot be interpreted as
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evidence of mediation because the essential first-stage relationship,
namely the effect of HSR on InRV, is not established. Therefore, within
the mediation analysis framework adopted in this study, the proposed
pathway “HSR — related variety — knowledge complexity” is not
empirically supported, and hypothesis H2b is consequently not
validated.

Columns (9)-(12) of Table 8 present the results with unrelated va-
riety as the mediating variable. Specifically, in column (10), the coef-
ficient of HSRDID is significantly negative, indicating that the
introduction of HSR reduces unrelated variety. Furthermore, in column
(12), when InUV is included in the model, its coefficient remains
significantly negative, while the coefficient of HSRDID decreases from
0.081 to 0.074 but remains statistically significant. This indicates that
unrelated variety partially mediates the effect of HSR on knowledge
complexity. The negative coefficient of InUV suggests that unrelated
variety suppresses knowledge recombination, thereby constraining in-
creases in knowledge complexity. This finding contrasts with prior
literature suggesting that unrelated variety may provide reservoirs for
breakthrough innovation (Castaldi et al., 2016). However, due to the
large inherent technological distance between unrelated fields, the co-
ordination and integration costs often outweigh potential benefits,
impeding complex knowledge formation. Overall, the evidence supports
the pathway “HSR — reduction in unrelated variety — knowledge
complexity” (see Fig. 6), suggesting that HSR indirectly mitigates the
negative influence of unrelated variety on knowledge complexity by
reducing internal unrelated variety.

5.5.2. Network externalities mechanism

Table 9 presents the results of the mediation analysis with network
externalities. Specifically, in column (2), the coefficient of HSRDID is not
significant, whereas in column (6), it is significantly positive. A potential
explanation is that HSR development significantly increases a node's
direct innovation connections (degree centrality) but has no significant
effect on its strategic position as an intermediary or bridge within the
network (betweenness centrality). These results suggest that the intro-
duction of HSR enhances a city's connectivity within broader innovation
networks. Furthermore, in columns (4) and (8), when InBC and InWD
are included in the model, both coefficients are significantly positive,
while the coefficient of HSRDID decreases from 0.081 to 0.076 and
0.075 but remains statistically significant. These results suggest that
network externalities partially mediate the effect of HSR on knowledge
complexity. The positive and significant coefficients of InWD indicate
that network centrality positively influences knowledge complexity,
consistent with network externality theory (Burger and Meijers, 2016;
Capello, 2000; Katz and Shapiro, 1985). In short, enhancing network
centrality strengthens a city's intermediary role within innovation net-
works and improves its capacity for knowledge diffusion, intercity
collaboration, and technological recombination. Overall, the evidence
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Table 8

Mediation effects of agglomeration externalities.
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InKCI

InKCI

InUV

InUV

InKCI InKCI

InRV

InRV

InKCI

InKCI

InSPE

InSPE

0.074%%+

0.108%**
(0.017)

—0.026*

(0.015)

0.075%** ~0.052**
(0.025)

(0.013)

0.113%*+
(0.017)

0.010

0.060*
(0.034)

0.077%**
(0.016)
0.000

0.720 0.119%**
(0.020)

0.932%*
(0.436)

HSRDID

(0.014)

(0.054)

(0.446)

0.001*

InSPE

(0.000)

(0.001)

0.150%**
(0.007)

0.161%+*
(0.011)

InRV

~0.146%**
(0.014)
YES

YES

YES

—0.240%%*
(0.022)
NO

InUV

YES
YES
YES

NO

YES
YES
YES

NO
YES
YES

YES
YES
YES

NO
YES
YES

YES
YES
YES

NO

YES
YES
YES

NO
YES
YES

Control variables
City fixed effects

YES
YES

YES
YES

YES
YES

Province-Year fixed effects

Constant

—4.230%
(1.403)

1.765%++
(0.074)

—0.744
(1.016)

3.493%**
(0.009)

—2.122
(1.363)

0.170%**
(0.054)

—16.025%**
(4.216)

