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Introduction: Improving land use efficiency is a necessary way to promote
sustainable urban development. The objective of this study is to examine the
issue of land green use efficiency (LGUE) in resource-based cities and analyze the
impact of digital transformation on LGUE. The research utilizes data from 113
resource-based cities in China spanning from 2008 to 2020.

Methodology: Firstly, using the stochastic frontier analysis (SFA) to measure
LGUE in China cities, this paper investigates the spatial and temporal evolution of
LGUE in different cities. Then, this paper explores the impact of digital
transformation on the LGUE of resource-based cities based on the broadband
China policy using the DID method.

Findings: According to the data measured by the SFA, it is found that resource-
based cities are 20.4% lower than non-resource-based cities. An in-depth study
found that digital transformation significantly improves LGUE, and the effect is
greater in resource-based cities, which is a powerful tool to solve the difficulty of
LGUE in resource-based cities. Specifically, digital transformation helps to
improve the LGUE of resource-based cities enhance by technological
innovation and industrial structure upgrading, and alleviating land
factor mismatch.

Discussion: It is not only necessary to guide and encourage the in-depth
integration of traditional industries with digital technology to enhance the
digital transformation of resource-based cities, but also to continuously
optimize the allocation of land resources between regions and narrow the
gap in LGUE between cities.
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1 Introduction

With the continuous development of industrialization and urbanization, countries have
intensified the use of land resources. However, the transformation of land resources from their
natural state to urban construction land is usually irreversible (Torrey and Jolly, 1993), which has
triggered a great deal of attention to the rational and full utilization of land resources. China is a
populous country, andChina’s urbanization rate has grown from 17.9% in 1978 to 65.2% in 2022.
The massive rural-urban migration and industrial development have exacerbated the
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consumption of land resources and triggered serious land-use problems,
including the loss of arable land, inefficient allocation of land resources,
land resource tension, and unbalanced urban-rural development (Liu
et al., 2014; Huang and Song, 2019), which has attracted extensive
attention from the political and academic circles. How to coordinate land
use, promote the effective distribution of land resources, and improve the
efficiency of land use has become the key to alleviate land use problems.

Resource-based cities are formed and developed through the
development and processing of abundant natural resources
(Martinez-Fernandez et al., 2012), and urban development is often
characterized by a high degree of dependence on resource-based
industries, a single industrial structure, and distorted factor
allocation. According to the definition of resource-based cities in the
National Sustainable Development Plan for Resource-Based Cities
(2013–2020), there are 262 resource-based cities in China (116 of
which are prefecture-level cities), accounting for 30% of all cities in
developing countries (Li et al., 2021). Resource-based cities provide a
variety of basic raw materials for economic growth and contribute
greatly to economic development. However, the development of
resource-based cities is constrained by the characteristics of
industrial structure and the dependence on the environment, and
the land green use efficiency (LGUE) is often low. Some research
has been found that land use problems aremore prominent in resource-
based cities because of their higher degree of resource dependence and
more serious ecological damage (Chen et al., 2019a; Ge and Liu, 2021).
According to the datameasured by the stochastic frontier analysis (SFA)
in this paper, on average, the LGUE of resource-based cities is 20.4%
lower than that of non-resource-based cities. The study in this paper
confirms the land use dilemma in resource-based cities.

How to improve the LGUE of resource-based cities is a top priority
for alleviating land tension and developing green economy. Most of the
existing studies have explored how to improve land use efficiency from
the aspects of economic development and industrial structure (Masini
et al., 2019; Koroso et al., 2020; Liu et al., 2021), and few studies have
explored the impact of digital transformation on LGUE. Tang et al.
(2022) found that the efficiency of technology use is themain constraint
on land use efficiency (Tang and Chen, 2022).Tang and Chen (2022)
found that digital construction can effectively improve the green use
efficiency of regional cropland, confirming the favorable contribution of
digital transformation to land use (Tang et al., 2022). Some studies have
also explored the economic effects of digital land use planning
(Hersperger et al., 2022; Adade and Vries, 2023; Kyriakopoulou and
Picard, 2023). However, there is a lack of research on the factors
influencing the LGUE of resource cities, and how digital transformation
affects the LGUE of resource-based cities is still unknow.

The innovations of this paper compared to the existing studies
are as follows. Firstly, based on the SFA, we measured the LGUE of
resource-based cities and non-resource-based cities, and explored
the spatial and temporal evolution characteristics of the LGUE of
resource-based cities. Secondly, we explore the mechanism of
improving LGUE from the aspects of technological innovation
and technological application capacity, and the mechanism of
digital transformation affecting LGUE, which supplements the
existing literature. Thirdly, in combination with the “Broadband
China” policy, we use the differences-in-differences (DID) method
to empirically test the impact and mechanism of digital
transformation on LGUE, which effectively overcomes the bias of
the estimation caused by the endogeneity problem.

The next part of this paper is arranged as follows. The second part is
a literature review, combing the relevant literature from the
measurement of LGUE and its influencing factors, and pointing out
the deficiencies and gaps in the existing literature. The third part
theoretically analyzes how to improve the LGUE, and combs
through the mechanism of the impact of digital transformation on
the LGUE. The fourth part utilizes the SFA approach to measure the
LGUE, and analyzes the spatial and temporal evolution characteristics
of LGUE in Chinese cities. The fourth part is data description and
research methods, and the fifth part is the empirically results, analyzes
the impact of digital transformation on LGUE based on the Broadband
China policy. The sixth part is the conclusion.

2 Literature review

From the existing literature, relevant studies have done a lot of
analysis mainly from the aspects of land use efficiency measurement
and its influencing factors, but there are not many studies exploring
the impact of LGUE from the perspective of digital transformation.

Regarding land use efficiency, studies have pointed out that the
development of urbanization and industrialization needs to consume a
large amount of land resources, resulting in urban land resources
becoming more scarce, and how to improve land use efficiency and
promote the sustainable use of land is the key to solving the land
problem (Liu, 2018). Therefore, the study of land use efficiency is of
great significance for high-quality urban development. Some research
pointed out that the rapid process of China’s urbanization has really
increased the scarcity of urban construction land (Liu and Ravenscroft,
2017). In terms of urban land use efficiency measurement, mainstream
methods include SFA, data envelopment analysis (DEA), and SBM
model (Chen et al., 2016; Jia et al., 2017; Yu et al., 2019). Compared with
other methods, the advantage of the SFA is that it can separate the
random interference term from the technical inefficiency term and
reduce the influence of random factors, and for the selection of the
production function, it can use the transcendental logarithmic function
that is more flexible, easy to estimate and inclusive. So it is widely used
in the measurement of land use efficiency (Liu et al., 2020). This
provides the theory and methodology for the study in this paper.

