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Environmental changes driven by climate change and human activities have significantly influenced the
spatiotemporal evolution of land-use in urbanizing, ecologically fragile areas. However, these dynamics remain
inadequately explored in terms of their evolution over space and time. In this study, we used a combination of
CA-Markov and Coupling coordinated models to analyze the impacts of climate change and human activities on
land-use evolution in China’s Central Plains Urban Agglomeration (CPUA) from 2000 to 2060. Our results reveal
that environmental changes significantly influence the spatiotemporal evolution of land use, accelerating rural-
to-urban conversions in ecologically vulnerable regions, as validated by a CA-Markov model Kappa coefficient of
0.8378. These impacts, however, are predicted to diminish over time, with the strongest effects observed in areas
with high ecological fragility. Specifically, increasing variability in climate conditions and intensifying human
activities have resulted in cropland reduction at a rate of —260 km?/year and a simultaneous increase in built-up
areas at a rate of 200 km?/year. This study underscores the critical influence of environmental changes on
land-use dynamics and provides insights for policymakers and planners on promoting ecological resilience and
sustainable land-use management to tackle the evolving challenges of climate change and human-induced
disturbances.

1. Introduction human activities serve as the significant drivers of this change. Together,

they interact across multiple levels and scales, altering environmental

Environmental changes, caused by climate change and human ac-
tivities are significant factors influencing ecosystem services and human
well-being (Esperon-Rodriguez et al., 2022; Lu et al., 2023; Zhou et al.,
2023). For instance, in the past two decades, the frequency of extreme
weather events, such as super heatwaves (Chen et al., 2023; Smale et al.,
2019; Woolway et al., 2021), widespread flooding (Li et al., 2020; Zhang
etal., 2018), and extreme droughts (Yuan et al., 2023; Zhao et al., 2022),
has doubled compared to that in previous years. Global environmental
changes have triggered disasters that endanger food security, ecosystem
services, and the safety of livelihood (Yang et al., 2018). Climate change
exacerbates the uncertainty surrounding natural resources, while

conditions and the demand for land resources, thereby driving or
influencing land use patterns and their dynamics (Wen et al., 2023).
Land resources are the foundation for agricultural production, envi-
ronmental protection, and social production (Smith, 2018; Zhou et al.,
2019). Environmental change and land-use pattern dynamics are
intricately interconnected, with Land Use/Cover Change (LUCC) both
shaping and being shaped by the complex interplay of climate change
and human activities(Liao et al., 2020). The evolution of land—use also
reflects the resilience of the ecological environmental system and the
intensity of human activities (Luiza Petroni et al., 2022; Newbold et al.,
2016). Revealing the influences of environmental changes on the
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spatiotemporal evolution of land-use is crucial for rationally guiding
land-use planning and enhancing the capability to respond to climate
shocks and anthropogenic impacts.

In rapidly urbanizing areas, such as urban agglomerations, land-use
changes can be dramatic due to human activities, significantly impact-
ing the ecological environment and natural resources sustainability (He
et al., 2023; Kong et al., 2022). These activities can lead to biodiversity
destruction, deforestation, and disorderly expansion of built-up areas
(Allan et al., 2022; Carrasco et al., 2017; Zhou et al., 2022). Ecologically
fragile urbanizing areas are regions undergoing rapid urban develop-
ment where the natural environment is particularly sensitive or
vulnerable to degradation due to climate change and human activities
(Shi et al., 2023). Urban agglomerations, as an advanced stage of ur-
banization, represent a highly developed form of spatial resource ele-
ments that require coordinated organization (Fang and Yu, 2017; Yu
et al., 2024). LUCC is a crucial characteristic of urban agglomeration
development. It promotes the circulation and complementarity of urban
and rural resources by transforming natural land surfaces through
human activities (He et al., 2019). Existing studies have analyzed the
impacts of climate change and human activities on the Earth’s system
from local and regional perspectives, with a focus on their relationship
with land-use. (Asamoah et al., 2021; Gao and Bukovsky, 2023; Pan
et al., 2020). These studies employed relevant theories and methods
from the fields of ecology, economics, and geography. They focused on
land-use structure (Liang et al., 2021; Lin et al., 2024a), trends in the
evolution of land-use spatial patterns (Jiang et al., 2022; Masoudi et al.,
2021), and ecological and environmental effects of land-use (Li et al.,
2021; Liang et al., 2023). They reported significant differences in the
spatial structure of land-use, intensity of land-use changes, and external
spillover effects of land-use changes among urban agglomerations of
different regions and levels of development. Research has shown that
the non-stationarity of land—use spatial structures is a common charac-
teristic of urban agglomeration development (Ouyang et al., 2021; Qiao
et al., 2023; Shen et al., 2022). This trend exacerbates the interference of
human activities with land-use patterns, indirectly causing climate
shocks and social issues such as urban heat islands (Lin et al., 2024b), air
pollution (Han et al., 2020; Lee, 2020), urban flooding (Luo and Zhang,
2022), and habitat degradation (Wu et al., 2022). Scientists have
recently started to focus more on the interaction between climate
change and spatial evolution patterns of land-use.

