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Abstract

Exploring the spatiotemporal dynamics and determinants of land development intensity (LDI)
is crucial for understanding urban economic development and guiding urban planning and land
use. Focusing on 287 prefecture-level and above cities (PLAC) in China, this study employs spatial
analysis, Ordinary Least Squares, and Geographically Weighted Regression models to investigate the
spatiotemporal dynamics of LDI and its driving forces. The study draws the following conclusions:
(1) The spatial differences in LDI across China are significant, showing a gradual increase from west
to east. High LDI values are primarily concentrated in the North China Plain and major coastal urban
agglomerations, with provincial capital cities also exhibiting high LDI, forming a "core-periphery"
spatial structure. From 2010 to 2020, China's LDI has been on an upward trend. The North China Plain,
the Yangtze River Delta, and the Pearl River Delta regions have experienced the most rapid growth in
LDI, with large cities, mainly provincial capitals, also growing at a faster rate. Additionally, China's
urban LDI demonstrates significant positive spatial autocorrelation. (2) In 2010, China's LDI was
influenced by economic development, urban features, natural conditions, land investment intensity,
and financial investment intensity. By 2020, the driving factors had evolved to include urbanization,
economic development, urban features, natural conditions, and financial investment intensity. The
degree of influence of each explanatory variable on LDI varies across China. This study provides
valuable insights for policymakers in China and similar countries, helping them formulate more detailed
and specific land development policies.
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Introduction

Land use and cover change is a significant topic
within global climate and environmental change research
[1, 2]. Land use is the most intuitive manifestation of
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human activities on land, and changes in land use can
lead to changes in ecosystems, atmospheric conditions,
and hydrological patterns. Construction land, a crucial
land use type, has become a vital foundation for societal
and economic development [3]. With the swift pace of
urbanization and industrialization, alongside the rising
demand for construction land, expansion in this sector
has become a prevalent global phenomenon, especially
in developing nations [4]. In recent decades, China has
experienced notable changes in land use, with the most
significant being the expansive growth of construction
land. Data reveals that China’s construction land area
increased from 362,600 km? in 2000 to 385,930 km? by
2015 [5]. However, the scarcity of land resources limits
this growth, leading to high-density development and
an increase in LDI. LDI, which measures the extent of
land use, serves as an indicator of both the quantity and
intensity of land development in a region, reflecting the
combined impacts of natural and human factors [3, 5].
Understanding the spatiotemporal dynamics and driving
forces of LDI is crucial for resolving land supply and
demand conflicts and elucidating land use mechanisms
[6].

Industrialization and urbanization have increased
the demand for construction land, and construction
land expansion has not only become the most important
aspect of land use change but also the focus of land use
research. Recent scholarly work has extensively explored
the spatiotemporal dynamics, driving mechanisms, and
environmental effects of construction land expansion
[7-13]. Compared with research on construction land,
current research on LDI remains insufficient, and
relevant studies focus on the LDI in a region or city.
For instance, Huang et al. [5] identified significant LDI
variations within the western region, noting hotspots in
the Guanzhong Plain and the Chengdu-Chongqing urban
arca and cold spots in the Qinghai-Tibetan Plateau,
Yunnan, and Xinjiang. Despite its generally low levels,
Gong et al. [14] observed a segmented upward trend in
urban land use intensity in Guangzhou.

Scholars attribute construction land expansion and
LDI to multiple factors, including economic growth,
population increase, and regional specifics [6, 7, 15,
16]. Among these, income and urban population growth
are considered primary drivers [6, 16]. Besides socio-
economic factors, political and institutional elements
also significantly influence construction land expansion.
Scholars also report that urban land expansion results
from both market forces and public policies, particularly
in transitional economies like China [15, 17]. He et al.
[17] examined the effects of fiscal decentralization
and political centralization on China’s urbanization,
concluding that political and financial incentives from
land development drive urbanization. Similar findings
were reported in studies of land use changes in Sihui
County, Guangdong Province [18], wunderscoring
the importance of supply-side factors in urban land
expansion and addressing gaps in previous demand-
focused research [8, 16, 19].

Although previous studies have enriched our
understanding of the main influencing factors
determining land use change, they have notable
limitations. Most studies have concentrated on the
scale and pace of construction land expansion, often
neglecting LDI research. LDI encompasses not only the
expansion in land quantity but also its quality, structure,
and efficiency. Furthermore, studies on LDI in China
have predominantly focused on coastal [20], western
[5], and northeastern regions [21], as well as individual
cities [14], providing limited insight into national-scale
spatiotemporal dynamics and drivers. Key questions
arise: What are the spatiotemporal dynamics of LDI in
China? What driving forces affect spatial variances in
LDI, and how do these factors evolve? Addressing these
questions is essential for managing urban land expansion
and achieving sustainable land wuse. Additionally,
constructing an LDI analytical framework tailored to
China’s national context is necessary for guiding land
use planning. This study establishes such a framework
and measurement model for LDI, quantitatively
evaluates LDI in China, analyzes its spatiotemporal
dynamics through spatial analysis, and employs the
Ordinary Least Squares (OLS) and Geographically
Weighted Regression (GWR) models to explore LDI’s
influencing factors, aiming to uncover the intrinsic
mechanisms of LDI in China.

