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Abstract

Although numerous studies have examined the impact of high-speed rail (HSR) on regional
economic development, few have explored this relationship from a network perspective—a
research gap this paper seeks to fill. Specifically, this paper aims to clarify the theoretical
mechanism through which the HSR network affects the spatial evolution of regional
industries, focusing on the new industry entry. We improve the local spread model by
incorporating the HSR network as a key component and perform empirical analyses using
the Spatial Durbin Model (SDM) and spatial mediation effect model, drawing on data from
Chinese A-share-listed companies. The findings indicate that China’s regional industries
underwent spatial evolution characterized by “diffusive agglomeration”. In terms of
direct effects, connectivity ranks as the most influential HSR network indicator; however,
when both direct and spillover effects are taken into account, accessibility becomes the
primary factor, underscoring its vital role in reshaping the spatial distribution of industries.
Additionally, the HSR network exerts a slightly stronger impact on industrial spatial
diffusion (fueled by knowledge spillovers) than on industrial agglomeration (driven by
market size), and its attraction to new industry entry is notably greater in peripheral regions
than in core regions. These results demonstrate that HSR, characterized by “transporting
people rather than goods”, mainly facilitates the exchange of knowledge, technology and
information instead of reducing freight costs, offering valuable insights for optimizing
regional industrial layouts.

Keywords: the HSR network; spatial evolution of industries; the local spread model; the
market size effect; the knowledge spillover effect

1. Introduction
Studies in evolutionary economic geography offer a key insight: industrial spatial

evolution is not a matter of random chance. Rather, it unfolds dynamically—shaped by
geographical proximity, knowledge spillovers, and the movement of key production fac-
tors [1–4]. As a pivotal achievement of technological advancement in global transportation,
HSR has not only reshaped economic interactions among regions but also redefined the
distribution of production factors such as capital and labor—an outcome driven by its
unique ability to compress time and space. With the large-scale construction of trans-
portation infrastructure, the development of HSR has transcended single lines to form an
integrated cross-regional network, and China’s HSR network is a typical case in this regard.
Since the Beijing–Tianjin HSR was opened in 2008, China’s HSR network has experienced
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unprecedented expansion; by the end of 2025, it covered an operational mileage of over
50,000 km, establishing the world’s largest and most technologically advanced HSR net-
work. The expansion of this network has upgraded the time–space compression effect from
individual lines to the entire network, redefining inter-regional economic connections and
resource allocation. Different from single HSR lines, the HSR network—characterized by
interconnected nodes and interwoven lines—serves as a channel for China’s factor mobility,
enabling the rapid flow of knowledge, capital, and labor across broader regions, reducing
transaction costs and facilitating knowledge spillover, which essentially constitutes the
external driving force for the evolution of industrial space.

Empirical studies on the impact of HSR on regional industrial development are abun-
dant, with its effects roughly categorized into two inter-related core dimensions. The
direct impact dimension refers to HSR’s role in directly improving industrial operational
efficiency and boosting related industries by shortening spatiotemporal distances and
reducing production factor mobility costs [5–7]. The indirect dimension, on which this
paper focuses, involves HSR fostering long-term regional industrial structure optimization,
industrial layout rationalization, and industrial collaborative development through trans-
mission effects [8–10]. With the gradual networking of HSR, scholars have explored the
construction planning [11], organizational models [12], and structural characteristics [13] of
global HSR networks. In contrast, few studies have adopted appropriate network models
and indicators to examine the relationship between the HSR network and regional spatial
economic linkages—despite growing scholarly attention to this area. Existing relevant
literature mainly employs social network analysis methods, using indicators such as degree
centrality and betweenness centrality to measure regions’ positional importance within the
HSR network [14–16]. However, most of these studies still rely on the analytical framework
of individual HSR lines, failing to establish a theoretical framework for the HSR–economy
nexus from a network perspective. At the same time, some achievements have been made
in research on the spatial evolution of regional industries. Most of these studies focus
on describing the static results of industrial spatial layout, mainly analyzing the distribu-
tion characteristics of industrial locations in specific periods [17,18] and agglomeration
levels [19,20]. Some studies also analyze the changes in the location development of cer-
tain industries from a dynamic perspective [21,22], but they do not deeply explore the
underlying influencing mechanisms.

In summary, existing research on HSR networks and regional industrial spatial evo-
lution has certain achievements but also obvious gaps, including the lack of a network
perspective in HSR–economy research and insufficient attention to the dynamic mechanism
of industrial spatial evolution. Therefore, the marginal contributions of this paper are
mainly reflected in two aspects. On the one hand, this paper adopts the network descrip-
tion method of Space L to construct a weighted directed network of China’s HSR, in order
to clearly reflect the inherent directionality of HSR services. The weight of each connecting
edge in the network is determined by the operating frequency of HSR services. On this
basis, using social network analysis methods, three core indicators—degree centrality,
betweenness centrality, and closeness centrality—are selected to measure the connectivity,
transitivity, and accessibility of each region in the network. Furthermore, the coefficient
of variation method is used to construct a comprehensive HSR network index to more
comprehensively describe the structural position and development level of each region
in the HSR network. On the other hand, this paper takes “new industry entry” as a key
analytical perspective to accurately identify the important dynamic nodes in the spatial
evolution of regional industries. The entry of new industries not only reflects the structural
adjustment of industrial spatial layout but also serves as a core indicator of regional indus-
trial vitality and development potential. To closely focus on the core theme of “evolution”,
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we define a four-year period as a complete evolutionary cycle. By systematically analyzing
the occurrence of new industry entry and the number of new industries in a region at the
end of each evolutionary cycle, we comprehensively depict the dynamic process of regional
industrial spatial evolution under the influence of the HSR network, thereby remedying
the gap in existing research where the dynamic nature of industrial evolution has not been
fully taken into account.

Based on the above research perspectives and core issues, we integrate the HSR net-
work into the local spread (LS) model. The traditional LS model is an endogenous economic
growth model, its core premise involves integrating knowledge spillover effects into a
spatial analytical framework, positing that the impact of capital stock spillover on the cost
of new capital formation displays substantial spatial heterogeneity, thereby conferring a
“localized” attribute to knowledge spillovers [23]. Through mathematical derivation, we
clarify the internal mechanism linking the HSR network to industrial spatial evolution,
building a systematic theoretical framework for our analysis. On the empirical front, we
build a three-dimensional (time–city–industry) database using data from Chinese A-share-
listed companies. First, we describe the key characteristics of China’s regional industrial
spatial evolution from 2008 to 2020. Then, by combining the Spatial Durbin Model (SDM)
and the spatial mediation effect model, we tackle three crucial questions: What direct im-
pact does the HSR network have on new industry entry, and what spatial spillover effects
does it bring about? What transmission mechanism underpins the path “HSR network
→ market size/knowledge spillover → new industry entry → spatial agglomeration or
diffusion”? Are there differences in these effects between core and peripheral regions?
Answering these questions enables us to provide a comprehensive evaluation of the impact
of the HSR network on the spatial evolution of regional industries.

2. The Innovated LS Model
We integrate HSR network into the traditional LS model. To put it plainly, the key

mechanism in action is as follows: HSR network development has generally reduced
transportation costs—cutting down travel time and reducing freight expenses. These
cost cuts have lowered the cost of cross-regional business transactions and strengthened
knowledge spillover activities, which in turn have influenced the spatial distribution of
industries. Further still, network effects have magnified this process over broader spatial
scopes—stretching the HSR network’s impact well beyond individual lines or regions.

2.1. Model Assumptions and Analytical Framework

We construct a typical 2 × 2 × 3 economy comprising two regions (region 0 and
region 1), two factors (labor and knowledge capital), and three sectors (traditional sector
A, industrial sector M, and knowledge-creating sector I). The aggregate labor force in the
overall economy is denoted by Lw, while the total stock of knowledge capital is expressed
as Kw, with the latter exhibiting a growth rate of g. Within region 0, the labor force and
knowledge capital are denoted as L and K, respectively, with corresponding shares of sL and
sk. Furthermore, the total expenditure (total market size) of the entire economy is Ew, where
region 0’s expenditure is denoted by E, accounting for sE of the total expenditure share.
Given that the production of each differentiated manufactured product requires a fixed
input of one unit of knowledge capital, the total stock of knowledge capital is equivalent
to the number of firms in the economy. This yields the following identities: nw = Kw and
sn = sk. Here, nw stands for the economy-wide firm count, while sn denotes the proportion
of firms located in region 0. Corresponding variables for region 1 are marked with “*”.