Since land use efficiency affects resource consumption and
environmental pollution, people have begun to pay more attention to
LGUE. Relevant studies have pointed out that because urban industrial
development can create tax revenue for the government, industrial land
is often oversupplied in urban construction land and the price of the land
is low, resulting in a mismatch of land resources. The oversupply of
industrial land reduces enterprise costs, squeezes the resources of
emerging enterprises, and reinforces the structural rigidity of low-end
industries, which together form a crude economic development model
that exacerbates resource consumption and environmental pollution in
the long run (Xie et al., 2022). Improving land use efficiency not only
improves the efficiency of industrial inputs and facilitates the treatment
of industrial pollutants (Peng et al., 2017; Li et al., 2021), but also
ameliorates environmental pollution and CO2 emissions by shortening
commuting distances, promoting industrial transformation, and
improving transportation efficiency (Zhang et al., 2018; Dong et al.,
2020). On this basis, some studies have considered the comprehensive
benefits of economy, ecology, and society when analyzing land use
efficiency (Lu et al., 2020; Tan et al., 2021), and focused on the LGUE.
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For this reason, this paper focuses on the LGUE from an environmental
perspective.

Regarding the influencing factors of land use efficiency, most of
the existing literature discusses how to improve land use efficiency
from the aspects of economic development, residents’ income,
industrial structure, etc. Some scholars studied the land use
efficiency of 417 metropolitan cities in Europe, and found that
residents’ income and wealth affect land use efficiency, and,
specifically, wealthier cities tend to have higher land use
efficiency (Masini et al., 2019). Some scholars studied land use
efficiency in Ethiopia from the perspective of urban land lease policy
and concluded that factors such as increasing land productivity and
ensuring sustainable urban growth are key to improving land use
efficiency (Koroso et al., 2020). In addition, some research have
found that industrial restructuring not only promotes intensive land
use in local areas, but also has a large radiation effect on other areas
(Peng et al., 2017), while affecting urban land use efficiency by
changing the urban land use structure and promoting the
reconfiguration of land resources in various industrial sectors
(Liu et al., 2021). Some research also explored the impact of
urban land use efficiency from the perspective of factor mobility,
and found that labor and capital factor mobility has a promotional
effect on land use efficiency (Lu et al., 2022).

In recent years, more and more literature has begun to focus on
the value of digital technology applications, exploring the
relationship between digital transformation and business
performance and technological innovation from a micro
perspective (Bouwman et al., 2019; Ribeiro-Navarrete et al., 2021;
Wu et al., 2023), and analyzing the digital economy from a macro
perspective impact on macroeconomic stability, carbon emissions
(Bertani et al., 2021; Li and Wang, 2022; Ma et al., 2022; Luo and
Yuan, 2023). In addition, digital transformation contributes to green
technological innovation and industrial structure transformation,
thus affecting green economic growth (Hao et al., 2023). Thus,
digital transformation plays an important role in technological
innovation and improving environmental performance, and
influences the regional industrial structure, which in turn has a
profound impact on the efficiency of green land use. However, the
existing literature lacks to explore the impact of LGUE from the
perspective of digital transformation, and its transmission
mechanism is not yet clear. The study in this paper will be a
useful addition to the field.

3 Theoretical analysis

3.1 Theoretical analysis of LGUE

The SFA was first proposed by Aigner (Aigner et al., 1977), aiming
to explore the gap between the actual output of each unit within the
economic system and the optimal output, so as to characterize the
ability to achieve optimal production under the given conditions. In
reality, due to various frictions and impediments, production subjects
often deviate from the optimal production state in practice, resulting in
inefficiency. Therefore, the production subject in the given conditions,
through continuous adjustment of production inputs, technology
application, etc. to ensure that the production process of output
maximization and profit maximization goals.

As far as land use is concerned, land and factors such as capital
and labor are used as actual inputs for production, and the output
component includes both the actual outputs of various sectors of the
economy (desired outputs) and the pollution emissions caused by
production (non-desired outputs). Under the conditions of
comprehensive consideration of desired and non-desired outputs,
the efficiency of green land use, can be measured. This is done by
considering pollution emissions as a consumption of environmental
resources, i.e., pollution emissions are included in the super-efficient
production function as a production input. From the existing
studies, they included energy and other raw materials as
intermediate inputs (Jorgenson and Stiroh, 2000), together with
capital and labor, into the production function to analyze the
economic growth and productivity of the United States in the
post-World War II period. Some research included energy and
emissions together as inputs into the production function
(Ramanathan, 2005; Lu et al., 2006). In addition, there are some
studies that directly introduce both desired and non-desired outputs
into the production process at the same time and analyze them using
the directional distance function (Chung et al., 1997).

According to the SFA, it is difficult to guarantee that land will
achieve the optimal output under the given conditions in the actual
development. Referring to the related research (Liu et al., 2021), a
theoretical model is constructed to analyze the technical inefficiency
situation in the LGUE (as shown in Figure 1).

Assuming that F1 is the stochastic frontier boundary of land use
input and output, the actual land input is C1 and the actual output is y1
under the established conditions, at this time, y1 has not yet reached the
optimal output scale, and there exists the phenomenon of inefficiency
(µ1≠0). When the economic agents continue to improve the ability to
apply technology, improve technical efficiency to fully efficient, µ1 = 0,
the actual output then grows to y2. At this time the actual outputmay be
subject to stochastic disturbances, that is, it may be higher than the
optimal output (i.e., v < 0), may also be lower than the optimal output
(i.e., v > 0). The SFA separates the stochastic disturbing factors from the
technical inefficiency, and analyzes the gap between the actual output
and the optimal output after the elimination of the stochastic disturbing
factors. Ratio of y1 to y2 can reflect the technical efficiency of the land
use (taking the value between 0 and 1), and when the value is equal to 1,
it means that the input and output of the land use at this time reaches
the fully efficient state.

In the case of technology and other conditions remain unchanged,
when the land use from C1 to C2, the actual output from y1 to y3,
assuming that the random interference factors have been removed, the
actual output y3 and technically efficient output gap is µ2. With the
increasing inputs of land and other factors, external competition
gradually intensified, the economic agents can promote production
by improving the ability to apply the technology to improve technical
efficiency. That is, the actual output of land use increases from y3 to y4,
and the gap between the actual output of land use and the
technologically effective output is narrowing (µ3<µ2). If technological
progress occurs, frontier production increases from F1 to F2 levels, and
real output increases accordingly (y5>y4). To summarize, the main
channels to increase real output can be to improve technology
application capabilities and to promote technological progress. If
technology application capacity and technological progress occur
simultaneously, the technical efficiency of land use and real output
will be greatly enhanced.
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3.2 Analysis of the role of digital
transformation on LGUE

According to the theoretical analysis in the previous section, the
impact of digital transformation on the LGUE in resource-based
cities is also mainly reflected in the promotion of technological
innovation, enhancement of technological application capacity, and
improvement of land resource mismatch.

