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Abstract: The development and application of urban digital infrastructure can alter land use patterns
and facilitate the aggregation of factors such as labor and capital, thereby influencing the land
use efficiency in cities. Based on statistical data from 279 cities in China spanning from 2004 to
2019, this study employs fixed-effects and mediation models to analyze the impact of urban digital
infrastructure on land use efficiency. The findings reveal that the construction of urban digital
infrastructure significantly promotes the enhancement of land use efficiency, with technological
innovation levels and industrial structural transformation serving as mediators between urban
digital infrastructure and land use efficiency. The impact of urban digital infrastructure on land use
efficiency exhibits heterogeneity across different city scales, urban tiers, geographic locations, and
policy implementation batches. Its effects are more pronounced in larger-scale cities, higher-tier
cities, those located in the central and western regions, and the first two batches of pilot cities. The
research findings contribute to providing theoretical references and a decision-making basis for
enhancing land use efficiency, advocating for increased investment in urban digital infrastructure
construction, encouraging technological innovation levels, and facilitating the upgrading of industrial
structural transformation.

Keywords: urban digital infrastructure; land use efficiency; a quasi-natural experiment

1. Introduction

During the period from 1950 to 2019, the world experienced a substantial surge in
its urban populace, escalating from 750 million to nearly 4.2 billion individuals. This
trend reflects an era of profound urbanization that has unfolded over seven decades. It
is projected that by the year 2050, the global urban population will exceed 6 billion, with
an urbanization rate surpassing 70% [1]. In this context, the judicious allocation and
management of land—a finite and indispensable natural asset—emerge as pivotal factors
in propelling sustainable development and meeting the escalating demands of urban
areas [2]. Land use efficiency is thus imperative for accommodating the expanding needs
of urban populations while preserving ecological integrity and fostering economic growth.
Land use efficiency is a critical measure of how effectively land is utilized to generate
economic activity. This metric has a direct bearing on the overall quality and sustainability
of urban development. As cities expand rapidly, there is often a concomitant increase in
the misallocation and waste of land resources, which can result in suboptimal land use
efficiency [3]. This phenomenon is exacerbated by the sprawling patterns of urban growth
that frequently characterize developing economies, where the pressure to accommodate
a burgeoning population and industrial activities leads to the haphazard conversion of
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agricultural and natural landscapes into urban spaces. Therefore, enhancing land use
efficiency has become more urgent than ever before.

Currently, a new wave of technological, industrial, and energy revolutions is underway
globally, with digital infrastructure rapidly gaining traction in fields such as land use. Urban
digital infrastructure plays a foundational role in the development of digital technology
and the digital economy, shifting resource allocation from physical space to digital space
and effectively integrating the distribution of resources across spatial territories. Land
use, as a mapping of economic activities in territorial space, runs through the inception,
process, and end of urban digital infrastructure construction. Enhancing urban land use
efficiency requires advancing the application of urban digital infrastructure to accelerate
the transformation of production, living, and management methods. Moreover, as a
crucial infrastructure in the digitalization process, the most direct impact of urban digital
infrastructure is the utilization of land area. Therefore, there is connection between urban
digital infrastructure and land use efficiency. However, existing literature does not provide
conclusive evidence on how urban digital infrastructure affects land use efficiency. While
some scholars have made preliminary explorations into the relationship between urban
digital infrastructure and land use, few studies focused on their interaction in terms of land
use efficiency. Furthermore, there is a lack of discussion on how urban digital infrastructure
affects land use efficiency. In light of this, this study aims to address this question.

To address the existing research gap, this study utilizes panel data from 279 Chinese
cities spanning from 2004 to 2019 to delve into the mechanisms and spillover effects of
urban digital infrastructure on land use efficiency. Additionally, this study examines the
mediating role of technological innovation and industrial structure in the process by which
urban digital infrastructure affects land use efficiency. To achieve these objectives, this study
employs a multi-period difference-in-differences analysis and mediation effect models to
test the research hypotheses.

The potential contributions of this study mainly lie in the following four aspects.
Firstly, this study reveals the relationship between urban digital infrastructure and land
use efficiency, for which a consistent conclusion has not been reached in previous research.
By employing empirical methods, this study contributes to enriching previous studies.
Secondly, this study treats the “Broadband China” Policy as a quasi-natural experiment
and employs a multi-period difference-in-differences analysis to identify the causal effect
of urban digital infrastructure on land use efficiency. In comparison to previous studies
that construct indices related to internet development to measure digital infrastructure,
this approach helps alleviate endogeneity issues that may arise from using indices to
measure digital infrastructure due to indicator errors to some extent. Thirdly, this study
contributes to the literature by identifying the underlying mechanisms through which
digital infrastructure affects land use efficiency. It investigates from the production side,
such as technological progress and production structure, providing policy implications for
the impact of urban digital infrastructure on land use efficiency. Lastly, this study identifies
the key regional characteristics that drive urban digital infrastructure to empower land
use efficiency. It explores the heterogeneity of the impact of urban digital infrastructure
on land use efficiency across different city scales, urban tiers, geographic locations, and
policy implementation batches, explaining the spatial spillover effects of urban digital
infrastructure and providing empirical evidence for the spatial optimization of urban
digital infrastructure layout. The research findings contribute to expanding the theoretical
understanding of the impact of urban digital infrastructure on land use efficiency.

The organization of the remainder of this study is put up as follows. In Section 2, we
focus on the theoretical framework of this study, and emphasis is stressed on the literature
review and research hypotheses. The model, variables, and data sources are presented in
Section 3. Section 4 analyzes the empirical results. Section 5 examines the mechanisms of
action. Section 6 conducts heterogeneity analysis, while Section 7 concludes.
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2. Literature Review and Research Hypotheses
2.1. Literature Review
2.1.1. Research on the Effects of Urban Digital Infrastructure

The economic concept of “infrastructure” can be traced back to theoretical literature
in development economics. Initially, infrastructure referred to social overhead capital,
encompassing aspects such as electricity, highways, railways, water supply, and communi-
cation [4]. Subsequently, it further expanded to include areas such as schools and hospitals.
Nowadays, with the enrichment of the academic discourse on infrastructure, most scholars
have arrived at a relatively unified conclusion. They believe that digital infrastructure refers
to industries, organizations, and institutions that provide fundamental public services to
guarantee social production and residents’ livelihoods. This mainly includes various fields
such as transportation, water and power supply, commercial services, and scientific and
technological services [5].