Traditional products incur no transaction costs either between regions or within
regions. Therefore, pA = p∗A = wL = w∗

L = 1. Here, pA and p∗A denote the sale prices of
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traditional products in regions 0 and 1, while wL and w∗
L represent labor wages in regions

0 and 1. Labor constitutes a variable cost, with each unit of industrial products consuming
am units of labor. Inter-regional trade in industrial products incurs “iceberg” transaction
costs: for every τ (τ ≥ 1) unit transported, only one unit reaches its destination. Intra-
regional trade incurs no transaction costs. The knowledge-creating sector I utilizes labor
to produce new knowledge capital, requiring aI units of labor input per unit created. The
marginal costs of making one unit of knowledge capital in regions a and b are F and F∗, as
detailed in Equation (1):

F = wLaI , aI ≡ 1/(Kw A), A ≡ sK + λ(1 − sK)

F∗ = wLa∗I , a∗I ≡ 1/(Kw A∗), A∗ ≡ λsK + (1 − sK) (1)

where λ represents the ease of knowledge spillover, and λ ∈ [0, 1]. Taking region 0 as an
example, the larger the value of λ, the easier it is for knowledge from region 1 to spill over
to region 0, the greater the value of A, and the lower the cost of forming new knowledge.
Additionally, knowledge capital depreciates at the rate of δ.

2.1.1. Utility Function

Since consumers can consume across periods, the problem of intertemporal utility
maximization arises. Assuming the consumer’s intertemporal elasticity of substitution is 1,
the utility functions for each period are expressed in logarithmic form as follows:

U =
∫ ∞

i=0
e−tρlnCdt, C = Cµ

MC1−µ
A , CM =

(∫ nw

i=0
c1− 1

σ
i di

) 1
1− 1

σ (2)

where ρ represents the consumer’s discount rate, which is also the discount rate for capital
owners. Consumer preferences are identical across regions, with the total utility function
defined as C, where CM and CA denote the consumption quantities of industrial products
and traditional products, respectively. µ represents the proportion of total consumer
expenditure allocated to industrial products. The sub-utility derived from consuming the
industrial products set can be expressed using a Constant Elasticity of Substitution.

MaxCM =

[
nw

∑
i=1

c1− 1
σ

i

] 1
1− 1

σ
, 0 < ρ < 1 (3)

s.t
nw

∑
i=1

p(i)c(i) = µE

σ denotes the substitution elasticity between any two industrial products, where c(i)
refers to the consumption quantity of the industrial product i and p(i) stands for the price
of the industrial product i. Further constructing and solving the Lagrange equation for c(i)
yields the following:

cj = µE
p−σ

j

P1−σ
M

, c∗j = µE∗

(
p∗j
)−σ

(
P∗

M
)1−σ

; ci = µE∗ p−σ
i(

P∗
M
)1−σ

, c∗i = µE
(

p∗i
)−σ

P1−σ
M

(4)

where cj refers to the quantity of industrial products that are both produced and consumed
locally in region 0, c∗j denotes the quantity of industrial products produced in region 0
and consumed in region 1, ci denotes the quantity of industrial products produced and
consumed within region 1, and c∗i denotes the quantity of industrial products produced
in region 1 and consumed in region 0; pj, p∗j , pi, and p∗i represent the corresponding
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industrial product sale prices. Due to the existence of iceberg transaction costs, p∗j = τpj

and p∗i = τpi; E and E∗ represent the total expenditure (total income) for regions 0 and
region 1, respectively; PM and P∗

M denote the industrial product price indices for regions 0
and region 1, respectively, as follows:

P1−σ
M =

∫ nw

0
p1−σdi = np1−σ + n∗

(
τp)1−σ

)
= nw p1−σ[sn +∅(1 − sn)]

(P∗
M)1−σ =

∫ nw

0
p1−σdi = n(τp)1−σ + n∗p1−σ = nw p1−σ[∅sn + (1 − sn)] (5)

2.1.2. Production Function

The production function for profit maximization in the enterprise-producing product j
is as follows:

Maxpjxj −
(
π + wLamxj

)
(6)

s.t xj = cj + τc∗j

where π represents the return on unit knowledge capital in region 0, xj denotes the output
decision of the industrial sector in region 0, and π + wLamxj indicates the production cost
of the enterprise. Solving the Lagrange equation for pj yields the following:

p =
wLam

1 − 1
σ

, p∗ =
τwLam

1 − 1
σ

(7)

Since prices are identical across enterprises, the subscript j can be omitted. p denotes
the price of locally produced and locally sold industrial products, while p∗ represents
the price of locally produced industrial products sold outside the region. Assuming am is
measured in units of (1 − σ/1), we have p = 1 and p∗ = τ. This model incorporates Tobin’s
q to measure the relationship between the value of knowledge capital and its creation costs.
Under spatial equilibrium conditions, this relationship can be expressed as follows:

q =
v
F
= 1, and q = q∗ (8)

Here, v represents the value per unit of knowledge capital, which equals the present
value derived from its long-term revenue stream. Under long-term equilibrium conditions,
the current revenue from knowledge capital is fixed, i.e., π. Furthermore, considering that
the stock of knowledge capital accumulates at a rate of g, capital depreciates at a fixed rate
δ, and capital owners discount future revenues ρ, the current value of a unit of capital can
be expressed as follows:

v =
∫ ∞

0
e−ρte−δt(πe−gt)dt =

π

ρ + δ + g
(9)

2.1.3. Introducing the HSR Network

H denotes the HSR network. T and D represent, respectively, the effects of HSR net-
work development on reducing time costs associated with inter-regional economic activities
and lowering freight transportation costs. Consequently, the following relationship holds:

T = f (H),
∂T
∂H

> 0 (10)

D = f (H),
∂D
∂H

> 0 (11)
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2.2. Derivation of Long-Term Equilibrium

We employ sn, sE, and g to represent the general equilibrium conditions for industrial
spatial evolution.

2.2.1. Enterprise Production Location

Under general equilibrium conditions, the capital return rates of region 0 and re-
gion 1 are equal, i.e., π = π∗. Taking region 0 as an example, its total industrial out-
put is x = c + τc∗ (here omitting the subscript j), and the enterprise’s sales revenue
is pc + p∗c∗ = pc + τpc∗ = px. Under monopolistic competition, the enterprise’s sales
revenue equals its production costs. Combining Equations (4), (5) and (7), we obtain
the following:

π =
px
σ

=
µEw

σnw

[
sE

sn + ϕ(1 − sn)
+ ϕ

1 − sE
ϕsn + (1 − sn)

]
(12)

where ϕ ≡ τ1−σ ∈ [0, 1] represents the degree of trade liberalization between regions 0
and 1. Since each enterprise utilizes one unit of knowledge capital, nw = Kw. Let b = µ/σ.
Furthermore,

∆ = sn + ϕ(1 − sn), ∆∗ = ϕsn + (1 − sn)

B =
sE
∆

+ ϕ
1 − sE

∆∗ , B∗ = ϕ
sE
∆

+
1 − sE

∆∗

The profit functions for regions 0 and 1 are expressed as follows:

π = bB
Ew

Kw , π∗ = bB∗ Ew

Kw (13)

Solving the equilibrium expression π = π∗ yields the following formula:

sn =
1
2
+

(
1 + ϕ

1 − ϕ

)(
sE − 1

2

)
(14)

Formula (14) reveals that the spatial distribution of industries sn depends on the
difference in market size between regions, i.e., (sE − 1/2). Therefore, when region 0’s
market size exceeds region 1’s, as inter-regional transaction costs decrease, region 0 will
attract more enterprises.

2.2.2. Inter-Regional Income Gap

Assuming equal labor forces in both regions, the expenditure share of region 0 depends
on its capital stock share and equilibrium growth rate. Expenditure equals factor income mi-
nus new knowledge capital expenditure, where factor income comprises labor income and
knowledge capital returns, and new knowledge capital expenditure includes compensation
for knowledge capital depreciation and expenditure to maintain its growth at g. Combining
with Equation (9), region 0’s expenditure is E = L + (g + ρ + δ)FK − (g + δ)FK = L + ρFK.
Similarly, region 1’s expenditure is E∗ = L∗ + ρF∗K∗. Total expenditure for the entire
economy is Ew = E + E∗. Combining Equations (8), (9) and (13), we obtain the following:

sE =
E

Ew =
1
2
+

bρ
(

sK − 1
2

)
g + ρ + δ

(15)

Using (sE − 1/2) as a measure of inter-regional income imbalance, Equation (15)
indicates that inter-regional income imbalance expands as the gap in knowledge capital
endowments widens and decreases as the growth rate corresponding to the knowledge
capital stock rises.
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2.2.3. Equilibrium Growth Rate Corresponding to Knowledge Capital Stock

Since knowledge spillovers are constrained by spatial distance, the productivity of
knowledge-creating sector I is influenced by the spatial layout of local industries. Com-
bining Equations (1) and (8), and substituting sn for sk, the growth rate of the stock of
knowledge capital is generated.

g = 2bL[sn + λ(1 − sn)]− ρ(1 − b)− δ (16)

Equation (16) indicates that spatial industrial agglomeration (higher sn) implies lower
innovation costs, as the knowledge capital stock exhibits a higher growth rate under such
conditions. This equilibrium growth rate also represents the system’s overall economic
growth rate. The relationship among sn, sE, and g under general equilibrium conditions is
illustrated in Figure 1

Figure 1. Inter-relationship among sn, sE, and g under general equilibrium conditions (point A repre-
sents the initial equilibrium point). Image Source: Authors’ own creation.