Firstly, digitalization helps technological innovation, especially
for green innovation that reduces the consumption of
environmental resources plays a significant role. For one thing,
digital transformation helps to reduce R&D costs, shorten the R&D
cycle, consumer participation in product development, etc., and
improve the level of enterprise innovation (Tan and Zhan, 2017).
Digital transformation can effectively alleviate information
asymmetry and improve the matching efficiency of supply and
demand of innovation factors such as R&D capital and
innovation talents, which play a key role in industrial structure
upgrading and technological innovation. Secondly, digital finance
based on information technology can reduce information
asymmetry and improve the efficiency of capital allocation, thus
effectively solving the problem of “difficult and expensive financing”
of enterprises. Third, digital transformation can help enterprises
grasp market demand in a timely manner, integrate internal and
external data resources to improve the efficiency of collaboration,
and promote R&D innovation (Kleis et al., 2012), and can also
encourage enterprises to cooperate with consumers to enrich the
idea of new product development (Hoyer et al., 2010;
Schweisfurth, 2017).

Secondly, digital transformation helps to enhance the ability to
apply technology and drives the transformation of industrial
structure. Digital transformation promotes the intelligence,
automation and informatization of enterprise production and
services, and enhances the enterprise’s technological application
capabilities. In terms of production, digital technologies can increase
the intelligent and flexible design of products to meet the diversified
and customized product needs of consumers and reduce the
manufacturing costs and selling prices of products. In terms of
service, intelligent back-end production, customer service and
software systems can provide users with diversified and
constantly upgraded services, such as personalized customization,
system solutions, product performance maintenance and
optimization, which greatly improves the types of services and
efficiency of manufacturing enterprises. With the deep
integration of digital technology and the real economy, new
industries such as intelligent transportation and intelligent energy
have been spawned, as well as new modes and new business forms
such as online education, Internet healthcare, online office, digital
governance, etc., which eliminate backward and inefficient
production capacity and promote the transformation and
upgrading of the real industry. Some research applied the data of
Brazilian SMEs and found that automation technology is a key factor
in upgrading the value chain of enterprises (Oliveira et al., 2021).
Some scholars also found that digital economic development and
technological innovation are important driving forces in promoting
the upgrading of industrial structure (Su et al., 2021).

Finally, digital transformation also helps to improve themismatch of
land resources, thus enhancing the LGUE. In China, with the increasing

level of urbanization and industrialization, the demand for construction
land for urban development continues to grow, while the transformation
of land from agricultural land to urban construction land requires
planning and approval by the central and provincial governments.
This may lead to two scenarios: urbanization of population is greater
than urbanization of land or urbanization of land is greater than
urbanization of population. The former may create a “congestion
effect”, resulting in traffic jams and high land prices, while the latter
may lead to the disorderly spread of cities, resulting in “empty cities”,
“ghost cities”, and “ghost towns”, thus leading to the spatial mismatch of
land resources. Digital transformation mainly improves the land
resources mismatch phenomenon from two aspects. On the one
hand, digital transformation has the function of discovering the
transaction object and transaction value, which can reduce the
information asymmetry and transaction cost, so as to enhance the
actual utilization value of land. On the other hand, digital technology
enables the government to graspmore data on land use, traffic operation,
population flow, etc., which helps the government to adjust the land
policy in a timely manner, and improves the governmental governance
capacity and transparency (Erkut, 2020). Based on the above analysis,
this paper proposes the following hypotheses.

H1: Digital transformation enhances the LGUE in resource-based
cities by promoting green technology innovation, industrial
structure upgrading and improving land resource allocation.

4 LGUE measurement and spatial and
temporal evolution

4.1 Measurement methods

Currently, the methods used to measure land use efficiency
mainly include SFA, SBM, DEA, etc. Compared with other non-
parametric methods, the SFA has the advantage of separating the
stochastic factors in the composite error, which reduces the bias
caused by deviation from the optimum due to the stochastic factors
in the efficiency measurement. Therefore, this paper adopts the SFA
to measure the LGUE. The SFA can generally take the form of Cobb-
Douglas function and super-efficiency function. The former
function form is too simplified and difficult to reflect the reality.
Therefore, this paper adopts the latter, and constructs the stochastic
frontier production function model that takes logarithm on both
sides beyond the logarithmic production function, as shown in Eq. 1.

lnYit � β0 + βK lnKit + βL lnLit + βP lnPit + βC lnCit + βtt

+1
2
βKK lnKit( )2 + 1

2
βLL lnLit( )2 + 1

2
βPP lnPit( )2 + 1

2
βCC lnCit( )2

+1
2
βttt

2 + βKt lnKit( )t + βLt ln Lit( )t + βPt lnPit( )t + βCt lnCit( )t
+βKL lnKit( ) lnLit( ) + βKP lnKit( ) lnPit( ) + βKC lnKit( ) lnCit( )
+βLP ln Lit( ) lnPit( ) + βLC ln Lit( ) lnCit( )
+βPC lnPit( ) lnCit( ) + vit − uit (1)

Y is real output. K, L, and P denote capital, labor, and land,
respectively. C denotes pollution emissions, measured by sulfur
dioxide emissions from urban industries. Pollution emission is
actually a non-desired output, which is included as an input
factor in the super-efficient production function, this is because
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the emission is a consumption of the natural environment, which
can increase the level of output given the other input factors, and
thus can be considered as one of the input factors. The subscript i
denotes the city, t denotes the year, and β denotes the parameter to
be estimated. vit and uit are the random error term and inefficiency
term, respectively.

The LGUE can be expressed as the ratio of the actual output of
urban land use to the expected value of the output under the fully
efficient technology, and the specific calculation formula is shown in
Eq. 2.

LGUEit � E yit uit, Xit|( )
E yit uit � 0, Xit|( ) � exp −uit( ) (2)

4.2 Construction of input-output indicators

Input indicators mainly include capital, labor, and land factor
inputs (as shown in Table 1). The capital input adopts the perpetual
inventory method to calculate the fixed capital stock of the municipal
district. The calculation method is as follows: Kit � Ki,t−1(1 − δ) + Iit.
Referring to the existing studies, the depreciation rate δ = 9.6%. Iit is the
total investment in the current period. And the year 2000 is chosen as
the base period. Labor input is expressed by the number of people
employed in secondary and tertiary industries in the municipal area,
and land input is expressed by the area of urban construction land in the
municipal district.

