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A B S T R A C T

With more activities being moved online during the COVID-era, digital infrastructure, as a public service, is

now playing a greater role in influencing innovation and making the symbiotic relationship between innova-

tion subjects closer. While the surge in patenting in China is associated with a significant innovation gap,

there is noticeable regional disparity in digital infrastructure. This study investigates whether the digital

infrastructure divide widens the innovation gap in the context of the innovation ecosystem. Based on the

entropy weight method, a comprehensive index of digital infrastructure was constructed using provincial

panel data from China for the years 2013 to 2018. The findings suggest that the digital infrastructure divide

widens the innovation gap; however, this gap can be narrowed by upgrading the industrial structure. The

relationship between different regions in China involves both competitive and reciprocal symbiosis. The

mediating effect of the industrial structure in the eastern region is smaller than that in the non-eastern

region. Moreover, the digital infrastructure divide has a disadvantage for late adopters when digital infra-

structure falls below a specific threshold. Once this threshold is crossed, its impact changes from a digital

divide to a digital dividend.

These findings have several theoretical implications. In digital economy literature, our support for compre-

hensively assessing the level of digital infrastructure is noteworthy. In innovation ecosystem literature, the

broad framework that encompasses the evolution of innovation, including digital infrastructure and indus-

trial structure, is significant. This study highlights the digitization of the innovation ecosystem and offers

practical implications for narrowing the innovation gap between researchers, individuals, and policymakers.

© 2024 Published by Elsevier España, S.L.U. on behalf of Journal of Innovation & Knowledge. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Introduction

Under an innovation-driven development strategy, China has

experienced a surge in patenting in recent years (Hu et al., 2017). In

2018, the number of domestic patents granted in China reached

2319,209, with an average annual growth rate of 20.22% over the

past six years. According to the Patent Cooperation Treaty released

by the World Intellectual Property Organization on March 2, 2021,

although scientific and technological research and development have

been affected by the COVID-19 pandemic, the number of patent

applications in China increased by 16.1% year-on-year in 2020, rank-

ing first in the world. However, there is a significant imbalance in

regional innovation capability in China. Its regional innovation capa-

bility exhibits characteristics of geographical agglomeration, with

patent licensing concentrated primarily in the eastern region, as

shown in Fig. 1. The figure illustrates that the deepest shade of red-

dish-brown represents provinces with over 100,000 patents, all of

which lie in the eastern region. Furthermore, the number of

provinces with over 100,000 patents in this region has been increas-

ing annually. Outside of the eastern region, only Sichuan falls within

the second tier, with patent counts ranging from 50,000 to 100,000.

The remaining non-eastern provinces indicate minimal growth in

patent numbers over the years. The number of patents granted in the

eastern region of China accounts for 71.82% of the total, but there is

significant heterogeneity in digital infrastructure across the country.

In 2018, the number of internet broadband access ports and com-

puters in the eastern region of China was 43.47% higher than that in

the non-eastern region. From 2013 to 2018, an average of 85,818 pat-

ents were granted annually in the eastern region, compared to

17,818 in the non-eastern region.

Innovation thrives in a peaceful environment with favorable eco-

nomic conditions and material guarantees (Wang & Du, 2022). Stud-

ies have revealed the factors that foster innovation by examining

aspects such as intellectual property protection (Furukawa, 2010;

Gangopadhyay & Mondal, 2012), spillover effects of foreign direct

investment (Cheung & Lin, 2004), democracy (Gao et al., 2017), emi-

gration of skilled individuals (Thomas et al., 2020), and applied

research institutions (Pfister et al., 2021). However, it is worth noting

that the digital environment also plays a crucial role in influencing
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innovation. It serves as a key factor in re-engineering business pro-

cesses, products, and services (Sestino et al., 2020), but there is scant

discussion on this topic within academia.

China has implemented a new infrastructure program to promote

the development of its digital economy. However, there are signifi-

cant variations in the level of investment and development of new

infrastructure between the eastern and non-eastern regions, which

can be attributed to differences in economic development, factor

inputs, and resource endowments. For instance, according to data

from the National Bureau of Statistics of China, Beijing, a highly

developed eastern province, achieved a cumulative total of 7003.73

billion yuan in telecommunications services from 2019 to 2022,

while Guangxi accumulated only 531.8 billion yuan during the same

period.

Numerous studies have demonstrated that regional economic

foundations play a crucial role in shaping the digital divide (Cruz-

Jesus et al., 2018; Dewan et al., 2010). The impact of digital infrastruc-

ture on traditional economies and societies has been extensively

examined (Ahn, 2020; Ardito et al., 2018). Innovation is a fundamen-

tal driver of economic growth. Therefore, understanding whether

digital infrastructure widens or narrows the innovation gap is impor-

tant to bridge the gap in economic growth. The evident disparities in

digital infrastructure and innovation across different regions in China

provide valuable opportunities to study the impact of digital infra-

structure on innovation from the perspective of regional heterogene-

ity. Hence, this study investigates whether the digital infrastructure

divide widens the innovation gap and whether this gap can be

bridged or continues to expand. What policies should the Chinese

government formulate to narrow this innovation gap? To explore

these questions, this study provides a fresh perspective on the inter-

action between digital infrastructure and innovation, serving as a

foundation for analyzing the evolution of innovation in the process of

digitalization. This research holds both policy and economic signifi-

cance, as it offers valuable insights into China’s transition toward an

innovation-based economic growth model and its new infrastructure

program, which primarily focuses on constructing digital infrastruc-

ture.

This study makes three key contributions to existing literature.

This is the first empirical study on the impact of digital infrastructure

on the innovation gap. In contrast to the literature (Huang & Liu,

2020; Jiao et al., 2015; Li et al., 2020), which typically employs a sin-

gle indicator to measure digital infrastructure, we propose a compre-

hensive index of the digital infrastructure level using the entropy

weight method. This approach lays the groundwork for explaining

the evolution of digital infrastructure. While other studies focus on

human capital, government support (Hsu et al., 2014; Seyoum et al.,

2015), and the Internet (Audretsch et al., 2015; McGuire et al., 2012),

this study introduces a new perspective by considering digital infra-

structure as a public good in the context of an innovation ecosystem.

Our findings reveal that the promotional effect of digital infrastruc-

ture on innovation in the eastern region is higher than in the non-

eastern region, indicating that the digital infrastructure divide

widens the innovation gap in China.