2.3. The Mechanism of the HSR Network’s Influence on the Spatial Evolution of Regional Industries
2.3.1. Market Size Effect: Industrial Spatial Agglomeration Driven by the HSR Network

The “iceberg” costs of inter-regional industrial products τ (τ ≥ 1) encompass both
explicit transportation costs and implicit transaction costs [24]. Reductions influence the
former in freight costs (D), while the latter is affected by savings in time value (T):

τ = D(d)·T (17)

where d denotes the spatial distance between manufacturers outside the region and region
0. Differentiating equilibrium expression (14) with respect to D and T yields the following:

∂sn

∂D
=

∂sn

∂∅ × ∂∅
∂τ

× ∂τ

∂D
> 0 (18)

∂sn

∂T
=

∂sn

∂∅ × ∂∅
∂τ

× ∂τ

∂T
> 0 (19)

Formulas (18) and (19) reveal that regions with larger market sizes and stronger
economic development stand to gain more from the financial activities generated by HSR
network connectivity.

As shown in Figure 2, the reduction in inter-regional transaction costs brought about
by the HSR network shifts the sn(sE) curve upward in the first quadrant. This enhances
the attractiveness of enterprises in regions with larger market size and stronger economic
development, thereby increasing industrial spatial concentration driven by the local market
effect. Simultaneously, as the sn increases, the equilibrium growth rate of knowledge
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capital also rises. Existing studies indicate that HSR can release the market scale effect
through multiple channels. On the one hand, factor mobility reflects the market’s spatial
distribution. HSR significantly shortens the temporal distance between regions, improves
factor allocation efficiency, breaks traditional market segmentation, and strengthens the
market advantages of core regions. It also enhances enterprises’ market accessibility
and reduces transaction costs [25–27], further increasing core regions’ attractiveness to
enterprises. On the other hand, by tapping into freight potential and promoting logistics
cost reduction [28,29], HSR not only consolidates the market scale advantages of core
regions but also affects the development of peripheral regions through the market linkage
effect, resulting in development disparities between them. Based on this, Hypothesis 1 and
Hypothesis 2 are proposed.

Figure 2. Industrial spatial agglomeration induced by market size through the HSR network (A’ represents
the new equilibrium point). Image source: Modified from “Richard Baldwin, Rikard Forslid et al. Economic
Geography and Public Policy [M]. Princeton University Press, 2003, P. 431” [30].

Hypothesis 1: After regional access to the HSR network, the market size effect—driven by reduced
freight costs and time savings—enhances the attractiveness of firms in core regions with larger
markets, thereby increasing industrial spatial agglomeration and boosting the overall economic
growth rate.

Hypothesis 2: After regional access to the HSR network, the market size effect—driven by reduced
freight costs and time savings—diminishes the attractiveness of firms in peripheral regions, yet
narrows the nominal income gap between these regions and core regions.

2.3.2. Knowledge Spillover Effect: Industrial Spatial Diffusion Induced by the HSR
Network

HSR primarily transports people, who constitute the most effective medium for informa-
tion transmission. Face-to-face interactions enable the most efficient transfer of knowledge,
technology, and information. As a result, the advancement of the HSR network significantly
enhances inter-regional knowledge spillovers. Thus, the following relationship holds:

λ = f (H),
∂λ

∂T
> 0 (20)

By differentiating H with respect to equilibrium expressions (14), (15) and (16), we
obtain the following:

∂sn

∂H
=

∂sn

∂sE
× ∂sE

∂g
× ∂g

∂λ
× ∂λ

∂H
< 0 (21)
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Formula (21) demonstrates that the expansion of the HSR network reduces the degree
of spatial agglomeration of industries in regions with higher knowledge intensity by
promoting inter-regional knowledge spillover. This facilitates the entry of new industries
into peripheral regions with lower knowledge intensity and economic growth, ultimately
driving industrial spatial diffusion.

As shown in Figure 3, increased inter-regional knowledge spillover activities facili-
tated by the HSR network shift the second-quadrant g(s n) curve to the left, raising the
equilibrium economic growth rate. The high-growth economic environment attracts more
enterprises into the market, weakening the monopoly power of existing enterprises and
reducing the income of capital owners. This narrows the nominal income gap between
regions and drives enterprises to relocate from core regions with higher knowledge inten-
sity to peripheral regions with lower knowledge intensity. At this point, the “price index”
gap and the nominal income gap change in the same direction, thereby reducing the actual
income gap between regions.

Figure 3. Industrial spatial diffusion induced by knowledge spillover through the HSR network (A’ repre-
sents the new equilibrium point). Image source: Modified from “Richard Baldwin, Rikard Forslid et al.
Economic Geography and Public Policy [M]. Princeton University Press, 2003, P. 434” [30].

It should be noted that the spatial connection of industrial activities and the inter-city
diffusion of knowledge are not only driven by high-speed rail, but can also be realized
through multiple transportation and communication modes, and the actual industrial
spatial evolution is the result of the joint action of multiple paths. Online meeting methods
break through the spatial constraints of inter-city communication, reduce the cost of explicit
information transmission to a certain extent, and have become an important supplement to
inter-city communication in the digital era; air travel, with its advantages in long-distance
passenger transport, also plays a role in connecting core regions with remote peripheral
regions. However, there are obvious differentiated characteristics and complementary
relationships between these modes and HSR in promoting industrial diffusion. For online
communication, it is difficult to transmit tacit knowledge such as technical experience,
industrial insights and management skills that rely on on-site observation, emotional in-
teraction and real-time feedback, while the offline face-to-face communication facilitated
by HSR can make up for this deficiency, which is the core premise of effective knowledge
spillover and industrial collaborative cooperation [31,32]. For air travel, although it has
a speed advantage in long-distance travel, its high time cost related to airport access and
waiting, low travel frequency and poor accessibility to urban centers make it difficult to
meet the demand of frequent inter-city travel for enterprise personnel in the process of
industrial spatial expansion, especially for medium and short-distance inter-city links in
urban agglomerations and metropolitan areas [33,34]. In contrast, HSR has the character-
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istics of high frequency, short waiting time, high accessibility to urban central areas and
low medium–short distance travel cost, which are more in line with the travel demands
of regular face-to-face communication and on-site research between core and peripheral
cities, and thus HSR forms a unique advantage in driving the diffusion of industrial ac-
tivities to adjacent urban areas [35]. The focus here is on the mechanism by which the
HSR network influences the spatial evolution of regional industries through knowledge
spillover. It does not deny the role of other transportation and communication methods, but
rather, based on the research background of the spatial distribution of new industries across
regions, explores the independent and direct role of HSR in multi-modal transportation
and communication systems. Based on this, Hypothesis 3 and Hypothesis 4 are proposed.

Hypothesis 3: After regional access to the HSR network, reduced freight costs and time savings have
enhanced knowledge spillovers, leading to a decline in the level of industrial spatial agglomeration
within knowledge-intensive core regions, while contributing to an increase in the overall economic
growth rate.

Hypothesis 4: After regional access to the HSR network, due to the knowledge spillover effect
brought about by the reduction in freight costs and the time savings, it is conducive for the less
knowledge-intensive peripheral regions to attract new industry to enter, and it also reduces the
actual income gap with the more knowledge-intensive regions.

3. Material and Methods
3.1. Model Specification

The First Law of Geography posits that all phenomena are interconnected, with proximity
strengthening these connections [36]. We employ the spatial panel model to investigate the
relationship between the HSR network and the spatial evolution of regional industries.

3.1.1. Moran’s Index for Spatial Analysis

In this paper, the global Moran’s Index (Moran’s I) is utilized to check for spatial autocorre-
lation in the spatial evolution process of regional industries, as shown in Equation (22).

I =
N
W

×
∑N

i=1 ∑N
j=1 ωij

(
Xi − X

)(
Xj − X

)
∑N

i=1
(
Xi − X

)2 (22)

where N denotes the quantity of node regions, Xi and Xj represent the measured values
corresponding to node regions i and j, respectively, X stands for the average value of all
observed data, ωij refers to the spatial weight matrix, and W is defined as the total of all spa-
tial weights. The spatial weight matrix is central to spatial economic models. We construct
a geographic distance matrix to capture the geographic connections among regions.

Spatial adjacency between regions is characterized by their relative distance, as follows.

Wdis
ij =

{
1/dij

0
when i ̸= j
when i = j

(23)

dij = 2rarcsin

(√
sin2(∆∅/2) + cos (∅ i)·cos (∅ j

)
·sin2(∆λ/2) (24)

Here, Wdis
ij represents the geographic spatial matrix, dij stands for the geographic

distance separating regions i and j, r is the Earth’s radius (set to 6371 km), ∅i and ∅j are
the latitudes of regions i and j, ∆∅ is the difference in latitude between the two regions,
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and ∆λ is the difference in longitude. Latitude and longitude values must be converted to
radians for calculation.

3.1.2. Spatial Baseline Regression Model

We explore the research question by constructing an SDM, as detailed below.