Output indicators include desired output and non-desired output.
Desired output is the level of economic growth and is expressed by the
real value added of the secondary and tertiary industries in the
municipal district. Taking 2008 as the base period, the actual output
value is calculated by adjusting the value added index of the secondary
and tertiary industries. In this paper, the non-desired output is regarded
as the input variable introduced into the super-efficient production
function, in which the non-desired output is the pollution emission,
which is expressed by the urban sulfur dioxide emission.

4.3 Spatial and temporal evolution of LGUE

(1) Temporal change characteristics

According to the availability of data, this paper selects the data of
282 prefecture-level cities in China (including 113 resource-based
cities and 169 non-resource-based cities), and uses the SFA to
measure the LGUE. In terms of time, the main features are as
follows. First, in general, the LGUE of both resource-type cities and
non-resource-type cities improved significantly from 2008 to 2020.
After removing the random disturbance term, China’s technological
progress as well as its technological application capacity are
improved, reducing the degree of inefficiency, thus greatly
improving the LGUE. Second, compared with non-resource-
based cities, the LGUE of resource-based cities is much lower
than that of non-resource-based cities, and on average, the LGUE
of resource-based cities is 20.4% lower than that of non-resource-
based cities. The higher degree of dependence on resource-based
industries and the unitary industrial structure of resource-based
cities, and the greater consumption of environmental resources and

land elements by this economic structure and the consequent lower
efficiency, which is one of the key factors constraining the
improvement of LGUE in resource-based cities.

(2) Spatial structure characteristics

According to the availability of data, resource-based cities in the
sample are mainly concentrated in the central, northeastern and
western regions. Using Arcgis software, this paper observe the
spatial distribution of LGUE in resource-based cities and use
non-resource-based cities as the comparative object (as shown in
Figures 2, 3). In resource-based cities, LGUE is higher in the
Northeast region, followed by the Central region, and lowest in
the West region, i.e., showing a decreasing trend of Northeast >
Central >West. In terms of time, compared with 2008, the LGUE of
resource-based cities in 2020 has improved significantly, still
showing a decreasing trend of Northeast > Central > West. Due
to the serious missing data of some prefecture-level cities and states
in the west, the observed non-resource-based cities are distributed in
both the east, center and west regions. For non-resource-based cities,
the LGUE in the eastern region is significantly higher than that of
other cities, and the number of cities with higher LGUE in the
eastern region increases significantly over time. By 2020, Chengdu-
Chongqing, the middle reaches of the Yangtze River, and other cities
in central and western in China also show a significant
increase in LGUE.

5 Data description and
research methods

5.1 Background of “Broadband China” policy

In order to solve the problems of slow network speed and
unbalanced regional network development, and to promote the

FIGURE 1
Theoretical analysis of LGUE. Note: The horizontal axis C denotes
the land input, and the vertical axis y denotes the actual output under
the corresponding land input; v denotes the stochastic disturbance
term, where v > 0 means that the stochastic disturbance term
negatively affects the output, and vice versa positively. µ1, µ2, µ3, and
µ4 denote technological inefficiencies. F1 and F2 denote the optimal
output scenarios under the different technological conditions, with
the output of F2 having a higher technological level.
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construction and development of network infrastructure, China’s
State Council issued the “Broadband China” Strategy and
Implementation Plan in August 2013, thus elevating broadband
network construction to a national strategy. Subsequently, the
Ministry of Industry and Information Technology (MIIT) and
the National Development and Reform Commission (NDRC)
jointly issued the Measures for the Administration of the Work
of Creating “Broadband China” Demonstration Cities (City
Clusters) (hereinafter referred to as the Measures), which were
based on the indicators of household broadband access capacity,
broadband penetration, cell phone penetration, and broadband
subscriber penetration, etc., and were issued in three batches in
2014, 2015 and 2016. Finally, 120“Broadband China” demonstration
cities (clusters) were selected in three batches.

The Measures clearly point out that “Broadband China”
demonstration cities (city clusters) refer to those cities (city

clusters) that have a good foundation for broadband
development, have realized a significant increase in the level
of broadband development in the region through the creation of
demonstrations, and have a greater role in demonstrating and
leading the overall level and mode of broadband development for
the same kind of regions in the country. The focus of the
construction of demonstration cities includes improving the
speed and application level of broadband networks, promoting
the continuous improvement of the broadband network industry
chain, and enhancing the security guarantee capability of
broadband networks, so as to promote the digital
transformation of the cities through the construction of
network infrastructures. Therefore, the “Broadband China”
policy can be regarded as a quasi-natural experiment for this
paper to analyze the impact of digital transformation
on the LGUE.

FIGURE 2
Evolution of the LGUE in resource-based cities.

FIGURE 3
Evolution of the LGUE in non-resource-based cities. Note: Resource-based cities are established according to the National Sustainable
Development Plan for Resource-based Cities (2013–2020) in China. The LGUE is divided into four grades based on 0–0.2, 0.2–0.4, 0.4–0.6, and 0.6+,
and the darker the color indicates the higher the LGUE. Blank areas are areas with missing data.
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5.2 DID model

In order to explore the impact of digital transformation of
resource-based cities on the LGUE, the multi-period differences-
in-differences model (DID) is constructed as shown in Eq. 3.

LGUEit � β0 + β1Digitit + β2 ∑Controlsit + μi + δt + εit (3)

Where, i denotes city, t denotes year, μi and δt denotes city fixed
effect and year fixed effect respectively. LGUEit denotes the LGUE,
which is calculated according to the SFA method. Digitit is a digital
transformation indicator, if the city i is recognized as a “Broadband
China” demonstration city, then the city is recognized in that year
and the following period Digitit � 1, otherwise Digitit � 0. β1 is a
parameter to be estimated, if β1 > 0, then it means that the LGUE is
significantly improved after the implementation of the “Broadband
China” policy, implying that the digital transformation promotes the
improvement of LGUE.

5.3 Data sources and treatment of variables

This paper selects Chinese cities as the initial sample of the
study, deletes some cities with serious data missing, considers data
availability, and finally obtains 113 resource-based cities from
2008 to 2020. The land green utilization efficiency was measured
by the SFA method, some missing values were filled in by linear
interpolation, and all variables were shrink-tailed at the bilateral 1%
level in order to avoid the interference of extreme values on the

empirical results. All data were obtained from the China Urban
Statistical Yearbook.