9,733k
(2.250)

19.719 0.918%** —4.527%***
(0.009) (1.550)

8.137%**
(0.163)

(43.416)

4272 4272 4272 4272 4272

4272 4272 4272 4272 4272 4272 4272

Observations

r2_a

0.974

0.963

0.735

0.707

0.983

0.970

0.949

0.947

0.342 0.957 0.972

0.340
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supports the pathway “HSR — increased network centrality — enhanced
knowledge complexity” (see Fig. 6), demonstrating that HSR expansion
not only improves physical accessibility but also reinforces the con-
nectivity and integration of urban innovation networks. Consequently,
hypothesis H3 is confirmed.

5.5.3. Interaction effects between agglomeration externalities and network
externalities

To further uncover how HSR influences knowledge complexity
through the interaction between agglomeration externalities and
network externalities, this study introduces an interaction term between
the two mediating dimensions within the mediation analysis framework.
The regression results of the interaction effects are reported in Table 10.
Furthermore, to provide a more intuitive illustration of the substitutive
and complementary relationships between agglomeration and network
externalities, Fig. 7 presents the corresponding conceptual framework.

In columns (2) and (8) of Table 10, the interaction terms InSPE x
InBC and InSPE x InWD are both significantly negative, indicating a
substitutive relationship between specialized agglomeration and
network externalities. According to agglomeration economics, special-
ized agglomeration fosters innovation through shared labor markets,
supply-demand matching, and knowledge spillovers among local actors
(Marshall, 1890). However, the expansion of HSR substantially im-
proves accessibility, enabling cities to embed more deeply within
cross-regional innovation networks. As innovation actors engage in
these networks, the marginal benefits of local specialization decline,
since knowledge flows are no longer confined to local agglomeration but
can also leverage intercity knowledge pipelines. This finding aligns with
Burger and Meijers (2016), who suggest that network externalities
across geographic boundaries can partially substitute for local agglom-
eration economies. It also resonates with the “borrowed scale” and
“networked city-region” frameworks (Capello, 2000; Meijers et al.,
2016), highlighting that even in the absence of strong local agglomer-
ation economics, cities can access external knowledge and economic
gains via strategic network positions.

In columns (4) and (10) of Table 10, the interaction terms InRV x
InBC and InRV x InWD are positive and statistically significant, indi-
cating a complementary relationship between related variety and
network externalities. Mechanistically, related variety enhances inno-
vation by increasing technological proximity and avoiding path de-
pendency (Balland et al.,, 2019; Frenken et al., 2007). With HSR
expansion, intercity spatial linkages are strengthened, enabling firms to
access knowledge across a broader innovation network and absorb
non-local complementary resources, thereby boosting knowledge
complexity. Additionally, in columns (6) and (12) of Table 10, the
interaction terms InUV x InBC and InUV x InWD are also positive and
significant, suggesting a complementary effect between unrelated vari-
ety and network externalities. The underlying mechanism is that HSR
facilitates external interactions and cross-domain collaboration,
creating richer channels for knowledge flows. This partially mitigates
the learning and integration challenges posed by unrelated variety. This
finding aligns with the “local buzz and global pipelines” framework
(Bathelt, 2007; Wang et al., 2025), indicating that intensive local
knowledge interactions, combined with knowledge flows through
external network connections, jointly foster innovation.

5.5.4. Knowledge complexity carriers: technology collaboration and
transfer

To further unpack the micro-level mechanisms through which HSR
affects knowledge complexity, this study examines the process from the
perspective of interactions among innovation actors. Specifically, we
focus on four micro-level channels: firm-to-firm technology collabora-
tion (FFTC), research-to-firm technology collaboration (RFTC), firm-to-
firm technology transfer (FFTT), and research-to-firm technology
transfer (RFTT). Detailed measurement procedures are provided in Ap-
pendix E. Based on these indicators; we employ a mediation model to
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Table 9
Mediation effects of network externalities.