ENTRYi,t2 = α0 + ρ
250

∑
j=1

ωijENTRYi,t2 + α1HSRNi,t1 +
250

∑
j=1

ωijHSRNi,t1 + β1Zi,t1+β2

250

∑
j=1

ωijZi,t1 + γTt1 + νi + µi,t1 (25)

Among these, t1 represents the beginning of an industrial evolution cycle, while t2 denotes
the end of such a cycle, ENTRYi,t2 indicates the number of regional new industries entering
at the end of an industrial evolution cycle, HSRNi,t signifies the central position of different
regions within the HSR network, and Zi,t constitutes a series of control variables. Tt denotes
the time trend variable, νi represents the region-specific fixed effects that remain constant over
time, and µi,t signifies the independently and identically distributed random error term. ρ, α,

β, and γ are the parameters to be estimated. Additionally,
250
∑

j=1
ωijENTRYi,t denotes the spatial

spillover effect associated with new industrial entry at the regional level.

3.1.3. Spatial Mediation Effect Model

To investigate the mechanism through which the HSR network affects the spatial
evolution of regional industries, we employ a three-step approach to construct a spatial
mediation-effect model.

ENTRYi,t2 = α0 + α1HSRNi,t1 + β1Zi,t1 + ρ
250

∑
j=1

ωijENTRYi,t2 + γTt1 + νi + µi,t1 (26)

Mi,t2 = α0 + α1HSRNi,t1 + β1Zi,t1 + ρ
250

∑
j=1

ωij Mi,t2 + γTt1 + νi + µi,t1 (27)

ENTRYi,t2 = α0 + α1HSRNi,t1 + α2Mi,t2 + β1Zi,t1 + ρ
250

∑
j=1

ωijENTRYi,t2 + γTt1+νi + µi,t1 (28)

Here, M denotes the mediating variable.

3.2. Variable Selection
3.2.1. Core Dependent Variable: Entry of New Industries

Drawing on the methodologies of Liu [37] and He [38], we measure industrial spatial
evolution by assessing whether new industries enter after the conclusion of an evolutionary cycle.

(1) Revealed Comparative Advantage (RCA)

We construct the RCA index using data on listed enterprises from prefecture-level
cities to characterize regional patterns of new industry entry.

RCAc,m,t =
Dc,m,t/∑i Dc,n,t

∑c Dc,m,t/∑c ∑i Dc,m,t
(29)

Here, c denotes region, m denotes industry, t denotes time, and Dc,m,t represents the
development situation of industry m within region c during the t-th year. To determine a
widely accepted threshold value for RCA [39], we adopt the self-service method developed
by Tian [40]. The main steps are as follows:

(1) Calculate the standardized comparative advantage index (cRCA) for each industry.
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(2) Determine the threshold of the actual cRCA distribution (mRCA) under the 5%
significance level through multiple sampling. We set the number of samples to 1000.

(3) If the cRCA of industry m in region c exceeds the mRCA of industry m, then industry
m is regarded as possessing a comparative advantage in region c.

We use the number of employees to measure the development level of industries.

(2) Measurement of New Industrial Entry (Entry)

We adopt the methodology proposed by Li et al. [41] to measure the entry of regional
new industries. If industry m in region c satisfies cRCA < mRCA during year t of an
evolutionary cycle, and cRCA ≥ mRCA at the end of the cycle in year t + T, then industry
m is considered to have entered region c. Conversely, if industry m consistently satisfies
cRCA < mRCA throughout the entire evolutionary cycle, it is deemed not to have entered
region c, as illustrated below.

Entryc,m,t+T =

{
0, cRCAt < mRCAt, cRCAt+T < mRCAt+T

1, cRCAt < mRCAt, cRCAt+T ≥ mRCAt+T
(30)

At the end of an evolutionary cycle, if the new industry m enters region c, then
Entryc,m,t+T = 1; otherwise, Entryc,m,t+T = 0. Following the approach of Coniglio et al. [42]
and Zhu et al. [43], we set T = 4. Therefore, industry-level data must be aggregated to the
regional level to form a balanced panel dataset, as follows.

ENTRYc,t+T = ∑81
m=1 Entryc,m,t+T (31)

Here, ENTRYc,t+T denotes the number of new industries entering region c at the end
of an industrial evolution cycle.

3.2.2. The HSR Network Indicators

Due to the directional nature of HSR services, we have constructed a weighted directed
network of the Chinese HSR system to better simulate its actual development. The weight
of each connection is represented by the frequency of HSR operations, and the importance
of different regions in the HSR network is evaluated using centrality indicators. Common
centrality indicators include degree centrality and betweenness centrality [44], which
mainly measure the connectivity and transitivity. Additionally, we have further employed
closeness centrality to assess the accessibility of different regions in the HSR network.

(1) Degree Centrality

Degree centrality denotes the quantity of nodes connected to a specific node. In the
HSR network, regions with direct connections to more regions exhibit stronger connectivity.

Hd
i = ∑

i ̸=j∈N
aijwij + ∑

i ̸=j∈N
ajiwji (32)

Hd
i represents the degree centrality, where N represents the set of regions within the

HSR network. If there is HSR service between region i and j, aij = aji = 1; otherwise,
aij = aji = 0. wij(wji) represents the HSR service intensity between region i and j (or region
j and i), expressed as the daily operational frequency of HSR services.
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(2) Betweenness Centrality

Betweenness centrality gauges how often a node falls on the shortest path between other
nodes in a network. If the region lies on the “shortest path” between two other regions, it is
considered to control interactions between those regions, indicating stronger transitivity.

Hb
i =

n

∑
j

n

∑
k

gik(i)
gik

, j ̸= k ̸= i, j < k (33)

where Hb
i is the betweenness centrality; gjk denotes the count of shortest paths between

regions j and k; and gjk(i) refers to how many times region i lies on the shortest path
connecting regions j and k.

(3) Closeness Centrality

Closeness centrality denotes the reciprocal of the average shortest path length linking
a given node and all other nodes within the network. A region with higher closeness
centrality indicates greater accessibility, as it enables faster connections to other regions.
The indicator draws upon the methodology established by Wasserman et al. [45].

Ha
i =

(
nt − 1

)2

(N − 1)
× ∑

i ̸=j∈N

1
d(i, j)

(34)

Ha
i represents closeness centrality; nt denotes the number of fully connected regions

within the network in the t-th year; and d(i, j) indicates the shortest path distance linking
regions i and j.

(4) HSR Network Index (HN)

No single metric can fully capture the interaction relationships between regions.
Therefore, we represent the overall centrality of a certain region within the HSR network
using a composite index [46,47], as detailed below:

HNit =

[
ω1 ×

(
Hd

it − Hd
min

Hd
max − Hd

min

)
+ ω2 ×

(
Hb

it − Hb
min

Hb
max − Hb

min

)
+ ω3 ×

(
Ha

it − Ha
min

Ha
max − Ha

min

)]
× 100 (35)

Among these, HNit represents the HSR network index in year t; ω1, ω2, and ω3 denote
the respective weights for the corresponding centrality metrics. The weights determined
via the coefficient of variation method are 0.2717867, 0.1520743, and 0.576139, respectively.
The calculated HNit varies between 0 and 100.

3.2.3. Other Variables

The mediating variables and control variables are shown in the Table 1.

Table 1. The mediating variables and control variables.

Type Variable Name Variable Meaning Indicator

mediating
variables

market market size total retail sales of consumer products

knowledge knowledge spillover the cumulative number of invention patent
applications [48]
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Table 1. Cont.

Type Variable Name Variable Meaning Indicator

control variables

ins industrial structure the ratio of the secondary sector to the
tertiary sector

financial government intervention the ratio of fiscal expenditure to the region’s
current GDP

human human capital the proportion of college graduates in the
total urban population [49]

capital physical capital ——

highways other transportation
infrastructure highway mileage

pgdp regional economic
development per capita GDP

We employ the perpetual inventory method to measure the accumulation of physical
capital on the basis of the annual fixed-asset investment data, using 2008 as the base year,
as follows:

capitalc2008 = Ic2008/(γi + δt) (36)

capitalc,t = capitalc,t−1(1 − δt) + Ic,t/Pc,t

where capitalc,t denotes the capital stock of region c during the t-th year; Ic,t denotes the
fixed asset investment of region c during the t-th year; γi denotes the average fixed asset
growth rate of region c from 2008 to 2020; Pc,t is the fixed asset investment price index
for different regions (we use provincial-level data as a proxy); and δt is the fixed asset
depreciation rate in year t, and we use 10.96% as the reference value [50].

3.3. Sample Selection
3.3.1. Selection and Processing of Enterprise Samples

Our research sample database consists of Chinese A-share-listed companies during
the period from 2008 to 2020. The sample data are sourced from the CSMAR database and
have undergone cross-verification and manual refinement with the CNRDS database. The
initial sample underwent screening according to the following process: (1) exclusion of
samples subject to ST (Special Treatment) and *ST (Delisting Risk Warning); (2) exclusion of
samples with missing key data, and application of 1% tail trimming to eliminate the impact
of outliers; and (3) aggregation of data to the regional-industry level based on the location
and industry affiliation of listed companies.