In this paper, the relevant variables affecting the efficiency of
green land use are controlled as follows. Population density is one of
the key factors affecting the LGUE, and urban construction land
resources should match the population flow, otherwise it may cause
the problem of spatial mismatch of urban construction land.
Therefore, this paper uses the number of population per square
kilometer of urban area to reflect the population density (Popu).
Economic growth also affects the LGUE, and the faster the economic
growth rate, the greater the consumption of land resources and
environmental resources by urbanization and industrialization. This
paper uses the GDP growth rate (GDPr) to measure the economic
growth rate. Industrial development is a direct factor affecting
LGUE, which is measured by the proportion of the secondary
industry in GDP in this paper (Struc). The degree of industrial
agglomeration is also directly related to the LGUE, therefore the
entropy of secondary industry location, i.e., the ratio of the
proportion of city secondary industry employment to the
regional total employment and the proportion of national
secondary industry employment to the national total
employment, is used to reflect the level of regional industrial
agglomeration (Aggl). Whether foreign direct investment (FDI)
affects land use has received extensive attention from scholars
(Vongpraseuth and Choi, 2015; Wu and Heerink, 2016), and in
order to control for its potential impact, a foreign direct investment
indicator (FDI) is added to the regression model and measured by
the intensity of actual utilization of foreign capital. In addition, this
paper also controls for variables related to land use and
environmental resources, including two indicators of the breadth
of land development and utilization (Land) and the level of human
habitat (Envi). Table 2 reports the results of descriptive statistics for
the main variables for resource-based cities.

The left three columns of Table 3 report the mean values of the
indicators and the significance of the differences between resource-
based cities and non-resource-based cities. The results show that
compared with non-resource-based cities, the LGUE of resource-
based cities is low and significant at the 1% level. The population
density, foreign direct investment, and breadth of land development
and utilization in resource-based cities are lower than those in non-
resource-based cities, but the average value of resource-based cities
is higher in the proportion of secondary industry and industrial
agglomeration, indicating that resource-based cities mainly develop
the secondary industry and the industrial structure is relatively
concentrated.

TABLE 1 Input-output related indicators and their definitions.

Category Indicator Indicator definition

Input Indicators Capital (K) Fixed capital stock of the municipal district (million RMB)

Labor Force (L) Employed population in secondary and tertiary industries under the municipal district (10,000 people)

Land (P) Urban construction land area under the municipal district (km2)

Output Indicators Desired Outputs: Economic Growth (Y) Value added of secondary and tertiary industries in the municipal district (million RMB)

Non-desired output: Pollution emissions (C) Industrial sulfur dioxide emissions in the municipal district (10,000 tons)

TABLE 2 Descriptive statistics results of variables for resource-based cities.

Variable N Mean SD p50 Min Max

LGUE 1,469 0.241 0.0890 0.226 0.0610 0.621

Digit 1,469 0.140 0.347 0 0 1

Popu 1,241 0.0770 0.0830 0.0480 0.00100 0.793

GDPr 1,469 0.0860 0.0320 0.0870 −0.0500 0.165

Struc 1,469 0.499 0.130 0.504 0.130 0.854

FDI 1,225 4.306 1.508 4.468 −1.369 7.351

Aggl 1,356 0.946 0.318 0.989 0.156 1.650

Land 1,349 0.0700 0.0860 0.0380 0.00100 0.800

Envi 1,241 0.100 0.0620 0.0880 0.00800 0.560
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The right three columns of Table 3 report the means and
significance of differences between the experimental and control
groups of resource-based cities. Depending on whether the city is
recognized as a “Broadband China” city or not, the resource-based
cities are divided into a digital transformation experimental group
(Digit = 1) and a control group (Digit = 0). The results show that the
mean value of the indicators of the experimental group is
significantly higher than that of the control group, indicating that
digital transformation has a significant impact on the LGUE,
economic growth, industrial agglomeration and so on.

6 Results

6.1 Benchmark regression results

Table 4 reports the estimation results of the impact of digital
transformation on LGUE. Column (1) does not control the relevant
control variables, and column (2) adds control variables based on
column (1). The results show that the coefficients of the impact of
digital transformation on LGUE are significantly positive, indicating
that the implementation of the “Broadband China” policy promotes
the digital transformation of cities and improves the LGUE of
resource-based cities. As a comparison, this paper also estimates
the impact of digital transformation on LGUE in non-resource-
based cities. The results of columns (3) and (4) in Table 4 show that
the coefficients of digital transformation impact on LGUE in non-
resource-based cities are significantly positive, but the coefficients
are smaller than that of resource-based cities (0.000864 < 0.00118),
which indicates that the effect of digital transformation on the
improvement of LGUE is universal, but has a greater impact on
resource-based cities. Therefore, it is particularly important for
resource-based cities to accelerate the promotion of city digital
transformation.

From the perspective of control variables, the influence
coefficient of the proportion of the secondary industry in GDP
on the LGUE is positive, indicating that industrial production
consumes more environmental resources, and promoting the
upgrading of the industrial structure is crucial for the green
utilization of urban land. For resource-based cities, the increase

in population density inhibits the improvement of LGUE, but
industrial agglomeration can improve LGUE. For non-resource-
based cities, economic growth has a significant contribution to the
improvement of LGUE, indicating that the output per unit of land
resources increases significantly under certain other conditions,
which helps to improve LGUE.

6.2 Parallel trend test and its dynamic
effect analysis

Taking the “Broadband China” policy as the background, this
paper uses the DID to test whether the digital transformation affects
the LGUE, which needs to satisfy the parallel trend assumption. It
needs to test that before the implementation of the “Broadband
China” policy, the treatment group and the control group have a
consistent trend of change in the LGUE. The parallel trend
hypothesis test is carried out using the event study method, and
the regression model is shown in Eq. 4.

LGUEit � β0 +∑6

d�−7βdPostdt + β2 ∑Controlsit + μi + δt + εit (4)

Where, Postdt denotes the dummy variable for the
implementation of “Broadband China” policy at different event
points. The range of values is −8≤d≤ 6, d equal to 0 means that
the city in the year of the implementation of “Broadband China”
policy, at this time the dummy variable actually takes the value of 1,
otherwise it is 0. The time period d � −8 as the control group for the
estimation of the double-fixed-effects model. If the estimated
coefficients βd fluctuate around 0 and do not pass the
significance test before the implementation of the “Broadband
China” policy, it can be said that the parallel trend is satisfied.

Figure 4 shows the parallel trend test, the vertical axis is the size
of the estimated coefficient of the impact of the “Broadband China”
policy on LGUE in different periods, the horizontal axis is the
relative time before and after the implementation of the “Broadband
China” policy. 0 indicates the initial period of the implementation of
the “Broadband China” policy, and the dotted lines above and below
the hollow circles are the 95% confidence intervals. The results in the
figure show that before the implementation of the “Broadband

TABLE 3 Comparison of group differences of main variables.