@® (2) 3 @ (5) (6) ) ®

InBC InBC InKCI InKCI InWD InWD InKCI InKCI
HSRDID 0.093 0.053 0.118%*** 0.076*** 0.172%* 0.170%** 0.118%*** 0.075%**

(0.060) (0.058) (0.020) (0.015) (0.070) (0.070) (0.020) (0.016)
InBC 0.028%*** 0.021%**

(0.005) (0.003)
InWD 0.013** 0.012%*
(0.006) (0.005)

Control variables NO YES NO YES NO YES NO YES
Province-Year fixed effects YES YES YES YES YES YES YES YES
City fixed effects YES YES YES YES YES YES YES YES
Constant 1.570%** —4.158 0.884%** —4.435%%* 3.613%** —14.881** 0.882%** —4.348%**

(0.023) (5.112) (0.011) (1.513) (0.026) (6.102) (0.023) (1.532)
Observations 4272 4272 4272 4272 4272 4272 4272 4272
12.a 0.812 0.814 0.958 0.973 0.902 0.903 0.957 0.972

empirically test the role of these channels in driving HSR-induced
knowledge complexity. The results are reported in Tables 11 and 12,
respectively.

Table 11 reports the mediating effects of FFTC and RFTC. In column
(2), the coefficient of HSRDID is positive and significant, indicating that
HSR promotes inter-firm technological collaboration. In column (4),
when InFFTC is included, both HSRDID and InFFTC remain significant,
with the coefficient of HSRDID decreasing from 0.081 in the baseline
regression to 0.078, suggesting that part of HSR's effect on knowledge
complexity operates through FFTC. Similarly, in column (6), the coef-
ficient of HSRDID is significantly positive, indicating that HSR enhances
industry-university-research collaboration. In column (8), with InRFTC
included, the coefficient of HSRDID decreases from 0.081 to 0.077,
while InRFTC remains significantly positive. This further supports the
partial mediation mechanism, suggesting that HSR enhances knowledge
complexity primarily by strengthening collaboration among

universities, industries, and research institutions. Overall, these results
indicate that HSR fosters both horizontal (inter-firm) and vertical
(industry-research) technological collaboration, accelerating knowl-
edge recombination. This mechanism can be conceptualized as a
“knowledge-sharing mechanism,” whereby the collaboration networks
facilitated by HSR further incentivize innovation actors to share
knowledge within the innovation network. The pathway can be sum-
marized as follows: HSR expansion — collaboration among innovation
actors — formation of collaboration networks — enhancement of
knowledge complexity.

Table 12 presents the results for FFTT and RFTT as mediating
channels. In column (2), the coefficient of HSRDID is significantly pos-
itive, demonstrating that HSR promotes inter-firm technology transfer.
In column (4), with InFFTT included, InFFTT is significantly positive,
and the coefficient of HSRDID decreases from 0.081 to 0.076 but re-
mains significant, indicating a partial mediating effect of inter-firm