3.3.2. Adjustment of Two-Digit Industry Categories

The industry data covered in this paper span 2008–2020, during which China’s na-
tional economic industry classification followed two standards: GB/T4754-2011 [51] and
GB/T4754-2017 [52]. To enable cross-year comparability, we align these two standards
to establish a unified classification system comprising 19 categories and 90 industries.
Following data processing and industry category adjustments, we ultimately obtain obser-
vational data for 81 industries across 250 prefecture-level cities from 2008 to 2020, totaling
263,250 observations. Furthermore, we aggregate industry data to the prefecture-level city
level, resulting in 2250 panel data points.
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3.3.3. Determination of Node Regions in the HSR Network

By the end of 2020, China’s HSR network had covered 95% of cities with a permanent
population of over one million, including most prefecture-level cities. Thus, this study
selected 250 prefecture-level and above cities (either connected or potentially connected
to the HSR network) as research samples. Cities not yet integrated into the HSR network,
termed “isolated nodes”, had zero relevant indicators and did not affect the indicator
values of HSR-connected cities [53]. HSR operational data were retrieved from China’s
official 12,306 platform, covering all high-speed trains prefixed with C, D, and G. Data from
multiple HSR stations within the same city were consolidated; for instance, Beijing South
Station and Beijing West Station were unified as “Beijing”.

4. Analysis of the Characteristics of China’s Regional Industrial Spatial
Evolution from 2008 to 2020

Over the period 2008–2020, a total of 3235 new industries cropped up in our study regions.
To gain insight into the spatial evolution of China’s regional industries, we examine three
industrial evolution cycles: 2008–2012, 2012–2016, and 2016–2020, as shown in Figure 4; the
color scale in the map represents different ranges of the number of new industries.

Over the 2008–2020 period, China’s regional industrial spatial evolution exhibited a
spatio-temporal distribution characterized by “initial overall agglomeration followed by
directional diffusion”—culminating in the evolutionary outcome of “diffusive agglomera-
tion.” The first chart in Figure 4 depicts the spatial distribution of new industry entry across
China spanning 2008 to 2012. Predominantly, new industry entry clustered in the Yangtze
River Delta (YRD) and Pearl River Delta (PRD) urban agglomerations during this phase.
Of note, the three cities with the highest number of new industry entry were Shenzhen
(12 industries), Hangzhou (10 industries), and Suzhou (10 industries)—a tie for second
place between the latter two. The second chart in Figure 4 outlines the spatial spread of
new industry entry in China over the 2012–2016 cycle. In contrast to the prior industrial
evolution cycle, this phase displayed a “horizontal diffusion” spatial pattern—with diffu-
sion primarily unfolding along the middle reaches of the Yangtze River. For cities with
six or more new industry entries, the share of those located in central and western China
rose markedly: Wuhan led this group with eight new entries, followed by Chengdu (seven)
and Changsha (six). The third chart in Figure 4 illustrates the spatial distribution of new
industry entry across China over the 2016–2020 period. Over this timeframe, new industry
entries exhibited a “vertical diffusion” spatial pattern—with key diffusion areas spreading
outward from China’s eastern coastal regions. Beyond that, northern China saw growth
in the number of cities welcoming new industry entries. Case in point: Beijing, Qingdao,
and Jinan logged eight, seven, and six new industry entries each. The last chart in Figure 4
presents the spatial spread of new industry entry across China by the close of 2020. It
can be seen that new industry entry presents a “diffusive agglomeration” pattern, mainly
manifested in the spatial diffusion of industries among the YRD, PRD, Beijing-Tianjin-Hebei
Region (BTH), Central Yangtze River Region (CYR), and Chengdu-Chongqing Region (CY),
as well as the spatial agglomeration in the core areas of these urban agglomerations. Table 2
shows the number of new industries in each region and their regional rankings.
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Figure 4. A Diagram illustrating the characteristics of regional industrial spatial evolution (2008–2012,
2012–2016, 2016–2020, and by the end of 2020). Image source: Authors’ illustration. (a) 2008–2012,
(b) 2012–2016, (c) 2016–2020, and (d) 2008–2020.
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Table 2. The number of new industries in the region and their regional rankings.

Ranking 2008–2020 2008–2012 2012–2016 2016–2020

1 Hangzhou (91) Shenzhen (12) Hangzhou (10) Beijing (8)
2 Shanghai (78) Hangzhou (10) Xiamen (8) Guangzhou (8)
3 Guangzhou (72) Suzhou (10) Wuhan (8) Qingdao (7)
4 Changsha (67) Guangzhou (9) Chengdu (7) Shanghai (7)
5 Xiamen (66) Shanghai (9) Huzhou (6) Hangzhou (6)
6 Nanjing (66) Changzhou (8) Changsha (6) Jinan (6)
7 Beijing (57) Nanjing (8) Shantou (6)
8 Shenzhen (57) Xiamen (8) Wuxi (6)
9 Chengdu (56) Zhengzhou (8)
10 Wuxi (54) Dalian (7)
11 Ningbo (54) Dongguan (7)
12 Dongguan (50) Wuxi (7)
13 Shantou (49) Chengdu (6)
14 Tianjin (46) Hefei (6)
15 Hefei (45) Ningbo (6)
16 Suzhou (45) Shantou (6)
17 Wuhan (43) Tianjin (6)
18 Shaoxing (41) Yantai (6)
19 Xi’an (41) Changchun (6)
20 Chongqing (41) Changsha (6)

Note: Numbers in parentheses indicate the number of new industries, and the data were calculated by the author.

5. Baseline Regression Analysis
5.1. The Spatial Correlation Analysis Results Based on Global Moran’s I

Table 3 presents the global Moran’s I values for the entry of new industries across
regions. All values are positive and statistically significant, indicating a positive spatial
correlation in the regional distribution of new industrial entries. Based on this, we employ
a spatial econometric model to examine the impact of the HSR network.

Table 3. Moran’s I of regional industrial spatial evolution.

Evolutionary Cycle Moran’s I Evolutionary Cycle Moran’s I Evolutionary Cycle Moran’s I

2008–2012
0.0440 ***

2011–2015
0.0400 ***

2014–2018
0.0540 ***

(8.3530) (7.6520) (10.0280)

2009–2013
0.0420 ***

2012–2016
0.0430 ***

2015–2019
0.0570 ***

(7.9300) (8.0950) (10.6120)

2010–2014
0.0400 ***

2013–2017
0.0480 ***

2016–2020
0.0640 ***

(7.6360) (9.0290) 11.807

Note: Values in parentheses are z-scores. *** correspond to the 1% significance levels in sequence, and the same
applies below.

5.2. Benchmark Regression Results on the Impact of the HSR Network on the Spatial Evolution of
Regional Industries

Table 4 presents both the OLS regression results without spatial factors and the SDM
regression results incorporating spatial factors.

Without considering spatial factors, model (1) indicates that regions with a higher
HN have a greater possibility of new industries entering. Similarly, when considering
spatial factors, models (2) to (5) show that the higher the centrality of the region in the HSR
network, the greater the possibility of new industries entering. The order of influence on
regional industrial spatial evolution, from strongest to weakest, is connectivity (0.191026)
> accessibility (0.116829) > transitivity (0.107675). Regression results of control variables
show that ins, financial, capital and highway significantly affect the spatial evolution of
regional industries. Among them, ins has a positive effect on new industry entry at the 5%
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significance level; financial has a significant negative effect at the 1% level, possibly due to
the crowding-out effect from fiscal expenditure concentrated on existing industries; and
capital positively promotes regional new industry entry at the 1% significance level, indi-
cating the pivotal role of traditional production factor accumulation. In addition, highway
has a significant positive impact, confirming that an improved transportation network is
fundamental, leading and strategic for regional economic development. Furthermore, we
decompose the impact of the HSR network on new industry entry across regions into direct
effects and spillover effects. The direct effect refers to the economic impact generated by the
development of HSR in a specific region itself. The spillover effect represents the influence
of the development of HSR in adjacent regions on the economic activities of this region.
This is shown in Table 5.

Table 4. Benchmark regression results estimated by the model: the OLS regression and the SDM regression.

Variables (1) (2) (3) (4) (5)

HNit
1.574840 *** 0.704592 ***
(0.323426) (0.186683)

Hd
i

0.191026 ***
(0.040941)

Hb
i

0.107675 *
(0.056547)

Ha
i

0.116829 **
(0.052857)

ins
0.014644 0.072535 *** 0.066627 *** 0.072706 *** 0.055264 **

(0.040835) (0.025664) (0.025923) (0.025807) (0.024427)

financial −0.200552 −0.592124 *** −0.568118 *** −0.616725 *** −0.598570 **
(0.386193) (0.217014) (0.216091) (0.217645) (0.216666)

lnhuman
0.086438 −0.002804 0.012069 −0.011043 −0.010900

(0.095565) (0.044194) (0.044266) (0.044286) (0.044294)

lncapital 0.744623 *** 0.129187 *** 0.157905 *** 0.122331 *** 0.142437 ***
(0.071244) (0.045546) (0.045582) (0.045134) (0.041485)

lnhighway 0.327100 ** 0.147126 * 0.144441 * 0.141874 0.139315
(0.160749) (0.088020) (0.087901) (0.088242) (0.088178)

lnpgdp 0.155869 ** 0.043360 0.042810 0.045496 0.043915
(0.077162) (0.029406) (0.029412) (0.029425) (0.029457)

_cons 9.039617 ***
(1.501985)

ρ 0.867857 *** 0.852713 *** 0.895676 *** 0.863476 ***
(0.047262) (0.047902) (0.044048) (0.048001)

Hausman 41.84 *** 36.17 *** 31.65 *** 40.11 *** 42.04 ***
LM-Spatial Lag 687.647 *** 773.755 *** 774.598 *** 2436.712 ***

Robust
LM-Spatial Lag 88.821 *** 102.279 *** 86.427 *** 151.690 ***

LM-Spatial Error 1396.961 *** 1470.310 *** 1507.769 *** 3475.516 ***
Robust

LM-Spatial Error 798.135 *** 798.834 *** 819.598 *** 1190.494 ***

Individual/
Time effect Control Control Control Control Control

N 2250 2250 2250 2250 2250
R2 0.6051 0.6375 0.6384 0.6358 0.6362

Note: The values in parentheses indicate the robust standard errors, *, **, and *** correspond to the 10%, 5% and
1% significance levels in sequence and the same applies below.
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Table 5. Decomposition of the effects of the HSR network on regional industrial spatial evolution.