More recently, in preparation for the World Climate Research Pro-
gram Coupled Model Intercomparison Project (CMIP), under integrated
scenarios of shared socioeconomic pathways (SSPs) and representative
concentration pathways (RCPs), a basis was for the Sixth Assessment
Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC),
as part of CMIP (O’ Neill et al., 2016). Within this unified global climate
change analysis framework, it is becoming increasingly important to
explore optimization management strategies for the spatial patterns of
land-use in urban agglomerations. This exploration should be
approached from the perspectives of climate change mitigation actions
and ecosystem restoration. Some research on the relationship between
land use and environmental change in urban agglomerations primarily
focuses on indicator measurement. These studies often emphasize the
impact of specific land use type change patterns on individual envi-
ronmental factors (Xiao et al., 2020), such as the relationship between
the normalized vegetation index and forests (Yang et al., 2021), or
surface temperature and impervious surfaces (Xiao et al., 2022). How-
ever, they insufficiently address the overall impact of different envi-
ronmental change indicators on land use patterns (He et al., 2023; Liao
et al., 2020). Furthermore, there is a lack of differentiated research
across various hierarchical levels within urban agglomerations, leading
to results that fail to meet the comprehensive demands for coordinated,
sustainable development of urban agglomerations (Xiao et al., 2024).
This underexplored aspect in research makes it challenging to reveal the
complex interactions between land-use evolution and alterations in the
ecological environment and human activities in ecologically fragile
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urbanizing areas. Consequently, the findings of previous studies are
insufficient for meeting the needs of sustainable development of urban
agglomerations in the context of global environmental changes.

Considering the unclear relationships between environmental
changes and spatiotemporal evolution of land-use in urban agglomer-
ations in ecologically fragile urbanizing areas, this study aimed to
elucidate these complexities by addressing three research questions.
First, how do environmental changes influence the spatiotemporal
evolution of land-use? Second, are these influences likely to persist?
Third, which strategies should be adopted in response to environmental
changes to guide future sustainable land-use? To investigate this, we
developed systematic methods to analyze the influence of environ-
mental changes on land-use spatiotemporal evolution by quantifying
the integrated effects of climate change and human activity as well as by
simulating future land-use trends. We then revealed the response modes
and influential mechanisms between environmental changes and land-
—use spatiotemporal evolution.

2. Methodology
2.1. Methodological approach

This study introduced a three-step research methodology aimed at
bridging the knowledge gaps mentioned in the Introduction. In the first
step, we reviewed the future environmental change patterns described
by Shared Socioeconomic Pathways (SSPs) and quantitatively analyzed
climate change and human activities from 2000 to 2060 to characterize
the intensity of environmental changes. In the second step, using the
geospatial method of Cellular Automata-Markov (CA-Markov), we
simulated the spatiotemporal evolution of land-use under environ-
mental change scenarios. In the third step, by integrating the coupling
coordination degree with the geographically weighted regression
model, we analyzed the influences of environmental changes on the
spatiotemporal evolution of land-use. Subsequently, we explored the
mechanisms by which environmental changes influenced and will in-
fluence land-use from 2000 to 2060 by analyzing the response modes of
land-use adapted to future environmental changes. The detailed
research flow of this systematic methodology is illustrated in Fig. 1.

2.2. Study area

China’s urban agglomerations are experiencing urbanization at a
speed and scale unparalleled by those of any other country globally
(Ouyang et al., 2021). The Central Plains Urban Agglomeration (CPUA)
is one of China’s primary urban agglomerations, characterized by high
ecological fragility and rapid urbanization (Mu et al., 2023), with the
core development area encompassing 14 cities: Zhengzhou, Kaifeng,
Luoyang, Pingdingshan, Xinxiang, Jiaozuo, Xuchang, Luohe, Jiyuan,
Hebi, Shangqiu, Zhoukou, Jincheng, and Bozhou, covering a total area
of 101,702.63 km2 (Fig. 2). The permanent population of CPUA stands
at 73.55 million, with a Gross Domestic Product (GDP) of 4,642.687
billion yuan in 2021, accounting for 4.06 % of China’s total GDP. In
recent years, owing to updating the production structure and the
booming population, significant transformations in land-use patterns
and socioeconomic development have occurred in CPUA. Additionally,
under the influence of environmental changes (such as climate change
and unreasonable human activity), the ecological and environmental
systems of the CPUA exhibit extreme vulnerability and unsustainability.
Issues such as energy depletion, ecosystem degradation, and creasing
pollution have gradually emerged (Li et al., 2019; Luo et al., 2021). For
instance, the extreme rainfall event in July 2021 inflicted substantial
damage to the lives and properties of residents within the CPUA. To
meet the sustainable development goals for the CPUA, it is essential to
scientifically elucidate how environmental changes affect land-use
spatiotemporal evolution.
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Fig. 2. Location and population scale of the study area.