Data and Methods
Data Sources

The study uses urban and rural construction
land (including urban, industrial and mining, rural
settlements, transportation, and other construction land)
from the remote sensing monitoring data in China in
2010 and 2020, mainly from the spatial distribution
maps of land use types covering the whole country in
1:100,000 provided by the Resource and Environment
Science Data Center (RESDC) (http://www.resdc.cn).
The socio-economic data were obtained from the China
City Statistical Yearbook 2011 and 2021. The proportion
of developable land and the degree of topographic relief
were also calculated from the data provided by the
RESDC.

Methods
LDI Measurement Model

LDI can be assessed using the proportion of
construction land relative to the total land area, as
outlined in the 2010 National Functional Zone Plan
and the 2017 National Land Planning Outline (2016-
2030). This method offers a straightforward and clear
representation of a region’s overall land development.
The necessary data are readily available, the calculations
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are simple, and comparisons across different regions are
feasible. The equation for calculating LDI is as follows:

LDI=CLA/TA (1)

where LDI stands for land development intensity,
CLA is the construction land area, and TA is the region’s
total area.

Spatial Autocorrelation Analysis Model

Global spatial autocorrelation measures the spatial
correlation of an object from a global perspective. This
study uses the global Moran’s / index to evaluate the
spatial pattern of LDI in China. The index ranges from
-1 to 1: values greater than O indicate positive spatial
correlation, values less than 0 indicate negative spatial
correlation, and a value approaching 0 indicates no
spatial autocorrelation, meaning the attribute data are
randomly distributed in space. The Global Moran’s I
formula is written as [22, 23].
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where x, and X, represent the LDI values of
prefecture-level cities i and j, respectively; w, is the
spatial weight matrix, constructed using a binary
adjacency matrix based on queen contiguity; n is the
number of prefecture-level cities in the study area.

Local spatial autocorrelation assesses spatial
correlation from a local perspective, evaluating the
similarity between observed values in a specific area
and those in surrounding areas. This can identify

clustering and dispersion characteristics within the local
spatial pattern. The local Moran’s / (LMI) index is used
in this study to identify the spatial pattern of LDI in
China, classifying it into four types of agglomeration:
High-High, Low-Low, Low-High, and High-Low. The
LMl is calculated as [22, 23].
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where prefecture-level city i is influenced by
prefecture-level city j. Thus, LMI reflects the changing
trend in the spatial difference between the two
prefecture-level cities.

Index Selection and Model Construction
of Influencing Factors

(1) Framework and index selection

To explore the main factors affecting LDI in China,
the model uses LDI as the dependent variable and selects
variables from natural conditions, socio-economic
development, government regulation, and urban features
(Fig. 1). The selection of variables is based on several
assumptions:

(I) Natural conditions are fundamental to land
development, directly influencing the available area
and development costs. Better conditions increase the
proportion of developable land, reduce constraints from
cultivated land protection, and lower development costs
and expansion resistance [17, 24].

(II) Socio-economic development is a key driver
of land development. Urban population growth has
become a significant force for urban construction land
expansion. Higher urbanization levels lead to greater

Proportion of land ‘
| available for development

Natural conditions

| Investment | e | Per Capita
: : = @ ‘
| fmtensity | g s g e
: : &
% Development. intensity of % 'g
2 construction land B3
aQ @ ©
L T = = T |
i Financial = & i Population |
support g | urbanization |
\— Urban features —‘
\
‘ v : v ‘
| Administrative ! Population |
hierarchy density

Fig. 1. Framework of factors affecting LDI.
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Table 1. Selection of factors influencing LDI.

Category Variables Calculation method Symbol
Natural conditions Proportion of land available for Refer to Yang et al. [29] Dland
development (%)
Socio-economic Population urbanization (%) Urban population divided by total population DUrban
development Per capita GDP (yuan/person) GDP/total population PGDP
Land-average fiscal expenditure (104yuan/ | Local public finance expenditure divided by .
. Finance
Government km?2) regional land area
regulation Land-average fixed assets investment Fixed assets investment divided by regional Flnvest
(104yuan/km?2) land area
Sub-provincial and above cities, non-
sub-provincial capital cities, and ordinary
Administrative hierarchy prefecture-level cities are assigned values Admin
Urban features of 1, 2, and 3, respectively, to represent the
administrative hierarchy
Population density (person/ km?2) Total population dlavrl::d by regional land PDen

demand for construction land [12, 13]. Economic
development promotes factor growth and stimulates
production activities, increasing demand for industrial,
residential, and transportation infrastructure land, thus
positively impacting LDI [19, 25].