(1) Resource-based
cities

(2) Non-resource-based
cities

MeanDiff (3) Experimental
group

(4) Control
groups

MeanDiff

LGUE 0.303 0.241 0.062*** 0.285 0.220 0.065***

Popu 0.098 0.077 0.021*** 0.087 0.072 0.015***

GDPr 0.088 0.086 0.002 0.087 0.086 0.001

Struc 0.457 0.499 −0.042*** 0.522 0.488 0.034***

FDI 5.054 4.306 0.749*** 4.651 4.132 0.519***

Aggl 0.914 0.946 −0.033*** 1.032 0.906 0.126***

Land 0.097 0.070 0.026*** 0.083 0.064 0.018***

Envi 0.103 0.100 0.003 0.113 0.0940 0.020***

Note: *, **, *** indicate 10%, 5%, and 1% significance levels, respectively. The left three columns are categorized according to whether they are resource-based cities; the right three columns are

categorized according to whether they are “Broadband China” demonstration cities.
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China” policy, the coefficients of the estimates is around the value of
0, which indicates that the parallel trend is satisfied. After the
implementation of the “Broadband China” policy, digital
transformation has a sustained positive impact on LGUE, and
there is a lag in this impact.

6.3 PSM-DID estimation

The difference-in-difference based on propensity score
matching (PSM-DID) can alleviate the problem of “selective bias”
of the pilot policy to a certain extent, so this paper conducts a
robustness test through the PSM-DID model. In order to avoid the
loss of sample size after matching, this paper adopts one-to-two
caliper nearest neighbor matching (Luo and Yuan, 2023). Estimation
using this model needs to satisfy the balance test, i.e., after matching,
the relevant control variables are not significantly different between

the treatment and control groups. The results of the balance test in
Figure 5 show that after matching, the difference in the means of the
control variables between the treatment and control groups is not
significant, implying that the balance test condition is satisfied.

Table 5 shows the estimation results under the conditions that
the matching meets the com-mon support hypothesis and the
weight is not null after matching. The estimated coefficients,
significance, and direction of action of the model are in high
agreement with the previous results, which indicates that the
previous estimation results are robust.

6.4 Robustness tests

In order to test the robustness of the benchmark regression
results, this paper also conducts robustness estimation in terms of
replacing variables and replacing samples.

TABLE 4 Baseline regression results of digital transformation on LGUE.

Resource-based cities Non-resource-based cities

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

LGUE LGUE LGUE LGUE

Digit 0.00119*** 0.00118*** 0.000838*** 0.000864***

(0.000) (0.000) (0.000) (0.000)

Popu −0.00342** −0.00332

(0.002) (0.003)

GDPr −0.00416 0.0143**

(0.006) (0.006)

Struc −0.00397*** −0.00324***

(0.001) (0.001)

FDI −0.0000166 −0.0000797

(0.000) (0.000)

Aggl 0.00101** 0.000214

(0.000) (0.001)

Land 0.00192 −0.00226

(0.001) (0.002)

Envi −0.00398 0.000524

(0.003) (0.007)

Constant 0.247*** 0.249*** 0.310*** 0.311***

(0.000) (0.001) (0.000) (0.001)

City FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Adj. R2 0.99 0.99 0.99 0.99

F 34.50 6.632 18.37 9.663

N 1,128 1,128 1,693 1,693

Note: ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively; robustness standard errors are in parentheses below the coefficients.
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6.4.1 Replacement variables
For the explanatory variables, we use the Cobb-Douglas function to

measure to get the LGUE (LGUE_cd) as a replacement variable. For the
core explanatory variable digital transformation, reference to relevant
studies (He et al., 2022), we adopt the PKU-DFIIC as a proxy variable to
measure the level of digital transformation of each city (Digit_PKU),
which is compiled by a joint research team composed of the Peking
University Digital Financial Inclusion Index of China. Table 6 columns
(1) and (2) report the estimation results after replacing the explanatory
variables, respectively, which show that the coefficient of the effect of
digital transformation on the LGUE remains significantly positive.
Columns (3) and (4) of Table 6 report the estimation results after
replacing the explanatory variables for digital transformation, which
shows that the baseline regression results are robust after replacing
the variables.

6.4.2 Replacement sample
Influenced by the subprime crisis in 2008, the Chinese

government introduced macro-control policies of countercyclical
adjustment in 2009, which had far-reaching impacts on both the real

estate market and land use. In order to minimize the interference of
the relevant policies on the regression results, this paper will keep the
sample after 2011 for re-estimation. The estimation results after
replacing the sample are reported in columns (5) and (6) of Table 6,
which shows that the coefficient of the impact of digital
transformation on the LGUE is still significantly positive.

6.5 Mechanism analysis of digital
transformation affecting LGUE

The interaction term between digital transformation and
mechanism variables is added to the baseline regression model as
a way to test the impact of digital transformation on LGUE through
mechanism variables, and the interaction term econometric model is
constructed as shown in Eq. 5.

LGUEit � β0 + β1Digitit + β2Digitit*Mit + β3Mit + β4 ∑Controlsit

+ μi + δt + εit

(5)
Where Mit is the mechanism variable, including technological

innovation, industrial structure upgrading and land resource
mismatch. If the coefficient of the interaction term between the
core explanatory variable digital transformation and the mechanism
variable is significant, it means that digital transformation has an
impact on LGUE through this mechanism.

6.5.1 Technological innovation
Theoretical analysis finds that the key to improve the LGUE is

technological innovation and technological application capacity, and
digital transformation plays an important role in reducing costs and
increasing efficiency, thus contributing to technological innovation and
the improvement of LGUE. In this paper, the number of patent
applications is used to reflect the level of regional innovation.
Column (1) of Table 7 reports the estimation results of the
interaction term econometric model of digital transformation
affecting LGUE through the mechanism of technological innovation.
The result shows that the coefficient of the interaction term between
digital transformation and technological innovation is significantly
positive, indicating that the higher the level of technological
innovation is, the greater the impact of digital transformation on
LGUE, which means that the digital transformation significantly
improves LGUE through technological innovation. Column (2) of
Table 7 reports the estimated results of the interaction term between
digital transformation and green innovation, and it can be seen that the
coefficient of the interaction term is also significantly positive, which
indicates that the digital transformation also affects the green
innovation and reduces the consumption of the environmental
resources by the economic agents, and in this way, enhances the LGUE.

