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Abstract

Improving green land use efficiency is an important approach to reconciling urban devel-
opment with resource and environmental constraints. Using panel data from 280 cities at
the prefecture level and above in China from 2011 to 2024, this study employs a dynamic
spatial Durbin model to examine the effects of the digital economy on green land use ef-
ficiency, focusing on temporal dynamics, spatial spillover effects, distance-decay bound-
aries, moderating mechanisms, and urban heterogeneity. The results show that the digital
economy significantly improves local green land use efficiency. Its spatial externalities
exhibit a pronounced dynamic transition from the spatial siphoning effect in the short
term to the green spillover effect in the long term. The short-term spatial siphoning effect
is mainly concentrated within approximately 200 km, whereas the long-term green spill-
over effect extends to approximately 250 km, indicating a clear distance-decay pattern.
Green technological innovation and industrial upgrading mitigate short-term spatial si-
phoning and strengthen the long-term green spillover effect, whereas factor misallocation
intensifies short-term spatial siphoning and weakens the long-term green spillover effect.
The green-enabling effect of the digital economy is stronger in cities in eastern China, re-
source-based cities, high-tier cities, and cities with stricter environmental regulation.
These findings underscore the importance of coordinating digital economy development
with cross-regional green land governance, while strengthening regional absorptive ca-
pacity and improving factor allocation efficiency.

Keywords: digital economy; green land use efficiency; dynamic spatial externalities;
spatial siphoning effect; green spillover effect; distance-decay boundaries

1. Introduction

Rapid urbanization and industrialization have been accompanied by the continuous
expansion of urban construction land. While this process has stimulated economic
growth, it has also resulted in the excessive consumption of land resources, the contrac-
tion of ecological space, and increasing environmental pollution [1]. The conventional de-
velopment model, which relies heavily on factor inputs and the extensive expansion of
land, can no longer meet the practical need to coordinate economic growth with ecological
protection. Against this background, improving green land use efficiency has become an
important means of alleviating land-resource constraints and advancing the low-carbon
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transformation of cities. Green land use efficiency emphasizes not only maximizing eco-
nomic output while minimizing land inputs, but also balancing the social and ecological
benefits arising from land use [2]. Therefore, how emerging production factors and tech-
nological change can improve green land use efficiency has become an important research
question.

As a new economic form driven by data, digital technologies, and digital platforms,
the digital economy is reshaping traditional production modes and the spatial organiza-
tion of regional economies [3]. On the one hand, digital technologies can reduce infor-
mation-search and transaction costs, improve the allocation efficiency of land, capital, la-
bor, and other production factors, and reduce resource consumption and pollutant emis-
sions per unit of land through digital management and precise environmental monitoring
[4]. The digital economy can also promote green technological innovation and industrial
upgrading, thereby facilitating the transition of urban land use from extensive expansion
toward intensive, low-carbon, and efficient utilization [5]. On the other hand, data,
knowledge, and technology are characterized by high mobility and strong network exter-
nalities. Unlike traditional production factors, whose spatial movement is constrained by
physical scarcity and transportation costs, data are non-rival and highly replicable. Their
spatial circulation depends mainly on digital infrastructure and local absorptive capacity
rather than on physical relocation. This distinctive flow mechanism may generate both
spatial concentration and spatial diffusion. In the short term, cities with stronger digital
foundations can attract complementary production factors. In the long term, the repeated
use of data can promote knowledge diffusion and green spillovers. Consequently, the ef-
fects of the digital economy extend beyond local boundaries to spatially connected cities
through knowledge diffusion, industrial linkages, and factor mobility [6]. Examining only
the direct local effects of the digital economy on green land use efficiency is therefore in-
sufficient to fully reveal its influence on regional land use patterns.

A substantial body of research has examined the relationship between the digital
economy and green land use. Existing studies mainly focus on local effects and generally
find that the digital economy improves urban green land use efficiency [7-9]. Building on
this, scholars have further examined the pathways linking the digital economy to green
land use outcomes. Most studies suggest that the digital economy is associated with im-
provements in resource allocation efficiency, cleaner production, green technological in-
novation, and industrial upgrading, thereby providing sustained momentum for im-
provements in green land use efficiency [10-12]. However, as data, technology, and
knowledge increasingly flow across regions, the effects of the digital economy are no
longer confined to local areas, and its spatial externalities have attracted growing schol-
arly attention. Nevertheless, no consensus has yet been reached regarding the direction of
the digital economy’s effects on the green development of spatially connected cities.
Drawing on the theories of network externalities and knowledge spillovers, some studies
argue that the digital economy reduces the costs of information transmission and regional
cooperation, transcends conventional geographical and administrative boundaries, and
facilitates the cross-regional diffusion of green technologies and production factors,
thereby generating positive spatial spillover effects and promoting coordinated green de-
velopment in spatially connected cities [13-15]. By contrast, other studies emphasize the
digital divide, core—periphery structures, and competition for production factors, suggest-
ing that the early stages of digital development are often characterized by pronounced
spatial concentration of production factors. Owing to superior digital infrastructure and
higher returns to production factors, cities with first-mover advantages tend to attract cap-
ital, technology, and highly skilled labor from surrounding areas, thereby generating a
spatial siphoning effect on peripheral cities [16-18]. Meanwhile, some energy-intensive,
highly polluting, and low-value-added industries relocated or phased out by central cities
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may shift to peripheral regions, further intensifying factor misallocation, environmental
pressures, and spatial constraints on land use in neighboring areas [19].

The divergence among these findings may be attributed to insufficient attention to
the dynamic transition of spatial externalities. During the early stages of digital economy
development, the concentration of high-quality production factors in central cities may
exert a spatial siphoning effect on peripheral regions. However, most existing studies rely
on static spatial models and are therefore unable to identify this intertemporal transfor-
mation. Moreover, the spatial influence of the digital economy does not extend indefi-
nitely. Although digital information can be transmitted rapidly, the absorption of tacit
knowledge, industrial relocation, and cross-regional governance remain constrained by
geographical distance, industrial linkages, and administrative boundaries. The associated
spatial externalities therefore weaken as geographical distance increases and eventually
become statistically insignificant [20]. Existing research has yet to provide precise quanti-
tative evidence regarding the effective geographical ranges and distance-decay bounda-
ries of the short-term spatial siphoning effect and the long-term green spillover effect.

This study uses panel data for 280 prefecture-level and above cities in China from
2011 to 2024 and develops a dynamic spatial Durbin model. By decomposing the effects
of the digital economy into short-term and long-term direct and indirect effects, the study
identifies the dynamic transition of its spatial externalities from the short-term spatial si-
phoning effect to the long-term green spillover effect. Spatial weight matrices based on
different distance thresholds are further constructed to examine how the spatial external-
ities of the digital economy decay with geographical distance and to identify their effective
boundaries. In addition, the moderating mechanisms are examined by introducing inter-
action terms between the digital economy and green technological innovation, industrial
upgrading, and factor misallocation. Heterogeneity is also examined by geographical lo-
cation, resource endowment, administrative hierarchy, and environmental regulation.

Compared with the existing literature, this study makes three main contributions.
First, this study advances research on the dynamic spatial externalities of the digital econ-
omy. Rather than using a dynamic spatial model merely to account for temporal persis-
tence and spatial dependence, it combines the dynamic spatial Durbin model with partial-
derivative decomposition to distinguish short- and long-term direct and indirect effects.
This approach identifies a directional transition from the short-term spatial siphoning ef-
fect to the long-term green spillover effect, thereby providing an intertemporal explana-
tion for the coexistence of negative and positive spatial effects reported in previous stud-
ies. Second, this study integrates dynamic spatial-effect decomposition with distance-de-
cay analysis. Previous dynamic spatial studies have mainly examined the temporal accu-
mulation and average magnitude of spatial spillovers, whereas the geographical ranges
of short-term and long-term effects have received relatively limited attention. By con-
structing spatial weight matrices based on successive distance bands, this study further
examines whether the short-term spatial siphoning effect and the long-term green spillo-
ver effect exhibit different geographical ranges and decay patterns. This extends the anal-
ysis of spatial externalities from temporal dynamics to the joint consideration of temporal
evolution and geographical scope. Third, this study improves the analytical framework
for understanding how the digital economy affects green land use efficiency. From the
perspectives of technological diffusion, industrial relocation and local absorption, and re-
source allocation, it examines the moderating roles of green technological innovation, in-
dustrial upgrading, and factor misallocation in the dynamic transformation of spatial ex-
ternalities, revealing that the former two mitigate short-term siphoning while the latter
intensifies it. By further identifying heterogeneity across geographical location, resource
endowment, administrative hierarchy, and environmental regulation, the study provides
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empirical evidence for differentiated strategies integrating digital development with
green land governance.

2. Theoretical Analysis and Research Hypotheses
2.1. Dynamic Spatial Externalities and Distance-Decay Boundaries of the Digital Economy

The digital economy is driven by data as a key production factor and supported by
digital infrastructure [21]. Unlike traditional production factors such as land and labor,
data are non-rival and highly replicable. Their spatial circulation relies mainly on digital
networks rather than physical relocation, which reduces marginal transmission costs and
enables repeated use across regions. According to network externality theory, the value
of data increases as the scale of digital connections expands. However, the realization of
this value depends on digital infrastructure and local absorptive capacity. The uneven
distribution of these complementary conditions gives the spatial circulation of data a dual
character: it may reinforce the concentration of digital activities in some cities while also
creating conditions for cross-regional diffusion.

This dual mechanism implies that the spatial externalities of the digital economy may
evolve over time. During the early stage of digital economy development, core-periphery
theory suggests that cities with stronger digital foundations and higher expected returns
are more likely to acquire first-mover advantages. These cities attract digital industries
and complementary production factors from surrounding areas, thereby reinforcing cu-
mulative agglomeration and generating a short-term spatial siphoning effect [22]. As dig-
ital networks expand and the absorptive capacity of peripheral cities improves, the re-
peated use of data reduces knowledge transmission and regional coordination costs. The
spatial influence of the digital economy then gradually shifts from factor concentration
toward knowledge diffusion, providing a theoretical basis for the emergence of the long-
term green spillover effect.

For peripheral cities, the persistent outflow of high-quality production factors may
weaken their capacity for technological innovation and industrial upgrading, making
them more likely to maintain resource-intensive and highly polluting land use patterns.
Meanwhile, as central cities restructure their industries, some highly polluting and low-
value-added industries may be relocated to peripheral regions, further increasing re-
source and environmental pressures in spatially connected cities. Consequently, during
the early stages of digital economy development, the digital expansion of central cities
may generate a pronounced spatial siphoning effect on surrounding cities and reduce
their green land use efficiency.

As digitalization deepens, however, the spatial transmission mechanism of the digi-
tal economy gradually shifts from factor agglomeration toward knowledge diffusion and
regional cooperation. On the one hand, digital platforms can substantially reduce the costs
of information transmission, technology transactions, and cross-regional collaboration,
thereby facilitating the cross-regional diffusion of green technologies [23]. On the other
hand, rising land prices and increasing environmental carrying pressures in central cities
may encourage some industrial activities to relocate to surrounding areas. Through the
absorption of relocated industries and talent exchange, peripheral cities can gradually
transform the digital technologies and green knowledge transferred from central cities
into local productive capacity.

At the same time, the expansion of digital networks can strengthen industrial link-
ages among cities, gradually transforming spatial relationships based primarily on one-
way factor attraction into those characterized by knowledge sharing, industrial coordina-
tion, and the diffusion of green development benefits. The effect of the digital economy
on spatially connected cities therefore shifts from a spatial siphoning effect in the short
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term to the green spillover effect in the long term. Based on the above analysis, the follow-
ing hypothesis is proposed:

Hypothesis 1a. The digital economy improves local green land use efficiency in both the short and
long term.

Hypothesis 1b. The spatial externalities of the digital economy on green land use efficiency exhibit
an intertemporal transition from the short-term spatial siphoning effect to the long-term green
spillover effect.

The spatial externalities of the digital economy not only vary over time but are also
constrained by geographical distance. According to Tobler’s First Law of Geography, the
strength of spatial interactions generally decreases as geographical distance increases [24].
Although digital information can be transmitted rapidly through the Internet, information
transmission does not necessarily translate into technological absorption or the local im-
plementation of industrial activities. First, green technologies often involve substantial
tacit knowledge, whose diffusion and application depend heavily on talent interactions
and interfirm collaboration and therefore exhibit a strong dependence on geographical
proximity. Second, industrial relocation and supply-chain collaboration remain con-
strained by transportation costs and cannot extend indefinitely across geographical space
[25]. Finally, cross-regional land governance is also affected by administrative boundaries,
local protectionism, and differences in environmental regulation.