Second, we find that the Matthew effect of the digital infrastruc-

ture divide on the innovation gap can be mitigated by upgrading the

industrial structure. The mediating effects of industrial structure in

the eastern region were lower than those in the non-eastern region.

This enhances the theoretical understanding of innovation by analyz-

ing the mediating effect of industrial structure.

Third, unlike linear analyses of innovation, we examine nonlinear

relationships. Our findings demonstrate that the innovation gap can

narrow after the digital infrastructure crosses a certain threshold. In

the east region, the fostering impact of digital infrastructure on inno-

vation slows down after the threshold, while in the non-east region,

the fostering impact of digital infrastructure on innovation increases

after the threshold. This suggests that the development of a digital

infrastructure can alter co-evolution within the innovation ecosystem

and narrow the innovation gap. Therefore, digital infrastructure has

emerged as a new driving force in the evolution of innovation ecosys-

tems in China, complementing the theory of innovation ecosystems.

The remainder of this study is organized as follows. Section 2

presents the study’s theoretical framework and hypotheses. Section 3

describes our research methodology. Section 4 presents and discusses

the empirical results. Section 5 presents the conclusions and policy

suggestions.

Literature review and research hypotheses

The technology evolution theory believes that innovation is the

main feature of the development and evolution of human society

Fig. 1. Number of patents granted by provinces in China (2013 - 2018).
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(Coccia, 2021), and that innovation and industrial change are driven

by disruptive technologies (Coccia, 2017). These topics have emerged

through the co-evolution of problems and have been presented by

scientific research institutions (Schaeffer et al., 2021). The innovation

ecosystem model seizes important opportunities and addresses envi-

ronmental threats (Ardito et al., 2021; Miteva, 2022). In recent years,

there have been more discussions on innovation ecosystems based

on the technological evolution theory (Granstrand & Holgersson,

2020).

The innovation ecosystem consists of core enterprises, upstream

and downstream participants, users, and their environments, empha-

sizing the relationships among innovation subjects (Cozzolino et al.,

2021). According to the literature, the relationships among subjects

in an innovation ecosystem are mainly classified into three types:

competition coexistence, parasitic symbiosis, and reciprocal symbio-

sis (Adner & Kapoor, 2010; Bacon et al., 2020). Some scholars argue

that parasitic and reciprocal symbioses coexist, complement each

other, and jointly promote enterprises’ continuous innovation (Hou

& Shi, 2021). Although some scholars have proposed that an innova-

tion ecosystem is an incorrect analogy of natural ecosystems and that

the term ecosystem should be avoided (Oh et al., 2016), this study

holds that the logical relationship is tenable.

With the ongoing advancement of a new round of technological

revolution, digital information has become a critical production factor

that is significantly influencing and participating in the innovation

ecosystem. The foundation of innovation ecosystem technology

resides in digital platform technology, which offers dynamic knowl-

edge exchange opportunities for subjects requiring intensive knowl-

edge (Siaw & Sarpong, 2021). In recent years, digital infrastructure

has formed a core-periphery structure (Rodon & Eaton, 2021) that is

highly open and unique (Inoue, 2021). It not only ensures the com-

petitive advantage of the subjects but also generates a technological

spillover effect.

The impact of the digital infrastructure on innovation activities is

reflected in the following points. First, a digital communication plat-

form can mitigate the impact of uncertainty propagation (Gomes et

al., 2021) and help the government understand the overall business

ecosystem (Kim, 2021). Second, digitalization has reshaped the value

co-creation method between innovation subjects and expanded

innovation ecosystem theory because it requires all participants to

use interactive service software systems to handle complex product

processes (Ceccagnoli et al., 2012; Kamalaldin et al., 2021). Third, dig-

itization manages the assets of other linear infrastructures and pro-

motes the flow of goods and services (Kraus et al., 2021), and serves

as a kind of infrastructure that participates in the urban metabolic

cycle (D’Amico et al., 2022), ensures the full use of resources, and

innovates urban development models. Fourth, digital infrastructure

is conducive to reducing transaction costs and improving innovation

efficiency (Kleis et al., 2012; Song & Song, 2010). The rapid develop-

ment of digital infrastructure has accelerated the speed of informa-

tion flow, reduced the cost of obtaining and exchanging information,

and enabled innovative subjects to easily and quickly access the most

advanced technical information (Bharadwaj, 2000). It also accelerates

research and development (R&D), improves technical capability, and

brings economic benefits such as profitability and competitive advan-

tage (Wang & Wang, 2012). Thus, related enterprises have become

leaders in innovation (Leidner et al., 2010). The high flow of informa-

tion supported by digital infrastructure helps production factors to

flow to areas with a higher marginal rate of return, thereby avoiding

resource mismatches and improving innovation efficiency. Innova-

tion activities generally have a long return cycle that requires a large

amount of R&D investment, indicating a relatively high risk (Hall,

2002). Fifth, the digital infrastructure breaks the time and space con-

straints of economic activities. This enables entrepreneurs to benefit

from long-tail effects, such as financing through crowdfunding and

selling in larger markets. Regions with a higher level of information

infrastructure construction have greater technological convenience,

thereby improving productivity and accelerating the realization of

technological change (Niebel, 2018). However, suburban and rural

areas are often excluded from digital social innovation because of the

low level of digital infrastructure, which limits innovation partici-

pants, reduces the network diffusion range, and increases informa-

tion acquisition costs (Kaletka & Pelka, 2015).

Economic foundations and talent reserves are considered impor-

tant factors affecting the digital divide. Construction costs are a sig-

nificant constraint in promoting digital infrastructure (Cruz-Jesus et

al., 2018; Dewan et al., 2010), and those who benefit from digital

infrastructure typically have economic advantages (Hsieh et al.,

2008). The application of deeper and more complex digital technolo-

gies requires users to have a certain degree of financial literacy and

knowledge reserves. Digital infrastructure can play an important role

in areas with more scientific and technological talent, digital infra-

structure can fully play its role (Chinn & Fairlie, 2007; Wilson et al.,

2003). Considering the economic foundation and talent reserves, a

substantial gap exists between China’s eastern and non-eastern

regions, and the digital divide further exacerbates the imbalance in

innovation levels in different regions.

Hypothesis 1. Digital infrastructure promotes innovation and its pro-

motion impact in regions where better digital infrastructure is greater.