12
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Table 10
Interaction effects between agglomeration and network externalities.
@ (2 3 “@ 5) (6) (7) ® (©)] (10) 11 12)
InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI
HSRDID 0.118%*** 0.080%*** 0.058%** 0.056%** 0.103*** 0.076%*** 0.114%** 0.078%*** 0.034%** 0.033%*** 0.094*** 0.068%***
(0.019) (0.015) (0.010) (0.010) (0.009) (0.008) (0.019) (0.015) (0.008) (0.008) (0.017) (0.014)
InSPE 0.003*** 0.001*** 0.006%*** 0.003***
(0.001) (0.000) (0.001) (0.001)
InBC 0.043%*** 0.030%*** —0.131%*** —0.091*** —0.059%** —0.016
(0.006) (0.004) (0.008) (0.008) (0.022) (0.019)
InSPE x InBC —0.002%** —0.001***
(0.001) (0.000)
InRV 0.114%** 0.120%** 0.055%** 0.058%**
(0.008) (0.006) (0.008) (0.006)
InRV x InBC 0.031%** 0.022%**
(0.001) (0.002)
InUV —0.246%** —0.149%** —0.286%** —0.183%**
(0.010) (0.009) (0.024) (0.016)
InUV x InBC 0.023*** 0.010*
(0.006) (0.005)
InWD 0.032%** 0.022%** —0.102%** —0.097*** —0.092%** —0.067***
(0.006) (0.005) (0.005) (0.005) (0.025) (0.023)
InSPE x InWD —0.002%** —0.001%**
(0.000) (0.000)
InRV x InWD 0.027*** 0.025%**
(0.001) (0.001)
InUV x InWD 0.030%**
(0.007)
Control variables NO YES NO YES NO YES NO YES NO YES NO
Province-Year fixed effects YES YES YES YES YES YES YES YES YES YES YES
City fixed effects YES YES YES YES YES YES YES YES YES YES YES
Constant 0.856*** —4.037%** 0.277%** —0.589 1.749%** —3.676%** 0.816*** —4.006*** 0.472%** 0.113 1.871%** —3.362*%*
(0.012) (1.486) (0.039) (1.021) (0.036) (0.613) (0.024) (1.483) (0.037) (0.692) (0.085) (1.353)
Observations 4272 4272 4272 4272 4272 4272 4272 4272 4272 4272 4272 4272
r2.a 0.959 0.973 0.985 0.987 0.964 0.975 0.959 0.973 0.991 0.991 0.964 0.974

NOH ‘X pup ubny W
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Table 11
Effects of technology collaboration as mediating channels.
(€8] 2 3 @ 5) (6) %) ®
InFFTC InFFTC InKCI InKCI InRFTC InRFTC InKCI InKCI
HSRDID 0.237%%* 0.167%* 0.111%** 0.078%** 0.127** 0.086* 0.111%x* 0.077%**
(0.077) (0.072) (0.019) (0.016) (0.052) (0.049) (0.019) (0.015)
InFFTC 0.041%** 0.017***
(0.007) (0.005)
InRFTC 0.072%**
(0.009)
Control variables NO YES NO YES NO YES NO
Province-Year fixed effects YES YES YES YES YES YES YES
City fixed effects YES YES YES YES YES YES YES
Constant 2.464*** —21.717*** 0.826%*** —3.669** 1.808%*** —14.204*** 0.796***
(0.029) (5.456) (0.020) (1.495) (0.019) (4.219) (0.020)
Observations 4272 4272 4272 4272 4272 4272 4272
r2.a 0.854 0.862 0.958 0.972 0.859 0.865 0.960
technology transfer. Similarly, in column (6), the coefficient of HSRDID column (8), after incorporating InRFTT, its coefficient remains positive
is positive and statistically significant, indicating that HSR development and statistically significant, while the direct effect of HSRDID decreases
facilitates technology transfer from research institutions to firms. In yet retains statistical significance. This provides further empirical
Table 12
Effects of technology transfer as mediating channels.
(€] (©3) 3 (@) @) ©6) @) ®
InFFTT InFFTT InKCI InKCI InRFTT InRFTT InKCI InKCI
HSRDID 0.183%** 0.324** 0.226%** 0.094*** 0.072%**
(0.054) (0.062) (0.057) (0.017) (0.015)
InFFTT
InRFTT 0.080*** 0.038***
(0.008) (0.005)
Control variables NO YES NO YES NO YES NO YES
Province-Year fixed effects YES YES YES YES YES YES YES YES
City fixed effects YES YES YES YES YES YES YES YES
Constant 2.453%** —11.710%** 0.827%** —3.781** 1.180%** —7.070* 0.833*** —3.777%**
(0.021) (4.084) (0.017) (1.515) (0.023) (4.267) (0.014) (1.444)
Observations 4272 4272 4272 4272 4272 4272 4272 4272
r2.a 0.883 0.887 0.958 0.972 0.795 0.819 0.962 0.973
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support for the mediating mechanism, suggesting that technology
transfer from research institutions to firms constitutes an important
pathway through which HSR enhances knowledge complexity. Collec-
tively, these findings suggest that HSR indirectly promotes knowledge
recombination through technology transfer among innovation actors.
Mechanistically, this process can be described as a “knowledge-match-
ing mechanism™: HSR expansion reduces spatial frictions among inno-
vation actors, enabling them to more efficiently identify, exchange, and
integrate complementary technological resources across broader mar-
kets. The pathway can be summarized as: HSR expansion — technology
transfer among innovation actors — formation of technology transfer
networks — increased knowledge complexity.