(IIT) Fiscal expenditure is an effective variable that
reflects the role of government in social development
[26]. Government investment in transportation
infrastructure and public service facilities affects
regional development and construction. Regions with
substantial investment can attract and gather population,
enterprises, and capital, affecting construction land
development [21]. Fixed asset investment accelerates
infrastructure construction and promotes industrial
development, which supports regional construction land
expansion and positively impacts LDI [5].

(IV) The higher the administrative hierarchy in
a city, the more it enhances its resource-gathering
capability, accelerating land urbanization [27].
Population plays a crucial role in urban expansion [8, 16,
25], and population density, representing urban features
and distribution, is closely related to urban markets and
agglomeration capacity. High population density areas
often require large-scale land development to meet
residents’ needs [6, 28]. Thus, LDI results from the
region’s combined influence of natural, socio-economic,
and institutional factors. Considering multicollinearity,
the selected indicators are listed in Table 1.

(2) Model selection and construction

To address the limitations of traditional linear
regression models in providing a “global” estimation of
independent variables, this study employs both the OLS
model and the GWR model. This dual approach allows
for a more nuanced analysis of the impact of influencing
factors on LDI, both globally and across different
regions, thus more clearly illustrating the spatial
non-stationarity and evolving trends in the driving

mechanisms of LDI. The global regression model is
formulated as follows:

Y, =5+ Zﬁsz/
j=1

+&(=1,2,...mj=1,2...,n) @)
where: ¢ is the error term of the regression model,
the regression coefficient f is assumed to be a constant,
and the model parameter B, is generally estimated using
the classical OLS model. GWR extends the OLS model,
and its regression coefficient is no longer the assumed
constant f3 obtained by global information but the Bj
obtained by local regression estimation based on the
subsample data information of nearby observations,
which changes with the change of spatial geographic
location. The GWR model can be described as follows:

Y, :ﬁo(mi’ni)
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where Y, is the dependent variable, X, is the
independent variable, ¢, is the error term, (m, n) is the
position of 7, and £, (m,, n) is the regression coefficient
of the explanatory variable.

Spatiotemporal Patterns of LDI and
Its Evolution in PLAC in China

Spatiotemporal Differentiation Pattern of LDI in China

The spatial variations in LDI across China are
pronounced (Fig. 2). There is a discernible trend of
increasing LDI from west to east. Higher LDI values
are predominantly found in the North China Plain and
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Fig. 2. Spatial distribution of LDI in PLAC in China from 2010 to 2020 (The original color image has been replaced with a grayscale

image).

major coastal urban agglomerations, aligning with
previous findings [3]. Additionally, provincial capital
cities exhibit higher LDI values. As their provinces’
political and economic centers, these cities often benefit
from the self-reinforcing cyclical cumulative effect.
This necessitates more land space to support continuous
urban development and provides greater financial
resources for land development, thus driving urban land
expansion. For instance, the average LDI in provincial
capitals was 7.89% in 2010 and rose to 9.96% in 2020,
compared to 3.66% and 4.59% in other prefecture-level
cities during the same period.

The influence of provincial capital cities extends to
surrounding prefecture-level cities, resulting in higher
LDI values, particularly evident in central and eastern
regions near large cities. Conversely, prefecture-level
cities with low LDI are primarily located in western
China and those distant from provincial capitals.
These cities face constraints due to natural conditions,
economic development, administrative hierarchy, and
investment intensity, leading to lower LDI values.

Spatiotemporal Pattern Evolution of LDI in China

Overall, from 2010 to 2020, China’s LDI has
exhibited an upward trend, with the average intensity
rising from 4.03% in 2010 to 5.06% in 2020. Specific
growth changes (Fig. 3) indicate that the North
China Plain, the Yangtze River Delta, and the Pearl
River Delta experienced the fastest growth in LDI.
Additionally, large cities, especially provincial capitals,

showed significant growth. The LDI of provincial
capitals increased by 2.07 percentage points during
this period, compared to only 0.93 percentage points
for other prefecture-level cities. These areas have
seen substantial development and are designated as
optimized development zones and key development
zones in the national “Twelfth Five-Year Plan” strategy.
In contrast, the western ecologically fragile areas, where
development is restricted or prohibited, experienced
slower growth in LDI. Similarly, the northeast region,
impacted by economic downturns and population
decline, also saw relatively slow LDI growth.