Major technological infrastructures play a significant role in pro-

moting innovation by leading technological frontiers, forming emerg-

ing strategic industries, and incubating innovative talent. Some

scholars believe that information technology is the driving force

behind innovation performance, and that its impact on innovation

performance is influenced by other organizational factors, such as

developmental culture, absorptive capacity, and competitive inten-

sity (Chen et al., 2015). The use of the internet improves the utiliza-

tion efficiency of production factors in various traditional industries,

promoting them to enhance supply quality, upgrade industrial struc-

tures, and realize intelligent production and high-value-added

manufacturing processes (Lee et al., 2017). Internet usage generates

new products and formats (Rehm et al., 2016) and accelerates the

emergence of new industries (Iansiti & Lakhani, 2014).

Industrial upgrading requires higher demand for Internet services

in R&D departments, forcing them to engage in technological innova-

tion and industrial upgrading (Martínez et al., 2010; Shahiduzzaman

& Alam, 2014). In an open economy, industrial upgrades push a coun-

try’s products and industries into the international market and inte-

grate them into the global value chain. Enterprises gain foreign

knowledge spillovers and technology diffusion (Liu et al., 2020) and

enhance their independent innovation capabilities through technol-

ogy absorption and re-innovation.

Fig. 2 shows the channels through which the digital infrastructure

affects regional innovation. Digital infrastructure directly affects

regional innovation by enabling access to more information, acceler-

ating the flow of goods, and reducing market frictions. Additionally,

it indirectly influences innovation by facilitating industrial upgrad-

ing.

Digital infrastructure provides a profitable market and a solid

foundation for the development of information communication tech-

nology (ICT). In turn, the ICT industry drives the digital transforma-

tion of the economy and upgrades its industrial structure. The

specialization and diversification of provincial regional industrial

structures can promote regional innovation performance, leading to

regional heterogeneity (Li et al., 2014). Prosperous regions that typi-

cally exhibit better digital infrastructures usually have higher digitali-

zation in their industries and economies. A reasonable industry

structure aligns with the law of resource endowment (Duarte &

Restuccia, 2010). When prosperous regions are close to their reason-

able industry structure with the support of digital infrastructure, the

upgrading effects of digital infrastructure on industry structure slow
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under the law of marginal decrease. This leads to the following

hypotheses:

Hypothesis 2. The mediating effect of industrial structure in digital

infrastructure promoting innovation in the east region is lower than that

in the non-east region.

The network effects of digital infrastructure, combined with the

cumulative effects of science and technology, lead to a nonlinear

impact of digital infrastructure on innovation. As the depth and

breadth of Internet usage continue to expand, an increasing number

of enterprises are embarking on digital transformation, resulting in

growing complexity of both digital infrastructure and actual services

(Tassey et al., 2009). Once the digital infrastructure reaches a certain

threshold, it can create a profitable market for the rapid development

of the Internet of Things (IoT) industry, thereby fostering collabora-

tive innovation (Hou & Li, 2020). Consequently, initial investments in

the digital infrastructure can accelerate innovation. However, when

the supply scale of the digital infrastructure reaches saturation, such

as when each person owns more than one computer, the marginal

positive impact decreases. The impact of digital infrastructure on

innovation is nonlinear, and its nonlinear effects depend on the level

of infrastructure. This leads to the following hypotheses:

Hypothesis 3. The promotion of digital infrastructure on innovation

exhibits threshold effect, and after the threshold the difference between

the east and non-east region narrows.

Model, variables, and data

Research settings, sample, and data

This study used panel data from 30 administrative provinces in

China, covering the 2013−2018 period and resulting in a total of 180

observations. To discuss the impact of digital infrastructure divide on

innovation gap, we divide the 30 provinces into eastern and non-

eastern regions according to their economic level and geographic

location. The eastern coastal provinces of China have higher digital

infrastructure and economic levels than non-eastern provinces.

Patent-granted data were obtained from the China Science and

Technology Statistical Yearbook. Patent case data were obtained from

the annual statistical reports of the State Intellectual Property Office.

The data on secondary and tertiary industry employment were taken

from the China Labour Statistical Yearbook and China’s Tertiary

Industry Statistical Yearbook. Data for the other variables were

obtained from the China Statistical Yearbook.

Variable selection

The number of patent grants is considered a more accurate reflec-

tion of the quality of innovation output (Graham et al., 2015). Thus,

we use the number of patent grants in each year as a metric to gage

the level of innovation within a provincial administrative region.

The level of digital infrastructure is the core explanatory variable

and the threshold variable. At present, the Chinese government has

not disclosed a comprehensive index of the digital infrastructure

level, which has led some scholars to adopt a single indicator, such as

aggregates of the post and telephone communications business

(Huang & Liu, 2020), the number of telephone users per capita (Li et

al., 2020), and corporate computer usage (Jiao et al., 2015), and other

indicators. The Internet is a complex system. Although a single indi-

cator is an important embodiment of digital infrastructure, it is not

sufficiently comprehensive. Certain indicators are limited in their

ability to fully capture the realities of China’s digital infrastructure

development and thus may not provide an accurate representation of

its true level. Following the entropy weight method (Cui et al., 2021),

we calculated the provincial digital infrastructure variables using

four sub-indicators.

Assume that the value of the jth indicator data of the ith province

is ðxijÞmn i = 1, 2, . . ., m, j = 1, 2, . . ., n. First, the dimensionless process-

ing of the raw data yields:

rij ¼
xij � minxij

maxxij � minxij
ð1Þ

and the entropy of the jth indicator is defined as:

ej ¼ �k
Xm

i¼1

pij lnpij j ¼ 1;2; :::;n ð2Þ

Here, pij ¼ rij=
Pm

i¼1

rij , k ¼ 1= lnm, pij=0 and pij lnpij=0. The weight of

the jth indicator is defined as

wj ¼
1� ej

Pn

j¼1

ð1� ejÞ

ð3Þ

Here, 0�wj�1;
Pn

j¼1

wj ¼ 1. We then can get the comprehensive

value of digital infrastructure:

DIGi ¼ w1xi1 þw2xi2 þw3xi3 þw4xi4; i ¼ 1;2; :::30 ð4Þ

The indicators of China’s digital infrastructure level and the corre-

sponding weights designed in this study are shown in Table 1.

Industrial structure (IS): We use the ratio of added value between

the tertiary and secondary industries as a metric to measure IS, which

serves as a mediating variable. The other driving factors for innova-

tion were controlled to estimate the impact of digital infrastructure

on innovation.