5.6. Heterogeneity discussion

To examine whether the effect of HSR openings on knowledge
complexity varies across cities of different sizes, we classify cities based
on the population criteria of the Seventh National Population Census
(2021). Cities with a population exceeding one million across its con-
stituent districts are categorized as large cities, while the remainder are
classified as small and medium-sized cities. The results are reported in
columns (1)-(4) of Table 13. The coefficients of HSRDID are positive and
statistically significant at the 1 % level in both groups. It is noteworthy
that the estimated coefficient for medium and small cities (p = 0.032) is
smaller than that for large cities (8 = 0.084). Moreover, the Fisher
permutation test (p = 0.005) indicates that this difference is statistically
significant, suggesting heterogeneous effects of HSR on knowledge
complexity across cities of different sizes. The underlying mechanism
likely lies in the fact that large cities possess stronger foundational ad-
vantages in innovation-related factors, enabling them to more effec-
tively translate the knowledge spillovers generated by HSR into
increases in complexity. By contrast, the relatively weaker innovation
systems and absorptive capacities of medium and small cities dampen
the marginal impact of comparable improvements in accessibility.

To further identify the regional heterogeneity of HSR effects, this
study classifies the sample into eastern, central and western regions
according to China's administrative divisions and conducts separate
subgroup regressions. The results are reported in columns (5)-(8) of
Table 13. Specifically, the coefficients of HSRDID are significantly pos-
itive across all regions. Moreover, the coefficient for the central and
western regions (f = 0.089) is notably higher than that for the eastern
region (p = 0.051), and the Fisher permutation test (P = 0.035) confirms
that this difference is statistically significant. This finding suggests that
HSR exerts a significant latecomer advantage amplification effect on
knowledge complexity. The underlying mechanism is that HSR greatly
enhances accessibility in central and western regions, thereby reducing
the cost of knowledge exchange with eastern innovation hubs. This cost
reduction facilitates cross-regional knowledge spillovers and technology
diffusion, which in turn provides critical support for local innovators to

Table 13
Results of heterogeneity analysis by subgroups.
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engage in efficient knowledge recombination. These findings align with
prior research emphasizing HSR's role in fostering inclusive regional
innovation and reducing intercity knowledge disparities (Hou, 2022;
Tang et al., 2021).

To investigate whether the impact of HSR on knowledge complexity
differs across cities with varying administrative hierarchies, this study
divides the sample into two groups, provincial capital cities and non-
provincial capital cities, and conducts separate regressions for each.
The results, reported in columns (1)-(4) of Table 14, show that the co-
efficients of HSRDID are positive and significant in both groups.
Although the coefficient is slightly higher for non-provincial capitals,
the Fisher permutation test (p = 0.375) indicates that the difference is
not statistically significant, suggesting that HSR exerts a similar positive
influence on knowledge complexity regardless of administrative rank.
This finding enriches existing research emphasizing the “political bias”
in China's innovation system. Prior studies argue that provincial capital
cities typically benefit from preferential access to innovation resources
such as R&D funding, policy support, and human capital (Andersson
etal., 2014; Yao et al., 2020; Yuan and Han, 2021). However, the results
of this study suggest that the expansion of the HSR network has miti-
gated such disparities by improving intercity connectivity and the
mobility of innovation factors, thereby enhancing knowledge spillovers
and reducing dependence on administratively allocated resources.