As an important foundation and engine driving the development of digital technology,
the significance of urban digital infrastructure is increasingly prominent. The macro and
microeconomic effects of urban digital infrastructure have also become one of hot research
topics in recent years. At the micro level, Sun et al. (2023) [6] utilized the “Broadband
China” Policy as a shock and employed the difference-in-differences analysis to investigate
the impact. They found that urban digital infrastructure can significantly increase corporate
mergers and acquisitions. Zhai et al. (2023) [7] conducted an empirical analysis based on
comprehensive panel data of A-share listed companies from 2011 to 2021. The study found
that urban digital infrastructure can promote corporate ESG performance by increasing
research and development investment, enhancing corporate management, and improving
information transparency. Tian et al. (2023) [8] utilized the recently launched nationwide
“Broadband China” Policy as a natural experiment to empirically study how digital infras-
tructure can promote inter-regional collaborative innovation among enterprises by reducing
transaction costs. At the macro level, Aschauer (1989) [9] argues that the significant decline
in productivity in the United States during the 1970s and 1980s was caused by reduced
infrastructure investment. This study advocates for increased attention and investment
in infrastructure to address the issues of declining productivity and slowing economic
growth. Xiao et al. (2024) [10] conducted empirical research using comprehensive panel
data from 240 cities in China spanning from 2009 to 2019. They found that urban digital
infrastructure can effectively reduce urban carbon dioxide emissions and promote regional
economic low-carbon sustainable development. At the macro level, research on urban
digital infrastructure also focuses on its impact on economic policies [11], employment
structure [12], industrial structure upgrading [13], resource curse [6], labor market [14], and
trade [15,16].

2.1.2. Research on the Effects of Land Use Efficiency

Land use refers to the human management and alteration of natural landscapes for
various purposes, including agriculture, forestry, urban development, and other activi-
ties [17]. Due to the finite nature and the growing demand of land resources, particularly
in regions facing land scarcity, there is a pressing need to optimize land use efficiency [18].
Enhancing land use efficiency involves employing strategies and practices that maximize
the productivity and sustainability of land resources, ensuring that the available land can
support multiple uses while preserving ecological balance and promoting economic growth.
Improving land use efficiency is essential for meeting the food security needs of a growing
population, mitigating the impacts of climate change, and conserving biodiversity. In many
countries, there are restrictions on foreigners acquiring ownership of agricultural land due
to the scarcity of land [19]. Therefore, it is imperative to enhance land use efficiency. The
concept of land use efficiency originally stemmed from agricultural land use efficiency.
In recent years, with the development of urbanization, scholars have begun to focus on
urban land use efficiency. There is no consensus in the academic community regarding the
concept and connotation of land use efficiency. Some scholars only consider the economic
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benefits of land and define land use efficiency as the ratio of actual land area input when
economic, social, and environmental factors are at their optimum levels [20]. In addition,
some scholars propose that land use efficiency can directly reflection of the coupling level
between urban systems and land use systems, serving as a key indicator for measuring
the rational allocation and efficient utilization of production factors under the backdrop
of high-quality economic development. These concepts all indicate the academic research
has extensively explored methods to enhance land use efficiency. As early as 1957, Edward
West proposed the concept of intensive land use, which involves specific production ac-
tivities aimed at increasing output and yield per unit of land area. This approach serves
to improve land use efficiency by maximizing productivity within a given land area [21].
As theoretical frameworks continue to evolve, research has incorporated new elements
such as urbanization [22], land resource allocation [23], residents’ economic activities [24],
industrial structure [25], transportation facilities [26,27], and environmental resources [28]
into the scope of the investigation. The aim is to explore the relationship between these
factors and land use efficiency, seeking to identify underlying patterns. Some scholars also
utilize specific domain-specific econometric models, such as the Watershed Health Index
Model [29], the Global Economic Model [30], etc. to analyze the impact patterns of various
factors in different domains on land use efficiency. Scholars have not only conducted
research in theoretical aspects but have also undertaken numerous relevant studies in
applied practice. Erik improves the utilization rate of urban land through institutional
means such as land banking and land consolidation [31]. Jean-Claude monitors the urban
land market and suggests that establishing a sound land price system is a feasible approach
to enhancing the utilization rate of urban land [32].

The above-mentioned studies have deepened our understanding of land utilization,
yet there are still the following shortcomings: (1) The relationship between urban digital
infrastructure and land use efficiency remains unclear. (2) Most studies are concentrated on
provincial capital cities in China or focus on mega-cities, lacking comprehensive analyses
of the prefecture-level cities in China.

2.2. Research Hypotheses

Land use efficiency is the result of the combined effects of policy, funding, technology,
and the market. From the perspective of government policies and service levels, urban
digital infrastructure is mostly applied in public administration, significantly enhancing
the transparency of government policies and the efficiency of services, as well as improv-
ing the level and quality of public services. From the perspective of the direct impact
of urban digital infrastructure on enterprises, urban digital infrastructure can alleviate
corporate financing constraints [33], enhance innovation levels [6], accelerate the digital
transformation of enterprises, and drive high-quality economic development. Especially for
comparatively underdeveloped regions, digital technology can be widely applied, leading
to breakthrough effects on the comprehensive capacity and level of urban development.
From the comprehensive perspective of urban digital infrastructure’s impact on regions,
it blurs the boundaries of time and space, breaking down market segmentation between
different regions, promoting the improvement of regional marketization levels, and facili-
tating the coordinated development of regions. In addition, urban digital infrastructure,
with data interoperability and open sharing as its development prerequisites, enables the
full realization of network effects under Metcalfe’s Law. This greatly enhances the collective
benefits of unit land factor inputs and reduces the loss of land use efficiency. Urban land
use efficiency is influenced by various factors. In the digital technology era, the level of
technological innovation and the upgrading of industrial structure serve as prominent
channels through which urban digital infrastructure affects land use efficiency.

2.2.1. Urban Digital Infrastructure, Technological Innovation, and Land Use Efficiency

The use of urban digital infrastructure facilitates communication and collaboration
among innovative entities, thereby providing a convenient avenue for accessing innovation
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resources. Essentially, urban digital infrastructure can reduce the costs of information
and technology transmission, enhance dissemination speed, and effectively facilitate the
diffusion of existing technologies and the emergence of new ones [34]. According to the
marginal cost theory, digital technology minimizes market information costs and allows
for the fastest acquisition of information. Therefore, it is inevitable that urban digital
infrastructure accelerates the pace of technological innovation and diffusion, consequently
enhancing resource allocation efficiency and driving the improvement of overall factor
productivity of enterprises. This, in turn, optimizes the structure of land resource allocation
and enhances land use efficiency. Furthermore, urban digital infrastructure strengthens
government supervisory capabilities, compelling enterprises to enhance their level of
technological innovation through strengthened regulatory oversight [35].

The improvement of land use efficiency through technological innovation can be
divided into two aspects [8]. First, it is aimed at the underlying logic of digital technology.
The digital economy relies on the application of new digital technologies such as the
Internet of Things, big data, cloud computing, and artificial intelligence, affecting land
factors through data elements from the source. For example, the gradual improvement of
urban digital infrastructure will significantly reduce transaction costs [8], and broaden the
mobility range of capital, labor, and other factors. This, in turn, will intensify the diffusion
of advanced knowledge and information, strengthening regional technological innovation
and enhancing land use efficiency. Secondly, it is oriented towards the production process.
Compared to traditional infrastructure, urban digital infrastructure can significantly reduce
human reliance on time and space in the production process through the scale application of
communication technology and information networks. At this point, a variety of functions
such as residence, work, and leisure coexist on the same unit of land, showing a trend of
compatible land use functions. The intensification and diversification of land use increase,
significantly improving the efficiency level of urban land use.

Based on the above analysis, the following hypothesis is proposed:

Hypothesis H1a: Urban digital infrastructure enhances land use efficiency by increasing the level
of technological innovation.