Economic openness: Foreign direct investment (FDI) can increase

total factor productivity (TFP) (Herzer & Donaubauer, 2018), TFP is

the main indicator to measure technological progress, which can

improve regional innovation capacity. We use the percentage of FDI

within GDP of each provincial region to gage its level of economic

openness. The valuation of FDI is denominated in RMB, using the

average exchange rate of USD for each year. This index is relative and

unaffected by price factors. A higher value indicated a higher level of

economic openness.

Human capital: Advancement of innovation is closely intertwined

with investment in human capital. Developing human capital can sig-

nificantly enhance a company’s internal capabilities and knowledge-

Fig. 2. Conceptual framework of digital infrastructure on innovation.
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creation potential (Zahedi & Naghdi Khanachah, 2021). The acquisi-

tion of new skills and perspectives through human capital plays a

pivotal role in facilitating fundamental innovation (D’Este et al.,

2016). To measure the level of human capital within a region, we use

the ratio of individuals with college degrees or higher to the perma-

nent resident population at the end of each year.

R&D investment: Most studies show that R&D input can break the

financial constraints of innovation subjects, bring about more innova-

tion output (Beneito et al., 2014; Xu et al., 2020), and help innovation

subjects improve innovation efficiency. (Carayannis & Sagi, 2002)

believe that R&D expenditure is a key factor in promoting innovation

in a country. Other scholars hold different opinions. (Ejermo et al.,

2011) state that R&D investment, as an input, adheres to the law of

decreasing marginal returns, and increasing R&D input does not

transform into ideal innovation output. The impact R&D investments

on innovation varies. We use the percentage of R&D in GDP to mea-

sure the level of R&D investment in the region.

Intellectual property protection: Intellectual property protection

is crucial in safeguarding the fruits of innovation and plays a pivotal

role in fostering regional innovation. Intellectual property rights,

such as trademarks, patents, and copyrights, are an important part of

innovation and development in any country (Furukawa, 2010; Gang-

opadhyay & Mondal, 2012). Some scholars have used the GP index to

measure intellectual property protection. (Ginarte & Park, 1997) con-

struct a country’s GP index based on five criteria: coverage of patent

law, signing of international patent agreements, provisions of rights

protection, implementation of measures, and duration of protection.

However, this method often overlooks the impact of law enforcement

on intellectual property rights protection when measuring develop-

ing countries and fails to account for noticeable regional disparities

in intellectual property rights. We used the proportion of closed pat-

ent dispute cases within a year (IPP) to measure the level of regional

knowledge property rights protection. Patent disputes encompass

infringements and other legal disputes.

Marketization process: Following (Huang & Liu, 2020), we use the

proportion of state-owned industrial enterprises profits in total

industrial enterprises profits (MP) to measure the capability of

regional marketization. To estimate the impact of digital infrastruc-

ture on upgrading industrial structure, confounded variables influ-

encing industrial structure should be controlled.

Labor: Labor is always an important traditional factor in driving

industrial value-added (Kujur, 2019). We use the ratio of tertiary

industry employment to secondary industry employment (IE) in a

region to control labor input.

Social purchasing power: Consumption plays an obvious role in

promoting industrial upgrading (Yao et al., 2019). We use the propor-

tion of total social retail sales in GDP (SPP) to measure regional social

purchasing power.

Economic openness: We continue to use foreign direct investment

(FDI) as a percentage of GDP in each provincial region to measure eco-

nomic openness. By providing advanced technology, foreign enter-

prises can partially bridge the technological gap within the host

country. This improves the productivity of domestic enterprises and

promotes the upgrading of industrial structures. Some scholars have

confirmed that FDI is beneficial for upgrading industrial structures in

home countries (Xu & Liu, 2018). Definitions of the variables and data

sources are listed in Table 2.

Model and data analysis procedures

To estimate the impact of digital infrastructure on regional inno-

vation, we set the following regression model:

PGit ¼ a0 þ a1DIGit þ fXit þ eit ð5Þ

where subscript i is the province, subscript t is the year, PGit repre-

sents the innovation of the ith province in period t, and digital infra-

structure is represented by DIGit. Xit stands for the control variable.eis

the error term.

Table 1

China’s digital infrastructure indicators and corresponding weights.

indicators indicators description weight

2013 2014 2015 2016 2017 2018

Number of computers at the end of year Reflect the construction level of regional digital equipment 0.316 0.321 0.311 0.314 0.320 0.328

Number of internet broadband access port Reflect the utilization of digital hardware equipment in the region 0.176 0.185 0.183 0.173 0.178 0.182

Number of internet broadband access users Reflect the regional Internet penetration rate 0.187 0.194 0.206 0.210 0.201 0.184

Number of websites owned by the company Reflect the allocation ability of regional Internet information resources 0.320 0.300 0.299 0.303 0.300 0.306

Table 2

Variable definitions and data sources.

Variable type Variable name symbol Variable definitions Data sources

Dependent variable Innovation output PG The logarithm of the number of patents

granted

China Statistical Yearbook

Core independent variable Digital infrastructure DIG The logarithm of digital infrastructure

index

Intermediary variable Industrial structure IS Added value of tertiary industry/added

value of secondary industry (%)

Industrial structure control variables Labor IE Employment in the tertiary industry/

employment in the secondary industry

(%)

China Labor Statistical Yearbook and Chi-

na’s Tertiary Industry Statistical

Yearbook

Social purchasing power SPP Total social retail sales/GDP (%) China Statistical Yearbook

Regional innovation control variables Human capital HC Population with college degree or above/

total permanent population at the end

of the year (%)

R&D investment R&D R&D investment/GDP (%)

Intellectual Property Protection IPP Number of patent dispute cases closed/

Number of patent dispute cases (%)

Statistical annual report of the State

Intellectual Property Office

Marketization process MP State-owned industrial enterprise profit/

total industrial enterprise profit (%)

China Statistical Yearbook

Common control variables Economic openness FDI FDI/GDP (%)
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To measure the intermediary effects of the industrial structure on

the digital infrastructure level and regional innovation, the mediating

effect model can be expressed as follows:

ISit ¼ b0 þ b1DIGit þ fXit þ eit ð6Þ

PGit ¼ f0 þ f1DIGit þ f2ISit þ fXit þ eit ð7Þ

Here, ISit represents the industrial structure and is the mediating

variable. A mediating effect must simultaneously meet the following

three conditions: First, DIGit significantly affects PGit in Eq. (5) with-

out ISit; that is, the impact of the digital infrastructure level on inno-

vation, as tested by the benchmark model. Second, the core

explanatory variable DIGit in Eq. (6) has a significant impact on the

mediating variable ISit, and the mediating variable ISit has a signifi-

cant impact on the explained variable PGit. Finally, if the coefficient of

DIGit in Eq. (7) after adding the mediating variable ISit compared with

Eq. (5), there is a partial mediating effect. If the coefficient of DIGit is

not significant in Eq. (7) After adding the mediating variable ISit, a

complete mediating effect was observed.