To investigate whether the impact of HSR on knowledge complexity
varies according to cities' initial innovation capacity, this study cate-
gorizes cities into two subgroups based on the median number of in-
vention patent applications: high-innovation-capacity cities and low-
innovation-capacity cities. Separate regressions are conducted for each
subgroup, with results presented in columns (5)-(8) of Table 14. The
results indicate that the coefficients of HSRDID are positive and statis-
tically significant across both groups. Although the coefficient of
HSRDID for high-innovation-capacity cities is slightly larger than that
for low-innovation-capacity cities, the Fisher permutation test (p =
0.119) shows that this difference is not statistically significant. This
suggests that the positive effect of HSR on knowledge complexity is
generally consistent, regardless of a city's baseline innovation capacity.
The underlying mechanism lies in the universal nature of the knowledge
diffusion effects generated by transportation infrastructure. Specifically,
HSR not only reinforces the knowledge recombination capacity of
established innovation centers but also provides cities with weaker
innovation foundations greater opportunities to access external knowl-
edge networks.

6. Conclusion and discussion

This study leverages the expansion of China's HSR network as a
quasi-natural experiment to examine its causal impact on urban
knowledge complexity, employing a DID approach combined with IV
regression. Our findings robustly indicate that HSR development

City Scale Heterogeneity

Regional Heterogeneity Analysis

Large cities Small and medium-sized cities Eastern region Central and western regions
@™ 2) 3) @ ) 6) @ (©)]
InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI
HSRDID 0.114%** 0.084%** 0.150%** 0.032%* 0.102%** 0.051%* 0.132%%* 0.089%***
(0.036) (0.028) (0.029) (0.016) (0.027) (0.022) (0.028) (0.021)
Control variables NO YES NO YES NO YES NO YES
Province-Year fixed effects YES YES YES YES YES YES YES YES
City fixed effects YES YES YES YES YES YES YES YES
Constant 1.293%** —6.539 0.728%** -1.741 115%** —2.474 0.807*** —4.128%**
(0.018) (3.949) (0.009) (1.412) (0.012 (3.168) (0.009) (1.577)
Observations 1376 1376 2800 2768 1680 1680 2592 2592
r2_a 0.969 0.980 0.910 0.969 0.964 0.977 0.947 0.968
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Table 14

Results of heterogeneity analysis by subgroups.
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Administrative Hierarchy Heterogeneity

Innovation Capability Heterogeneity

Provincial capital cities

Non-provincial capital cities

High innovation capacity

Low innovation capacity

(€8] 2) 3) [©)] %) (6) @ (8)
InKCI InKCI InKCI InKCI InKCI InKCI InKCI InKCI
HSRDID 0.052 0.067* 0.178%** 0.086%** 0.060%** 0.060%** 0.043** 0.035%*
(0.041) (0.038) (0.026) (0.019) (0.022) (0.020) (0.018) (0.016)
Control variables NO YES NO YES NO YES NO YES
Province-Year fixed effects NO NO NO NO YES YES YES YES
Year fixed effects YES YES YES YES NO NO NO NO
City fixed effects YES YES YES YES YES YES YES YES
Constant 1.560%** -1.224 0.846%** —5.089%* 1.258%%** —7.848%** 0.6377*%* —0.866
(0.024) (5.497) (0.009) (1.968) (0.011) (2.300) (0.005) (1.264)
Observations 400 400 3888 3888 2007 2007 2084 2084
r2.a 0.975 0.983 0.917 0.951 0.975 0.981 0.962 0.966

significantly enhances urban knowledge complexity, with results
remaining consistent across multiple sensitivity and robustness tests.
The heterogeneity analysis shows that the positive effect of HSR on
knowledge complexity is particularly pronounced in large cities as well
as in central and western regions. Mechanistically, we identify two
pathways: from agglomeration externalities, HSR primarily influences
knowledge complexity through unrelated variety rather than speciali-
zation; from network externalities, HSR-driven intercity connectivity
fosters the formation of innovation networks, promoting knowledge
recombination. The interaction between network externalities and
diversified agglomeration externalities produces complementary effects,
enhancing the combinatorial potential of regional knowledge portfolios,
whereas network externalities and specialized agglomeration exhibit
substitution effects. At the micro level, technological collaboration and
transfer between firms and research institutions serve as key channels
for these mechanisms, indicating that innovation actors can leverage
HSR to facilitate knowledge sharing, matching, and recombination.