The short-term and long-term spatial externalities of the digital economy may oper-
ate over different geographical ranges because the two effects rely on different transmis-
sion mechanisms. The short-term spatial siphoning effect is driven mainly by competition
for mobile complementary factors among geographically proximate cities. Factor mobility
and industrial relocation remain constrained by relocation costs and geographical prox-
imity. Consequently, the capacity of central cities to attract production factors from sur-
rounding cities weakens rapidly as intercity distance increases.

The long-term green spillover effect relies more strongly on digital knowledge diffu-
sion and network-based regional cooperation. The replicability of data and the expansion
of digital connections reduce spatial transmission costs, allowing green knowledge to
reach a wider range of cities. However, the absorption of tacit knowledge still requires
geographical proximity, while regional cooperation remains subject to coordination costs.
The long-term green spillover effect therefore extends farther than the short-term spatial
siphoning effect but still operates within a finite geographical range. The exact effective
ranges cannot be derived directly from theory and must be identified empirically through
successive distance bands. Based on the above analysis, the following hypothesis is pro-
posed:

Hypothesis 2. The spatial externalities of the digital economy on green land use efficiency exhibit
a clear distance-decay pattern, and both the short-term spatial siphoning effect and the long-term
green spillover effect operate within finite geographical ranges.

2.2. Moderating Mechanisms Shaping the Dynamic Spatial Externalities of the Digital Economy
The transition in the spatial externalities of the digital economy from the short-term
spatial siphoning effect to the long-term green spillover effect is not driven by digital tech-
nologies alone. Rather, its direction and magnitude are jointly shaped by cities” green in-
novation capacity, industrial structure, and factor allocation efficiency. To further explain
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the conditions underlying this dynamic transition, this study focuses on three condition-
ing factors that moderate the dynamic spatial externalities of the digital economy: green
technological innovation, industrial upgrading, and factor misallocation.

2.2.1. Moderating Role of Green Technological Innovation

Green technological innovation constitutes an important moderating condition shap-
ing the extent to which the digital economy improves green land use efficiency and trans-
forms its spatial externalities. Digital technologies can alleviate information asymmetry
among innovation actors, reduce the costs of technological research and development and
the commercialization of research outcomes, and facilitate cross-regional innovation col-
laboration between enterprises and research institutions through digital platforms [26].

In the short term, the attraction of capital, technology, and talent by central cities may
lead to the outflow of innovation factors from peripheral regions. However, cities with
stronger green technological innovation capacity generally possess greater knowledge ab-
sorptive capacity. On the one hand, accumulated local green technological capabilities can
partially offset the loss of technological and human capital resources, thereby mitigating
the adverse effects of factor outflows on green land use. On the other hand, stronger in-
novation capacity enables peripheral cities to absorb and apply digital technologies more
effectively, thereby cushioning the negative effects associated with the agglomeration and
expansion of central cities [27]. Green technological innovation can therefore weaken the
short-term spatial siphoning effect.

In the long term, digital networks reduce the costs of the cross-regional diffusion of
green knowledge, allowing green patents, environmentally friendly production pro-
cesses, and management practices developed in central cities to spread to surrounding
areas. Through technological imitation, collaborative research and development, and tal-
ent exchange, peripheral cities can transform external knowledge into local green produc-
tive capacity, reduce resource consumption and pollutant emissions per unit of land, and
thereby strengthen the long-term green spillover effect of the digital economy. Based on
the above analysis, the following hypothesis is proposed:

Hypothesis 3. Green technological innovation positively moderates the spatial externalities of the
digital economy on green land use efficiency, weakening the short-term spatial siphoning effect and
strengthening the long-term green spillover effect.

2.2.2. Moderating Role of Industrial Upgrading

The spatial externalities of the digital economy on green land use efficiency are con-
ditioned by the transformation of the real economy. A more advanced industrial structure
can improve a city’s capacity to absorb digital technologies and translate them into inten-
sive, low-carbon, and efficient land use outcomes [28]. The transformation of the indus-
trial structure from dominance by traditional industries toward the coordinated develop-
ment of advanced manufacturing and modern services can reduce economic growth’s de-
pendence on land expansion and increase economic output per unit of land.

During the early stages of digitalization, industrial upgrading can enhance the ability
of peripheral cities to withstand factor siphoning. Cities with more advanced industrial
structures generally possess more complete industrial systems, which can reduce the risk
of excessive resource outflows to central cities and decrease dependence on energy-inten-
sive and highly polluting industries. Industrial upgrading can therefore alleviate the
short-term spatial siphoning effect of central cities on green land use in peripheral regions.

Over the long term, the digital economy transforms regional industrial specialization
from simple competition for production factors into coordinated cooperation. Central cit-

https://doi.org/10.3390/land15071310



Land 2026, 15, 1310

7 of 40

ies can concentrate on technology-intensive industries, while surrounding cities can lev-
erage their advantages in costs, location, and industrial foundations to absorb suitable
green manufacturing activities and supporting industries [29]. Through the gradual relo-
cation of industries across regions, the overall regional industrial structure can be opti-
mized, and land use in surrounding cities can shift from extensive expansion toward
greener utilization, thereby sustaining the release of positive spatial spillover effects.
Based on the above analysis, the following hypothesis is proposed:

Hypothesis 4. Industrial upgrading positively moderates the spatial externalities of the digital
economy on green land use efficiency, weakening the short-term spatial siphoning effect and
strengthening the long-term green spillover effect.

2.2.3. Moderating Role of Factor Misallocation

The realization of the spatial externalities of the digital economy also depends on
whether production factors, including capital, labor, and land, can be efficiently allocated
according to their marginal productivity. Under conditions of market segmentation, pro-
duction factors may be unable to move smoothly across regions and industries and may
consequently become locked into inefficient, energy-intensive, and highly polluting in-
dustries. Factor misallocation not only reduces local production efficiency but also weak-
ens cities’ capacity to absorb and transform digital technologies.

In the short term, factor misallocation can amplify the spatial siphoning effect of the
digital economy. When peripheral cities experience severe capital and labor misallocation,
distorted factor returns reduce their ability to retain highly skilled workers, innovation
capital, and digital firms, making these factors more likely to flow toward central cities
[30]. At the same time, the lock-in of local capital and labor in inefficient industries weak-
ens cities” ability to restructure their industries and respond to external competition for
production factors. Factor misallocation therefore not only accelerates the outflow of high-
quality factors but also reinforces peripheral cities” dependence on resource-intensive and
highly polluting land use patterns, thereby intensifying the spatial siphoning effect during
the early stages of digital economy development.

In the long term, although digital platforms can facilitate the cross-regional diffusion
of green technologies, such external knowledge can be transformed into actual green pro-
ductive capacity only when it is effectively matched with the local industrial foundation.
When factor markets are severely distorted, capital cannot flow efficiently toward high-
productivity green industries, while labor cannot enter sectors that match its skills, result-
ing in a mismatch between external digital knowledge and local production factors [31].
Consequently, even when central cities continuously transmit digital technologies and
green knowledge to surrounding areas, peripheral cities may be unable to translate these
external benefits into resource conservation and improvements in green land use effi-
ciency, thereby weakening the long-term green spillover effect. Factor misallocation may
further become an endogenous barrier to the continued diffusion of digital dividends.
Based on the above analysis, the following hypothesis is proposed:

Hypothesis 5. Factor misallocation negatively moderates the spatial externalities of the digital
economy on green land use efficiency, intensifying the short-term spatial siphoning effect and weak-
ening the long-term green spillover effect.

2.3. Heterogeneity in the Effects of the Digital Economy on Green Land Use Efficiency
2.3.1. Heterogeneity by Geographical Location
Geographical location affects not only the level of urban digital infrastructure but

also the degree of market integration, the concentration of innovation resources, and the
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capacity for regional cooperation [32]. Cities in eastern China generally have stronger eco-
nomic foundations, more developed digital infrastructure, higher levels of marketization
and openness, and denser industrial networks. These conditions facilitate the intercity
flow of data, technology, and knowledge and improve the efficiency with which digital
technologies are translated into green production and intensive land use.

By contrast, cities in central and western China tend to be relatively disadvantaged
in terms of digital infrastructure, skilled technical personnel, and innovation platforms,
which may constrain their capacity to absorb and apply digital technologies. Moreover,
during the early stages of digitalization, these cities are more vulnerable to the siphoning
of production factors by more developed regions. Consequently, the effect of the digital
economy on green land use efficiency may be more uncertain in central and western China.
The green effect of the digital economy may therefore vary substantially across geograph-
ical locations.

2.3.2. Heterogeneity by Resource Endowment

Resource endowment shapes a city’s existing industrial structure, modes of produc-
tion, and land use pattern [33]. Resource-based cities generally depend heavily on re-
source extraction, have relatively undiversified industrial structures, and experience high
levels of energy consumption and pollutant emissions in the land use process. Digital
technologies can optimize production processes and facilitate the digital and green trans-
formation of resource-based industries, thereby improving green land use efficiency.

However, resource-based cities may also exhibit strong path dependence. When tra-
ditional industries account for an excessively large share of the local economy and tech-
nological absorptive capacity remains limited, the green transformation effect of the digi-
tal economy may be constrained. Non-resource-based cities generally have more diversi-
fied industrial structures and more favorable conditions for absorbing and applying dig-
ital technologies. Nevertheless, because their initial land use efficiency may already be
relatively high, the scope for further marginal improvement generated by the digital econ-
omy may be limited. The effect of the digital economy may therefore differ according to
cities’ resource endowments.

2.3.3. Heterogeneity by Administrative Hierarchy

Within China’s urban governance system, administrative hierarchy affects the allo-
cation of fiscal resources, infrastructure investment, and innovation factors [34]. High-tier
cities, including provincial capitals and sub-provincial cities, generally possess stronger
resource-mobilization capacities and are more likely to receive priority support for digital
infrastructure construction, technological innovation, and green development policies.
These advantages can improve the efficiency of digital technology adoption and
strengthen the positive effect of the digital economy on green land use efficiency.

At the same time, high-tier cities may face agglomeration diseconomies arising from
excessive factor concentration, rising land costs, and increasing pressure on environmen-
tal carrying capacity. Although ordinary cities have relatively limited policy resources,
they may obtain latecomer advantages from digitalization by absorbing relocated indus-
tries, exploiting cost advantages, and integrating into regional industrial chains. Admin-
istrative hierarchy may therefore not only reinforce the digital empowerment advantages
of high-tier cities but also generate differentiated benefits for ordinary cities through re-
gional specialization and industrial relocation.

2.3.4. Heterogeneity by Environmental Regulation

Environmental regulation provides both external constraints and policy incentives
for realizing the green effects of the digital economy [35]. More stringent environmental
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regulation raises the production costs of energy-intensive and highly polluting firms, en-
couraging them to adopt digital technologies to optimize production processes and re-
duce resource consumption and pollutant emissions. Environmental policies may also
stimulate green technological research and development through the innovation compen-
sation effect and promote coordination between digital infrastructure construction and
low-carbon development objectives.

However, the effect of environmental regulation also depends on how it is imple-
mented. Moderate and appropriately enforced regulation can facilitate the integration of
digital technologies with green production, whereas poorly designed or improperly im-
plemented regulation may increase firms’ operating costs and crowd out investment in
digital transformation and technological innovation. In cities with less stringent environ-
mental regulation, digital technologies may be used primarily to expand production ra-
ther than improve environmental efficiency. Environmental regulation therefore alters the
actual effect of the digital economy on green land use efficiency.

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

Hypothesis 6. The effect of the digital economy on green land use efficiency exhibits significant
urban heterogeneity and varies across geographical location, resource endowment, administrative
hierarchy, and environmental requlation.

The conceptual framework of these moderating mechanisms is illustrated in Figure
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Figure 1. Research framework. Note: Solid arrows indicate the hypothesized direct and transmis-
sion relationships, whereas dashed arrows indicate the dimensions used for the heterogeneity

analysis.
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3. Materials and Methods
3.1. Model Specification
3.1.1. Spatial Weight Matrices

Identifying the spatial externalities of the digital economy on green land use effi-
ciency first requires the specification of appropriate spatial weight matrices. Because in-
tercity linkages are shaped not only by geographical distance but also by differences in
economic development, this study constructs a geographical distance matrix, an economic
distance matrix, and an economic-geographical nested matrix. These matrices capture
spatial dependence among cities from different perspectives and are also used to assess
the robustness of the empirical results.

1. Geographical distance matrix (Wse). According to Tobler’s First Law of Geography,
spatial interactions among cities generally weaken as geographical distance in-
creases. Based on the longitude and latitude coordinates of each city, this study cal-
culates the spherical distance (di) between city i and city j and constructs the geo-
graphical distance matrix using the inverse squared distance:

L is

d; (1)

0, i=j

ng, ij =

2. Economic distance matrix (Wew). Cities with similar levels of economic development
tend to have more comparable industrial structures, market demand, and technolog-
ical conditions, which may facilitate factor mobility and knowledge diffusion. Ac-
cordingly, the economic distance matrix is constructed using the inverse of the abso-

lute difference in average per capita GDP between two cities over the sample period:

!
Weeosj = I+[In¥; ~InY,

0, i=j

NEN

)

where Yi and ¥; denote the average per capita GDP of city i and city j, respectively,
over the sample period.