Hansen’s (1999) panel threshold model is used to test the nonlin-

ear impact of digital infrastructure on innovation. On the basis of Eq.

(7), the model is constructed as follows:

PGit ¼ d0 þ d1I DIGit�gð Þ þ d2I g <DIGitð Þ þ d3ISit þ fXit þ eit ð8Þ

Here, DIGit represents the core explanatory and threshold varia-

bles. g is the threshold value to be estimated. The other variables are

defined similarly as in Eq. (7). g can divide the provincial sample

studied into two intervals. However, the regression coefficient values

of the two sample intervals differ. I (�) is the indicator function.

When the conditions were satisfied, the value was 1; otherwise, it

was 0.

Results

Table 3 presents the variables’ descriptive statistics. The descrip-

tive statistics of the variables indicate that the Eastern region exhibits

better economic development than the non-Eastern region. Except

for the number of patents granted, all economic variables have higher

average levels in the eastern region than in the non-eastern region.

Estimated results of the mediating effect

Before conducting panel data regression, we tested for multicolli-

nearity between the explanatory variables. The VIF (variance inflation

factor) test results indicated no multicollinearity among the variables.

The regression results for the mediating effects are presented in

Table 4.

Columns (1)−(3) show the regression results for the eastern

region, whereas columns (4)−(6) display the regression outcomes for

the non-eastern region. The regression results of the models in

different regions yield the same conclusion; that is, the improvement

of the digital infrastructure level is significantly conducive to the

improvement of innovation and the upgrading of industrial structure.

Upgrading industrial structures can promote innovation significantly.

Thus, the existence of partial mediating effects signifies that the

impact of digital infrastructure on innovation is partly realized

through the mediating variable (IS).

By comparing the regression results in Table 4, it is evident that

the coefficient of the digital infrastructure in the eastern region is

greater than that in the non-eastern region. This suggests that the

digital infrastructure in the eastern region exerts a more substantial

influence on innovation. This discrepancy may be attributed to the

earlier and superior construction of digital infrastructure in the east-

ern region compared with the non-eastern region, indicating a first-

mover advantage in digital infrastructure development. The positive

impact of digital infrastructure on innovation is more pronounced in

regions with advanced digital infrastructure. The higher levels of dig-

ital infrastructure and innovation in the eastern region imply that the

digital infrastructure gap widens the innovation disparity.

The indirect effect of digital infrastructure on innovation in the

eastern region was 0.2166 (0.8088 £ 0.2678). This implies that for

every additional unit of digital infrastructure, regional innovation

indirectly improves by 0.217 units, accounting for 11.549% (0.2166/

1.8756) of the total effect. In the non-eastern region, the indirect

effect and proportion of digital infrastructure on innovation are

0.0336 and 24.986%, respectively. This finding suggests that the posi-

tive indirect effect of digital infrastructure on innovation through

industrial structure upgrading is greater in the non-eastern region

than in the eastern region. One possible reason for this discrepancy is

that industrial structure upgrading in the eastern region began earlier

than in the non-eastern region, and the industrial structure in the

eastern region has already reached a more optimal level, leading to

the early release of the spillover dividend of the industrial structure

on innovation. Consequently, the indirect effect of industrial struc-

ture on innovation (0.2678) in the eastern region is noticeably

smaller than in the non-eastern region (0.4844). This indicates that

upgrading the industrial structure can help reduce the Matthew

effect of digital infrastructure divided by the innovation gap.

Estimated results of the threshold regression

To estimate the nonlinear impact of digital infrastructure divided

by the innovation gap, a threshold regression model was used for the

empirical analysis. Before conducting the estimation, we test for the

existence of panel thresholds based on (Hansen, 1999)’s method. The

test was performed using the bootstrap method in State15.0 statisti-

cal software. By repeatedly sampling 300 times, we obtained the p-

value corresponding to the test statistic to determine the existence of

a threshold effect. The results of the threshold effect test are pre-

sented in Table 5. The threshold variable (DIG) significantly passes

Table 3

The descriptive statistics of variables.

Variable Eastern regression non-Eastern regression

Mean Std.Dev. Min Max Mean Std.Dev. Min Max

PG 10.9626 1.3609 7.1937 13.0775 9.5932 1.1011 6.2186 11.3779

DIG 13.3150 0.9928 10.7564 14.8459 12.1837 0.7189 10.3059 13.3557

IS 1.5503 0.9697 0.6954 5.0221 1.0460 0.2801 0.6325 2.1861

IE 1.3031 1.1564 0.3473 4.5238 1.0570 0.4678 0.2544 3.7807

SPP 64.0600 47.4027 1.2873 168.1919 41.1637 35.4150 8.2163 180.7872

HC 0.5651 0.1218 0.3874 0.8940 0.4766 0.1315 0.2145 0.8426

R&D 1.5050 0.5967 0.1677 2.1721 0.7945 0.3421 0.2464 1.6142

IPP 13.7612 29.7015 0.0000 100.0000 11.5644 27.8654 0.0000 116.2162

MP 74.5189 19.5841 32.4652 108.9870 62.1563 33.9334 �190.2248 130.9806

FDI 70.1939 42.7695 12.0611 175.5564 17.7222 8.2384 4.8068 59.5147
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the single threshold test, but fails the double and triple threshold

tests. Hence, only one threshold is present in the samples.

According to the test results, the corresponding threshold values

for the eastern and non-eastern regions were 13.2129 and 11.5834,

respectively. From the threshold model theory, the threshold esti-

mated value is the corresponding g value when the likelihood ratio

statistic LR approaches 0. Fig. 3 shows the likelihood ratio function

graphs for the estimated threshold values within the 95% confidence

interval for both eastern and non-eastern regions. The true threshold

is indicated by the lowest point of the LR statistic in the images, and

the dotted line represents the critical value corresponding to the 95%

confidence interval. Given the critical value of 7.35 is significantly

higher than the threshold, we conclude that the threshold is valid

and reliable. Table 6 presents the threshold regression results.