2.2.2. Urban Digital Infrastructure, Industrial Structure Transformation, and Land Use
Efficiency

Urban digital infrastructure plays a positive role in promoting industrial structural
transformation [36–38]. In terms of industrial structure, urban digital infrastructure plays a
pivotal role in promoting the development of industrial patterns by integrating traditional
industries and introducing entirely new formats. Digital urban infrastructure such as digi-
tized production processes, automated systems, and IOT (Internet of Things) technology
can significantly enhance production efficiency. Through real-time data monitoring, intel-
ligent control, and automated operations, enterprises can manage production processes
more efficiently, and reduce resource wastage, thereby driving industrial structures towards
more efficient and advanced directions. Additionally, urban digital infrastructure serves as
the foundation of the digital economy, driving industrial structures towards digitization
and informatization. Emerging industries such as e-commerce, online services, and digital
creative industries are flourishing, bringing greater diversification and higher value-added
elements to industrial structures.

The transformation of industrial structures can improve land use efficiency from mul-
tiple aspects [39,40]. From the perspective of industrial mobility, the transformation of
industrial structure can drive factors that meet social and economic demands to become
important driving forces for improving land use efficiency [41,42]. From a spatial perspec-
tive, industrial structural transformation can affect the spatial layout of various industries,
promoting the coordination of land resources, employment, real estate, and other functional
spaces [43]. According to Alonso’s bid-rent theory, each land use type in a city has its own
bid-rent curve [44] and optimization of industrial structure will continuously drive changes
in land use patterns. From the perspective of industrial clustering, industrial structural
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transformation can significantly reduce the difficulty and cost of geographic dissemination
of knowledge and technology through agglomeration effects [45]. By facilitating multi-level
learning, communication, and simulation, it promotes the sharing of information and
technology among industry employees [46], thereby enhancing the economic efficiency of
land use.

Based on the above analysis, we propose Hypothesis H1b.

Hypothesis H1b: Urban digital infrastructure enhances land use efficiency by facilitating
industrial structural transformation.

2.2.3. Heterogeneous Impact of Urban Digital Infrastructure on Land Use Efficiency

There are certain differences in land use efficiency between different types of digital
infrastructure in different types of cities. This study analyzes its heterogeneity from four
perspectives and explores the potential of improving land use efficiency for various types
of urban digital infrastructure.

First, differences in city scales. Larger cities often have more people and businesses,
which creates a huge demand for information flows. In this environment, digital infrastruc-
ture can provide a high-speed and efficient platform for information exchange, facilitate
the flow of information, and help people use land resources more efficiently. In contrast,
small-scale cities usually have low population density and relatively scattered economic
activities, making it difficult to form scale effects, and the industrial structure is relatively
simple, the need for information exchange and data sharing may not be as urgent as in
large cities, and there is less room for digital infrastructure to play.

Based on the above analysis, the following hypothesis is proposed:

Hypothesis H2a: For larger city scales, urban digital infrastructure plays a more significant role
in improving land use efficiency.

Second, differences in urban tiers. High-tier cities face more management challenges,
for example, traffic congestion, waste of resources, and so on. Digital infrastructure can
provide intelligent management tools, helping city managers make better use of land and
improve resource efficiency. Compared to higher-tier cities, lower-tier cities cover fewer
industries, shorter industrial chains, and less demand for information flow, therefore, the
effect was not significant in cities with lower-tier cities.

Based on the above analysis, the following hypothesis is proposed:

Hypothesis H2b: For the higher the level of the city, the more significant the role of urban digital
infrastructure in improving land use efficiency.

Third, differences in the geographical location of the city. Cities in the central and
western regions have uneven levels of development, and some areas are facing a lack of
resources and a relatively backward economy. Urban digital infrastructure can provide
important support for urban layout. Digital urban planning and land use models help
city managers formulate scientific and reasonable development strategies, optimize urban
layout, and improve land use efficiency. The eastern region usually has a relatively stable
economy and a relatively more mature market. Therefore, compared with the central and
western regions, the demand and application scenarios of digital infrastructure in eastern
cities are likely to be relatively stable.

Based on the above analysis, the following hypothesis is proposed:

Hypothesis H2c: For cities located in the central and western regions, the role of urban digital
infrastructure in improving land use efficiency is more significant.

Fourth, differences in policy implementation batches. The first two batches of pilot
cities started earlier in the investment and construction of digital infrastructure and have
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better capital accumulation and richer experience. It has demonstrated strong strength in
digital governance, data analysis, and intelligent decision-making, this enables them to
make more effective use of digital means to optimize the land use structure and improve
land use efficiency. The third batch of pilot cities started late, and the application of digital
infrastructure needs to be timely and mature over a period of time, and the policy effect
has a certain lag. In the initial stage, it may be necessary to carry out tedious work such as
system debugging and manual training making the application of technology at its best.

Based on the above analysis, the following hypothesis is proposed:

Hypothesis H2d: For cities in the first two batches of pilots, the more significant the role of urban
digital infrastructure in improving land use efficiency.

3. Research Design
3.1. Model Construction
3.1.1. Fixed Effects Model

To verify the impact of urban digital infrastructure on land resource use efficiency, this
study adopts a relatively simple method. It compares the differences in land use efficiency
before and after cities become “Broadband China” pilot cities. This is conducted to assess
the influence of this infrastructure on land use efficiency using the difference-in-differences
analysis. However, conclusions drawn from this type of difference-in-differences analysis
may not be accurate because other factors may also influence land use efficiency before
and after the establishment of “Broadband China” cities. Furthermore, other policies
released during the same period may also affect the land use efficiency of cities that have
not become “Broadband China” cities. These factors can influence the accuracy of the
conclusions drawn. The difference-in-differences analysis may not account for all these
factors and could lead to overestimation of results. Therefore, the impact of urban digital
infrastructure needs to be assessed using a more scientifically rigorous approach, such as
the difference-in-differences analysis.

To explore the impact of urban digital infrastructure on urban land use efficiency (ulue),
this study takes the “Broadband China” Policy as a quasi-natural experiment, drawing on
the research of Wang et al. (2022) [47]. We employ a multi-period difference-in-differences
analysis to elucidate the relationship between these two variables and construct the follow-
ing panel data model with fixed effects in both directions:

ulueit = α0 + α1digeit + αicontrolsit + µi + υt + εit (1)

where subscript i denotes a specific city, and subscript t denotes a specific time period.
ulueit represents the land-use efficiency of city i in year t. Digit indicates whether city i is
a “Broadband China” city in year t. α0 represents the intercept term. controlsit represents
the control variable set. µi and υt denote city fixed effects and time fixed effects. εit is
the random disturbance term. α1 represents the average impact effect of urban digital
infrastructure on land use efficiency; if α1 is greater than 0, it indicates that urban digital
infrastructure can improve urban land use efficiency; if α1 is less than 0, it indicates that
urban digital infrastructure reduces urban land use efficiency.

3.1.2. Mediation Effects Model

The urban digital infrastructure utilizes big data cloud technology and digital man-
agement methods to enhance land use efficiency through technological innovation and
industrial structure transformation as intermediaries. To validate this assertion, this study
further constructs a mediation effects model to examine whether technological innovation
and industrial structure transformation play a mediating role in the impact of urban digital
infrastructure on land use efficiency.
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Drawing on existing research [48], mediation model is adopted for linear regression
analysis, constructed as follows:

Y =
(
c′ + ab

)
X + τ1b + τ2. (2)

In this equation, c′ represents the direct effect of the independent variable X on the
dependent variable Y. ab represents the mediating effect of the independent variable X on
the dependent variable Y. τ1 and τ2 represent the residual term.