3. Economic-geographical nested matrix (Weo-geo). In practice, spatial influence is often
asymmetric. Economically more developed central cities generally exert stronger ef-
fects on peripheral cities than peripheral cities exert on central cities. To account sim-
ultaneously for geographical proximity and differences in economic influence, this
study incorporates an economic-development-level weight into the geographical dis-
tance matrix and constructs the economic—geographical nested matrix as follows:

W xW _i#]

Weeogoij= {800 ot 7 3)
0, i=j

where Y denotes the average per capita GDP of all sample cities. This matrix captures

both geographical distance constraints and the asymmetric spatial influence associ-

ated with differences in urban economic development levels.

All spatial weight matrices are row-standardized before estimation to ensure compa-
rability and facilitate the interpretation of spatial externalities.

3.1.2. Dynamic Spatial Durbin Model

Green land use efficiency is characterized by a dynamic transition process with pro-
nounced path dependence, indicating that its current level is strongly influenced by his-
torical accumulation. Meanwhile, regional economic interactions generate substantial
spatial dependence in green land use efficiency across cities. Conventional static panel
models that ignore temporal persistence and spatial dependence may therefore suffer
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from endogeneity and model misspecification. Accordingly, this study extends the con-
ventional spatial Durbin model by incorporating both the temporal and spatial lag terms
of the dependent variable and constructs a dynamic spatial Durbin model with two-way
fixed effects:

LGUEi = a + tTLGUEi+~1 + pWLGUEit + nWLGUEi+1 + BDEit + OWDEi + yControlis + SWControlit + pi+ A + it 4)

where LGUE« denotes green land use efficiency in city 7 in year ¢; DEi represents the level
of digital economy development in city 7 in year t; LGUEis1 is the one-period lagged term
of green land use efficiency; W denotes the spatial weight matrix; WLGUE: is the spatial
lag term of the dependent variable; p is the spatial autoregressive coefficient; 7 is the co-
efficient of the temporal lag term; § is the coefficient of the core explanatory variable;
WDE:: denotes the spatial lag term of the core explanatory variable; 0 is the spatial Durbin
coefficient; Controli: denotes the set of control variables; WControli: represents the spatial
lag terms of the control variables; 1 captures the spatiotemporal dependence of green land
use efficiency across spatially connected cities; y, and 9 denote the corresponding coeffi-
cients; pi and A: represent city fixed effects and year fixed effects, respectively; ¢i is the
random disturbance term; and « is the constant term.

Estimation strategy. The baseline dynamic spatial Durbin model is estimated using
the bias-corrected quasi-maximum likelihood estimator implemented through the xsmle
command in Stata 17.0 (StataCorp LLC, College Station, TX, USA) [36]. For dynamic spa-
tial autoregressive and spatial Durbin models with fixed effects, this estimator first obtains
the initial quasi-maximum likelihood estimates and then applies analytical bias correc-
tions to the model coefficients [37]. This procedure mitigates the incidental-parameter and
Nickell-type bias associated with the inclusion of the temporally lagged and spatiotem-
porally lagged dependent variables. City and year fixed effects are included throughout
the estimation. The estimation is conditional on the observed initial values of green land
use efficiency. Specifically, the observations for 2011 are used to construct LGUEi+1 and
WLGUE; 1, while the effective estimation period is 2012-2024.

To ensure that the dynamic spatial process converges to a stable equilibrium, this
study further examines the stability of the dynamic transition matrix. After rearranging
Equation (4), the transition matrix of the lagged dependent variable can be expressed as
A = (I - pW)(z] + nW). The dynamic spatial Durbin model is stable when the spectral
radius of A is smaller than one. This condition ensures that temporal and spatial feedback
effects gradually decay rather than accumulate indefinitely.

3.1.3. Decomposition of Short-Term and Long-Term Spatial Externalities

Because the dynamic spatial Durbin model simultaneously incorporates the spatial
lag of the dependent variable pWLGUE}#, its temporal lag TLGUE;+1, and its spatiotem-
poral lag nWLGUE:+1, the estimated coefficients f and 0 on the digital economy variable
and its spatial lag represent only point estimates from the model and cannot be directly
interpreted as the true marginal effects of the digital economy. To obtain effect estimates
with clear economic interpretations, this study applies the partial-derivative decomposi-
tion approach to decompose the overall spatial effects of the digital economy on green
land use efficiency into direct and indirect effects and to further distinguish between
short-term and long-term effects.

In the dynamic spatial Durbin model, the short term refers to the contemporaneous
response of green land use efficiency to a change in the digital economy in period ¢, before
the temporal feedback generated by the lagged dependent variables is fully accumulated.
The short-term effect is therefore calculated using Equation (5). The long term refers to the
cumulative equilibrium response after temporal persistence and spatial feedback have
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been fully transmitted through the dynamic system. The long-term effect is calculated us-
ing Equation (6). Accordingly, the distinction between the short term and the long term is
model-based rather than calendar-based. The empirical results do not identify a specific
year in which the spatial effect changes direction. Instead, the effect decomposition iden-
tifies whether the direction and magnitude of spatial externalities differ between the con-
temporaneous horizon and the cumulative equilibrium horizon.

The short-term partial-derivative matrix is expressed as:

SsR = (I - pW)1(BI + BW) ®)

The average of the diagonal elements of the matrix represents the short-term direct
effect, whereas the average row sum of its off-diagonal elements represents the short-term
indirect effect.

The long-term partial-derivative matrix is expressed as:

SH=[(1 =D = (p+mWI(BI + OW) (6)

The average of the main diagonal elements of the matrix represents the long-term
direct effect, whereas the average row sum of its off-diagonal elements represents the
long-term indirect effect. This model is used to test Hypotheses 1a and 1b.

3.1.4. Distance-Decay Boundary Identification

To identify the distance-decay pattern of the spatial externalities of the digital econ-
omy, this study divides intercity geographical distances into consecutive 50 km bands,
including 0-50 km, 50-100 km, 100-150 km, and 150-200 km, continuing up to 750-800
km, and constructs a corresponding distance-band spatial weight matrix for each interval.
A 50 km interval is selected to balance spatial resolution and estimation reliability. Nar-
rower distance bands may result in sparse intercity connections and an insufficient num-
ber of city pairs within individual bands, thereby increasing sampling variability and re-
ducing the stability of the row-standardized spatial weight matrices. Conversely, wider
distance bands may obscure the gradual weakening of spatial externalities and reduce the
precision with which their effective geographical ranges can be identified. Therefore, the
50 km specification provides a reasonable compromise between maintaining sufficient in-
tercity observations within each distance band and capturing the distance-decay pattern
in a sufficiently fine-grained manner. The estimated distance ranges should consequently
be interpreted as approximate effective geographical ranges rather than exact cut-off
points.

For any given distance band (Dx-1, Dx], the matrix element is assigned a value of 1 if
the geographical distance between city i and city j falls within that interval and 0 other-
wise. All diagonal elements are set to 0. By comparing the direction, magnitude, and sta-
tistical significance of the short-term and long-term indirect effects of the digital economy
across different distance bands, this study identifies the distance-decay patterns and ef-
fective geographical boundaries of the short-term spatial siphoning effect and the long-
term green spillover effect. This approach is used to test Hypothesis 2.

3.1.5. Model for Testing Moderating Mechanisms Shaping the Dynamic
Spatial Externalities

To examine how green technological innovation, industrial upgrading, and factor
misallocation moderate the dynamic spatial externalities of the digital economy, this
study extends the baseline dynamic spatial Durbin model by incorporating interaction
terms between the digital economy and each moderating variable. The model is specified
as follows:
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LGUE#=a + tTLGUEi+1 + pWLGUE# + WLGUEis1 + p1DEit + B2Mit + B3(DEir x M)
7)
+ O1WDEit + 0:2WMit + OsW(DEit x Mit) + yControlie + SWControlit + pi + At + €it
where Mit denotes the moderating variables, including green technological innovation
(GTI), industrial upgrading (ISU), and factor misallocation (FM), respectively. This model
is used to test Hypotheses 3, 4, and 5.

3.1.6. Heterogeneity Analysis Strategy

To examine city-level differences in the effects of the digital economy on green land
use efficiency, this study conducts subgroup estimations according to geographical loca-
tion, resource endowment, administrative hierarchy, and environmental regulation.

First, based on the official regional classification, the sample cities are divided into
cities in eastern China, cities in central China, and cities in western China to examine
whether differences in digital infrastructure, marketization, and innovation conditions
lead to heterogeneous effects across regions. Second, according to the classification criteria
for resource-based cities issued by the State Council of China, the sample is divided into
resource-based and non-resource-based cities to identify differences associated with re-
source dependence and the need for industrial transformation. Third, based on adminis-
trative hierarchy, the sample is divided into high-tier and ordinary cities. High-tier cities
include municipalities directly under the central government, provincial capitals, and
sub-provincial cities, while the remaining cities are classified as ordinary cities. This clas-
sification is used to examine the influence of cities” capacity to mobilize and allocate ad-
ministrative resources. Fourth, the intensity of environmental regulation is measured by
the proportion of local fiscal expenditure on energy conservation and environmental pro-
tection in total general public budget expenditure. This indicator reflects the fiscal re-
sources allocated by local governments to environmental governance and pollution con-
trol. To maintain consistent city classifications throughout the sample period, the annual
environmental regulation indicator is first averaged for each city over the sample period.
Cities with an average value above the sample median are classified as cities with stricter
environmental regulation, whereas the remaining cities are classified as cities with less
stringent environmental regulation.

By comparing the direction, magnitude, and statistical significance of the estimated
effects of the digital economy across different groups, this study determines whether its
impact on green land use efficiency exhibits significant urban heterogeneity, thereby test-
ing Hypothesis 6.

3.2. Measurement of Variables
3.2.1. Dependent Variable: Green Land Use Efficiency (LGUE)

Green land use efficiency (LGUE) reflects a city’s comprehensive capacity to increase
desirable economic, social, and ecological outputs while reducing undesirable outputs,
such as pollutant emissions, under constraints imposed by inputs of land, capital, labor,
science and technology, and energy. Unlike conventional land use efficiency, which fo-
cuses primarily on economic output, green land use efficiency simultaneously considers
economic development, social welfare, and ecological improvement. It emphasizes
achieving higher-quality land use outcomes with fewer resource inputs and lower envi-
ronmental costs.

Following Tan et al. [38], this study employs a super-efficiency slack-based measure
(SBM) model incorporating undesirable outputs to estimate urban green land use effi-
ciency. An evaluation index system is constructed from three dimensions: inputs, desira-
ble outputs, and undesirable outputs, as shown in Table 1. The input indicators include
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land, capital, labor, science and technology, and energy inputs. The desirable outputs
comprise economic, social, and ecological benefits, whereas the undesirable outputs
mainly include industrial wastewater, sulfur dioxide, and industrial smoke and dust
emissions. To measure social benefits, this study applies the entropy-weight method to
construct a social development index based on population development, economic in-
come, employment, medical resources, investment in science and education, and techno-
logical innovation. The detailed indicators are presented in Table 2.

Table 1. Construction of the indicator system for LGUE.

Indicator Type Element Indicator Description
Land Area of production and living land (km?)
Capital Fixed asset investment (104 CNY)
Input Labor Total employment (10 persons)
Technology Proportion of science and technology expenditure in GDP (%)
Energy Total energy consumption (10* tons of SCE)

Gross regional product minus resource depletion costs and environmen-

Economic benefit tal pollution losses (10* CNY)

Desirable Output

Social benefit Social development index
Ecological benefit Greening coverage rate of built-up areas (%)
. Industrial wastewater emissions per unit of land area (10 tons/km?)
Undesirable Out- . . oo - .
put Negative ecological effect Sulfur dioxide emissions per unit of land area (10* tons/km?)

Industrial smoke and dust emissions per unit of land area (10* tons/km?)

Table 2. Construction of the indicator system for the social development index.

Variable Indicator Indicator Description Direction
Natural population growth Ratio of the natural increase in population to the total popula- Positive
rate tion (%)
Consumption level Per capita retail sales of consumer goods (10* CNY/person)  Positive
Per capita disposable income Ratio of total regional disposable income to the total population Positive
(10* CNY/person)
Social d.evel- Unemployment rate Proportion of the registered unemployed population to the total Negative
opment index labor force (%)
Medical resources Number of hospital beds per 10,000 persons Positive
Government support for sci- Proportion of science and education expenditure to total local Positive
ence and education general public budget expenditure (%)
. . Sales revenue from new products of industrial enterprises above .
Level of innovation output Positive

designated size per unit of land area (10* CNY/km?)