HNit Hd
i Hb

i Ha
i

Direct Effects
0.730677 *** 0.196399 *** 0.115371 ** 0.143953 ***
(0.188383) (0.041022) (0.057224) (0.053927)

Spillover
Effects

4.790148 ** 0.969531 * 1.387917 * 6.271291 ***
(2.437465) (0.590964) (0.802870) (1.984751)

Total Effects
5.520825 ** 1.165930 ** 1.503288 * 6.415244 ***
(2.386711) (0.575941) (0.791948) (1.987587)

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.

From the perspective of direct effects, access to the HSR network significantly promotes
the entry of new industries into a region. Among the various HSR network indicators, the
magnitude of influence follows this order: connectivity (0.196399) > accessibility (0.143953)
> transitivity (0.115371). Regarding spillover effects, the development of the HSR network
in neighboring regions exerts a significant influence on local economic activities, with
the effect sizes ranked as accessibility (6.271291) > transitivity (1.387917) > connectivity
(0.969531). Finally, in terms of total effects of the HSR network on regional new industrial
entry, the impact ranking is accessibility (6.415244) > transitivity (1.503288) > connectivity
(1.165930). It is worth noting that the ranking of total effects is consistent with that of
spillover effects, and accessibility is significantly superior to those of connectivity and
transitivity. This observation implies that the improvement of accessibility in node regions
within the HSR network can effectively surmount geographical barriers, and facilitate the
rapid cross-regional mobility of production factors, technological achievements, and human
resources, thereby serving as the core driving force for the infiltration of new industries into
these regions. Further in-depth analysis reveals that the contribution of spillover effects
is substantially higher than direct effects. This result demonstrates that the entry of new
industries is not geographically segregated; instead, it exhibits a prominent characteristic of
“neighborhood linkage”, which reflects the interdependent relationship between adjacent
regions in industrial development.

6. Analysis of Influencing Mechanism and Heterogeneity
On one hand, we investigate the mechanisms through which the HSR network affects

regional industrial spatial evolution, focusing on market size and knowledge spillovers,
and assess the relative magnitude of each. On the other hand, we analyze the heterogeneous
impacts of the HSR network across “core-periphery” regions.

6.1. Analysis of the Influencing Mechanism
6.1.1. The HSR Network Influences Industrial Spatial Evolution Through Market Size

We investigate the impact of the HSR network on regional market size, and examine
whether this influence serves as a mediating pathway through which the HSR network
affects the entry of new industries (see Tables 6 and 7).

Considering spatial factors, models (1) to (4) indicate that the higher the central
position of the region in the HSR network, the greater the positive impact on its market
size. As the “leading capital” for economic activities, the HSR network, by reducing
generalized transportation costs, has changed the spatial layout of capital, labor and other
factor resources, accelerated product production and exchange, and thereby expanded the
market size. Furthermore, we explore the impact of the HSR network on the entry of new
industries through its influence on market size.

When incorporating both the HSR network and market size variables into the model
while accounting for spatial factors, models (1)–(4) reveal that all coefficients for the HSR
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network indicators (except Ha
i ) and market size are significantly positive. This confirms the

mediating role of market size in the process where the HSR network influences regional
industrial spatial evolution. From the perspective of action mechanisms, the HSR network
narrows the temporal and spatial gaps between regions and cuts down the flow costs of
production factors. This not only effectively expands the market radiation range of various
regions but also drives the agglomeration of production factors in advantaged regions. In
turn, the market size effect facilitates the entry of new industries, ultimately exerting a
fundamental influence on the spatial evolution of regional industrial systems.

Table 6. Regression results of the impact of the HSR network on the regional market size.

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

HNit
1.243683 ***
(0.228525)

Hd
i

0.315894 ***
(0.063952)

Hb
i

0.171322 *
(0.091754)

Ha
i

0.322582 ***
(0.079901)

ins
−0.267009 *** −0.262377 *** −0.285881 *** −0.271891 ***

(0.038395) (0.037077) (0.041230) (0.100902)

financial −2.123188 −2.192500 −2.083520 −2.161849
(0.645026) (0.672801) (0.660178) (2.051262)

lnhuman
0.085002 ** 0.085726 ** 0.089208 ** 0.088243 **
(0.020894) (0.020912) (0.023252) (0.055014)

lncapital 0.568968 *** 0.567708 ** 0.617369 ** 0.587644 *
(0.070940) (0.070053) (0.076550) (0.346138)

lnhighway 0.283653 * 0.287319 * 0.269914 * 0.277560 *
(0.054921) (0.053818) (0.056637) (0.131164)

lnpgdp 0.041125 0.038193 0.044068 0.037298
(0.024682) (0.024481) (0.026691) (0.024772)

LM-Spatial
Lag 284.926 *** 305.003 *** 322.707 *** 661.222 ***

Robust LM-Spatial Lag 104.789 *** 97.521 *** 120.264 *** 168.431 ***
LM-Spatial Error 3124.338 *** 3991.276 *** 2938.507 *** 8837.430 ***

Robust LM-Spatial
Error 2944.201 *** 3783.794 *** 2736.064 *** 8344.638 ***

ρ 0.630408 * 0.570189 0.383570 0.459523
(0.388352) (0.408415) (0.423716) (2.752189)

Hausman 630.47 *** 519.21 *** 451.52 *** 402.74 ***
Individual/
Time effect Control Control Control Control

R2 0.7651 0.7740 0.8189 0.8529
N 2250 2250 2250 2250

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.
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Table 7. Impact of the HSR network and market size on regional industrial spatial evolution.

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

lnmarket
0.517718 *** 0.494463 *** 0.564857 *** 0.551997 ***
(0.138396) (0.140027) (0.134125) (0.137323)

HNit
1.399637 **
(0.603950)

Hd
i

0.315503 ***
(0.117295)

Hb
i

0.455698 **
(0.216886)

Ha
i

0.129983
(0.107562)

ins
−0.167980 −0.168957 −0.163975 −0.166607
(0.123058) (0.122564) (0.124118) (0.125880)

financial 1.415223 1.496893 * 1.555997 * 1.644262 *
(0.858526) (0.877842) (0.859719) (0.896275)

lnhuman
0.144013 0.149828 * 0.142318 *** 0.150716 **

(0.055160) (0.057638) (0.053889) (0.059836)

lncapital 0.299983 *** 0.299977 *** 0.302652 *** 0.312118 ***
(0.133449) (0.134083) (0.133200) (0.134502)

lnhighway 0.399101 ** 0.390230 ** 0.413854 ** 0.416663 **
(0.102267) (0.104893) (0.099590) (0.102404)

lnpgdp 0.008822 0.005667 0.012494 0.004884
(0.051570) (0.051304) (0.050370) (0.052120)

LM-Spatial
Lag 100.769 *** 103.324 *** 90.041 *** 132.679 ***

Robust LM-Spatial Lag 22.119 *** 25.001 *** 16.790 *** 33.546 ***
LM-Spatial Error 265.019 *** 249.691 *** 259.667 *** 289.266 ***

Robust LM-Spatial
Error 186.368 *** 171.367 *** 186.416 *** 190.133 ***

ρ 0.823383 *** 0.728050 *** 0.868442 *** 0.761846 ***
(0.084485) (0.117891) (0.070703) (0.137045)

Hausman 41.07 *** 35.74 *** 53.74 *** 44.17 ***
Individual/
Time effect Control Control Control Control

R2 0.5581 0.6208 0.6401 0.6036
N 2250 2250 2250 2250

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.

6.1.2. The HSR Network Influences Industrial Spatial Evolution Through Knowledge
Spillovers

We investigate the impact of the HSR network on regional knowledge spillover, and
examine whether this influence serves as a mediating pathway through which the HSR
network affects the entry of new industries (see Tables 8 and 9).