Selecting land use efficiency (ulue) as the dependent variable, urban digital infrastruc-
ture (dige) as the explanatory variable, and technological innovation (inno) and industrial
structure transformation (stru) as mediating variables, the following model is constructed.

ulueit = β0 + β1digeit + β2colit + τit, (3)

mediait = γ0 + γ1digeit + γβ2colit + τit, (4)

ulueit = ϵ0 + ϵ1mediait + ϵ2digeit + ϵ3colit + τit, (5)

In this equation, ulueit represents the land use efficiency of city i at time period t,
mediait stands for technological innovation or industrial structure transformation in city i
at time period t. colit denotes the value of control variables in city i at time period t. βi, γi
and ϵi represent the coefficient to be estimated. τit represents the random disturbance term.

3.2. Data Source
3.2.1. Explained Variable

Most literature currently utilizes Data Envelopment Analysis (DEA) to measure land
use efficiency [49]. Its advantages lie in its flexibility compared to other methods, as DEA
can assign weights to input-output indicators across different dimensions and variables [50].
Therefore, this study employs the DEA method to calculate the land use efficiency of 279
cities from 2004 to 2019. Drawing on existing research [51,52], this study constructs an
indicator system for land use efficiency from the perspectives of input and output factors.

(1) Input Indicators: In accordance with the production function, land factors are
incorporated into the production function model. At the input level, this study mainly
selects indicators from three aspects: land, capital, and labor [53]. Specifically, the land
indicator is represented by the urban construction area. Capital is represented by the
total investment in fixed assets. Labor is represented by the number of employees in the
secondary and tertiary industries.

(2) Output indicators: These indicators are selected from three aspects: economic,
social, and environmental. Economic indicators are represented by the added value of the
secondary and tertiary industries. Social indicators are represented by the total urban pop-
ulation. Environmental indicators are represented by the concentration of PM2.5. Among
them, the environmental indicator belongs to non-desired output.

Table 1 lists the specific components of the variables.

Table 1. Indicator system of land use efficiency.

Indicator Types Indicator Definitions Composition of Indicators

Input Indicators

Land urban construction area/km2

Capital total investment in fixed assets/CNY ten thousand

Labor the number of employees in the secondary and
tertiary industries/ten thousand people

Output indicators
Economic indicators the added value of the secondary and tertiary

industries/CNY ten thousand
Social indicators the total urban population/ten thousand people

Environmental indicators the concentration of PM2.5
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3.2.2. Explanatory Variables

In this study, there are a total of 279 samples of prefecture-level cities. Among them,
105 cities became “Broadband China” cities between 2014 and 2016. This provides a good
quasi-natural experiment for adopting the difference-in-differences analysis. Specifically,
the 105 “Broadband China” cities constitute the treatment group, while the remaining cities
that did not receive approval form the control group. Referring to the study by Hong et al.
(2023) [54], a dummy variable dige is set based on the event of different cities being selected
as “Broadband China” cities at different times. If a city was selected as a “Broadband China”
city during the sample period (i.e., treatment group), and the observation time is after the
year of selection, the dige variable takes the value of 1; otherwise, it takes the value of 0.

3.2.3. Control Variables

Based on previous studies on land use efficiency [55,56], this study selects research
investment (rd), population density (pop), industrial structure (is), economic development
level (eco), and education investment (edu) as control variables.

Table 2 lists the detailed information of the variables.

Table 2. Main variable definition.

Variable Variable Name Variable Symbol Calculation Method

Dependent variable land use efficiency ulue Calculating using the DEA model

Explanatory variables Urban digital infrastructure dige

If a city sample is selected as a “Broadband China” city (i.e.,
treatment group) during the observation period, and the

observation time is after the year of selection, the value of
the variable dige is 1; otherwise, it is 0.

Control variables

research investment rd Expenditure on Scientific Undertakings from Local Fiscal
Funds/Expenditure within Local Fiscal Budget

population density pop Ln (Population count/Land area + 1)

industrial structure is Ln (Gross Domestic Product (GDP) of the Three
Industries/GDP)

economic development level eco Ln (Per Capita Regional Gross Domestic Product)

education investment edu Local Fiscal Expenditure on Educational
Undertakings/Expenditure within Local Fiscal Budget

3.2.4. Mediating Variables

This study selects technological innovation level (inno) and industrial structure trans-
formation (stru) as the mediating variables. Among them, the number of regional patent
authorizations is used to measure regional innovation capacity, which can better reflect the
level of technological innovation. Industrial structure transformation is measured by the
proportion of the tertiary industry to the regional gross domestic product.

This study employs panel data encompassing 279 cities at the prefecture level and
above across China, spanning the years 2004 to 2019. Given that the Broadband China
policy was enacted from 2014 to 2016, this study covers this interval to evaluate the policy’s
effects on land use efficiency. Furthermore, the inclusion of data up to 2019 allows for
the examination of land use trends in the context of broader socioeconomic changes,
including the unprecedented influence of the COVID-19 pandemic, thereby providing a
more holistic understanding of land use dynamics in China. Data on urban construction
land area, economic, social, and other aspects were sourced from databases such as the
“China Urban Construction Statistical Yearbook”, “China Urban Statistical Yearbook”,
and “China Statistical Yearbook.” PM2.5 data were obtained from the Social Economic
Data and Application Center at Columbia University in the United States. Land use
efficiency was calculated based on collected existing data using the DEA method. Missing
data for some variables were filled by referring to various city statistical yearbooks or
using the linear interpolation method, and cities with severe missing data for individual
variables were excluded. All empirical results in this study are obtained using Stata 17.0
for regression analysis.
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4. Analysis of Empirical Results
4.1. Descriptive Statistics

Urban areas, as evidenced by the data presented in Table 3, exhibit considerable varia-
tion in land use efficiency, with an average of 0.294. The disparity is further highlighted
by the extreme values of 0.754 and 0.065, suggesting that some urban centers are highly
efficient in their land utilization, while others lag behind considerably. The standard devi-
ation of 0.144 reflects this widespread, indicating a high degree of variability in land use
efficiency among the sampled urban areas. Similarly, the digital infrastructure, represented
by the index ‘rd’, displays a range from a maximum of 0.097 to a minimum of −0.002,
with a median of 0.014. These figures reveal a mixed landscape of digital infrastructure
development within the urban context, with some cities showing substantial investment
and advancement, and others showing negligible progress or even decline. Both sets of
statistics underscore the heterogeneity in resource allocation and development priorities
across different urban locales, which could be influenced by a variety of factors, including
economic policies, technological capabilities, population density, and governance struc-
tures. The descriptive statistics for additional variables correspond with findings from
previous studies.

Table 3. Descriptive statistics.