3.2.2. Independent Variable: Digital Economy (DE)

The digital economy (DE) is a comprehensive concept encompassing the develop-
ment of digital industries, the application of digital technologies, and the digital transfor-
mation of the real economy. This study constructs an evaluation index system from five
dimensions: digital product manufacturing, digital product services, digital technology
applications, digital factor-driven development, and digital efficiency improvement.

To eliminate differences in measurement units and orders of magnitude across the
original panel data, this study first applies min—-max normalization to transform the un-
derlying indicators into dimensionless values. The objective entropy-weight method is
then employed to determine the weight of each indicator. Finally, the standardized value
of each indicator is multiplied by its corresponding entropy weight and aggregated to
obtain the composite digital economy development index DE for each city and year. The
detailed evaluation index system is presented in Table 3.
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Table 3. Construction of the indicator system for DE.

Variable Indicator Indicator Description
Logarithm of the output of integrated circuits
Digital product manufac- Mobile phone penetration rate
turing Proportion of fixed asset investment in the computer services and software in-

Digital econ-Digital technology appli-

omy

dustry to total fixed asset investment

Digital product services

Logarithm of software product revenue
Logarithm of total telecom business volume

Logarithm of the number of domain names
Logarithm of the number of Internet users

cation Logarithm of information technology service revenue
Number of Internet broadband access subscribers per 100 persons
Digital factor-driven de- Logarithm of e-commerce transaction volume
velopment Logarithm of the number of industrial Internet patent grants
Payment usage sub-index of the Digital Financial Inclusion Index
Digital efficiency im- Insurance usage sub-index of the Digital Financial Inclusion Index
provement Installation density of industrial robots

3.2.3. Moderating Mechanism Variables

1.

Green technological innovation (GTI). Following Johnstone et al. [39], this study
measures urban green technological innovation using the number of green patent
applications per 10,000 inhabitants. Patent applications are employed rather than pa-
tent grants because application data are less affected by administrative approval lags
and can therefore capture a city’s current green innovation capacity in a more timely
manner. Green patent applications are identified by matching the patent-level Inter-
national Patent Classification (IPC) codes obtained from the China National Intellec-
tual Property Administration with the technology categories and corresponding IPC
codes listed in the World Intellectual Property Organization (WIPO) IPC Green In-
ventory. The identified applications are then aggregated at the prefecture-level city
level. To smooth the distribution and accommodate zero values, the natural loga-
rithm of the number of green patent applications per 10,000 inhabitants plus one is
used.

Industrial upgrading (ISU). This study measures the level of urban industrial up-
grading using the industrial structure hierarchy coefficient. This method assigns pro-
gressively higher weights to the primary, secondary, and tertiary sectors to reflect
the advancement of the industrial structure. The index is calculated as follows:

3
ISUi = Zmzly,—,m,; xm 8)

where yint denotes the share of value added generated by industry m in the gross
regional product of city i in year ¢.

Factor misallocation (FM). This study measures the degree of factor misallocation
based on the classic theoretical framework proposed by Zhang et al. [40]. First, the
output elasticities of capital and labor for each city are estimated using a Cobb-Doug-
las (C-D) production function. The capital misallocation index (7K) and labor misal-
location index (L) are then calculated by comparing the marginal products of the
respective factors with their actual factor prices. Finally, a composite factor misallo-
cation index is constructed as follows:

M= K,} +,° )
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3.2.4. Control Variables
To mitigate omitted-variable bias, this study includes the following control variables:

1. Urbanization level (URB). This variable is measured as the proportion of the urban
resident population in the total resident population. Urbanization can improve land
use intensity and public service efficiency through population agglomeration and in-
frastructure sharing, whereas excessive urban expansion may also increase pressure
on land resources and the ecological environment.

2. Degree of openness (Fdi). This variable is measured as the ratio of actually utilized
foreign direct investment to gross regional product. Foreign direct investment may
introduce green technologies and advanced management practices, but it may also
lead to the relocation of polluting industries.

3. Government intervention (Gov). This variable is measured as the ratio of local general
public budget expenditure to gross regional product. Local governments can influ-
ence land use patterns through fiscal expenditure, industrial policies, and environ-
mental governance.

4. Population density (Pop). This variable is measured as the ratio of the year-end pop-
ulation to the administrative land area. Population agglomeration may improve the
utilization efficiency of land and public facilities, whereas excessive agglomeration
may increase resource and environmental pressures.

5. Human capital (Human). This variable is measured as the ratio of students enrolled
in regular higher education institutions to the annual average population. Higher
levels of human capital facilitate the absorption of digital technologies, green inno-
vation, and industrial upgrading.

6. Industrialization level (Industry). This variable is measured as the share of industrial
value added in gross regional product. A higher proportion of traditional industry
may increase land occupation, energy consumption, and pollutant emissions.

3.3. Data Sources

This study constructs a panel dataset covering 280 prefecture-level and above cities
in China from 2011 to 2024. The raw data on macroeconomic conditions and the ecological
environment are primarily obtained from the China Statistical Yearbook, China Environmen-
tal Statistical Yearbook, China City Statistical Yearbook, China Regional Economic Statistical
Yearbook, and the CSMAR database, supplemented by the statistical bulletins on national
economic and social development issued by provincial and municipal governments. For
a small number of isolated missing observations within the sample period, linear interpo-
lation is used to impute the missing values. Selected continuous variables with highly
skewed distributions are transformed using natural logarithms to reduce skewness and
mitigate potential heteroskedasticity. Definitions and descriptive statistics of the main
variables are presented in Table 4. Although the original dataset covers 280 cities from
2011 to 2024, the inclusion of the one-period lagged dependent variable in the dynamic
spatial Durbin model reduces the effective estimation period to 2012-2024. Therefore, the
baseline regression sample contains 3640 city-year observations. The base map was ob-
tained from the Standard Map Service website of the Ministry of Natural Resources, using
the standard map with approval number GS (2024) 0650. No modifications were made to
the base map.

Table 4. Definition and expression of variables.

Variable Type Variable Symbol Mean Standard Deviation
Dependent variable Green land use efficiency LGUE 0.806 0.120
Independent variable Digital economy DE 0.326 0.167
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Moderating mechanism vari- Green technological innovation GTI 1.284 0.936
ables Industrial upgrading Isu 2.356 0.184
Factor misallocation FM 0.427 0.286
Urbanization level URB 0.606 0.148
Degree of openness Fdi 0.021 0.026
Control variables Government intervention Gov 0.183 0.092
Population density Pop 0.061 0.073
Human capital Human 0.023 0.019
Industrialization level Industry 0.346 0.112
4. Results
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4.1. Spatiotemporal Evolution of DE and LGUE
4.1.1. Temporal Distribution Dynamics

To examine the temporal dynamics of the digital economy (DE) and green land use
efficiency (LGUE), three-dimensional kernel density estimation (KDE) plots are generated
using MATLAB R2023a (The MathWorks, Inc., Natick, MA, USA). Figure 2a presents the
three-dimensional KDE results for China’s DE from 2011 to 2024. In terms of distribution
location, the main peak of the KDE curve shifts gradually toward higher values over time,
indicating an overall upward trend in the level of digital economy development. Regard-
ing distribution shape, the height of the main peak declines steadily, while its width grad-
ually expands, suggesting that data dispersion has increased, and that intercity disparities
in DE development have gradually widened. In terms of tail behavior and polarization,
the right tail on the high-value side becomes increasingly elongated, and the initially uni-
modal distribution gradually evolves into a multimodal pattern. This indicates that the
number of cities with relatively high levels of DE has increased, while a differentiated
regional gradient has gradually emerged.

Figure 2b presents the three-dimensional KDE results for China’s LGUE from 2011 to
2024. In terms of distribution location, the main peak of the KDE curve also shifts contin-
uously toward higher values, indicating a significant overall improvement in LGUE. Re-
garding distribution shape, the height of the main peak shows a slight declining trend
with fluctuations, accompanied by a slight broadening of the distribution, suggesting that
intercity disparities in LGUE have widened gradually. In terms of polarization, the right
tail on the high-value side becomes noticeably longer over time, while a small secondary
peak emerges in the extremely high-value range. This pattern suggests that a small num-
ber of cities have entered a relatively high-efficiency range, leading to increasing spatial

polarization.
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Figure 2. Three-dimensional KDE of DE and LGUE from 2011 to 2024: (a) DE; (b) LGUE. Note:
Colors correspond to the magnitude of the kernel density values, with dark blue indicating lower

density and yellow indicating higher density.
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4.1.2. Spatial Distribution Patterns

To investigate the spatial evolution characteristics of DE and LGUE, this study selects
measured results for four periods including 2011, 2015, 2019 and 2024, and adopts ArcGIS
10.8 (Esri, Redlands, CA, USA) to conduct spatial visualization analysis on the two indi-
cators in the four years.

As shown in Figure 3, the spatial distribution of DE exhibits a pronounced east-west
gradient. In 2011, most cities remained in the low-value range, while only a small number
of eastern coastal cities displayed an initial advantage. From 2015 to 2019, DE developed
rapidly, and high-value areas gradually expanded from isolated coastal growth poles to-
ward surrounding cities. By 2024, relatively high levels of DE had formed contiguous
clusters along the eastern coast. Meanwhile, several regional central cities in central and
western China also experienced rapid catch-up growth. Overall, the spatial distribution
of DE evolved from isolated high-value areas to more spatially connected clusters, while
maintaining a general pattern of higher levels in the east and lower levels in the west.
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Figure 3. Spatial distribution of DE in 2011, 2015, 2019, and 2024.

Figure 4 presents the spatial evolution of LGUE. In 2011, most cities were concen-
trated in the low- and medium-value ranges, and high-efficiency cities were scattered
across space. By 2024, the overall level of LGUE had increased considerably, while high-
value areas had gradually evolved from isolated points into more contiguous clusters.
This spatial transformation suggests that improvements in LGUE were accompanied by
increasingly evident spatial agglomeration. From 2011 to 2024, both DE and LGUE dis-
played clear upward trends and increasingly clustered spatial distributions. The con-
sistent temporal and spatial evolution of DE and LGUE provides preliminary descriptive
evidence of a potential correlation between digital economy development and green land
use efficiency. Nevertheless, whether DE significantly affects LGUE, whether this effect
generates spatial externalities, and whether these spatial effects are conditioned by green
technological innovation, industrial upgrading, and factor misallocation require further
econometric investigation.
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Figure 4. Spatial distribution of LGUE in 2011, 2015, 2019, and 2024.

4.2. Spatial Autocorrelation Test
4.2.1. Global Spatial Autocorrelation

To examine whether the digital economy (DE) and green land use efficiency (LGUE)
exhibit significant spatial dependence, this study calculates their global Moran’s I statistics
for the period 20112024 using the geographical distance matrix. The results are reported
in Table 5. Throughout the sample period, the Moran’s I statistics of both DE and LGUE
are positive, and the corresponding Z-statistics are statistically significant. All reported
Moran’s I statistics are statistically significant at the 1% level, with the exception of LGUE
in 2016, which remains significant at the 5% level. These findings indicate that DE and
LGUE are not randomly distributed across space but exhibit significant positive spatial
autocorrelation. Specifically, cities with relatively high values tend to be located near other
high-value cities, while cities with relatively low values are also more likely to form spatial
clusters.

From a temporal perspective, the Moran’s I statistic of DE shows an overall upward
trend with some fluctuations, increasing from 0.304 in 2011 to 0.502 in 2024. This pattern
indicates an overall increasing trend in spatial clustering of DE. Although the Moran’s I
statistic of LGUE declined from 0.260 in 2011 to 0.098 in 2016, it generally increased there-
after and reached 0.497 in 2024, indicating that the positive spatial association of LGUE
became notably stronger in the later sample period. Overall, both DE and LGUE exhibit
significant positive spatial dependence, although the temporal evolution of LGUE is char-
acterized by noticeable fluctuations.

Table 5. Global Moran’s 1.

DE LGUE
Year
Moran’s I ZValue pValue Moran’sl Z Value p Value
2011 0.304 7.631 0.000 0.260 6.542 0.000
2012 0.329 8.264 0.000 0.232 5.840 0.000
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2013 0.344 8.616 0.000 0.183 4.633 0.000
2014 0.321 8.064 0.000 0.152 3.861 0.000
2015 0.286 7.175 0.000 0.150 3.825 0.000
2016 0.309 7.755 0.000 0.098 2.524 0.012
2017 0.293 7.364 0.000 0.262 6.601 0.000
2018 0.340 8.524 0.000 0.298 7.481 0.000
2019 0.418 10.461 0.000 0.331 8.304 0.000
2020 0.438 10.969 0.000 0.313 7.853 0.000
2021 0.463 11.583 0.000 0.335 8.406 0.000
2022 0.484 12.108 0.000 0.329 8.241 0.000
2023 0.501 12.516 0.000 0.294 7.393 0.000
2024 0.502 12.539 0.000 0.497 12.407 0.000

4.2.2. Local Spatial Clustering

To further characterize the local spatial clustering patterns of the digital economy
(DE) and green land use efficiency (LGUE) during the study period, this study constructs
LISA cluster maps for both variables, as shown in Figure 5. The sample cities are classified
into four types: high-high clusters, low—low clusters, high—low spatial outliers, and low—
high spatial outliers.