6.5.2 Industrial structure upgrading
The theoretical analysis points out that digital transformation not

only drives new industries and new business forms such as intelligent
transportation and digital governance, but also eliminates backward
production capacity by improving efficiency, thus optimizing industrial
structure and improving LGUE. Industrial structure upgrading is a
dynamic process of rational allocation of resources among industries,

FIGURE 4
Parallel trend test for “Broadband China” policy.

FIGURE 5
Balance test for propensity score matching.
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i.e., the reallocation of resources from low-productivity sectors to high-
productivity sectors. Under the condition of free flow of production
factors, the higher the degree of coupling between input and output
structures, the higher the resource allocation effect, which is often
manifested in more mature industrial development stages and higher
productivity levels. Therefore, industrial structure rationalization index
is generally used to characterize industrial structure upgrading. In this
paper, the degree of industrial structure rationalization is measured by
the Theil index, and the specific calculation formula is shown in Eq. 6.

SR � −TL � −∑n

j

Qj

Q
( ) ln

Qj

Lj
/Q

L
( ) (6)

Where j denotes the industrial classification by three sub-industries,
n = 1,2,3. Qj and Lj denote the value added and employment of
industry j respectively. TL denotes the Theil index, which is calculated
by the deviation of the labor productivity of each industry from the
average productivity. When the productivity level of each sector is the

same, the economy reaches the equilibrium state, and the
rationalization level of industrial structure reaches the highest, at
which time TL = 0. On the contrary, the more the economy
deviates from the equilibrium state, and the more irrational the
industrial structure is, at which time the TL is larger. Therefore, in
order to positively characterize the degree of industrial structure
rationalization (SR), the negative value of the Theil index. When the
value of SR is larger, it means that the industrial structure is more
rational. On the contrary, the industrial structure is more irrational.

Column (3) of Table 7 reports the estimation results of the
interaction term econometric model of digital transformation
affecting the LGUE through the mechanism of industrial
structure upgrading. It is found that the coefficient of the
interaction term between digital transformation and industrial
structure upgrading is significantly positive, indicating that the
more reasonable the industrial structure is, the greater the impact
of digital transformation on LGUE, which implies that digital

TABLE 5 PSM-DID estimation results.

The weight meeting the common support Weight is not null

(1) (2)

LGUE LGUE

Digit 0.00106*** 0.000742***

(0.000) (0.000)

Popu −0.00327** −0.00238

(0.001) (0.002)

GDPr −0.00205 0.000774

(0.006) (0.008)

Struc −0.00422*** −0.00410**

(0.001) (0.002)

FDI −0.0000585 −0.0000855

(0.000) (0.000)

Aggl 0.00109** 0.00120*

(0.000) (0.001)

Land 0.00196 0.00201

(0.001) (0.002)

Envi −0.00669** −0.00595

(0.003) (0.004)

Constant 0.250*** 0.252***

(0.001) (0.001)

City FE Yes Yes

Year FE Yes Yes

Adj. R2 0.99 0.99

F 6.002 2.251

N 1,104 713

Note: ***, **, and * indicate significant at the 1%, 5%, and 10% levels, respectively; robustness standard errors are in parentheses under the coefficients.
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transformation promotes the improvement of LGUE through
industrial structure upgrading.

6.5.3 Land resource mismatch
To a large extent, land policy directly affects land allocation and

land utilization efficiency. In most areas of China, the power of land use
approval is concentrated in the central and provincial governments,
whichmakes it difficult for local governments to effectively allocate land
resources according to their own level of economic development and
population resources, thus forming a spatial mismatch of land
resources. Therefore, this paper constructs the index of the
misallocation of land resources (MLS), as shown in Eq. 7.

MLSit � 1
St

Lit

Lt
St − Sit( )

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣ (7)

where St and Lt denote the total urban construction land and the
total population in all cities. Sit and Lit denote the urban
construction land and the population in i city, respectively.

Column (4) of Table 7 reports the estimation results of the
interaction term econometric model of digital transformation and
land resource mismatch. The results show that the coefficient of the
interaction term is significantly negative, indicating that the larger
the land resource mismatch is, the smaller the effect of digital
transformation on the LGUE is, which means that the land
resource mismatch inhibits the promotion effect of digital
transformation on the LGUE. Therefore, improving land resource
mismatch by increasing the level of digital transformation is the key
to improving the LGUE. Digital transformation not only reduces the
transaction costs of land transactions, but also provides the ability to
improve government governance to adjust land policies as a way to
improve the spatial mismatch of land resources.

7 Discussion

In this paper, the SFA method is used to measure the LGUE of
resource-based cities in China, and it is found that compared with

TABLE 6 Robustness test estimation results.

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

LUE_cd LUE_cd LUE LUE LUE LUE

Digit 0.000347*** 0.000341*** 0.00131*** 0.00134***

(0.000) (0.000) (0.000) (0.000)

Digit_PKU 0.000951*** 0.000899***

(0.000) (0.000)

Popu −0.000777 −0.00283** −0.0031***

(0.001) (0.001) (0.001)

Gdpr −0.00551 0.00983* 0.0116**

(0.004) (0.006) (0.006)

Struc 0.000666 −0.00171 −0.00143

(0.001) (0.002) (0.002)

Aggl −0.000486* −0.000581 −0.000469

(0.000) (0.001) (0.001)

Land 0.000494 0.00234* 0.00299***

(0.000) (0.001) (0.001)

Envi −0.00285** −0.00647*** −0.0074***

(0.001) (0.002) (0.002)

Constant 0.297*** 0.298*** 0.245*** 0.246*** 0.246*** 0.247***

(0.000) (0.001) (0.001) (0.001) (0.000) (0.001)

City FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

r2_a 0.99 0.99 0.99 0.99 0.99 0.99

F 9.630 2.579 14.65 5.323 46.26 10.41

N 1,236 1,236 1,010 1,010 1,010 1,010

Note: ***, **, and * indicate significant at the 1%, 5%, and 10% levels, respectively; robustness standard errors are in parentheses under the coefficients.
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TABLE 7 Mechanism analysis of digital transformation affecting LGUE.