Spatial Correlation Analysis of LDI in China

The spatial autocorrelation analysis of LDI in China
for 2010 and 2020 was conducted using ArcGIS. The
results indicate that the global Moran’s I index for LDI
in these two years is significant at the 1% significance
level, with values of 0.673 and 0.685, respectively. This
suggests that the LDI in China exhibits a significant
positive spatial autocorrelation. The spatial pattern
analysis corroborates the various characteristics of LDI’s
spatial distribution (Fig. 4). For instance, the North
China Plain, the Yangtze River Delta, and the Pearl
River Delta are identified as high-value areas for LDI,
whereas the central and western regions, characterized
by fragile ecosystems, exhibit low LDI.
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Fig. 3. Spatial pattern of changes in LDI in China (The original color image has been replaced with a grayscale image).
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Fig. 4. Spatial correlation characteristics of LDI in China (The original color image has been replaced with a grayscale image).
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Influencing Factors of LDI in China
Analysis of Influencing Factors Based on the OLS Model

OLS fitting was performed to analyze the influencing
factors of LDI in China for 2010 and 2020 (Table 2).
The fitting results of the OLS model indicate that the
selected variables effectively explain the differentiation
pattern of LDI in China for both years, with a goodness-
of-fit of 68.6% in 2010 and 66.3% in 2020. In 2010, the
OLS model estimation results show that, except for the
population urbanization variable, which did not pass
the significance test, all other indicators significantly
impacted the LDI of China. The direction of the effects
was generally consistent with theoretical expectations.
Specifically, economic growth stimulates the need for
more construction land. Higher administrative levels
correlate with larger urban construction land expansion,
indicating the influence of government policies and
initiatives. Larger populations significantly increase
the demand for construction land. High LDI in densely
populated areas like the North China Plain, the Yangtze
River Delta, and the Pearl River Delta highlights
the impact of population size. Higher proportions of
developable land, with fewer restrictions from cultivated
land protection, favor construction land development.
Higher investments promote the intensity of construction
land development to some extent. However, financial
expenditure encourages the intensive use of construction
land, thus inhibiting the expansion of construction land.

By 2020, the model estimation results show that all
other variable coefficients pass the 99% significance
test except for land-average fixed assets investment. It
continues to positively influence LDI. However, the
impact of economic development on LDI has weakened
due to continuous economic development adjustments
and industrial restructuring. Although the regression
coefficient for the administrative hierarchy is still
positive, it has significantly decreased, indicating a
reduction in government intervention intensity on
construction land expansion. Population size remains
the most influential factor on LDI, with its positive effect
becoming more pronounced. The regression coefficient
for the proportion of developable land has increased,
suggesting that with the strengthened protection
of cultivated land, cities with higher proportions
of developable land are more conducive to further
construction land development. Fixed asset investment
no longer significantly affects LDI, indicating a
diminishing impact of investment on construction
land expansion. Finally, fiscal expenditure shows an
increased inhibitory effect on LDI, reflecting a shift
from government financial investment-driven urban
development toward market and economic factor-driven
urban development. Overall, the OLS model analysis for
2010 and 2020 reveals significant changes in the factors
influencing LDI in China, emphasizing the evolving
roles of economic, administrative, and population
dynamics in urban land development.

Table 2. OLS model regression results for LDI.

2010 2020
Variables
Coefficient Coefficient

DUrban .019 149%**
PGDP 195H** 143%%*
Admin A90%** A40%**
PDen .680%** Ak
Dland 327k A0gH**

Flnvest .143%* -012
Finance =250 %% - 415%x*

R’ .694 671

Adj.R? .686 .663

Spatial Heterogeneity Analysis of Influencing
Factors Based on the GWR Model

Model Construction and Fitting Results

The analysis above indicates a significant spatial
autocorrelation in the LDI of prefecture-level cities in
both years, meaning that the LDI of neighboring cities
is correlated or similar. This suggests that using the
GWR model to explore the factors influencing LDI is
reasonable, as the model can capture the local spatial
variations in LDI. Using ArcGIS, the GWR model was
applied to assess the factors affecting LDI in China for
2010 and 2020 (Table 3). The spatial heterogeneity of the
administrative hierarchy was not significant and thus
excluded from the model. The goodness-of-fit for the
two years was 81.8% and 78.6%, respectively, which is
significantly better than the OLS model.

Spatial Heterogeneity of Impact Factors

To further investigate the impact of various factors
on the spatial heterogeneity of LDI, coefficient estimates
for each unit were spatially visualized, allowing a
clearer definition of the effects of different variables.

(1) Spatial heterogeneity of the impact of urbanization
on LDI in China

The spatial distribution of urbanization regression
coefficients (Fig. 5a) shows that urbanization has a
greater impact on the North China Plain and southeast

Table 3. Test results of the GWR model for LDI.