Overall, the local spatial distributions of both DE and LGUE are dominated by high-
high and low-low clusters, indicating pronounced spatial agglomeration and polarization.
Over time, the spatial continuity of the high-high and low-low clusters increases, and the
pattern of local spatial differentiation becomes increasingly distinct.

Specifically, the high-high clusters of DE are concentrated primarily in the eastern
coastal region, and their spatial coverage expands markedly into more contiguous areas
over time, indicating a strong spatial clustering and diffusion pattern. By contrast, the
low-low clusters are concentrated in contiguous areas of central, western, and northeast-
ern China, reflecting a pronounced spatial lock-in of low DE levels.

The local spatial clustering pattern of LGUE broadly resembles that of DE. Its high—
high clusters are mainly distributed in the eastern coastal region and in several urban ag-
glomerations with relatively strong economic foundations, evolving from an initially scat-
tered distribution into more contiguous clusters. Low-low clusters are concentrated pri-
marily in parts of northeastern China and the inland areas of central and western China.
The spatial overlap between the high-value clusters of DE and LGUE suggests that regions
with relatively advanced digital economy development also tend to exhibit higher levels
of green land use efficiency.
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Figure 5. LISA cluster maps of DE and LGUE.
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4.3. Selection of Spatial Model

To identify the appropriate spatial econometric specification for examining the effect
of the digital economy on green land use efficiency, this study conducts a series of diag-
nostic tests, including the Lagrange Multiplier (LM) test, robust LM test, Wald test, likeli-
hood-ratio (LR) test, and Hausman test. The Akaike information criterion (AIC) and
Bayesian information criterion (BIC) are further used to determine the appropriate fixed-
effects specification. The results are reported in Tables 6 and 7.

First, the LM-Error, LM-Lag, Robust LM-Error, and Robust LM-Lag statistics are
1187.960, 17.860, 1153.657, and 12.704, respectively, and all corresponding p-values are
below 0.01. These results indicate the presence of both spatial lag dependence and spatial
error dependence. Therefore, neither a spatial autoregressive model that considers only
the spatial lag of the dependent variable nor a spatial error model that accounts only for
spatial correlation in the error term can fully capture the complex spatial relationship be-
tween the digital economy and green land use efficiency. Accordingly, the spatial Durbin
model, which incorporates the spatial lags of both the dependent and explanatory varia-
bles, is preferred.

Second, the Wald-SAR and Wald-SEM statistics are 58.560 and 46.670, respectively,
and both are significant at the 1% level. Similarly, the LR-SAR and LR-SEM statistics are
58.010 and 47.510, respectively, and are also significant at the 1% level. These results
jointly reject the null hypotheses that the spatial Durbin model can be simplified to either
a spatial autoregressive model or a spatial error model, supporting the use of the full spa-
tial Durbin specification.

Third, the Hausman test statistic is 273.570 and is significant at the 1% level, leading
to the rejection of the null hypothesis in favor of the fixed-effects model. This indicates
that a fixed-effects specification is more appropriate for the panel data.

Finally, Akaike information criterion (AIC) and Bayesian information criterion (BIC)
are further employed to compare alternative fixed-effects specifications. The two-way
fixed-effects model yields an AIC of -18,891.390 and a BIC of -18,745.120, both of which
are lower than those of the city fixed-effects and year fixed-effects models. This indicates
that the two-way fixed-effects specification provides the best model fit.

Based on these diagnostic tests, the spatial Durbin specification is preferred over SAR
and SEM specifications. Given the strong intertemporal persistence of LGUE, the model is
further extended by incorporating the temporal lag and spatiotemporal lag of the depend-
ent variable, resulting in the dynamic spatial Durbin model used in the baseline estima-
tion.

Table 6. Results of LM, Wald, LR, and Hausman tests.

Test Type Statistic p Value
LM-Error 1187.960 0.000
LM-Lag 17.860 0.000
Robust LM-Error 1153.657 0.000
Robust LM-Lag 12.704 0.000
Wald test-SAR 58.560 0.000
Wald test-SEM 46.670 0.000
LR test-SAR 58.010 0.000
LR test-SEM 47.510 0.000
Hausman test 273.570 0.000
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Table 7. Results of AIC and BIC tests.

Test Type Statistic
AIC for city fixed effect -18,354.530
AIC for time fixed effect -16,137.480
AIC for two-way fixed effects -18,891.390
BIC for city fixed effect -18,194.040
BIC for time fixed effect -16,014.840
BIC for two-way fixed effects -18,745.120

4.4. Baseline Regression Results
4.4.1. Estimation Results of the Dynamic Spatial Durbin Model

Table 8 reports the estimation results of the dynamic spatial Durbin model based on
three spatial weight matrices (Wgew, Weeo, and Weeogeo). The spectral radii of the dynamic
transition matrices are 0.931, 0.804, and 0.740 under the geographical distance matrix, eco-
nomic distance matrix, and economic-geographical nested matrix, respectively. All values
are below one, indicating that the dynamic spatial processes satisfy the stability condition
and converge to stable equilibria. The relatively large spectral radius under Wee also sug-
gests that green land use efficiency exhibits stronger dynamic persistence when spatial
linkages are defined primarily by geographical proximity.

The coefficients of the temporally lagged green land use efficiency term (L.LGUE) are
0.383, 0.392, and 0.418, while the coefficients of the spatiotemporally lagged term
(L.WLGUE) are 0.345, 0.191, and 0.114. All coefficients are positive and statistically signif-
icant at the 1% level. These results indicate that the evolution of green land use efficiency
exhibits both temporal path dependence and spatiotemporal dependence. Improvements
in green land use efficiency therefore constitute a cumulative and dynamically persistent
process rather than an outcome that can be achieved instantaneously.

The estimated spatial autoregressive coefficients p are 0.218, 0.275, and 0.281 under
the three spatial weight matrices, respectively, and all are significantly positive at the 1%
level. This result confirms the existence of significant positive spatial dependence in urban
green land use efficiency. A city’s green land use efficiency is influenced not only by its
own socioeconomic and environmental conditions but also by the green land use perfor-
mance of spatially connected cities.

The coefficients of the digital economy are 0.073, 0.119, and 0.136, respectively, and
are all positive and statistically significant at the 1% level. This finding indicates that dig-
ital economy development is positively associated with local green land use efficiency. By
contrast, the coefficients of the spatially lagged digital economy term (WDE) are -0.063,
-0.083, and —0.082, respectively, and are all significantly negative at the 1% level. The neg-
ative coefficients provide preliminary evidence that digital economy development may
generate a negative contemporaneous spatial transmission effect on spatially connected
cities, potentially reflecting the cross-regional concentration of capital, technology, and
high-skilled labor.

However, because the dynamic spatial Durbin model simultaneously incorporates
spatial feedback, temporal accumulation, and spatiotemporal interaction effects, the point
estimates of DE and WDE cannot be directly interpreted as the true direct and spatial
spillover effects of the digital economy. Therefore, the partial-derivative decomposition
approach is subsequently employed to calculate the short-term and long-term direct and
indirect effects.

https://doi.org/10.3390/land15071310



Land 2026, 15, 1310

23 of 40

Table 8. Baseline estimation results of the dynamic spatial Durbin model.

Variable W e W

L.LGUE 0.383 ***(0.015) ~ 0.392 *** (0.013) ~ 0.418 *** (0.013)

L.WLGUE 0.345**(0.034) ~ 0.191 ***(0.028)  0.114 *** (0.041)

DE 0.073 ***(0.020)  0.119 ***(0.031)  0.136 *** (0.035)

URB 0.017 **(0.006)  0.071 ***(0.013) ~ 0.092 *** (0.013)

Fdi 0.025 *** (0.009) 0.009 (0.009) 0.040 *** (0.009)

Gov 0.019 *** (0.003) 0.002 (0.003) 0.010 *** (0.003)

Pop -0.144 ** (0.073)  -0.305 *** (0.074) -0.430 *** (0.074)

Human 0.108 ***(0.033) ~ 0.214 ***(0.033)  0.073 ** (0.033)

Industry -0.292 ***(0.044) -0.332***(0.044) -0.430 *** (0.043)

WDE -0.063 *** (0.009) -0.083 ***(0.011) -0.082 *** (0.011)

Spatial p 0.218 ***(0.021) ~ 0.275***(0.026)  0.281 *** (0.024)
WControl YES YES YES
City fixed effect YES YES YES
Time fixed effect YES YES YES
N 3640 3640 3640
overall R? 0.337 0.361 0.396
Spectral radius of A 0.931 0.804 0.740

Note: Standard errors are in parentheses; ** p < 0.05, and ** p < 0.01.

4.4.2. Short-Term and Long-Term Spatial Externalities Decomposition

Given the complex spatial interaction and feedback mechanisms embedded in the
spatial Durbin model, relying solely on point estimates cannot accurately capture the true
marginal effects of the explanatory variables. Following the approach commonly adopted
in the literature, this study applies the partial-derivative decomposition method to de-
compose the effects of the digital economy into short-term and long-term direct and indi-
rect effects, as reported in Table 9.

From the perspective of short-term effects, the direct effect of DE is significantly pos-
itive under all three spatial weight matrices, indicating that digital economy development
can improve local green land use efficiency (LGUE) within a relatively short period. By
contrast, the short-term indirect effect of DE is significantly negative under all three spatial
weight matrices, suggesting that the digital economy generates a pronounced spatial si-
phoning effect on other spatially connected cities during the early stages of development.
A possible explanation is that digital infrastructure, innovation capital, highly skilled la-
bor, and high-value-added industries tend to agglomerate first in central cities with
stronger economic foundations and higher levels of digitalization. Consequently, sur-
rounding cities may experience an outflow of high-quality production factors, weakened
innovation capacity, and constraints on industrial upgrading, thereby adversely affecting
their LGUE. From the perspective of long-term effects, the long-term direct effect of DE is
significantly positive under all three spatial weight matrices, indicating that as digital
technologies become increasingly embedded in urban production systems, their positive
impact on local LGUE is gradually released and accumulated. The significantly positive
short- and long-term direct effects support Hypothesis 1a.

The long-term indirect effects are 0.065, 0.043, and 0.046, respectively. The estimates
are positive and statistically significant at the 1% level under Wgeo and Weco-geo, and at the
5% level under Weo. The shift from significantly negative short-term indirect effects to
significantly positive long-term indirect effects demonstrates that the spatial influence of
the digital economy on spatially connected cities gradually shifts from the short-term spa-
tial siphoning effect to the long-term green spillover effect.
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This intertemporal transition reveals the pronounced dynamic nature of the spatial
externalities of the digital economy. In the short term, cities with stronger economic foun-
dations and higher levels of digitalization may attract capital, talent, and technology from
spatially connected cities, thereby generating a spatial siphoning effect. Over time, how-
ever, digital networks continue to improve, the cost of knowledge transmission declines,
and green technology diffusion, industrial cooperation, and regional specialization grad-
ually deepen. spatially connected cities may gradually transform externally diffused dig-
ital resources into local green productive capacity through technological imitation, the
absorption of relocated industries, and talent exchange, thereby promoting a shift in spa-
tial externalities from siphoning to the green spillover effect.

The directions of the estimated effects are broadly consistent across the three spatial
weight matrices, indicating that the dynamic transition from the short-term spatial si-
phoning effect to the long-term green spillover effect is robust across alternative defini-
tions of spatial connectivity. The transition from a negative short-term indirect effect to a
positive long-term indirect effect supports Hypothesis 1b.

Table 9. Decomposition of the short-term and long-term effects of DE.

Effect Weeo Weco Weco-geo
Short-term direct effect 0.059 ***(0.017)  0.101 *** (0.016) 0.131 **(0.017)
Short-term indirect effect ~ -0.046 *** (0.012) -0.052 *** (0.010)  -0.056 *** (0.013)
Long-term direct effect 0.120 ***(0.021) ~ 0.211 *** (0.023) 0.243 *** (0.024)
Long-term indirect effect ~ 0.065 *** (0.017)  0.043 ** (0.017) 0.046 *** (0.016)

Note: Standard errors are in parentheses; ** p < 0.05, and *** p < 0.01.

4.5. Robustness Checks

To ensure the reliability of the empirical results obtained from the dynamic spatial
Durbin model, this study conducts a series of robustness checks, including endogeneity-
related tests as follows.