Variable N Mean SD Min Max

ulue 4462 0.294 0.144 0.065 0.754
dige 4462 0.119 0.323 0 1
rd 4462 0.014 0.016 −0.002 0.097

pop 4462 5.760 0.843 3.354 7.223
is 4462 3.627 0.244 2.864 4.228

eco 4462 10.280 0.785 8.420 11.94
edu 4462 0.183 0.044 0.081 0.299

4.2. Baseline Return

This study first estimates the direct impact of urban digital infrastructure on land use
efficiency. Due to the difference in the timing of the establishment of “Broadband China”
cities, it provides us with a good “quasi-natural experiment”. Therefore, this study uses
the difference-in-difference analysis to evaluate the net effect of urban digital infrastructure
on land use resources. The regression results are shown in Table 4.

Table 4. Baseline regression.

(1) (2) (3) (4) (5) (6)
m1 m2 m3 m4 m5 m6

dige 0.017 *** 0.016 *** 0.016 *** 0.017 *** 0.012 *** 0.012 ***
(4.414) (4.167) (4.186) (4.199) (3.185) (3.161)

rd 0.318 *** 0.315 *** 0.319 *** 0.349 *** 0.348 ***
(3.407) (3.378) (3.420) (3.785) (3.773)

pop 0.012 0.012 0.016 0.016
(0.948) (0.973) (1.330) (1.320)

is 0.020 ** −0.017 * −0.017 *
(2.167) (−1.682) (−1.690)

eco −0.066 *** −0.066 ***
(−10.417) (−10.345)

edu 0.007
(0.189)
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Table 4. Cont.

(1) (2) (3) (4) (5) (6)
m1 m2 m3 m4 m5 m6

_cons 0.292 *** 0.288 *** 0.220 *** 0.144 * 0.931 *** 0.929 ***
(285.854) (176.020) (3.061) (1.798) (8.523) (8.482)

N 4462 4462 4462 4462 4462 4462
ctid Yes Yes Yes Yes Yes Yes
year Yes Yes Yes Yes Yes Yes
R2 0.822 0.822 0.822 0.822 0.827 0.827

Note: t statistics in parentheses; ***, **, and * indicate significant at the 1%, 5%, and 10% statistical
levels, respectively.

In Table 4, the regression results without adding control variables are depicted in
column (1), while the effects of incrementally incorporating control variables are displayed
across columns (2) to (6). The table reveals that irrespective of the number of control
variables included or their absence, the regression coefficient for “dige” remains consistently
and significantly positive. This suggests that urban digital infrastructure exerts a substantial
positive influence on land use efficiency. The findings presented in Table 4 affirm the
substantial and significant effect of urban digital infrastructure on land use efficiency.

4.3. Robustness Test

In order to ensure the stability of the core assumptions above, in this study, the
robustness test is carried out from several aspects, such as parallel trend test, placebo effect,
exclusion of some samples, exclusion of interference and promotion effect evaluation of
other policies affecting land use efficiency.

4.3.1. Parallel Trend Analysis

The difference-in-difference (DID) analysis is used on the premise that the parallel
trend test must be satisfied. That is, there was no significant difference in time trend
between the treatment group and the control group before the policy intervention. This
study draws on the practices of Beck et al. (2010) [57] and Jacobson et al. (1993) [58].
Parallel trend testing was performed by the Event Study Approach. The model settings are
as follows:

ulueit = α + ∑5
k=−10 βkDi,t0+k + γXit + µt + νi + εit. (6)

Di,t0+k is a dummy variable representing the year k after the implementation of the
“Broadband China” Policy. Specifically, t0 represents the first year of the implementation
of the “Broadband China” Policy in pilot cities, and k represents the k-th year of the pilot
implementation of the “Broadband China” Policy. Corresponding to the baseline regression
model, the year before the implementation of the “Broadband China” Policy is taken as
the baseline year. In Equation (2), k ̸= 1. The coefficient βk is the key variable of interest
in the parallel trends test. This coefficient reflects the degree of difference in land use
efficiency between the treatment group and the control group cities before and after the
pilot implementation of the “Broadband China” Policy. If βk is not significantly different
from 0 during the period k < 0, indicating a relatively flat trend; it is considered to pass the
parallel trend test.

The regression results obtained by Equation (6) are shown in Figure 1. The regression
coefficients before the policy were not significant. Thus, there was no significant difference
between the experimental group and the control group during this period, and the parallel
trend hypothesis is valid. The test of dynamic effects shows that on the one hand, the impact
of urban digital infrastructure on land use efficiency has a short-term lag. It is reflected
in the policy effect, and there is no significant impact from the current period to the third
year after that. From the fourth year onwards, it showed a significant positive effect. On
the other hand, the policy impact is long-term. Judging by the regression coefficient, the
growth trend has been maintained since the 2nd~5th year, indicating that the positive
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impact effect of the policy effect has been increasing with the passage of time. This may be
due to the fact that in the early days of urban digital infrastructure construction. Although
the land area, energy consumption, and personnel input have increased to varying degrees,
it is difficult to reflect in the short term. There is a certain time lag. With the continuous
improvement of the overall planning and integrated development within the city, more
comprehensive and long-term hidden dividends have begun to continue to promote the
efficient use of catalyzed land, which in turn is reflected in the long-term impact effect.
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4.3.2. Placebo Effect

In this study, a placebo test is used to further verify whether the impact of urban
digital infrastructure on land use efficiency is due to other unobservable factors [27,59]. The
specific operation is to randomly select the “pseudo-experimental group” with the same
number as the original experimental group in the sample. It is assumed that these cities
are “Broadband China” cities, and other cities are used as control groups. The sample was
repeatedly estimated after 1000 replicates, and finally the regression results of 1000 times
“as policy dummy variables” were obtained. The regression coefficients of the randomly
selected samples were compared with the baseline regression estimation coefficients. If
there are significant differences, it is considered that the policy effects studied in this
study are not due to other unobservable factors. The results are shown in Figure 2, the
regression coefficients were centrally distributed around the value of coefficient 0, which
was significantly different from the coefficient of benchmark regression 0.012. It shows that
the target of the “Broadband China” city treatment group set up immediately has no impact
on land use efficiency, and it can be deduced that the policy effect is real. The conclusion
remains robust.
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4.3.3. Exclude Partial Samples

Considering that the level of urban digital infrastructure construction in megacities
and provincial capitals is much higher than that of other prefecture-level cities, In this study,
re-entry was performed after excluding these cities to remove bias from the population
estimates. The estimates are shown in column (1) of Table 5. Clearly, the construction of
urban digital infrastructure can significantly improve the land use efficiency. The conclusion
remains solid.

Table 5. Exclusion of partial sample regression results.

(1)
Exclude Partial Samples

dige 0.010 ***
(2.640)

rd 0.348 ***
(3.761)

pop 0.015
(1.233)

is −0.013
(−1.325)

eco −0.065 ***
(−10.154)

edu −0.003
(−0.082)

_cons 0.918 ***
(8.396)

N 4398
ctid Yes
year Yes
R2 0.826

Note: t statistics in parentheses; *** indicates significant at the 1% statistical level.