Model parameters 2010 2020
Bandwidth 958200.313 1027781.283
AICc 1481.412 1630.003
R 0.835 0.803
Adj.R’ 0.818 0.786
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coastal areas, while its impact is less pronounced in
the northeast and southwest regions. This distribution
pattern is consistent with the spatial distribution of LDI
in China in 2020. The areas with high urbanization
regression coefficients correspond to the hot spots of
LDI, indicating high sensitivity of urbanization in areas
with high LDI and low sensitivity in areas with low LDI.

(2) Spatial heterogeneity of the impact of economic
development on LDI in China

The spatial distribution of per capita GDP regression
coefficients (Figs. 5b, 5¢) in 2010 showed a decreasing
trend from the southeast to the northwest. Economic
development in the southeast accelerated LDI, whereas
the economic driving effect on LDI in the western
regions was relatively weak. This can be attributed to
high industrialization and rapid economic expansion in
the southeast coastal region, leading to a sharp increase
in land demand and higher LDI. In contrast, economic
development in the northwest is more dependent on
resource extraction and primary industries, which do
not require intensive land development. By 2020, the
regression coefficients showed significant changes: the
economic driving effect on LDI was strong in Northeast
China and South China while weaker in North China.
This shift is due to industrial restructuring and economic
revitalization plans, promoting land redevelopment and
utilization in Northeast China. The sustained economic
growth and concentrated development of high-tech
and service industries in South China strengthened
the relationship between per capita GDP and LDI. In
contrast, North China, focusing more on quality than
quantity in land development, reflected a trend towards
rational planning and sustainable land use.

(3) Spatial heterogeneity of the impact of population
density on LDI in China

There is a strong positive correlation between
population density and LDI. The influence of population
size on LDI increased from south to north and west to
cast (Figs. 5d, 5e). In 2010, population density had a
significant impact on LDI in northern China. In contrast,
the impact was less in the southeast coastal regions due
to a developed economy, higher urbanization levels,
and improved land use efficiency. By 2020, the impact
of population size on LDI in the Yangtze River Delta
weakened, reflecting the region’s rapid technological
innovation and industrial upgrading, emphasizing
sustainable development and efficient land use. The
coordinated regional development strategy promoted
by the Chinese government accelerated urbanization in
central and western regions, attracting more population
and industrial transfers. However, in Northeast China,
the impact of population density on LDI remained high
due to population loss and slow economic structure
adjustment.

(4) Spatial heterogeneity of the impact of natural
conditions on LDI in China

The influence of the proportion of developable land
on LDI showed a weakening trend from east to west in
both years, closely related to China’s topography (Figs.

5f, 5g). The North China Plain and the Yangtze River
Delta, with better geological conditions, small relief, and
low development costs, effectively support the demand
for construction land for urban and industrial expansion.
Conversely, constrained by topography and natural
disasters, the western region has a smaller proportion of
usable land, resulting in a lower impact on LDI.

(5) Spatial heterogeneity of the impact of government
regulation on LDI in China

Government regulation in China mainly includes
public finance expenditure and fixed asset investment.
The influence of fixed asset investment on LDI in
coastal areas is small (Fig. 5h), linked to more efficient
land use and diversified economic development
patterns. In contrast, higher regression coefficients
in inland areas indicate that fixed asset investment
strongly promotes LDI. Abundant land resources and
dependence on land-intensive industries in inland areas
drive this pattern. Overall, this distribution reflects the
imbalance and regional differences in China’s economic
development. Coastal areas are more developed with
mature land development, while inland areas are in
active development stages, with fixed asset investment
playing a key role. For both years, the impact of land-
average fiscal expenditure on LDI was negative in most
regions (Figs. 51, 5j), indicating that the era of promoting
urban development solely through government financial
investment has ended. Urban land development should
now leverage market and economic factors instead of
relying solely on government investment. Since 2010, the
Chinese government has shifted its urban development
strategy to focus on new-type urbanization, directing
fiscal expenditures towards non-land development fields
such as education, healthcare, and social welfare. These
expenditures contribute little to improving LDI and
may even indirectly inhibit land development due to
resource allocation. Overall, the GWR model analysis
highlights the significant spatial heterogeneity in the
factors influencing LDI in China, emphasizing the need
for region-specific urban land development planning
strategies.