1. Lagged explanatory variables. Considering the potential reverse causality between
the digital economy (DE) and green land use efficiency (LGUE), all core explanatory
variables and control variables are lagged by one period and reintroduced into the
baseline model. This lag structure not only helps mitigate contemporaneous bidirec-
tional causality but also accounts for the potential time-lagged effects of the digital
economy on LGUE. As shown in Column (1) of Table 10, the coefficient of the lagged
DE remains positive and statistically significant at the 10% level, which broadly sup-
ports the robustness of the baseline results.

2. Auxiliary IV-GS25SLS estimation. The IV-GS2SLS specification is employed only as a
separate auxiliary test of the potential endogeneity of the digital economy and is not
used as an alternative estimator of the full dynamic spatial Durbin model. Accord-
ingly, the IV-GS2SLS column reports the digital economy, its spatial lag, and the spa-
tial autoregressive parameter, together with the corresponding identification and
weak-instrument diagnostics. Short-term and long-term effect decompositions are
not reported for this auxiliary specification. The instrumental variable is constructed
as the interaction between the postal and telecommunications business volume per
10,000 people in each city in 1984 and the lagged national growth rate of internet
broadband access users. The relevance of the instrument arises from the persistent
influence of historical communication infrastructure on subsequent digital develop-
ment. The postal and telecommunications business volume in 1984 reflects a city’s
initial communication foundation and its capacity to adopt emerging information
technologies. When national internet use expands, cities with stronger historical com-
munication foundations are generally better able to absorb the common technological
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shock and develop digital industries. The interaction term therefore captures the het-
erogeneous responses of cities to the same national internet expansion and is ex-
pected to be closely correlated with current digital economy development. The un-
der-identification and weak-instrument tests are further employed to assess this rel-
evance empirically. The plausibility of the exclusion restriction rests on the predeter-
mined nature of the historical communication variable and the fixed-effects structure
of the panel model. The postal and telecommunications business volume in 1984 pre-
dates the sample period by several decades and therefore cannot be affected by cur-
rent green land use efficiency. City fixed effects absorb the time-invariant influence
of historical communication conditions, while year fixed effects absorb national in-
ternet expansion and other common macroeconomic shocks. Although the national
growth rate itself is absorbed by year fixed effects, its interaction with the city-specific
historical communication variable varies across cities and years and therefore pro-
vides the identifying variation. As reported in Column (2) of Table 10, the under-
identification test rejects the null hypothesis of under-identification, while the weak-
instrument statistic exceeds the corresponding critical value, supporting the rele-
vance of the instrument. After accounting for potential endogeneity, the IV-GS25LS
estimates remain broadly consistent with the baseline results, providing auxiliary ev-
idence that the main findings are not driven by the potential endogeneity of the dig-
ital economy.

Winsorization. Considering possible fluctuations in macro-statistical data due to
changes in statistical calibration in certain years, all variables are winsorized at the
1% and 99% levels to mitigate the influence of extreme observations. As shown in
Column (3) of Table 10, the signs and statistical significance of the key coefficients
remain consistent with the baseline results, indicating that extreme outliers do not
drive the main conclusions.

Alternative measurement of the dependent variable. In the baseline model, green
land use efficiency (LGUE) is measured using a super-efficiency SBM model with un-
desirable outputs. To address potential measurement bias in efficiency estimation,
this study re-estimates green land use efficiency using the EBM (Epsilon-Based Meas-
ure) model, which integrates both radial and non-radial distance functions and better
captures the joint presence of proportional and slack-based inefficiencies in land use
systems. After replacing the dependent variable with the EBM-based measure, the
dynamic spatial Durbin model and the corresponding effect decomposition are re-
estimated. As reported in Column (4) of Table 10, the short-term direct effect remains
significantly positive, whereas the short-term indirect effect remains significantly
negative. In the long term, both the direct and indirect effects remain significantly
positive. These results confirm that the transition from the short-term spatial siphon-
ing effect to the long-term green spillover effect is robust to the alternative measure-
ment of green land use efficiency.

Alternative measurement of the independent variable. In the baseline model, DE is
constructed using the objective entropy-weight method. Although this method re-
duces the influence of subjective weighting, the empirical results may still be sensi-
tive to the specific weighting scheme used to construct the composite index. To ad-
dress this potential measurement bias, this study reconstructs DE using principal
component analysis based on the same underlying indicators reported in Table 3.
Specifically, all indicators are first standardized, after which the principal compo-
nents are extracted and weighted according to their respective variance contribution
rates. The weighted principal component scores are then aggregated and normalized
to obtain the PCA-based DE index. After replacing the baseline DE index with the
PCA-based DE index, the dynamic spatial Durbin model is re-estimated. As reported
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in Column (5) of Table 10, the directions and statistical significance of the estimated
effects remain broadly consistent with the baseline results. The transition from the
short-term spatial siphoning effect to the long-term green spillover effect also re-
mains unchanged, indicating that the main conclusions are not driven by the specific
weighting method used to construct DE.

Sample adjustment. Considering that municipalities directly under the central gov-
ernment typically enjoy stronger policy support and exhibit atypically high levels of
digital infrastructure and land-use efficiency, which may bias the estimation results,
this study excludes these cities for robustness checks. As shown in Column (6) of
Table 10, after removing these potentially extreme high-value observations, the coef-
ficient of DE remains significantly positive, further confirming the generalizability of
the baseline findings.

Alternative spatial weight matrix. To further examine whether the empirical results
are sensitive to the specification of spatial linkages, this study replaces the baseline
spatial weight matrices with a binary geographical contiguity matrix. Specifically, the
element of the matrix is assigned a value of 1 when city i and city j share a common
administrative boundary and 0 otherwise. The diagonal elements are set to 0, and the
matrix is row-standardized before estimation. Compared with the baseline matrices,
which assign continuous weights according to geographical distance or economic
proximity, the binary contiguity matrix defines intercity spatial dependence solely
on the basis of geographical adjacency. As reported in Column (7) of Table 10, the
short-term direct effect remains positive, whereas the short-term indirect effect re-
mains negative. In the long term, both the direct and indirect effects remain positive.
The transition from the short-term spatial siphoning effect to the long-term green
spillover effect therefore remains unchanged. In addition, the spectral radius of the
dynamic transition matrix is below one, indicating that the model satisfies the dy-
namic stability condition under the alternative spatial specification. These results
confirm that the main conclusions are not driven by a particular spatial weight matrix.

Table 10. Results of robustness tests.

(1) (2) (3) 4) (5) (6) (7)
Variables Lagged Var- . . L. EBM-Based PCA-Based Sample Ad-
gﬁbles GS2SLS Winsorization LGUE DE juslt)ment Woa
LLGUE 0.321 *** . 0.246 *** 0.238 *** 0.267 *** 0.254 *** 0.301 ***
(0.014) (0.013) (0.008) (0.013) (0.015) (0.016)
0.312 *** 0.308 *** 0.323 *** 0.310 *** 0.304 *** 0.277 ***
LWLGUE (0.030) - (0.029) (0.015) (0.026) (0.031) (0.028)
DE 0.054 * 0.026 ** 0.070 *** 0.059 *** 0.065 *** 0.044 * 0.058 ***
(0.028) (0.012) (0.020) (0.008) (0.014) (0.024) (0.011)
WDE -0.037**  -0.023 ** —0.042 *** -0.037 ** —0.043 *** -0.028 ** -0.039 ***
(0.015) (0.011) (0.011) (0.016) (0.011) (0.012) (0.010)
DE Short-term Direct  0.048 * 0.069 *** 0.051 *** 0.064 *** 0.041 * 0.056 ***
Effect (0.027) B (0.021) (0.008) (0.014) (0.023) (0.011)
DE Short-term Indi-  -0.027 * -0.035 ** -0.024 ***  -0.036 *** -0.021 * -0.032 ***
rect Effect (0.015) - (0.016) (0.007) (0.012) (0.012) (0.012)
DE Long-term Direct  0.088 *** 0.100 *** 0.080 *** 0.091 *** 0.060 ** 0.084 ***
Effect (0.025) B (0.023) (0.017) (0.028) (0.029) (0.031)
DE Long-term Indi-  0.004 ** 0.003 *** 0.011 ** 0.009 *** 0.002 ** 0.007 ***
rect Effect (0.002) B (0.001) (0.005) (0.002) (0.001) (0.001)
Spatial 0.183 *** 0.256 *** 0.175 *** 0.198 *** 0.202 *** 0.182 *** 0.214 ***
P p (0.022) (0.022) (0.019) (0.029) (0.020) (0.020) (0.022)
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Kleibergen-Paap rk LM 113.341 ***
Klezbergen;Paup Wald 934132
Stock-Yogo 16.38
WControl YES YES YES YES YES YES YES
Control variables YES YES YES YES YES YES YES
City fixed effect YES YES YES YES YES YES YES
Time fixed effect YES YES YES YES YES YES YES
Spatlal Welght matrix Wgeu ng’ﬂ Wgeo Wgeu VVgeo ng’ﬂ Woa
N 3360 3640 3640 3640 3640 3588 3640
Overall R2 0.345 0.331 0.461 0.385 0.418 0.376 0.352
Spectral radius of A 0.775 — 0.672 0.700 0.723 0.682 0.735

Note: Standard errors are in parentheses; * p < 0.1, ** p < 0.05, and *** p < 0.01.

4.6. Distance-Decay Characteristics and Effective Geographical Boundaries
4.6.1. Distance-Decay Characteristics

The preceding analysis demonstrates that the digital economy exerts a significant
short-term spatial siphoning effect and a long-term green spillover effect on green land
use efficiency. To further examine how these spatial externalities decay with geographical
distance, this study constructs distance-band spatial weight matrices at 50 km intervals
and separately estimates the short-term and long-term indirect effects of the digital econ-
omy across different distance bands. The results are presented in Figure 6.

From a short-term perspective, the indirect effect of the digital economy on spatially
connected cities is significantly negative within relatively short distances, indicating a pro-
nounced spatial siphoning effect. As the geographical distance between cities increases,
the absolute magnitude of the short-term negative indirect effect generally declines, sug-
gesting that the short-term spatial siphoning effect of the digital economy exhibits a clear
distance-decay pattern. When the distance exceeds approximately 200 km, the 95% confi-
dence interval includes zero, indicating that the short-term negative indirect effect is no
longer statistically significant.

From a long-term perspective, the indirect effect of the digital economy becomes sig-
nificantly positive and gradually weakens as geographical distance increases. When the
distance exceeds approximately 250 km, the 95% confidence interval of the long-term in-
direct effect begins to cross the zero line, indicating that the positive effect is no longer
statistically significant.

Overall, the spatial externalities of the digital economy are highly distance-sensitive
and operate within a distance-decay pattern. The short-term spatial siphoning effect re-
mains statistically significant within a distance of approximately 200 km, after which its
magnitude declines and becomes statistically insignificant. In contrast, the long-term
green spillover effect persists up to approximately 250 km before gradually converging
toward zero and losing statistical significance. The broader geographical range of the
long-term effect indicates that the spatial transmission mechanism of the digital economy
gradually shifts over time from factor competition among spatially connected cities to-
ward wider-ranging knowledge diffusion, industrial collaboration, and the dissemination
of green technologies. These results confirm a clear distance-decay pattern in the spatial
externalities of the digital economy and support Hypothesis 2.

The 200 km and 250 km values denote the upper endpoints of the first distance bands
in which the short-term and long-term indirect effects are no longer statistically detecta-
ble, respectively. They should therefore be interpreted as approximate and sample-de-
pendent ranges of statistical detectability. The relatively limited range of the short-term
spatial siphoning effect reflects the localized nature of factor competition. Central cities
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Short term Indirect Effect

are more likely to attract mobile complementary factors from nearby cities because relo-
cation frictions increase with geographical distance. By contrast, the long-term green spill-
over effect is transmitted mainly through digital networks and knowledge diffusion. The
replicability of data allows digital knowledge to reach cities located beyond the immediate
neighboring area. Nevertheless, tacit knowledge absorption and regional coordination re-
main sensitive to geographical distance, preventing the long-term green spillover effect
from extending indefinitely. The difference between the two estimated ranges is therefore
consistent with a transition from geographically localized factor competition to broader
but still finite knowledge diffusion.
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Figure 6. Distance-decay patterns of the indirect effects of DE: (a) short-term indirect effect; (b) long-
term indirect effect. Notes: Horizontal gray line represents the zero reference line. Horizontal-axis
values denote the upper endpoints of mutually exclusive 50 km distance bands. Thus, 50 km repre-
sents the 0-50 km band, 100 km represents the 50-100 km band, and subsequent bands are defined
analogously.