The regression results in Table 6 show that both before and after

the threshold, the effect of digital infrastructure on regional innova-

tion is significantly positive in the eastern and non-eastern regions.

The results validate Hypothesis 1, which states that digital infrastruc-

ture construction improves innovation capacity.

The results revealed that the impact of digital infrastructure on

regional innovation in the non-eastern region significantly increased

after crossing the threshold. The coefficient in the non-eastern region

increased from 1.3118 to 1.3418. However, the promotional effect of

digital infrastructure in the eastern region decreased significantly

after crossing the threshold, dropping from 2.4929 to 1.3345. This

can be attributed to the fact that the Eastern region already possesses

a strong foundation for digital infrastructure and has reached a stage

of intensive development. At this stage, improving the efficiency of

Table 4

Regression results of mediating effect.

VARIABLES Eastern regression results non-Eestern regression results

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

PG(FE) IS(FE) PG(FE) PG(FE) IS(FE) PG(RE)

DN 1.8755*** 0.8087*** 1.5935*** 1.6743*** 0.8636*** 1.2676***

(6.40) (3.32) (4.93) (5.24) (5.68) (10.88)

IS 0.2678* 0.4844***

(1.87) (4.37)

IE 0.8088*** 0.0693

(3.32) (1.55)

SPP 0.0456 0.0047

(1.03) (1.16)

FDI 0.0018 0.0047*** 0.0007 0.0097** 0.0043 0.0079**

(1.46) (4.25) (0.53) (2.40) (1.35) (2.27)

HC 1.7181 1.7734* 1.8056** 0.8803*

(1.62) (1.72) (2.11) (1.67)

R&D 0.0142 0.1187 0.1371 0.3331*

(0.09) (0.71) (0.53) (1.67)

IPP 0.0011 0.0011 0.0016* 0.0015**

(1.30) (1.39) (1.76) (2.00)

MP �0.0017 �0.0013 0.0002 0.0005

(�0.74) (�0.59) (0.34) (0.73)

Constant �15.0202*** �9.8507*** �11.8182*** �11.9814*** �9.8167*** �7.2290***

(�3.87) (�3.13) (�2.85) (�3.32) (�5.52) (�5.68)

Hausman test(P-value) 17.35(0.0039) 33.33(0.0000) 12.46(0.0864) 13.14(0.0221) 24.51(0.0001) 2.34(0.9383)

Observations 66 66 66 114 114 114

R-squared 0.751 0.677 0.768 0.728 0.509 0.751

Notes:FE stands for Fixed Effects Model; RE stands for Random Effects Model; t-statistics in parentheses;.

*** p < 0.01,.

** p < 0.05,.

* p < 0.1.

PG stands for innovation output; DIG stand for Digital infrastructure; IS stand for Industrial structure; IE stand for Labor; SPP stand for

Social purchasing power; HC stand for Human capital; R&D stand for R&D investment; IPP stand for Intellectual Property Protection;

MP stand for Marketization process; FDI stand for Economic openness.

Table 5

Threshold effect test results.

area Threshold number F-statistics P-value 10% 5% 1%

Eastern Single threshold 14.34 0.010 8.713 10.067 14.265

non-Eastern Single threshold 36.01 0.000 16.077 18.742 26.931

Notes:10% stands for 10% critical value; 5% stands for 5% critical value; 1% stands for 1% critical

value.

Fig. 3. Likelihood ratio function graphs of threshold regression model.Notes: From left to right are the Likelihood Ratio Function graphs of the eastern and non-eastern regions.
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the input factors becomes more crucial for enhancing innovation out-

put than simply increasing the input factors. Therefore, with an

increase in investment in digital infrastructure, innovation output

will show diminishing marginal utility. After crossing the threshold,

the coefficient of digital infrastructure in the eastern region remained

positive, but was smaller.

In contrast, the non-eastern region has weaker innovation capa-

bilities and is yet to make a leap towards intensive development. For

them, increasing innovation output still relies on driving factors such

as fixed asset investments, including digital infrastructure construc-

tion. Considering the significant digital infrastructure divide between

the eastern and non-eastern regions, the results of the threshold

regression indicate that China’s new infrastructure program has the

potential to narrow the innovation gap caused by the digital infra-

structure divide. This program can accelerate the crossing of thresh-

olds for digital infrastructure. The higher promotional effect observed

in the non-eastern region after crossing the threshold, coupled with

the slowdown of the promotional effect in the eastern region after

crossing the threshold, provides an opportunity for the non-eastern

region to catch up. In the long run, narrowing the innovation gap can

be achieved by improving the digital infrastructure.

Once digital information is integrated into the innovation ecosys-

tem, it fundamentally transforms the interactions between the origi-

nal subjects and the evolution of the innovation system. Through the

deep integration of traditional subjects with digital technology, the

delineation of product and industrial boundaries has become less dis-

tinct (Kozonogova & Dubrovskaya, 2022). Digital information pos-

sesses the characteristics of being shareable and reusable, enabling

the transmission and verification of data at zero marginal cost. This

low-cost input leads to a rapid increase in output levels, thereby facil-

itating the realization of scale effects. Consequently, once the digital

infrastructure of the non-eastern region crosses the threshold of

11.5834, its impact is significantly amplified.

The sustainability of the scale effects is not guaranteed indefi-

nitely. This is because digital technology is dynamic and can effec-

tively respond to evolving external demands, thus driving the

iterative innovation of technology and evolution of the ecosystem.

When most external demands for digital infrastructure are met, the

marginal effect of digital infrastructure construction diminishes. Sim-

ilarly, after the digital infrastructure in the eastern region crosses the

threshold of 13.2129, although it continues to have a positive impact

on innovation, this impact diminishes.

Within the digital innovation ecosystem, the impact of the digital

infrastructure is dynamic and evolves in response to construction

and changes in the external environment. The non-eastern region is

experiencing rapid initial development, while the eastern region is

subject to diminishing marginal effects, resulting in differing perfor-

mance between the two. Digitization enriches and enhances the

intricate relationship between innovation subjects and the innova-

tion ecosystem, ultimately promoting an overall enhancement of

innovation capability and efficiency.

Robust test

To address the endogeneity problem caused by the bidirectional

causal relationship between digital infrastructure and innovation

output, this study employs the first lag phase of digital infrastructure

(DIG-1) as an instrumental variable to reexamine the original model.