Discussion

This study analyzes the spatiotemporal dynamics of
LDI in China and explores the driving forces behind it.
The results show that the spatial variances in LDI across
China are evident, exhibiting an increasing trend from
west to east. This trend is closely related to China’s
geographical, economic, and social development. The
western region, constrained by natural conditions
such as mountains and plateaus, along with relatively
lagging economic development, exhibits relatively low
LDI. Conversely, the central and eastern regions have
higher LDI due to favorable natural conditions and
developed economies, consistent with the findings of
Zhang et al. [3]. Additionally, the spatial variances in
LDI across China also present characteristics of spatial
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agglomeration and administrative hierarchy. High-value
areas of LDI in China are primarily concentrated in the
North China Plain and coastal urban agglomerations,
indicating the impacts of population agglomeration,
economic development, and administrative hierarchy
on LDI. The administrative hierarchy is reflected in
the “core-periphery” spatial structure of LDI around
provincial capital cities, highlighting the leading role of
central cities in regional development.

China’s LDI is on the rise, with the North China
Plain, the Yangtze River Delta, and the Pearl River Delta
regions experiencing the most rapid growth alongside
large cities. Currently, China’s economy has entered the
“new normal” stage, characterized by a shift from the
previous rapid growth model to a medium-to-high-speed
development model and a transition from factor-driven
and investment-driven to innovation-driven, resulting in
reduced dependence on construction land for economic
growth [3]. With the implementation of urban land
reduction planning, basic farmland, and environmental
protection policies, the development space of areas with
rapid LDI growth will continue to shrink. The LDI of
the Yangtze River Delta, Pearl River Delta, and other
urban agglomerations has reached a “ceiling” [30, 31].
Under this context, local governments in these areas
must explore new development models and optimization
paths while controlling total land development,
strengthening urban land conservation and intensive
use, and improving the quality and efficiency of land
development.

The study also found that LDI In C”Ina ’s Influenced
by multiple factors, with the impacts of administrative
hierarchy and population density being particularly
prominent. The impact of government financial
investment on LDI shows a negative value, indicating
that increased fiscal expenditure actually suppresses
construction land expansion. With the increasing
scarcity of land resources, the government promotes
rational land use and avoids overdevelopment by
increasing financial investment [32-34]. The impact of
fixed asset investment intensity on LDI has shifted from
significant to insignificant, reflecting a reduced role
of government regulation on LDI, which has become
negative. This change results from the government no
longer blindly expanding infrastructure investment,
instead focusing on improving land use efficiency and
curbing disorderly expansion as China’s economy enters
the “new normal.”

This study suggests that the main factors affecting
LDI in China are urban features rather than socio-
economic or government regulatory factors, which
contrasts with existing studies [3, 35]. Studies have
shown that socio-economic factors, land finance,
and political incentives are China’s main drivers of
land urbanization [35], with government regulation
increasingly influencing construction land development
intensity [3]. Cities with higher administrative levels
have more control over land supply and attract large
populations due to higher income levels, ample

employment opportunities, and improved infrastructure,
increasing construction land demand and LDI [36-38].
Thus, cities with higher urban hierarchy and population
densities will be key areas for controlling urban
expansion and achieving sustainable urban land use in
the future.

Differences in natural, economic, and social
conditions across various regions mean that the impact
of different factors on LDI varies. Therefore, land use
policies must consider each region’s actual conditions,
formulating policies aligning with local development
needs. For example, cities with higher administrative
hierarchies and population densities should improve land
use efficiency and promote sustainable development.

This study innovatively constructs an analysis
framework of LDI adapted to China’s national conditions
and measures LDI in China. The research results reflect
China’s socio-economic and urbanization development
status and are significant for promoting coordinated land
and population urbanization. The factors affecting LDI
are complex, and the substantial differences in natural,
economic, and social conditions across regions in China
further complicate this issue. This study provides a
macro-scale exploratory analysis of LDI’s influencing
factors but lacks a deep analysis of the driving
mechanisms. Future research should further empirically
analyze the driving mechanisms of LDI at different
scales and expand the long-term impact analysis of
LDI changes on the social economy, environment, and
residents’ quality of life, providing more comprehensive
theoretical and empirical support for urban sustainable
development.

Conclusions

Based on remote sensing monitoring data of land
use in China for 2010 and 2020, this study analyzes
the spatiotemporal dynamics of LDI and its influencing
factors in China. The conclusions are as follows:

The spatial differentiation of LDI in China is
significant, showing an increasing trend from west to
east. The North China Plain and the major coastal urban
agglomerations have become regions with high LDI,
with provincial capital cities standing out as the “core”
of these regions, forming a typical “core-periphery”
spatial structure. From 2010 to 2020, China’s LDI has
been rising, with the fastest growth concentrated in
economically developed regions such as the North
China Plain, the Yangtze River Delta, and the Pearl
River Delta, as well as in large cities dominated by
provincial capitals. The study also found a significant
positive spatial autocorrelation in the intensity of urban
land development in China, indicating that the intensity
of land development in neighboring areas often affects
each other, showing a convergence trend.