4.3.4. Eliminate Interference from Other Policies That Affect Land Use Efficiency

In addition to the “Broadband China” Policy, there may also be other policies that
affect land use efficiency in cities during 2004~2019. For example, the “National Big Data
Comprehensive Experimental Zone”, the Smart City Pilot Policy, and the Low-Carbon
City Pilot Policy. In order to accurately identify the policy effects of the “Broadband



Land 2024, 13, 404 14 of 24

China” Policy, it is necessary to further exclude other policies that affect land use efficiency.
Therefore, this study sets the above three policies as controls separately. Specifically, dummy
variables are used to reflect the impact of the above policies, and the dummy variables
representing these three policies are used as the control variables of model (1) for control
and estimation, the regression results are shown in Table 6. Columns (1) to (3) are the
regression results of joining the “National Big Data Comprehensive Experimental Zone”,
the smart city pilot policy, and the low-carbon city pilot policy, respectively, column (4) is
the regression result of adding all of the above policies to model (1). The coefficients of the
explanatory variables are all significantly positive, which shows that the conclusion of the
benchmark regression is still robust after excluding policy interference.

Table 6. Exclude other policies from interfering with the regression results.

(1) (2) (3) (4)
m1 m2 m3 m4

dige 0.021 *** 0.008 ** 0.007 * 0.007 *
(5.368) (2.089) (1.822) (1.903)

National Big Data Comprehensive
Experimental Zone 0.014 *** 0.011 **

(2.920) (2.565)
Smart City Pilot Policy 0.001 0.000

(0.384) (0.116)
Low-Carbon City Pilot Policy 0.013 *** 0.013 ***

(2.819) (2.877)
rd 0.374 *** 0.322 *** 0.317 *** 0.326 ***

(4.092) (3.145) (3.112) (3.191)
pop 0.009 −0.019 −0.018 −0.024

(0.762) (−1.090) (−1.045) (−1.371)
is −0.008 −0.095 *** −0.093 *** −0.092 ***

(−0.790) (−7.616) (−7.430) (−7.356)
eco −0.060 *** −0.067 *** −0.067 *** −0.063 ***

(−9.432) (−8.805) (−8.836) (−8.007)
edu 0.017 −0.056 −0.063 −0.066

(0.454) (−1.069) (−1.220) (−1.269)
_cons 0.876 *** 1.452 *** 1.439 *** 1.420 ***

(8.171) (10.187) (10.117) (9.971)
N 4342 2947 2947 2947

ctid Yes Yes Yes Yes
year Yes Yes Yes Yes
R2 0.836 0.837 0.837 0.838

Note: t statistics in parentheses; ***, **, and * indicate significant at the 1%, 5%, and 10% statistical
levels, respectively.

4.3.5. Evaluation of Promotion Effect

The “Broadband China” Policy is piloted in some cities and then extended to more
places. The test of the effect of policy promotion is the basis for the overall promotion
of the pilot policy, and it is also one of the meanings of the three batches of policy pi-
lots of the “Broadband China” Policy. With the promotion of the pilot policy, the policy
advantages and dividends enjoyed by urban digital infrastructure have declined compara-
tively. Whether urban digital infrastructure can continuously improve land use efficiency,
that is, its promotion effect, is an important question to be examined in this study, as the
“Broadband China” Policy is piloted in batches in different years. This study examines
the effect of different batches of policies, identifying the diffusion effect of urban digital
infrastructure. Specifically, multiplying the policy variables of the first batch, the first two
batches, and all three batches of pilot cities by the temporal dummy variables, respectively,
to get the interaction item dige. Under the setting of the benchmark model, the regression
results of this variable in different batches reflect the promotion effect of the pilot policy.
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The estimates were made according to the settings of model (1) and the results are shown
in Table 7.

Table 7. Results of the “Broadband China” policy promotion effect.

(1) (2) (3)
m1 m2 m3

dide 0.006 *** 0.003 *** 0.002 ***
(10.346) (6.417) (5.298)

rd 0.227 ** 0.291 *** 0.320 ***
(2.470) (3.151) (3.465)

pop 0.007 0.016 0.018
(0.598) (1.300) (1.432)

is −0.013 −0.016 −0.017 *
(−1.349) (−1.612) (−1.673)

eco −0.058 *** −0.062 *** −0.064 ***
(−9.188) (−9.796) (−10.132)

edu −0.026 −0.015 −0.006
(−0.679) (−0.389) (−0.166)

_cons −0.716 *** −0.617 ** −0.726 **
(−3.682) (−2.299) (−2.161)

N 4462 4462 4462
ctid Yes Yes Yes
year Yes Yes Yes
R2 0.831 0.828 0.827

Note: t statistics in parentheses; ***, **, and * indicate significant at the 1%, 5%, and 10% statistical
levels, respectively.

As shown in Table 7, with the pilot policy extended to more cities, the impact of urban
digital infrastructure on land use efficiency remains significantly positive. Judging from the
magnitude of the coefficients, the policy has a promotion effect. However, with the increase
in the number of cities and the scope of promotion, the impact of the policy has weakened.
This may be because the second and third batches of pilot cities have relatively shorter
periods of policy implementation. The policy effects exhibit lags and longer cycles, and
the policy dividends have not been fully realized yet. With the increase in implementation
years, the promotion effect of urban digital infrastructure on land use efficiency may
further strengthen.

5. Mechanism Analysis
5.1. Technological Innovation

In order to further explore the mechanism of urban digital infrastructure on land use
efficiency, based on the theoretical analysis in previous sections, this study takes techno-
logical innovation as the mediator variable and adopts a step-by-step testing approach to
verify the existence of the mediation effect. The results of the mediation test are shown
in Table 8. In column (1) of Table 8, the coefficient of urban digital infrastructure is 0.01,
passing the 10% significance level test. In column (2), the coefficient of urban digital in-
frastructure is 0.344, passing the 10% significance level test, indicating that urban digital
infrastructure enhances the level of technological innovation. In column (3), after adding
the technological innovation mediator variable, the coefficient of technological innovation
is 0.025, and it is significant at the 10% level. This indicates that technological innovation is
the mechanism through which urban digital infrastructure enhances land use efficiency,
effectively validating Hypothesis H1a.
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Table 8. Mediation test results of technological innovation.

(1) (2) (3)
ulue inno ulue

dige 0.010 *** 0.344 *** 0.002
(2.641) (10.896) (0.436)

inno 0.025 ***
(13.238)

rd 0.347 *** 14.546 *** −0.021
(3.745) (19.608) (−0.223)

pop 0.015 0.538 *** 0.001
(1.219) (5.475) (0.111)

is −0.013 −0.357 *** −0.004
(−1.333) (−4.452) (−0.439)

eco −0.065 *** −0.525 *** −0.052 ***
(−10.142) (−10.249) (−8.131)

edu −0.003 1.848 *** −0.050
(−0.090) (6.009) (−1.330)

_cons 0.920 *** 3.319 *** 0.836 ***
(8.408) (3.789) (7.787)

N 4390 4390 4390
ctid Yes Yes Yes
year Yes Yes Yes
R2 0.825 0.680 0.832

Note: t statistics in parentheses; *** indicates significant at the 1% statistical level.

5.2. Industrial Structure

Regression results are presented in Table 9 using industrial structure as a mediator
variable. In column (1), the coefficient of urban digital infrastructure is 0.012, significant
at the 10% level. In column (2), the coefficient of urban digital infrastructure is 0.006,
significantly positive. This indicates that urban digital infrastructure can promote industrial
structure transformation. Column (3) reports the regression results when both digital
infrastructure and industrial structure are included in the model simultaneously. It can be
observed that digital infrastructure can enhance land use efficiency by promoting industrial
structure transformation, validating Hypothesis H1b.