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

LGUE LGUE LGUE LGUE

Digit −0.00415*** −0.00346*** 0.00154*** 0.00154***

(0.001) (0.001) (0.000) (0.000)

Inno −0.000829***

(0.000)

Digit * Inno 0.000682***

(0.000)

Greeni −0.000425***

(0.000)

Digit *Greeni 0.000846***

(0.000)

SR −0.00157**

(0.001)

SR*Digit 0.00804***

(0.001)

MLS 0.000765***

(0.000)

MLS*Digit −0.00117***

(0.000)

Popu −0.00302** −0.00334** −0.00361*** −0.00247*

(0.001) (0.001) (0.001) (0.001)

GDPr −0.00717 −0.00598 −0.00479 −0.00519

(0.006) (0.006) (0.006) (0.006)

Struc −0.00250* −0.00294** −0.00426*** −0.00292**

(0.001) (0.001) (0.001) (0.001)

FDI −0.00000634 0.0000323 0.0000122 −0.0000271

(0.000) (0.000) (0.000) (0.000)

Aggl 0.000960** 0.000840* 0.00141*** 0.00102**

(0.000) (0.000) (0.000) (0.000)

Land 0.00111 0.00190 0.00280** 0.00143

(0.001) (0.001) (0.001) (0.001)

Envi −0.00390 −0.00352 −0.00379* −0.00331

(0.002) (0.002) (0.002) (0.003)

Constant 0.254*** 0.251*** 0.250*** 0.248***

(0.001) (0.001) (0.001) (0.001)

City FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Adj. R2 0.99 0.99 0.99 0.99

(Continued on following page)
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non-resource-based cities, the LGUE of resource-based cities is even
lower, which is 20.4% lower than that of non-resource cities on
average. This indicates that it is urgent to improve the green land use
efficiency of resource cities. Chen et al. (2019) also obtained similar
conclusions and found that industrial land in resource cities faces
the problem of inefficient utilization (Chen et al., 2019b). Ge and Liu
(2021) study also concluded that the land use problem of resource
cities is more prominent because of the more extensive use of land
and serious deterioration of the ecological environment (Ge and Liu,
2021). The study in this paper further explores how to improve the
dilemma of land use efficiency based on measuring the LGUE in
resource-based cities.

Theoretically, based on the stochastic frontier model, this paper
constructs a theoretical framework for analyzing LGUE, and
explores how to improve LGUE from the perspective of digital
transformation. It is found that the factors driving land green
utilization efficiency mainly include technology application
capacity and technological progress. In a related study, Tang
et al. (2022) also found that technology utilization efficiency is
the main constraint on land use efficiency (Tang et al., 2022). Tang
and Chen (2022) found that digital construction can effectively
improve the green use efficiency of regional arable land, confirming
the favorable contribution of digital transformation to land use
(Tang and Chen, 2022). In addition, some studies have found that
digitization of land use planning affects the level of stakeholder
engagement and influence, and influences the innovation efficiency
and productivity of cities (Hersperger et al., 2022; Adade and Vries,
2023; Kyriakopoulou and Picard, 2023), exploring the impact of
digitization on innovation. On this basis, this paper further analyzes
and finds that digital transformation is not only conducive to
technological innovation and technological application
capabilities, but also helps to improve the efficiency of land
allocation, which is an advantageous factor to alleviate the
dilemma of LGUE in resource-based cities.

Empirically, this paper takes the “Broadband China” model city
policy as a quasi-natural experiment, and uses the DID method to
identify the impact of digital transformation on LGUE, and the
results confirm that digital transformation effectively improves the
land utilization efficiency of resource cities. Wang et al. (2023) used
the DID model to analyze the impact of the construction of new
energy demonstration cities on land use efficiency, and found that
this policy mainly enhances land use efficiency through the
upgrading of industrial structure (Wang et al., 2023). Liu et al.
(2021) study also explored the impact of industrial structure
optimization on land use efficiency (Liu et al., 2021). Unlike
these studies, which analyze based on the industrial structure
perspective, this paper explores and discusses the impact of
digital transformation on the LGUE through technological

advancement, technological application capacity and land
allocation.

8 Conclusion

Enhancing LGUE in resource-based cities is an important way to
alleviate land resource tension and guarantee food security. This
paper utilizes the SFA to measure the LGUE of resource-based cities
in China, and finds that overall the LGUE of resource-based cities in
China has gradually improved, but there is still a certain gap with
non-resource-based cities. There is still a large room for
improvement in the LGUE of resource-based cities. From a
spatial point of view, the LGUE of resource-based cities shows a
decreasing trend of Northeast > Central > West. Enhancing the
land-use efficiency of resource-based cities is crucial for developing
countries, especially China, which has a large population and tight
land resources. Therefore, resource-based cities should pay more
attention to land utilization efficiency, on the one hand, exchange
idle land with developed provinces in the east to improve the value of
land utilization. On the other hand, resource-based cities should
learn from the development experience of the eastern developed
region, and improve the efficiency of green land utilization in terms
of industrial structure, regional planning and other aspects.

Based on the realistic problem of how to improve the land use
efficiency of resource cities, this paper explores the impact of digital
transformation on the LGUE of resource-based cities based on the
broadband China policy using the DID method. It is found that
digital transformation significantly improves the LGUE of resource-
based cities. In terms of the mechanism of action, digital
transformation affects the LGUE of resource-based cities by
promoting technological innovation, upgrading industrial
structure, and mitigating land factor mismatch. The conclusion is
an important revelation for how to realize industrial structure
upgrading and improve land resource allocation efficiency in
resource-based cities. This paper argues that it is important to
increase continue to increase the construction of digital
infrastructure and promote the digital industrialization of cities
and the digitalization of industries. It is necessary to guide and
encourage the in-depth integration of traditional industries with
digital technology, attract more investment in digital enterprises,
and vigorously improve the digitalization level of resource-based
cities, so as to promote the industrial transformation of resource-
based cities and improve the efficiency of land use.

Existing studies have focused more on the impact of digitization on
the utilization efficiency of arable land, as well as the economic effects
brought about by the digitization of land use planning (Hersperger et al.,
2022; Tang andChen, 2022; Adade andVries, 2023; Kyriakopoulou and

TABLE 7 (Continued) Mechanism analysis of digital transformation affecting LGUE.

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

LGUE LGUE LGUE LGUE

F 11.67 10.20 15.30 11.64

N 1,128 1,125 1,096 1,128

Note: ***, **, and * indicate significant at the 1%, 5%, and 10% levels, respectively; robustness standard errors are in parentheses below the coefficients.
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Picard, 2023), and there is a lack of studies that explore resource-based
cities’ industrial transformation and improvement of land use efficiency
from a digital transformation perspective to explore land use in
resource-based cities. This paper uses the SFA model to measure the
LGUE in resource-based cities, and explores the impact of digital
transformation on the LGUE based on the Broadband China policy,
which bridges the research gap in this field. However, this paper has not
yet explored in depth how resource-based cities realize digital
transformation and lacks research on the micro-mechanisms to
improve land use efficiency. In the next study, we will measure the
digitalization indicators more accurately from themicro enterprise level
and the macro city level, examine the heterogeneity analysis of digital
transformation on land green use efficiency from the digitalization type,
industrial structure, policy factors, etc., and summarize the experience
of digital transformation in resource cities through case studies.
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