In 2010, economic development, administrative
hierarchy, population density, the proportion
of developable land, investment intensity, and
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financial input jointly influenced LDI. Among these,
administrative hierarchy and population density had
particularly prominent impacts on LDI, significantly
determining the scale and speed of urban construction.
Although fiscal investment impacted LDI, its
effect was negative, indicating that increased fiscal
expenditure intensity inhibited the disorderly expansion
of construction land to some extent, reflecting the
important role of policy regulation in land resource
management. By 2020, the driving factors had
changed, with urbanization emerging as a new impact
factor and the inhibitory effect of financial investment
on the expansion of construction land being further
strengthened.

This study further reveals that different factors have
varying degrees of influence on LDI in different regions.
This variation reflects not only the different levels of
economic and social development across regions but also
the regional characteristics of policy implementation and
resource allocation. Therefore, when formulating land
resource management policies, it is essential to fully
consider regional differences and adapt policies to local
conditions to achieve optimal allocation and sustainable
development of land resources.

Acknowledgments

This research was funded by the National Natural
Science Foundation of China (No. 42201202); Jiangsu
University Philosophy and Social Science Research
Project (No. 2022SJYBI1161); and the Social Science
Foundation Project of Jiangsu Normal University (No.
20XSRX015). The authors acknowledge all colleagues
and friends who voluntarily reviewed the translation of
the survey and study manuscript.

Conflict of Interest

The authors declare no conflict of interest.

References

1. MOONEY H.A., DURAIAPPAH A., LARIGAUDERIE
A. Evolution of natural and social science interactions
in global change research programs. Proceedings of the
National Academy of Sciences of the United States of
America, 110 (Suppl.1), 3665, 2013.

2. STERLING S.M., DUCHARNE A., POLCHER J. The
impact of global land-cover change on the terrestrial water
cycle. Nature Climate Change, 3 (4), 385, 2012.

3. ZHANG P, YANG D, QIN M., JING W. Spatial
heterogeneity analysis and driving forces exploring of
built-up land development intensity in Chinese prefecture-
level cities and implications for future urban land intensive
use. Land Use Policy, 99, 104958, 2020.

4. GAO J., WEI Y.D., CHEN W., CHEN J. Economic
transition and urban land expansion in provincial China.
Habitat International, 44, 461, 2020.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

HUANG X., HUANG X., LIU M., WANG B., ZHAO Y.
Spatial-temporal Dynamics and Driving Forces of Land
Development Intensity in the Western China from 2000 to
2015. Chinese Geographical Science, 30 (1), 16, 2020.
SHU C., XIE H., JIANG J., CHEN Q. Is Urban Land
Development Driven by Economic Development or Fiscal
Revenue Stimuli in China? Land Use Policy, 77, 107, 2018.
BREN D’AMOUR C., REITSMA F., BAIOCCHI G.,
BARTHEL S., GUNERALP B., ERB K.H., HABERL H.,
CREUTZIG F., SETO K.C. Future urban land expansion
and implications for global croplands. Proceedings of the
National Academy of Sciences of the United States of
America, 114 (34), 8939, 2017.

CHEN J., GAO J., CHEN W. Urban land expansion and
the transitional mechanisms in Nanjing, China. Habitat
International, 53, 274, 2018.

GUOR., WU T., WU X., LUIGI S., WANG Y. Simulation
of Urban Land Expansion Under Ecological Constraints in
Harbin-Changchun Urban Agglomeration, China. Chinese
Geographical Science, 32 (3), 438, 2022.

LI G., SUN S., FANG C. The varying driving forces
of urban expansion in China: Insights from a spatial-
temporal analysis. Landscape and Urban Planning, 174,
63, 2018.

LIU F., ZHANG Z., ZHAO X., LIU B., WANG X., YI
L., ZUO L., XU J, HU S., SUN F.,, WANG Y. Urban
Expansion of China from the 1970s to 2020 Based on
Remote Sensing Technology. Chinese Geographical
Science, 31 (5), 765, 2021.

MUSTAFA A., VAN ROMPAEY A., COOLS M., SAADI
1., TELLER J. Addressing the determinants of built-up
expansion and densification processes at the regional
scale. Urban Studies, 55 (15), 3279, 2018.

OUESLATI W.,, ALVANIDES S., GARROD G.
Determinants of urban sprawl in European cities. Urban
Studies, 52 (9), 1594, 2018.

GONG J., CHEN W, LIU Y., WANG J. The intensity
change of urban development land: Implications for the
city master plan of Guangzhou, China. Land Use Policy,
40, 91, 2014.

COLSAET A., LAURANS Y., LEVREL H. What drives
land take and urban land expansion? A systematic review.
Land Use Policy, 79, 339, 2018.