Considering spatial factors, models (1)–(4) reveal that, apart from Ha
i , the higher a

region’s centrality within the network, the greater the positive impact on its knowledge
spillovers. As the primary mode of rapid passenger transport along major corridors, HSR
primarily serves knowledge-based labor with relatively high time costs. Labor is the most
efficient carrier of knowledge and information, and the networked development of HSR
promotes increased knowledge spillover between regions through mechanisms of human
capital mobility, learning and collaborative innovation, and investment and transactions.
Furthermore, we explore the impact of the HSR network on the entry of new industries
through its influence on knowledge spillover.
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When incorporating both the HSR network and knowledge spillovers into the model
while accounting for spatial factors, results from models (1)–(4) reveal that all coefficients
for HSR network indicators (except Ha

i ) and knowledge spillover are significantly positive.
This confirms the mediating role of knowledge spillover in the process of the HSR network’s
impact on the spatial evolution of regional industries. In terms of the operational mecha-
nism, the optimization of the HSR network has strengthened inter-regional connectivity.
By breaking down geographical obstacles in knowledge dissemination, it cuts the costs of
knowledge exchange and diffusion, speeds up the cross-regional mobility of knowledge
factors such as technology, talents and information, and further drives the entry of new
industries in various regions through the effect of knowledge spillovers. This process, in
turn, exerts a profound influence on the upgrading of regional industrial structures and the
reconstruction of their spatial patterns.

Table 8. Regression results of the impact of the HSR network on the regional knowledge spillover.

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

HNit
1.640161 ***
(0.417947)

Hd
i

0.381758 ***
(0.100381)

Hb
i

0.189980 ***
(0.142419)

Ha
i

0.544352
(0.153423)

ins
−0.270259 *** −0.246363 *** −0.297177 *** −0.280084 ***

(0.068375) (0.065482) (0.071266) (0.067148)

financial −1.640796 *** −1.653045 *** −1.645566 *** −1.893415 ***
(0.554372) (0.550945) (0.566583) (0.587708)

lnhuman
0.150258 ** 0.156694 ** 0.156183 ** 0.149326 **
(0.069765) (0.072013) (0.072496) (0.067653)

lncapital 0.805089 *** 0.795697 *** 0.876438 *** 0.847650 ***
(0.090252) (0.090782) (0.091285) (0.088100)

lnhighway 0.055359 0.077925 0.034744 0.038421
(0.100672) (0.100700) (0.102431) (0.101977)

lnpgdp 0.127249 *** 0.119764 *** 0.131814 *** 0.121532 ***
(0.039118) (0.038351) (0.040652) (0.038946)

LM-Spatial
Lag 284.926 *** 305.003 *** 322.707 *** 661.222 ***

Robust LM-Spatial Lag 104.789 *** 97.521 *** 120.264 *** 168.431 ***
LM-Spatial Error 3124.338 *** 3991.276 *** 2938.507 *** 8837.430 ***

Robust LM-Spatial
Error 2944.201 *** 3783.794 *** 2736.064 *** 8344.638 ***

ρ 1.041854 *** 1.011356 *** 1.053273 *** 1.059521 ***
(0.016820) (0.038978) (0.012814) (0.013740)

Hausman 261.50 *** 264.23 *** 229.70 *** 295.99 ***
Individual/
Time effect Control Control Control Control

R2 0.7898 0.7919 0.7914 0.7913
N 2250 2250 2250 2250

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.
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Table 9. Impact of HSR network and knowledge spillover on regional industrial spatial evolution.

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

lnknowledge 0.391972 *** 0.387521 *** 0.403413 *** 0.397333 ***
(0.064804) (0.067108) (0.063543) (0.067766)

HNit
1.429699 **
(0.559995)

Hd
i

0.323643 ***
(0.101225)

Hb
i

0.492863
(0.206350)

Ha
i

0.089972
(0.101357)

ins
−0.198706 * −0.208496 * −0.203018 * −0.212316 *
(0.108222) (0.110047) (0.107769) (0.111927)

financial 0.958923 1.032224 1.067959 1.144427
(0.761879) (0.776115) (0.765270) (0.791759)

lnhuman
0.129523 *** 0.130655 *** 0.130635 *** 0.138893 ***
(0.040344) (0.042867) (0.039693) (0.046421)

lncapital 0.267733 ** 0.267307 ** 0.283624 ** 0.301079 ***
(0.112976) (0.114771) (0.111268) (0.113216)

lnhighway −0.269505 *** −0.283221 *** −0.271030 *** −0.285888 ***
(0.098675) (0.100501) (0.097768) (0.101067)

lnpgdp −0.018025 −0.019507 −0.014107 −0.020056
(0.054353) (0.057492) (0.053939) (0.058658)

LM-Spatial
Lag 100.769 *** 103.324 *** 90.041 *** 132.679 ***

Robust LM-Spatial Lag 22.119 *** 25.001 *** 16.790 *** 33.546 ***
LM-Spatial Error 265.019 *** 249.691 *** 259.667 *** 289.266 ***

Robust LM-Spatial Error 186.368 *** 171.367 *** 186.416 *** 190.133 ***

ρ 0.576541 *** 0.300000 0.549025 *** 0.300000
(0.1837893) (0.2623074) (0.1949389) (0.2857211)

Hausman 57.09 *** 53.76 *** 68.46 *** 64.15 ***
Individual/
Time effect Control Control Control Control

R2 0.5264 0.5178 0.5405 0.5168
N 2250 2250 2250 2250

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.

6.2. Heterogeneity Analysis of Core-Periphery Regions

In China’s urban ecosystem, there are 36 core cities. Economic data from 2022 indicate
that the GDP of these 36 core cities accounted for 38.42% of the national total. The list of
core cities and their spatial distribution is presented in Table 10.

Table 10. Distribution of 36 core cities in China.

Eastern China
(19)

Central China
(5)

Western China
(8)

Northeast China
(4)

Beijing, Fuzhou, Xiamen,
Dongguan, Foshan, Guangzhou,

Shenzhen, Zhuhai, Haikou,
Shijiazhuang, Nanjing, Suzhou,

Wuxi, Jinan, Qingdao, Shanghai,
Tianjin, Hangzhou, Ningbo

Hefei, Zhengzhou, Wuhan,
Nanchang, Taiyuan

Lanzhou, Nanning, Guiyang,
Xi’an, Chengdu, Urumqi,

Kunming, Chongqing

Harbin, Changchun, Dalian,
Shenyang

We primarily investigate the heterogeneous impact of the HSR network on the spatial
evolution of industries in “core-periphery” regions with markedly different socioeconomic
development levels.
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6.2.1. Analysis of the Impact of the HSR Network on Core Regions

Table 11 presents both OLS regression results without spatial factors and SDM regres-
sion results incorporating spatial factors.

Table 11. Regression results of the impact of the HSR network on the core regions.

Variables (1) (2) (3) (4) (5)

HNit
1.251613 *** 0.363887 *
(0.249918) (0.199934)

Hd
i

0.129199 ***
(0.040078)

Hb
i

0.380216 ***
(0.112412)

Ha
i

−0.003666
(0.036207)

ins
−0.180687 0.216305 0.108057 0.175729 0.203516
(0.187984) (0.139874) (0.150473) (0.138473) (0.140365)

financial 4.377252 ** 1.083535 0.961905 1.717141 0.270285
(1.707581) (1.269815) (1.231144) (1.236157) (1.261125)

lnhuman
0.276958 *** 0.120204 * 0.137564 * 0.128333 * 0.074650
(0.095298) (0.068929) (0.068203) (0.066251) (0.068456)

lncapital 0.715878 *** 0.520403 *** 0.553560 *** 0.530762 *** 0.510323 ***
(0.114665) (0.083530) (0.081073) (0.084223) (0.082326)

lnhighway 0.472597 * 0.230218 0.267951 0.164063 0.237964
(0.259254) (0.184519) (0.183650) (0.180570) (0.185425)

lnpgdp 0.470642 *** 0.153709 * 0.158637 * 0.127810 0.220992 **
(0.124243) (0.091384) (0.089177) (0.088999) (0.094107)

_cons 4.801640 ***
(2.204932)

ρ 4.593490 *** 4.710845 *** 4.960265 *** 4.074486 ***
(0.335471) (0.281513) (0.291738) (0.338359)

Hausman 24.60 *** 28.12 *** 22.94 *** 32.27 *** 20.13 ***
LM-Spatial Lag 284.930 *** 305.007 *** 661.227 *** 322.711 *** 284.930 ***

Robust
LM-Spatial Lag 104.791 *** 97.522 *** 168.432 *** 120.266 *** 104.791 ***

LM-Spatial Error 3124.375 *** 3991.317 *** 8837.490 *** 2938.548 *** 3124.375 ***
Robust

LM-Spatial Error 2944.235 *** 3783.832 *** 8344.694 *** 2736.102 *** 2944.235 ***

Individual/
Time effect Control Control Control Control Control

N 324 324 324 324 324
R2 0.8101 0.8164 0.8315 0.8143 0.8314

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.