Table 9. Mediation test results of industrial structure transformation.

(1) (2) (3)
ulue stru ulue

dige 0.012 *** 0.006 *** 0.011 ***
(3.161) (4.125) (2.929)

stru 0.139 ***
(3.612)

rd 0.348 *** −0.143 *** 0.368 ***
(3.773) (−3.846) (3.986)

pop 0.016 −0.012 ** 0.018
(1.320) (−2.457) (1.459)

is −0.017 * 1.032 *** −0.160 ***
(−1.690) (256.340) (−3.916)

eco −0.066 *** −0.015 *** −0.064 ***
(−10.345) (−5.928) (−9.986)

edu 0.007 0.038 ** 0.002
(0.189) (2.425) (0.053)
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Table 9. Cont.

(1) (2) (3)
ulue stru ulue

_cons 0.929 *** 0.103 ** 0.915 ***
(8.482) (2.328) (8.358)

N 4462 4462 4462
ctid Yes Yes Yes
year Yes Yes Yes
R2 0.827 0.991 0.827

Note: t statistics in parentheses; ***, **, and * indicate significant at the 1%, 5%, and 10% statistical
levels, respectively.

6. Heterogeneity Analysis

Through multiple robustness tests, this study validates the impact and mechanism of
urban digital infrastructure on land use efficiency under the full sample status. However, it
is worth noting that there may be differences in the utility of urban digital infrastructure
on land use efficiency across different regional attributes and institutional settings. To
investigate the potential heterogeneity in the promoting effect of urban digital infrastructure
on land use efficiency, this study primarily examines several dimensions including city
scales, urban tiers, geographic locations, and policy implementation batches.

6.1. City Scales

To further examine whether the effect of urban digital infrastructure on land use
efficiency varies with different urban scales, this study categorizes cities with a permanent
population greater than 5 million as large cities, and cities with a permanent population
less than or equal to 5 million as medium and small cities. The regression results are
shown in columns (1) and (2) of Table 10. It can be observed that for medium and small
cities, the effect of urban digital infrastructure on land use efficiency is not statistically
significant. However, in large cities, urban digital infrastructure can significantly promote
land use efficiency. It can be observed that for medium and small cities, the effect of urban
digital infrastructure on land use efficiency is not statistically significant. However, in
large cities, urban digital infrastructure can significantly promote land use efficiency. The
reason may be that in large cities, owing to their larger economic scales, greater resources,
more complex urban systems, and increased government support and investment, urban
digital infrastructure is more likely to have a significant impact on their land use. The
diversified industrial structure and complex land use requirements in large cities enable
digital technologies to optimize resource utilization, enhancing the multifunctionality
and comprehensive utilization benefits of the land. On the contrary, medium and small
cities may face challenges such as relatively limited resources, smaller scales, and lower
levels of digital literacy among residents. This leads to urban digital infrastructure having
a less significant impact on land use in these cities. Therefore, the influence of urban
digital infrastructure on urban land use efficiency is significantly affected by the city scale.
Hypothesis 2a is valid.

Table 10. Heterogeneity analysis of urban scale.

(1) (2)
Medium and Small Cities Large Cities

dige −0.002 0.011 **
(−0.395) (2.005)

rd 0.083 0.801 ***
(0.654) (6.277)
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Table 10. Cont.

(1) (2)
Medium and Small Cities Large Cities

pop −0.048 ** 0.032 **
(−2.121) (2.398)

is −0.061 *** −0.044 ***
(−4.302) (−2.977)

eco −0.060 *** −0.075 ***
(−6.470) (−8.318)

edu −0.178 *** 0.136 ***
(−3.081) (2.640)

_cons 1.456 *** 0.957 ***
(8.738) (6.754)

N 2295 2166
ctid Yes Yes
year Yes Yes
R2 0.814 0.903

Note: t statistics in parentheses; *** and ** indicate significant at the 1% and 5% statistical levels, respectively.

6.2. Urban Tiers

Generally speaking, municipalities directly under the central government, sub-
provincial cities, and provincial capitals serve as regional political and economic centers.
They are also hubs for capital, talent, data, and other technological innovation elements.
These factors may lead to differences in the impact of urban digital infrastructure on land
use efficiency across different city grades. Table 11 divides sample cities into two groups
for grouped regression analysis: ordinary cities and core major cities. Core major cities
include municipalities directly under the central government, sub-provincial cities, and
provincial capitals, while other cities are categorized as ordinary cities. The estimation
results indicate that the impact of urban digital infrastructure on land use efficiency in core
major cities is significantly positive, while in ordinary cities, it is not statistically significant
due to policy influence. The significant positive impact of urban digital infrastructure
on land use efficiency in core major cities can be attributed to various factors. Firstly,
large cities have a more complex and diverse industrial structure. Digital technologies are
more easily coordinated and integrated within them, enhancing the multifunctionality of
land. Secondly, core major cities possess larger economic scales and higher population
densities. Urban digital infrastructure is more likely to achieve economies of scale in such
cities, better supporting urban management, public services, and industrial development,
significantly enhancing land use efficiency. Additionally, large cities typically receive more
government policy support and investment. Governments in these cities are more likely to
enact proactive digital policies, effectively promoting the application of digital technologies
in land use. In terms of innovation and development needs, large cities place greater
emphasis on the development of high-end industries, where urban digital infrastructure
exhibits more significant applications in these areas. On the contrary, some ordinary cities
may experience relatively smaller impacts on land use efficiency improvement from urban
digital infrastructure due to factors such as a more singular industrial structure, lower
government investments, and lower digital demands from residents and businesses. The
Hypothesis H2b has been validated as correct.
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Table 11. Analysis of urban grade heterogeneity.

(1) (2)
Ordinary Cities Core Major Cities

dige 0.005 0.024 *
(1.100) (1.957)

rd 0.159 0.646 ***
(1.623) (2.708)

pop 0.007 0.104
(0.548) (1.456)

is −0.003 −0.230 ***
(−0.264) (−4.087)

eco −0.055 *** −0.055 **
(−8.366) (−2.341)

edu −0.064 0.268
(−1.632) (1.333)

_cons 0.849 *** 0.879
(7.676) (1.467)

N 4153 304
code Yes Yes
year Yes Yes
R2 0.816 0.353

Note: t statistics in parentheses; ***, **, and * indicate significant at the 1%, 5%, and 10% statistical
levels, respectively.