4.6.2. Spatial Visualization of Statistically Detectable Geographical Ranges

To provide a more intuitive representation of the spatial coverage of the short-term
spatial siphoning effect and the long-term green spillover effect of the digital economy,
this study identifies cities in the top 10% of the DE distribution in 2024. Based on the short-
term and long-term effective geographical boundaries identified above, their spatial radi-
ation ranges are visualized in Figure 7.

In the short term, the negative spatial externalities of core cities are mainly concen-
trated in their neighboring areas, and their spatial coverage is relatively limited. This pat-
tern indicates that factor attraction and siphoning during the initial stage of digital econ-
omy development are strongly characterized by geographical proximity. By contrast, the
spatial coverage of the long-term green spillover effect expands substantially, extending
beyond the boundary of the short-term spatial siphoning effect and reaching a broader
range of surrounding areas.

This asymmetry between the short-term and long-term spatial ranges suggests that,
during the early stage of development, central cities primarily generate competitive effects
on spatially connected cities through factor agglomeration. As digital technologies diffuse,
regional industrial linkages deepen, and green knowledge spreads, the long-term spatial
externalities gradually shift from localized siphoning toward broader green spillovers.
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Figure 7. Spatial radiation ranges of DE core cities in 2024. Note: * p < 0.1, ** p < 0.05, and *** p <
0.01.
4.7. Moderating Mechanism Analysis Based on Interaction Effects
To further examine the conditional mechanisms that shape the dynamic transition of
the digital economy’s spatial externalities from the short-term spatial siphoning effect to
the long-term green spillover effect, this study investigates three moderating mechanism
variables: green technological innovation (GTI), industrial upgrading (ISU), and factor
misallocation (FM). Interaction terms between the digital economy and each moderating
variable are sequentially incorporated into the baseline dynamic spatial Durbin model,
and the short-term and long-term direct and indirect effects of these interaction terms are
subsequently decomposed. The results are reported in Table 11.
Table 11. Decomposition of the Direct and Indirect Effects in the Moderation Models.
Variables Short-Term Direct  Short-Term Indirect  Long-Term Direct = Long-Term Indirect
Panel A. Moderating role of green technological innovation (GTI)
DE 0.046 *** -0.012 ** 0.033 ** 0.013 ***
(0.010) (0.006) (0.014) (0.004)
GTI 0.031 *** 0.020 * 0.037 * 0.032 **
(0.011) (0.011) (0.021) (0.014)
DE x GTI 0.025 * 0.051 ** 0.041 ** 0.062 **
(0.014) (0.023) (0.017) (0.027)
Panel B. Moderating role of industrial upgrading (ISU)
DE 0.051 *** -0.014 *** 0.057 *** 0.014 **
(0.011) (0.004) (0.021) (0.006)
Isu 0.049 *** 0.017 ** 0.074 *** 0.053 ***
(0.018) (0.007) (0.017) (0.009)
DE xIsU 0.028 * 0.041 ** 0.069 *** 0.067 ***
(0.015) (0.020) (0.019) (0.007)
Panel C. Moderating role of factor misallocation (FM)
DE 0.052 *** -0.016 ** 0.062 *** 0.011 *
(0.008) (0.008) (0.015) (0.006)
M -0.027 ** -0.007 ** —0.030 *** —0.039 ***
(0.012) (0.003) (0.010) (0.013)
DE x FM -0.016 ** —0.043 *** —0.057 *** -0.062 ***
(0.007) (0.014) (0.015) (0.012)
Control variables YES YES YES YES
City fixed effect YES YES YES YES
Time fixed effect YES YES YES YES
N 3640 3640 3640 3640
Spatial weight matrix Weco-geo Weco-geo Weco-geo Weco-geo
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Note: Standard errors are in parentheses; * p < 0.1, ** p <0.05, and *** p < 0.01.

4.7.1. Empirical Evidence on the Moderating Role of Green Technological Innovation

Green technological innovation represents an important moderating condition that
shapes how the digital economy facilitates the application and diffusion of green
knowledge. Digital platforms can reduce the costs of cross-regional innovation collabora-
tion and promote the diffusion of green production processes across cities. Meanwhile,
stronger green innovation capacity can enhance a city’s ability to absorb external digital
knowledge, thereby altering the magnitude of the spatial externalities generated by the
digital economy.

As shown in Table 11, the short-term indirect effect of the interaction term between
the digital economy and green technological innovation (DE x GTI) is positive, indicating
that green technological innovation can mitigate the spatial siphoning effect exerted by
the digital economy on spatially connected cities during the initial stage of development.
This is because stronger green technological innovation capacity improves spatially con-
nected cities’ ability to retain innovation factors and absorb digital technologies, thereby
reducing the adverse effects caused by the one-way concentration of capital, talent, and
technology in core cities.

In addition, the long-term indirect effect of DE x GTI is significantly positive. This
finding suggests that, as digital networks continue to improve, green technological inno-
vation promotes knowledge diffusion, technological imitation, and cross-regional collab-
orative research and development. It thereby enables spatially connected cities to trans-
form the digital and green knowledge released by core cities into local green productive
capacity, strengthening the long-term green spillover effect of the digital economy. There-
fore, green technological innovation not only weakens short-term spatial siphoning but
also reinforces the long-term green spillover effect, supporting Hypothesis 3.

4.7.2. Empirical Evidence on the Moderating Role of Industrial Upgrading

Industrial upgrading represents an important moderating condition that determines
how effectively digital technologies are translated into green land use outcomes. The
widespread application of digital technologies can promote the green transformation of
traditional industries and facilitate the reallocation of capital and labor from resource-
intensive, land-intensive, and low-value-added sectors toward technology-intensive and
high-value-added industries. This process reduces the dependence of economic growth
on land expansion and intensive resource inputs.

As shown in Table 11, the short-term indirect effect of DE x ISU is positive, indicating
that a higher level of industrial upgrading weakens the negative short-term indirect effect
of the digital economy and alleviates the spatial siphoning effect on spatially connected
cities. Cities with more advanced industrial structures generally possess more complete
industrial systems and stronger factor-carrying capacity. These characteristics reduce the
risk of sustained outflows of high-quality production factors and decrease dependence on
energy-intensive and highly polluting industries.

From a long-term perspective, the indirect effect of DE x ISU is significantly positive,
suggesting that industrial upgrading strengthens the long-term green spillover effect of
the digital economy. As regional specialization deepens, core cities can increasingly un-
dertake research and development functions, while spatially connected cities can draw on
their own industrial foundations to absorb suitable green manufacturing and supporting
industries. This process promotes cross-regional industrial coordination and facilitates the
diffusion of digital dividends across a broader geographical range. Therefore, industrial
upgrading mitigates the short-term spatial siphoning effect and reinforces the long-term
green spillover effect, supporting Hypothesis 4.
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4.7.3. Empirical Evidence on the Moderating Role of Factor Misallocation

Factor misallocation reflects the extent to which production factors, such as capital
and labor, deviate from their optimal allocation. It represents a negative moderating con-
dition that constrains the spatial diffusion of digital technologies and the conversion of
their associated green benefits.

As shown in Table 11, the short-term indirect effect of DE x FM is negative, indicating
that factor misallocation further intensifies the short-term spatial siphoning effect of the
digital economy. On the one hand, severe capital and labor misallocation weakens spa-
tially connected cities” ability to attract highly skilled workers, innovation capital, and
digital firms, making high-quality factors more likely to flow toward core cities with more
favorable market conditions. On the other hand, when production factors remain locked
into inefficient and highly polluting industries, spatially connected cities become less ca-
pable of responding to external competition.

The long-term indirect effect of DE x FM is also negative, indicating that factor mis-
allocation suppresses the realization of the long-term green spillover effect of the digital
economy. Even when digital technologies and green knowledge can diffuse across regions,
distorted factor allocation may prevent external knowledge from being effectively
matched with local capital, labor, and industrial foundations, thereby reducing the effi-
ciency with which such knowledge is transformed into green productive capacity. There-
fore, factor misallocation not only intensifies the short-term spatial siphoning effect but
also weakens the long-term green spillover effect, supporting Hypothesis 5.

4.7.4. Summary of the Moderating Mechanism Analysis

Taken together, the three moderating mechanism analyses indicate that the dynamic
transition in the spatial externalities of the digital economy does not occur automatically
but is jointly shaped by urban innovation capacity, industrial foundations, and factor al-
location efficiency. Green technological innovation and industrial upgrading act as posi-
tive moderators by improving spatially connected cities’ capacity to absorb digital
knowledge, green technologies, and relocated industries. They therefore mitigate spatial
siphoning during the initial stage of digital economy development and strengthen the
long-term green spillover effect.

By contrast, factor misallocation acts as a negative moderator and constitutes a major
barrier to the cross-regional transmission of digital dividends. It not only intensifies the
adverse effects of short-term factor agglomeration on spatially connected cities but also
hinders the transformation of digital knowledge and green technologies into actual pro-
ductive efficiency over the long term. These findings further clarify the conditions under
which the spatial externalities of the digital economy shift from the short-term spatial si-
phoning effect to the long-term green spillover effect.

4.8. Heterogeneity Analysis

The preceding results show that the digital economy significantly affects green land
use efficiency. However, cities differ considerably in terms of digital infrastructure, re-
source endowments, and environmental conditions, which may lead to heterogeneous
green effects of the digital economy. To further identify these differences across city char-
acteristics, this study conducts subgroup estimations from four perspectives: geograph-
ical location, resource endowment, administrative hierarchy, and environmental regula-
tion. The results are presented in Figure 8. The subgroup estimates are interpreted jointly
with the formal cross-group equality tests reported in Appendix A Table Al.
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Figure 8. Heterogeneity effects of DE on LGUE. Note: The markers represent the estimated coeffi-
cients, the horizontal error bars represent the 95% confidence intervals, and the red dashed vertical

lines indicate the zero-effect reference line.

4.8.1. Empirical Evidence on Heterogeneity by Geographical Location

Figure 8a presents the results of the geographic location heterogeneity analysis. The
digital economy has a significantly positive effect on green land use efficiency in cities in
eastern China. In contrast, the estimated effect is positive but statistically insignificant in
cities in central China and negative but statistically insignificant in cities in western China.
These results indicate that the green effects of the digital economy vary across cities in
different regions.

Cities in eastern China generally have more developed digital infrastructure, a higher
concentration of innovation resources, and stronger technological absorptive capacity,
which enable them to translate digital development more effectively into improvements
in green land use efficiency. By contrast, cities in central China may still face constraints
related to digital infrastructure and innovation capacity, limiting the realization of the
green benefits of the digital economy. Cities in western China may additionally experience
the outflow of capital, skilled labor, and other high-quality production factors toward
more developed regions or regional central cities.

4.8.2. Empirical Evidence on Heterogeneity by Resource Endowment

Figure 8b reports the results of the resource-endowment heterogeneity analysis. The
estimated coefficients of the digital economy are significantly positive in both resource-
based and non-resource-based cities, with a slightly larger magnitude in resource-based
cities. This result suggests that the digital economy generally improves green land use
efficiency and exhibits a stronger marginal effect in resource-based cities. Non-resource-
based cities typically have more diversified industrial structures and relatively mature
market mechanisms. The digital economy can improve land use efficiency by optimizing
resource allocation. Resource-based cities, by contrast, often depend heavily on resource
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extraction and traditional heavy industries, resulting in relatively undiversified industrial
structures, high energy consumption, and substantial environmental pressure. The appli-
cation of digital technologies can improve the precision of energy use, facilitate the green
transformation of traditional resource-based industries, and provide technological sup-
port for the cultivation of new industries and the replacement of old growth drivers with
new ones.

4.8.3. Empirical Evidence on Heterogeneity by Administrative Hierarchy

Figure 8c presents the results of the administrative-hierarchy heterogeneity analysis.
The digital economy has a significantly positive effect on green land use efficiency in both
high-tier and ordinary cities, but the estimated coefficient is markedly larger for high-tier
cities, indicating a stronger green enabling effect. High-tier cities possess clear advantages
in administrative resources, digital infrastructure, highly skilled human capital, and ap-
plication scenarios, allowing them to exploit the multiplier effect of data resources more
efficiently. By comparison, ordinary cities face greater constraints in fiscal capacity, talent
reserves, and industrial carrying capacity, resulting in a relatively lower efficiency in con-
verting digital economy development into green benefits.

4.8.4. Empirical Evidence on Heterogeneity by Environmental Regulation

Figure 8d reports heterogeneity in the effect of the digital economy across cities with
different levels of environmental regulation. Environmental regulation is measured by the
share of local fiscal expenditure on energy conservation and environmental protection in
total general public budget expenditure. Cities are classified as having stricter environ-
mental regulation or less stringent environmental regulation according to whether their
average environmental regulation intensity during the sample period is above or below
the sample median. The results show that the digital economy significantly improves
green land use efficiency in cities with stricter environmental regulation, whereas the pos-
itive effect in cities with less stringent environmental regulation is not statistically signif-
icant.