DENG X., HUANG J.,, ROZELLE S., UCHIDA E.
Growth, population and industrialization, and urban land
expansion of China. Journal of Urban Economics, 63 (1),
96, 2008.

HE C., ZHOU Y., HUANG Z. Fiscal decentralization,
political centralization, and land urbanization in China.
Urban Geography, 37 (3), 436, 2016.

PING Y.C. Explaining Land Use Change in a Guangdong
County: The Supply Side of the Story. The China
Quarterly, 207, 626, 2011.

DENG X., HUANG J.,, SCOTT R., EMI U. Economic
Growth and the Expansion of Urban Land in China. Urban
Studies, 47 (4), 813, 2010.

DI X., HOU X., WANG Y., WU L. Spatial-temporal
characteristics of land use intensity of coastal zone in
China during 2000-2010. Chinese Geographical Science,
25 (1), 51, 2014.

LIU Y., YU H., LIU D., ZHU L. Spatial differentiation
mechanisms of the pattern evolution of construction
land development intensity in Northeast China. Acta
Geographica Sinica, 73 (5), 818, 2018.

WU R., LI Z., WANG S. The varying driving forces of
urban land expansion in China: Insights from a spatial-



12

Zheng Yang, Wanxu Chen

23.

24.

25.

26.

27.

28.

29.

30.

temporal analysis. Science Of The Total Environment,
766, 142591, 2021.

ZHOU T., JIANG G., ZHANG R., ZHENG Q., MA W.,
ZHAO Q., LI Y. Addressing the rural in situ urbanization
(RISU) in the Beijing-Tianjin—Hebei region: Spatio-
temporal pattern and driving mechanism. Cities, 75, 59,
2018.

JIANG L., DENG X., SETO K.C. Multi-level modeling of
urban expansion and cultivated land conversion for urban
hotspot counties in China. Landscape and Urban Planning,
108 (2-4), 131, 2012.

SETO K.C., FRAGKIAS M., GU" NERALP B., REILLY
M.K. A Meta-Analysis of Global Urban Land Expansion.
PLoS ONE, 6 (8), 23777, 2011.

LIU T, QI Y., CAO G., LIU H. Spatial patterns, driving
forces, and urbanization effects of China’s internal
migration: County-level analysis based on the 2000 and
2010 censuses. Journal of Geographical Sciences, 25 (2),
236, 2015.

LI H., WEI Y.D., LIAO F.H., HUANG Z. Administrative
hierarchy and urban land expansion in transitional China.
Applied Geography, 56, 177, 2015.

HO S.P.S., LIN G.C.S. non-Agricultural Land Use in Post-
Reform China. China Quarterly, (179), 758, 2004.

YANG Q., DUAN X., JIN Z., WANG L., WANG Y.
Spatiotemporal differentiation and influencing mechanism
of urban land development intensity in the Yangtze River
Delta. Resources Science, 42 (4), 723, 2020.

YUE W., ZHANG L., LIU Y. Measuring sprawl in large
Chinese cities along the Yangtze River via combined
single and multidimensional metrics. Habitat International,

31.

32.

33.

34.

35.

36.

37.

38.

57, 43, 2016.

YANG Q., WANG L., L1 Y, FAN Y., LIU C. Urban land
development intensity: New evidence behind economic
transition in the Yangtze River Delta, China. Journal of
Geographical Sciences, 32 (12), 2453, 2022.

LIU L., LIU Z. The Landscape and Evolution of Rural
Planning in China. Polish Journal of Environmental
Studies, 33 (5), 5779, 2024.

TAN S., LIU Q., HAN S. Spatial-temporal evolution of
coupling relationship between land development intensity
and resources environment carrying capacity in China.
Journal of Environmental Management, 301, 113778,
2022.

Y1 Z.,ZHOU W., RAZZAQ A., YANG Y. Land resource
management and sustainable development: Evidence from
China’s regional data. Resources Policy, 84, 103732, 2023.
YANG Z., ZHU H., ZHANG X., OU X. Examining the
Spatiotemporal Dynamics and Determinants of Land
Urbanization in Prefecture-level Cities, China. Chinese
Geographical Science, 34 (1), 19, 2024.

YANG Z., OU X., ZHU H. Population Dynamics and Its
Driving Forces in China from 2000 to 2020. Sustainability,
15 (12), 9415, 2023.

SHI Q., LIU T., ZHUO Y., PENG R. People and Places in
the 2020 Census: New Geographies of Population Growth
in China? The Professional Geographer, 1, 2022.

XU F., WANG Z., CHI G., ZHANG Z. The impacts of
population and agglomeration development on land use
intensity: New evidence behind urbanization in China.
Land Use Policy, 95, 104639, 2020.