6.3. Geographic Locations

Given the vast geographical expanse of China and significant disparities in natural
resources and economic development levels between the eastern, central, and western
regions, this study explores whether the impact of urban digital infrastructure on land use
efficiency exhibits regional heterogeneity. As indicated by Table 12, there is clear regional
heterogeneity in the impact of urban digital infrastructure on land use efficiency. Specifically,
in central and western regions, the enhancement of urban digital infrastructure has a greater
effect on land use efficiency. Possible reasons include, firstly, that cities in the central and
western regions are relatively in earlier stages of development compared to those in the
eastern region. The introduction of urban digital infrastructure can significantly propel the
digital transformation of these cities. Secondly, the central and western regions face stronger
government policy directives. Governments in these regions are more actively supportive
of the development of urban digital infrastructure, thereby significantly enhancing land
use efficiency. Furthermore, cities in the central and western regions exhibit relatively
more flexible land demands and planning. Urban digital infrastructure can better meet
the increasing land demands in these areas and enhance the multifunctionality of land. In
contrast, due to their higher development levels and more mature policy frameworks, the
impact of urban digital infrastructure on land use efficiency in eastern cities is relatively
smaller. Overall, urban digital infrastructure is more likely to significantly enhance land use
efficiency in central and western cities, while its impact in eastern cities is less significant
due to policy and development level influences. The Hypothesis H2c is correct.

Table 12. Regional heterogeneity regression results.

(1) (2)
Eastern Central and Western

dige −0.002 0.010 **
(−0.324) (2.147)

rd 0.683 *** 0.309 ***
(2.715) (2.615)
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Table 12. Cont.

(1) (2)
Eastern Central and Western

pop −0.132 ** −0.033 *
(−2.027) (−1.800)

is −0.183 *** −0.086 ***
(−5.146) (−5.466)

eco −0.043 *** −0.047 ***
(−2.598) (−4.304)

edu 0.167 −0.030
(1.361) (−0.409)

_cons 2.163 *** 1.268 ***
(4.623) (7.746)

N 921 1293
ctid Yes Yes
year Yes Yes
R2 0.709 0.874

Note: t statistics in parentheses; ***, **, and * indicate significant at the 1%, 5%, and 10% statistical levels,
respectively.

6.4. Policy Implementation Batches

As mentioned earlier, there are differences in the requirements for applying cities for
the pilot policies of “Broadband China” cities in different batches. That is, the pilot policies
of different batches not only have differences in the impact of urban digital infrastructure
on land use efficiency over time but also imply heterogeneity in individual city charac-
teristics and their effects. This study constructs dummy variables for different batches
and interaction terms with the core explanatory variables dige and uses a triple difference
model to test the heterogeneity of batches. As shown in Table 13, the coefficient of the first
batch of pilots is significantly positive, the second batch is significantly negative, and the
coefficient of the third batch is positive but not significant. This indicates a nonlinear trend
of “promoting effect–inhibiting effect–no promoting effect” in the impact of urban digital
infrastructure on land use efficiency. The Hypothesis H2d has been validated as effective.

Table 13. The regression results of batch heterogeneity.

(1) (2) (3)
First Batch Second Batch Third Batch

dige × 1st 0.0418 ***
(7.5691)

dige × 2nd −0.0098 ***
(−3.3499)

dige × 3rd 0.0004
(0.1663)

rd 0.2999 *** 0.3738 *** 0.3689 ***
(3.2608) (4.0617) (4.0026)

pop 0.0101 0.0127 0.0155
(0.8235) (1.0282) (1.2582)

is −0.0130 −0.0185 * −0.0183 *
(−1.3061) (−1.8494) (−1.8318)

eco −0.0612 *** −0.0680 *** −0.0675 ***
(−9.6592) (−10.7605) (−10.6683)

edu −0.0028 0.0219 0.0165
(−0.0742) (0.5712) (0.4293)
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Table 13. Cont.

(1) (2) (3)
First Batch Second Batch Third Batch

_cons 0.9067 *** 0.9787 *** 0.9572 ***
(8.3376) (8.9517) (8.7579)

N 4462 4462 4462
ctid Yes Yes Yes
year Yes Yes Yes
R2 0.8287 0.8268 0.8263

Note: t statistics in parentheses; *** and * indicate significant at the 1% and 10% statistical levels, respectively.

7. Conclusions and Policy Implications

This study first theoretically analyzes how urban digital infrastructure affects land use
efficiency and the mediating role of technological innovation and industrial structure. It
is believed that urban digital infrastructure has a positive impact on land use efficiency.
Based on the panel data of 279 prefecture-level cities in China from 2004~2019, this study
uses the multi-period difference-in-difference analysis and the Difference-in-Difference-in-
Difference method to carry out an empirical study and draws the following conclusions:
(1) Urban digital infrastructure has a significant role in promoting land use efficiency.
This conclusion is still valid under multiple robustness strategies such as parallel trend
hypothesis test, placebo test, exclusion of some samples, exclusion of interference from
other policies affecting land use efficiency, and evaluation of promotion effect. (2) At the
current stage of development, technological innovation and industrial structure upgrading
showed a mediating effect in the impact of urban digital infrastructure on land use efficiency.
(3) The impact of urban digital infrastructure on land use efficiency is heterogeneous in
different city scales, urban tiers, geographic locations, and policy implementation batches.

Land is a fundamental resource vital to human existence and progress, ranking among
the most precious assets. Its usage is safeguarded by stringent legal regulations. Efficient
land management and the enhancement of land use efficiency are critical not only in satisfy-
ing societal demands for habitation, industrial output, and daily life but also in preserving
the ecological balance and advancing sustainable economic growth. Consequently, fortify-
ing land use efficiency is of utmost importance. Enhancing land use efficiency is imperative
and necessitates collaborative endeavors from governments, corporations, and civil society.
These stakeholders must work together to formulate and enact comprehensive policies and
legislation aimed at ensuring the prudent utilization and conservation of land resources.
Drawing upon the insights gleaned from the aforementioned research findings, this study
presents several key observations.

Accelerate the application and popularization of urban digital infrastructure. Urban
digital infrastructure has become an important driving force for urban economic develop-
ment. Based on the development foundation of cities, promoting the orderly application
and popularization of urban digital infrastructure in urban economic development, corpo-
rate innovation cooperation, and residents’ production and living is crucial. This facilitates
rapid development and enhancement of various places within the urban area along the
industrial chain.

Elevating land use efficiency should be given priority in urban digital infrastructure
planning. Currently, the enhancement of land use efficiency is not explicitly listed as a core
objective in the development of urban digital infrastructure. However, its significance for
deepening reform and achieving high-quality development in urban digital infrastructure
cannot be overlooked. It is recommended that the government strengthen the emphasis on
land use efficiency when planning and formulating policies for the development of urban
digital infrastructure.

To address the issue of uneven effects of urban digital infrastructure on land use
efficiency due to variations in city scales, urban tiers, geographic locations, and policy im-
plementation batches, efforts should be made to facilitate the dissemination of experiences
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and sharing of achievements in the development effects of urban digital infrastructure
across different regions. This entails coordinating digital economic development poli-
cies at different stages, including targeted resource allocation, policy goal setting, and
their alignment.

This study has some limitations. Firstly, due to constraints in data acquisition, the
construction of indicators for land use efficiency is not perfect. In future research, we
will keep pace with the times and improve these indicators by incorporating the latest
studies. Secondly, regarding the influencing mechanisms, this study only considers factors
from the production side, such as technological progress and industrial structure. In the
future, we will expand our analysis to encompass both production and consumption
dimensions, thereby gaining a more nuanced understanding of the influence exerted by
urban digital infrastructure on land use efficiency. Moreover, as we collectively transition
into the digital economy era, the role of urban digital infrastructure in shaping both our
production methods and lifestyle choices is becoming increasingly prominent.
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