Using DIG-1 as an instrument, we establish a robust and reliable esti-

mation of the causal effect of digital infrastructure on innovation out-

put.

As shown in Table 7, the first-stage regression results illustrate

that the instrumental variables were significantly and positively cor-

related with digital infrastructure. The second-stage regression

results revealed a similar significant positive correlation between

digital infrastructure (DIG) and innovation output (PG). Furthermore,

the under-identification test yielded significant Kleibergen-Paap rk

LM statistics at the 1% significance level, decisively rejecting the origi-

nal hypothesis of insufficient identification of the instrumental varia-

bles. The weak identification test indicated that the Cragg-Donald

Wald F-statistic exceeded the critical value of 10%, refuting the origi-

nal hypothesis of weak instrumental variable. These tests collectively

validate the reliability of the instrumental variables. The results sup-

port Core Hypothesis 1, which is valid after considering the endoge-

neity problem.

To ensure the reliability and robustness of the empirical results,

we replaced the explained and core explanatory variables. The pro-

portion of industrial Internet services, represented by cloud comput-

ing, IDC, IoT, and big data, in the telecommunications business has

steadily increased over time. The upgrading of telecommunications

IoT platforms reflects the development of the digital economy infra-

structure (Zhang et al., 2020). This study uses the logarithm of the

total telecom business volume (TBV) as a substitute variable for digi-

tal infrastructure and the logarithm of patent applications as a substi-

tute variable for innovation to conduct a robustness test. The

robustness test results are listed in Table 8.

The promotional effects of digital infrastructure on innovation are

conducive to improvements in innovation. Moreover, partial mediat-

ing effects were observed, suggesting that the impact of digital infra-

structure on innovation is partly realized through the mediating

variable of industrial structure. Similarly, the indirect effect of digital

infrastructure on innovation is greater in the non-eastern region than

in the eastern region. These results are consistent with the estimated

results when the digital infrastructure composite index was the core

explanatory variable. This verified that the results were robust.

The empirical results presented above shed light on the pathways

and nonlinear impacts of digital infrastructure on regional innova-

tion, considering regional heterogeneity. Using the mediating effect

and threshold regression models, we find that the promotional effect

of digital infrastructure on innovation is greater in the eastern region

than in the non-eastern region. This can be attributed to the early

development of the digital infrastructure in the eastern region, which

Table 6

Threshold regression results.

VARIABLES (2) (3)

Eastern non-Eastern

I (DIGit ≤ g) 2.4929*** 1.3118***

(6.27) (4.09)

I (g <DIGit) 1.3345*** 1.3418***

(4.40) (4.22)

IS 0.2390* 0.3868***

(1.84) (2.98)

FDI 0.0004 0.0068*

(0.31) (1.74)

HC 1.8929** 1.4539*

(2.01) (1.74)

R&D 0.0420 0.3965

(0.27) (1.54)

IPP 0.0014* 0.0018**

(1.81) (1.99)

MP �0.0016 0.0004

(�0.77) (0.53)

Constant �14.7934*** �8.2816**

(�3.82) (�2.31)

Observations 66 114

R-squared 0.813 0.761

Notes:.

*** p < 0.01.

** p < 0.05.

* p < 0.1.

PG stands for innovation output; DIG stand for Digital infrastructure; IS stand

for Industrial structure; IE stand for Labor; SPP stand for Social purchasing

power; HC stand for Human capital; R&D stand for R&D investment; IPP stand

for Intellectual Property Protection; MP stand for Marketization process; FDI

stand for Economic openness.
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aligns well with the economic foundation, talent pool, and technolog-

ical advantages, thereby enabling it to play a more substantial role.

The digital infrastructure divide has a latecomer disadvantage, wid-

ening the innovation gap. In the non-eastern region, the promotion

of digital infrastructure for innovation significantly increases after

crossing a certain threshold. By contrast, in the eastern region, the

promotion effect slowed after surpassing the threshold. This could be

because the eastern region has reached a stage of intensive

Table 7

Endogenous test results.

VARIABLES Eastern regression results non-Eastern regression results

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

DIG PG DIG PG

DIG-1 0.7615*** 0.6138***

(14.4590) (4.6342)

DIĜ 3.0819*** 2.9353***

(6.0930) (4.0554)

FDI 0.0008** �0.0011 0.0021* 0.0013

(2.6804) (�0.7301) (1.5695) (0.2507)

HC �0.3653 1.7138 0.3686 0.0058

(�1.0358) (1.1357) (0.9066) (0.0036)

R&D 0.0364 0.0398 �0.0304 0.1613

(1.0643) (0.2951) (�0.3542) (0.3771)

IPP �0.0005 �0.0327 0.0022 �0.0128

(�0.0270) (�0.3494) (0.3530) (�0.3900)

MP �0.0006 �0.0016 0.0002 0.0001

(�1.2233) (�0.8299) (1.3889) (0.0850)

Underidentification test 13.651*** 8.871***

Weak identification test 62.604 56.975

R-squared 0.604 0.545

F value 67.45*** 15.63*** 34.07*** 19.38***

Notes:.

*** p < 0.01,.

** p < 0.05,.

* p < 0.1.

PG stands for innovation output; DIG stand for Digital infrastructure; IS stand for Industrial structure; IE stand for Labor; SPP stand for

Social purchasing power; HC stand for Human capital; R&D stand for R&D investment; IPP stand for Intellectual Property Protection; MP

stand for Marketization process; FDI stand for Economic openness.

Table 8

Robust test results for the mediating effects.