This study advances the dialogue between transport economics,
economic geography, and innovation management, offering insights
across multiple dimensions. First, it develops a conceptual framework
that integrates HSR, knowledge complexity, network externalities, and
agglomeration externalities to explain how HSR reshapes knowledge
complexity, complementing prior research that emphasizes local
agglomeration effects (Garrison and Souleyrette II, 1996; Hou, 2022;
Miwa et al., 2022; Sun et al., 2023). Second, the study provides new
empirical evidence for debates on agglomeration economies and
network externalities, revealing both substitutive effects between
specialized agglomeration and network externalities, supporting earlier
findings (Burger and Meijers, 2016; Huang et al., 2020; Wang et al.,
2025), and complementary relationships between diversified agglom-
eration and network externalities, deepening understanding of their
nuanced interactions. Finally, this study uncovers the
micro-mechanisms through which HSR influences knowledge
complexity, illustrating how different innovation actors leverage the
HSR network to share and match knowledge. From the perspective of
actors’ behaviors and interactions, this finding provides strong
micro-level evidence supporting the view that transportation infra-
structure facilitates knowledge collaboration and search (Berger and
Prawitz, 2024; Tan and Pan, 2024).

The findings of this study yield significant policy implications that
extend beyond China's context, offering valuable insights for other na-
tions contemplating HSR investments. For China, the study underscores
the transformative potential of HSR networks in advancing knowledge
complexity, with key policy recommendations emerging: First, strategic
optimization of HSR network planning should be prioritized to maxi-
mize positive externalities. Emphasis should be placed on expanding
HSR connectivity to smaller urban centers and less-developed regions (e.
g., central and western provinces), thereby enhancing access to
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innovative resources across geographical divides. Second, policymakers
should actively facilitate the formation of regional innovation consortia
among HSR-connected cities. Such alliances, potentially piloted in major
urban agglomerations like the Yangtze River Delta, Pearl River Delta
and Chengdu-Chongqing economic circle, could institutionalize mech-
anisms for shared innovation resources, cooperative R&D initiatives,
and technology diffusion.

China's experience offers insights that can be extended to other parts
of the world, particularly emerging economies grappling with regional
development imbalances. The study demonstrates that HSR has the
potential to bridge innovation divides by integrating peripheral regions
with core knowledge hubs. Strategically incorporating HSR into national
development frameworks can yield multiple benefits: stimulating lag-
ging regional economies, cultivating area-specific knowledge speciali-
zations, and nurturing cross-regional innovation ecosystems. A universal
policy principle emerges from these findings: HSR planning should
consciously support dual objectives of enhanced human mobility and
systematic knowledge circulation. This can be achieved through two
complementary approaches: first, by establishing formal structures for
intercity innovation cooperation along HSR corridors; second, by
ensuring that physical infrastructure designs actively facilitate both
efficient HSR and seamless knowledge exchange between connected
urban centers.

While this study elucidates the macro-level relationship between
HSR development and urban knowledge complexity, several limitations
merit consideration to guide future scholarship. A primary constraint
stems from the absence of micro-level analysis, particularly regarding
the specific channels through which HSR facilitates knowledge creation
and diffusion among innovation actors. Subsequent investigations could
employ hierarchical modeling or longitudinal firm-level data to disen-
tangle these underlying mechanisms. Furthermore, the current analysis
does not account for potential synergies or substitution effects between
HSR and other transportation infrastructures, such as highway or air
networks. Comparative studies across different national contexts could
yield valuable insights into how institutional environments moderate
HSR's innovation effects. Such refined examinations would substantially
advance our theoretical understanding of transportation infrastructure's
role in knowledge ecosystem development.
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