Without accounting for spatial factors, model (1) indicates that a higher HSR network
index in core regions is associated with a greater likelihood of new industrial entry. When
incorporating spatial factors, models (2)–(5) reveal that the higher centrality of core regions
within the HSR network increases new industrial entry probability. The transitivity effect
outweighs the connectivity effect, while accessibility shows no significant influence on
new industry entry in core regions. Based on the core conclusions of Section 6.1.1, the
time value gains and freight cost cuts brought by the HSR network have together reduced
inter-regional transaction costs and enhanced knowledge spillover behaviors. The presence
of network effects has further amplified this trend, and in turn exerted a far-reaching impact
on the spatial evolution of regional industries. Notably, driven by the market size effect,
the HSR network has optimized the operation mechanism of “geographic proximity”,
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which has increased the appeal of core regions to enterprises and thus promoted the spatial
agglomeration of industries. This empirical finding verifies the logical framework: “HSR
network → market size → new industry entry → spatial agglomeration.”

6.2.2. Analysis of the Impact of HSR Network on Peripheral Regions

Table 12 presents both the OLS regression results without spatial factors and the SDM
regression results incorporating spatial factors.

Table 12. Regression results of the impact of the HSR network on the peripheral regions.

Variables (1) (2) (3) (4) (5)

HNit
1.132571 *** 0.567598 **
(0.250682) (0.250033)

Hd
i

0.245522 ***
(0.068580)

Hb
i

0.081045
(0.061717)

Ha
i

0.217503 *
(0.168687)

ins
−0.019777 0.064592 ** 0.065816 ** 0.060009 ** 0.070335 **
(0.028432) (0.027881) (0.027826) (0.027634) (0.027683)

financial −0.163647 −0.491383 ** −0.476204 ** −0.496065 ** −0.471694 **
(0.253053) (0.229635) (0.228394) (0.230126) (0.228726)

lnhuman
0.039929 −0.028992 −0.017737 −0.030980 −0.022372

(0.056197) (0.050783) (0.050727) (0.050872) (0.050813)

lncapital 0.748828 *** 0.185885 *** 0.191317 *** 0.194316 *** 0.169716 ***
(0.034094) (0.054725) (0.053795) (0.054150) (0.053542)

lnhighway 0.304105 *** 0.185892 * 0.190693 ** 0.179837 * 0.178754 *
(0.107158) (0.096765) (0.096479) (0.096870) (0.096674)

lnpgdp 0.138500 *** 0.048464 0.047370 0.050165 0.045334
(0.034403) (0.031629) (0.031584) (0.031636) (0.031671)

_cons 8.523076 ***
(0.938128)

ρ 0.921458 *** 0.900246 *** 0.935112 *** 0.936377
(0.070072) (0.070879) (0.069205) (0.067031)

Hausman 44.32 *** 16.40 *** 15.42 * 17.46 ** 15.78 ***
LM-Spatial Lag 90.322 *** 100.739 *** 72.463 *** 135.532 *** 90.322 ***

Robust
LM-Spatial Lag 17.505 *** 22.250 *** 11.084 *** 33.912 *** 17.505 ***

LM-Spatial Error 238.848 *** 234.740 *** 219.973 *** 263.753 *** 238.848 ***
Robust

LM-Spatial Error 166.030 *** 156.251 *** 158.594 *** 162.133 *** 166.030 ***

Individual/
Time effect Control Control Control Control Control

N 1926 1926 1926 1926 1926
R2 0.5731 0.5962 0.5962 0.5973 0.5878

Note: *, **, and *** correspond to the 10%, 5% and 1% significance levels in sequence.

Without accounting for spatial factors, model (1) indicates that a higher HSR network
index in peripheral regions is associated with a greater likelihood of new industrial entry.
When incorporating spatial factors, models (2)–(5) reveal that higher centrality in the HSR
network within peripheral regions correlates with greater new industrial entry likelihood.
Among these, connectivity exerts a more decisive influence than accessibility, while transi-
tivity shows no significant effect on industrial entry in peripheral regions. Based on the
main conclusions of Section 6.1.2, the time savings and freight cost reductions induced by
the HSR network have collectively reduced inter-regional transaction costs and promoted
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the growth of knowledge spillover activities. The existence of network effects has further
strengthened this process, which eventually exerts a significant impact on the spatial evo-
lution of regional industries. Specifically, under the influence of the knowledge spillover
effect, the HSR network has loosened the constraints imposed by “geographical proximity”,
making it easier for peripheral regions with low knowledge intensity to attract enterprise
inflows and thereby facilitating the spatial diffusion of industries. This finding confirms
the logical framework put forward in this paper, namely “HSR network → knowledge
spillover → new industry entry → spatial diffusion”.

7. Conclusions, Policy Implications and Future Research
We extend the traditional LS model by integrating the HSR network as a core mecha-

nism, thereby explaining the theoretical path of the HSR network’s impact on the spatial
evolution of regional industries from the perspective of new industry entry. Based on data
from Chinese A-share-listed companies, this paper uses the SDM and spatial mediation
effect model to conduct empirical tests.

7.1. Main Research Conclusions

(1) The derivation results of the innovative LS model show that the impact of the HSR
network is realized through two different mechanisms. On the one hand, driven by
the market size effect, the HSR network enhances the attractiveness of core regions
with larger markets to new firms, thereby accelerating the spatial agglomeration of
industries in these regions. On the other hand, by reducing geographical resistance to
knowledge flow, the HSR network strengthens the knowledge spillover effect, making
peripheral regions with lower knowledge intensity more attractive to new firms and
promoting the spatial diffusion of industries toward peripheral regions.

(2) The analysis of the characteristics of the spatial evolution of China’s regional industries
shows that from 2008 to 2020, a total of 3235 new industries entered the sample regions.
This evolution process is characterized by initial large-scale spatial concentration,
followed by gradual directional diffusion, and finally, an evolutionary outcome of
“diffusive agglomeration.” The cities with the highest number of new industry entries
are Hangzhou, Shanghai, and Guangzhou.

(3) Both OLS and SDM regression results confirm that regions with higher network
centrality are more likely to have new industry entry. The relative impact of different
HSR network indicators is in the order of connectivity (0.191026) > accessibility
(0.116829) > transitivity (0.107675). However, when both direct and spillover effects
are considered, the influence ranking changes to accessibility (6.415244) > transitivity
(1.503288) > connectivity (1.165930), indicating that accessibility has the strongest total
effect through both local attraction and inter-regional spillover effects.

(4) Mechanism analysis shows that the HSR network has a stronger impact on new indus-
try entry through knowledge spillovers than through market size effects. Specifically,
the estimated coefficient of the knowledge spillover effect is 1.429699, while that
of the market size effect is 1.399637. This finding confirms the key role of HSR’s
unique “transporting people, not goods” operation mode, which is more effective in
promoting the exchange of knowledge, technology, and information than in reducing
the physical transportation costs of goods.

(5) Heterogeneity analysis shows that the impact of the HSR network on new indus-
try entry is stronger in peripheral regions (0.567598) than in core regions (0.363887).
Therefore, HSR is a modern transportation mode that combines fairness and effi-
ciency, balancing individual equity and spatial equity. Furthermore, spillover effect
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analysis shows that new industry entry in core regions is dominated by competitive
relationships, while in peripheral regions it is dominated by cooperative relationships.

7.2. Policy Implications

Integrating the above findings with practical requirements, three targeted policy pro-
posals are put forward to leverage the HSR network for advancing high-quality coordinated
regional industrial development. First, optimize the HSR network layout by prioritizing
accessibility. Specifically, strengthen line connections within core regions, and fill the gaps
in HSR corridors and multi-modal transportation integration in peripheral regions. This
will improve connectivity in peripheral regions and fully exert the radiation effects of HSR.
Second, implement region-specific policies in response to the heterogeneous impact of the
HSR network on core and peripheral regions—given that such impact is more notable in
the latter. For core regions, efforts should be made to pursue high-end industrial upgrading
and gradual industrial expansion. In contrast, peripheral regions ought to tap into their
local resource endowments to undertake supporting industries and construct distinctive
industrial clusters, so as to enhance in-depth regional collaboration. Third, improve cross-
regional knowledge-sharing mechanisms. Taking advantage of HSR’s passenger-transport
feature, it is necessary to establish integrated platforms for knowledge exchange and
achievement commercialization, facilitate two-way talent flow between core and peripheral
regions, refine cross-regional intellectual property protection and profit-sharing systems,
and reinforce peripheral regions’ capacity to absorb and transform knowledge, thereby
maximizing the industrial empowerment effect of knowledge spillovers.

7.3. Future Research Directions

Despite its systematic analysis of the HSR network’s impact on new industry entry,
this study has certain limitations that point to clear avenues for future research. First, future
studies can refine industrial classification criteria. We compile data from 81 industries
based on China’s National Economic Industry Classification, while subsequent work
may subdivide industries by functional attributes—such as national pillar industries and
strategic emerging industries. Focusing on these differentiated sectors enables in-depth
exploration of the HSR network’s heterogeneous impact mechanisms on new industry
entry across various industries, thereby enriching research connotations and providing
more targeted industrial development insights. Second, case study methodologies can be
integrated to verify the applicability of the identified heterogeneous characteristics and
policy implications. Typical core-peripheral regions, such as the YRD and PRD, can be
selected as research objects. Through in-depth field surveys and micro-data analysis, the
actual performance of the HSR network’s impact on new industry entry in specific regions
can be examined, which helps validate the reliability of research conclusions and enhance
the practical guiding value of the proposed policies.
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