VARIABLES Eastern regression results non-Eastern regression results

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

PG(FE) IS(FE) PG(RE) PG(FE) IS(FE) PG(FE)

TBV 0.2438*** 0.0923** 0.1753** 0.1819*** 0.1190*** 0.1051*

(3.5444) (2.2407) (2.3366) (3.2803) (3.9234) (1.7886)

IS 0.3796* 0.4637***

(1.9999) (3.0431)

IE 0.0548 0.0856*

(1.1856) (1.7843)

SPP 0.0055** 0.0093**

(2.0860) (2.2041)

FDI 0.0051*** 0.0062*** 0.0031* 0.0107** 0.0093*** 0.0087**

(3.2857) (6.4303) (1.7664) (2.4462) (2.9863) (2.0349)

HC 1.2264 1.4952 2.6706*** 2.1235**

(0.8547) (1.0685) (3.1357) (2.5451)

R&D 0.2922 0.4319* 0.6062** 0.8029***

(1.3619) (1.9664) (2.1146) (2.8498)

IPP �0.0011 �0.0005 �0.0015* �0.0008

(�1.1056) (�0.5035) (�1.7545) (�0.9187)

MP 0.0062* 0.0060* 0.0015* 0.0015*

(1.9852) (1.9583) (1.8845) (1.9137)

Constant 7.9625*** 0.2515 7.6218*** 7.1315*** 0.0539 7.2625***

(8.2035) (1.1595) (7.9601) (19.9482) (0.3047) (21.0702)

Hausman test(P-value) 45.78(0.0000) 36.57(0.0000) 214.95(0.0000) 31.19(0.0000) 140.23(0.0000) 32.63(0.0000)

Observations 66 66 66 114 114 114

R-squared 0.620 0.642 0.649 0.665 0.431 0.697

Notes:FE stands for Fixed Effects Model; RE stands for Random Effects Model; t-statistics in parentheses;.

*** p < 0.01,.

** p < 0.05,.

* p < 0.1.

TBV stands for the total telecom business volume; IS stand for Industrial structure; IE stand for Labor; SPP stand for Social purchasing

power; HC stand for Human capital; R&D stand for R&D investment; IPP stand for Intellectual Property Protection;MP stand for Marketiza-

tion process; FDI stand for Economic openness.
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development or has approached saturation. At this stage, increasing

innovation output relies more on improving the efficiency of the

input elements than on increasing the input elements themselves.

Therefore, as investment in digital infrastructure increases, marginal

utility in terms of innovation output diminishes. Although the digital

infrastructure divide may widen the innovation gap, less prosperous

regions can narrow this gap by augmenting digital infrastructure

investment and upgrading their industrial structures.

Conclusions

According to the theory of innovation evolution, digital technol-

ogy is an indispensable factor in innovation ecosystems. China’s

implementation of the new infrastructure program aims to promote

digital economic growth, but there are significant variations in the

level and investment of new infrastructure between eastern and

non-eastern regions. This disparity has led to a noticeable innovation

gap, reflected in the surge of patent filings in China. The stark contrast

between digital infrastructure and innovation levels in China pro-

vides a valuable opportunity to examine the impact of digital infra-

structure on innovation from a regionally heterogeneous perspective.

This study investigated whether the digital infrastructure divide

widens the innovation gap. The findings of this study offer a fresh

perspective on the Darwinian evolution of innovation in the context

of digitalization.

This study contributes to several theoretical and empirical per-

spectives. First, we propose a comprehensive index for the digital

infrastructure level using the entropy weight method. In contrast to

other studies that rely on single indicators to measure digital infra-

structure, this study presents a holistic digital infrastructure index to

elucidate the evolution of digital infrastructure.

Second, we introduce a new perspective to explain the evolution

of innovation and the mediating effect of industrial structure by

incorporating digital infrastructure as a public good within the inno-

vation ecosystem. The results derived from the mediating effect and

threshold regression model, utilizing provincial panel data from

China from 2013 to 2018, indicate that the digital infrastructure

divide widens the innovation gap, but also suggest that this gap can

be narrowed. Most academic research on the factors influencing

regional innovation has focused on dimensions such as human capital

and government support (Hsu et al., 2014; Seyoum et al., 2015). How-

ever, our study endeavors to broaden this scope by emphasizing the

pivotal role of digital infrastructure in shaping regional innovation

dynamics.

Third, our findings reveal that the promotional effect of digital

infrastructure on innovation is greater in the eastern region than in

the non-eastern region. Additionally, the mediating effect of the

industrial structure is smaller in the eastern region than in the non-

eastern region. Most studies on innovation have primarily utilized

linear regression models and overlooked the potential nonlinear

effects arising from the cumulative impact of digital transformation.

Our study recognizes the importance of considering these nonlinear

effects and their implications for regional innovation dynamics. The

relationships between different regions in China can be characterized

as both competitive and reciprocal symbiosis. The divide in digital

infrastructure generates latecomer disadvantage effects when digital

infrastructure levels fall below a certain threshold. Once this thresh-

old is surpassed, the impact of digital infrastructure shifts from a digi-

tal divide to a digital dividend. Thus, the development of digital

infrastructure has the potential to reshape co-evolution within an

innovation ecosystem and narrow the innovation gap. Overall, digital

infrastructure serves as a new driving force for the evolution of Chi-

na’s innovation ecosystem, transforming dynamics and fostering

greater innovation across regions.

These findings have significant policy implications. First, it is cru-

cial to address the innovation gap and promote the integration of

technological innovation to prevent further regional disparities dur-

ing digitalization. To narrow the innovation gap, non-eastern regions

should focus on improving their digital infrastructure and upgrading

their industrial structures to enable them to provide better external

resources for open innovation.

Second, it is important to foster the development of markets with

technological dynamism to support industrial changes within the

innovation ecosystem’s digitization process. To facilitate these devel-

opments, it is recommended to establish a digital infrastructure

industry development fund and digital technology incubation center.

These initiatives can guide social capital investment in the core areas

and key fields of digital infrastructure.

Third, in addition to greater investment in digital infrastructure,

policies should address the spillover effects of technology space to

promote collective progress among regions. Moreover, it is essential

for innovation management and technological dynamism to evolve

alongside the innovation ecosystem’s digitization process. This

ensures that the implemented policies and strategies align with the

changing digital transformation landscape.

Ample opportunities exist for further research in this field. First,

the measurement method for assessing digital infrastructure should

be enhanced, as it is evident that the four current sub-indicators are

insufficient to fully capture the level of regional digital infrastructure.

The framework should be adjusted according to the evolving IT land-

scape of information technology. Furthermore, the empirical research

presented in this study focused solely on the regional level.

Second, future studies could delve deeper into and engage in a

comprehensive analysis of the three key innovation stakeholders:

enterprises, universities, and scientific research institutions. These

entities play pivotal roles in driving innovation. Thus, exploring their

specific contributions in the context of digital infrastructure would

provide valuable insights.

Third, public infrastructure is widely acknowledged to have spa-

tial spillover effects. This aspect can be further explored to better

understand the implications and impacts of digital infrastructure

development across regions (Ahlfeldt & Feddersen, 2018; Bronzini &

Piselli, 2006; Zhang et al., 2020). Finally, whether there is a spatial

spillover effect of digital infrastructure warrants further research.
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