Stricter environmental regulation strengthens the incentives for local governments
and firms to integrate digital technologies into environmental governance. Digital tech-
nologies can therefore be used more extensively in environmental monitoring, energy
management, and cleaner production, thereby reducing resource consumption and pol-
lutant emissions during land use. By contrast, in cities with less stringent environmental
regulation, digital technologies may be used primarily to improve production efficiency
and expand economic activity, while their contribution to resource conservation and pol-
lution reduction remains limited. These findings indicate that environmental regulation
provides an important institutional condition for translating digital economy develop-
ment into improvements in green land use efficiency.

Overall, the effect of the digital economy on green land use efficiency varies signifi-
cantly across geographical locations, resource endowments, administrative hierarchies,
and environmental regulation. These findings support Hypothesis 6.

5. Discussion
5.1. Main Findings and Their Interpretation

This study finds that the spatial externalities of the digital economy on green land
use efficiency exhibit a significant dynamic transformation. In the short term, the digital
economy mainly generates a spatial siphoning effect on spatially connected cities, whereas
in the long term, it shifts toward a positive green spillover effect. This finding supports
the hypothesis that the spatial externalities of the digital economy vary over time and
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suggests that these effects cannot be simply characterized as uniformly positive or uni-
formly negative.

During the early stage of digital economy development, digital infrastructure, inno-
vation capital, highly skilled labor, and high-value-added industries tend to concentrate
first in core cities with stronger development foundations. This concentration improves
resource allocation efficiency in core cities but may weaken the innovation capacity and
industrial transformation of spatially connected cities through the outflow of high-quality
production factors, thereby generating the short-term spatial siphoning effect. As digital
infrastructure gradually improves, the costs of information transmission, technology
transactions, and regional cooperation decline. Green knowledge, digital technologies,
and managerial experience consequently begin to diffuse to spatially connected cities,
while regional industrial linkages gradually shift from factor competition toward special-
ized division of labor and coordinated development, ultimately generating the long-term
green spillover effect.

This finding helps explain the inconsistent conclusions in previous studies regarding
the spatial externalities of the digital economy. Some studies emphasize the network ex-
ternalities and knowledge-diffusion effects of digital technologies and argue that the dig-
ital economy promotes coordinated regional green development. Other studies, drawing
on the digital divide and core—periphery structure, suggest that digital development may
induce factor siphoning. The findings of this study indicate that these two conclusions are
not necessarily contradictory but may correspond to different stages in the evolution of
the spatial externalities of the digital economy.

5.2. Distance-Decay Boundaries and Their Implications

The results show that the spatial externalities of the digital economy do not diffuse
indefinitely but exhibit a clear distance-decay pattern. The effective geographical range of
the short-term spatial siphoning effect is approximately 200 km, whereas the long-term
green spillover effect extends to approximately 250 km. The broader range of the long-
term effect indicates that the spatial transmission mechanism of the digital economy grad-
ually shifts over time from direct factor competition under geographical proximity toward
more extensive knowledge diffusion, technology dissemination, and industrial collabora-
tion.

Although digital information can transcend conventional geographical constraints,
green technologies often involve substantial tacit knowledge, whose absorption still de-
pends on talent exchange, interfirm cooperation, and local industrial foundations. Indus-
trial relocation and regional governance are also constrained by transportation costs, ad-
ministrative boundaries, and institutional differences. The spatial externalities of the dig-
ital economy therefore continue to follow a distance-decay pattern. This finding advances
the existing literature from examining whether spatial spillover effects exist to identifying
how far such spillover effects can extend, thereby providing empirical evidence for deter-
mining an appropriate spatial scale for cross-regional digital governance and green land
governance.

5.3. Moderating Mechanisms and Urban Heterogeneity

The moderating mechanism analysis further shows that the transformation of the
spatial externalities of the digital economy from the short-term spatial siphoning effect to
the long-term green spillover effect does not occur automatically. Instead, it is conditioned
by cities” green innovation capacity, industrial structure, and factor allocation efficiency.
Green technological innovation enhances cities” capacity to absorb and transform external
digital knowledge, while industrial upgrading promotes regional industrial specialization
and the diffusion of green production activities. Both positive moderators mitigate the
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short-term spatial siphoning effect and strengthen the long-term green spillover effect. By
contrast, factor misallocation acts as a negative moderator by weakening spatially con-
nected cities” capacity to retain high-quality production factors and absorb digital tech-
nologies, thereby intensifying the short-term spatial siphoning effect and obstructing the
transformation of long-term digital dividends into green productive capacity.

The heterogeneity analysis similarly indicates that the green effects of the digital
economy are conditioned by urban development characteristics. Cities in eastern China,
high-tier cities, and cities with stricter environmental regulation generally possess more
developed digital infrastructure, richer innovation resources, and more favorable institu-
tional environments, making it easier for them to transform digital technologies into im-
provements in green land use efficiency. Cities in central and western China and ordinary
cities, by contrast, may be constrained by weaker digital foundations, talent outflows, and
limited absorptive capacity. The relatively stronger positive effect observed in resource-
based cities suggests that digital technologies provide greater marginal improvement po-
tential for the intelligent and green transformation of traditional resource-based indus-
tries.

These findings demonstrate that the digital economy does not automatically generate
equal green benefits across all cities. Its effects depend not only on digital investment itself
but also on complementary conditions, including local innovation capacity, industrial
structure, factor markets, and environmental regulation.

5.4. Theoretical and Policy Implications

The theoretical contribution of this study lies in providing a unified explanation,
from a dynamic spatial perspective, for the coexistence of the short-term spatial siphoning
effect and the long-term green spillover effect. It further identifies the distance-decay
boundaries and realization conditions of the spatial externalities of the digital economy.
In doing so, the study extends the analysis of spatial externalities from static directional
judgments to temporal evolution, geographical boundaries, and moderating mechanisms,
thereby providing a more comprehensive framework for understanding how digitaliza-
tion reshapes regional patterns of green land use.

From a policy perspective, the coordination of the digital economy and green land
governance should not be confined to individual municipal administrative boundaries.
Metropolitan areas and urban agglomerations should instead serve as important units of
coordination, with digital infrastructure, green technology cooperation, and regional in-
dustrial specialization jointly organized within the effective geographical range of ap-
proximately 200-250 km. At the same time, excessive concentration of high-quality pro-
duction factors in core cities during the early stage of digitalization should be prevented.
Regional innovation platforms, talent cooperation mechanisms, and technology-sharing
arrangements should be established to strengthen the absorptive capacity of spatially con-
nected cities.

For cities in central and western China, ordinary cities, and resource-based cities,
policy priorities should include improving digital infrastructure, human capital, indus-
trial absorption capacity, and factor allocation efficiency. Greater coordination should also
be promoted among digital economy policies, low-carbon city development, environmen-
tal regulation, and green innovation policies.

5.5. Limitations and Future Research
This study also has several limitations.

e  First, although the dynamic spatial Durbin model captures the temporal evolution
and spatial spillovers of the digital economy, the analysis is conducted at the city
level and cannot fully reveal micro-level behavioral mechanisms among firms,
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households, and local governments. Future research could use firm-level or land-
parcel-level data to examine how digital technologies reshape land use decisions
more directly.

Second, the empirical analysis relies primarily on secondary data obtained from sta-
tistical yearbooks, government statistical bulletins, and commercial databases. Alt-
hough data from different sources were cross-checked, differences in statistical defi-
nitions and data quality across cities and years may still introduce measurement er-
rors. Future research could combine official statistics with remote-sensing data, firm-
level digitalization data, and land-parcel information to improve the accuracy and
granularity of variable measurement.

Third, future research could extend the analytical framework beyond China by con-
structing comparable city-level panel datasets for countries and regions with differ-
ent levels of digital development, urban systems, and land-governance arrange-
ments. After harmonizing the measurement of the digital economy and green land
use efficiency, the same dynamic spatial Durbin model and distance-band analysis
could be applied to examine whether the transition from the short-term spatial si-
phoning effect to the long-term green spillover effect also occurs in other contexts.
Cross-country and cross-regional comparisons would further help identify how in-
stitutional conditions, digital infrastructure, and regional connectivity shape the di-
rection and effective geographical ranges of spatial externalities.

Fourth, although this study examines the moderating roles of green technological
innovation, industrial upgrading, and factor misallocation, future research could fur-
ther incorporate data-factor markets, intercity policy coordination, and digital infra-
structure networks to provide a more refined explanation of how digital economy
development reshapes regional green land use patterns.

6. Conclusions

Using panel data for 280 prefecture-level and above cities in China from 2011 to 2024,

this study develops a dynamic spatial Durbin model to examine the local effects, dynamic

spatial externalities, distance-decay boundaries, moderating mechanisms, and urban het-

erogeneity of the digital economy’s impact on green land use efficiency. The main conclu-

sions are as follows.

First, the digital economy significantly improves local green land use efficiency. The
development of digital infrastructure and the application of data resources and dig-
ital technologies reduce information and transaction costs, improve the allocation of
land, capital, labor, and other production factors, and promote the transition of urban
land use from extensive expansion toward more intensive, low-carbon, and efficient
patterns.
Second, the spatial externalities of the digital economy exhibit a clear dynamic trans-
formation. In the short term, core cities attract capital, technology, and highly skilled
labor through their advantages in digital infrastructure and factor returns, thereby
generating a significant spatial siphoning effect on spatially connected cities. In the
long term, as digital networks improve, knowledge diffusion accelerates, and re-
gional industrial linkages deepen, these spatial externalities gradually shift toward
the positive green spillover effect. Therefore, the short-term spatial siphoning effect
and the long-term green spillover effect are not contradictory, but represent different
stages in the evolution of the digital economy’s spatial externalities.
Third, the spatial externalities of the digital economy exhibit significant distance-de-
cay and finite geographical boundaries. The short-term spatial siphoning effect is
concentrated mainly within approximately 200 km, whereas the long-term green
spillover effect extends to approximately 250 km. The broader range of the long-term
https://doi.org/10.3390/land15071310
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effect indicates that the spatial transmission mechanism gradually shifts from geo-
graphically proximate factor competition toward wider knowledge diffusion, tech-
nology dissemination, and industrial collaboration.

e  Fourth, the dynamic transformation of these spatial externalities depends on cities’
absorptive and transformative capacities. Green technological innovation and indus-
trial upgrading mitigate the short-term spatial siphoning effect and strengthen the
long-term green spillover effect, whereas factor misallocation intensifies the short-
term spatial siphoning effect and restricts the transformation of long-term digital div-
idends into green productive capacity. Digital infrastructure investment must there-
fore be combined with improvements in innovation capacity, industrial upgrading,
and factor-market reform to fully realize its green benefits.

e Fifth, the effect of the digital economy on green land use efficiency exhibits substan-
tial urban heterogeneity. Its positive effect is more pronounced in cities in eastern
China, high-tier cities, and cities with stricter environmental regulation. In cities in
central and western China and ordinary cities, weaker digital foundations, talent out-
flows, and limited technological absorptive capacity may constrain the realization of
digital benefits. The relatively strong effect in resource-based cities indicates that dig-
ital technologies provide substantial potential for the intelligent and green transfor-
mation of traditional resource-based industries.

Based on these findings, digital economy policies should be coordinated at the scale
of metropolitan areas and urban agglomerations, particularly within the effective range
of approximately 200-250 km. Policy efforts should focus on preventing excessive factor
concentration in core cities, strengthening digital infrastructure and absorptive capacity
in less-developed cities, promoting the digital and green transformation of resource-based
industries, and improving factor-market efficiency. These measures can help transform
digital dividends from localized concentration into broader regional green benefits.
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Appendix A

Table Al. Heterogeneity Estimates and Cross-Group Difference Tests.

Cross-
Estimated 95% Confidence . Coefficient Group
. . Cross-Group Comparison . .
Coefficient Interval Difference Equality-

Test p-Value

Group

Panel A. Geographic location heterogeneity.

Eastern China 0.098 [0.051, 0.145] Eastern China—Central China 0.080 0.030
Central China 0.018 [-0.037, 0.073] Eastern China— Western China 0.125 <0.001
Western China -0.027 [-0.058, 0.004] Central China— Western China 0.045 0.162
Panel B. Resource endowment heterogeneity.
Non-resource-based cities  0.052 [0.012, 0.092] Resource-based cities—Non-re- 0.029 0.064
Resource-based cities 0.081 [0.041, 0.121] source-based cities
Panel C. Administrative hierarchy heterogeneity.
g;gtz:; ZEZZ g(l);i {ggfi ggii High-tier cities—Ordinary cities 0.046 0.088

Panel D. Environmental regulation heterogeneity.

Stricter ER 0.092 [0.042, 0.142] Stricter —Less stringent environ- 0.071 0.039
Less strict ER 0.021 [-0.024, 0.066] mental regulation
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