2.3. Data sources and pre-processing methods

This study utilized various geospatial data, including data on land-
-use classification, climate, human activities, geospatial features, and
socioeconomic statistics. The sources and pre-processing methods for
each data type were as follows: (1) Land-use classification data for 2010
and 2020, with a spatial resolution of 30 m, were obtained from
GlobeLand30  (https://www.globallandcover.com/). (2) Digital

Elevation Model (DEM) data were sourced from the Geospatial Data
Cloud (https://www.gscloud.cn/). The initial spatial resolution of the
data was 30 m, derived from remote sensing imagery interpretation by
the United States Geological Survey. (3) For the period of 2010-2060,
climate data on total monthly precipitation, minimum monthly tem-
perature, and maximum monthly temperature were utilized. Historical
climate data from 2000 to 2020 were obtained from WorldClim (htt
ps://worldclim.org/). The future climate projections for the period of
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2020-2060 were sourced from the Sixth Coupled Model Intercompar-
ison Project (CMIP6) (https://www.wcrp-climate.org/wgem-cmip/w
gem-cmip6) with an initial spatial resolution of 1 km. Population and
human footprint data for the period of 2000-2020, with an initial spatial
resolution of 100 m, were obtained from publicly available datasets that
underwent peer review (Halpern et al., 2022; Popp et al., 2017). (5)
Traffic network data, including railways, highways, national roads,
provincial roads, and other roads, were obtained from OpenStreetMap
(https://www.openstreetmap.org/). (6) Administrative boundaries and
statistical data were sourced from Tianditu (https://bzdt.ch.mnr.gov.
cn/) and various provincial statistical department websites. The orig-
inal data were in various formats, including shapefile, GeoTIFF, and
text, and had differing spatial resolutions. To enable analysis using a
unified standard, these diverse datasets were resampled, georeferenced,
and spatially processed. All original data were converted to GeoTIFF
format through spatial processing using ArcGIS Pro software. Following
this standardization, the data were unified to a spatial resolution of 100
x 100 m and projected onto the WGS 1984 coordinate system.

2.4. Measurement of the environmental change index

2.4.1. Evaluation of climate change intensity

We integrated indicators from both the climate change and human
activities dimensions to analyze future environmental change trends in
the study area. Shared Socioeconomic Pathways (SSPs) are a blueprint
for future global socioeconomic development scenarios formulated by
the Intergovernmental Panel on Climate Change (IPCC) and designed to
quantitatively depict the trends of climate change and socioeconomic
development pathways. The SSPs framework includes five socioeco-
nomic development pathways: the sustainable development pathway
(SSP1), middle-of-the-road pathway (SSP2), regional rivalry pathway
(SSP3), inequality pathway (SSP4), and fossil-fueled development
pathway (SSP5). To address the sustainable development goals in the
CPUA, we employed the SSP1-2.6 pathway as the baseline scenario for
assessing environmental changes. Within this framework, we analyzed
projected monthly total precipitation, as well as maximum and mini-
mum monthly temperatures, over the period 2020-2060 (Alexander
et al., 2006; Maity and Maity, 2022; Zhang et al., 2011). Given that
temperature and precipitation are fundamental indicators of climate
change, we utilized the SSP1-2.6 scenario and its associated database to
quantify climate change intensity by evaluating variations in monthly
average precipitation and temperature throughout the 2020-2060
period. The formulas used for these calculations are as follows:

12
prey = Zprei (€8]
i=1

where prey, represents the total annual precipitation and pre; represents
the average precipitation for month i;

2'12 tmin; +tmax;

t = i=1 2 2
== 19 (2)
where t, represents the annual teamperature and tmax; represents the
maximum temperature for the month J;

ICC = {/pre, X t, 3

where ICC represents the climate change intensity.

2.4.2. Evaluation of human activity intensity

In the context of human development and increasing demands,
human activities have emerged as pivotal factors disturbing the equi-
librium of the natural environment(Shrestha et al., 2021; Venter et al.,
2016). The human footprint is the most direct indicator of the intensity
of human activities(Mu et al., 2022). This study leveraged human
footprint data for the period of 2000-2020 and employed trend analysis
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to forecast the change characteristics of future human footprints. The
calculation formula is as follows:

o NS (HR) - S HE
= p 2
ny 2 = ()

4

where S represents the human footprint trend over time and HF; repre-
sents the human footprint index in year i, with S > 0 indicating an
increasing trend, S = 0 indicating a stabilizing trend, and S < 0 indi-
cating a decreasing trend;

IHA = /POP x HF (6)

where IHA represents the human activity intensity and POP represents
the population density.

2.4.3. Measurement of the environmental change index

In this study, climate change and human activity were regarded as
the co-weighting factors of environmental change (Zhou et al., 2021b).
Drawing from the indices of climate change and the intensity of human
activity, we employed an integrated approach to calculate the envi-
ronmental change index using the following formula:

EC = (ICC+1HA)/2 @]

where EC represents the environmental change index, which represents
the degree of environmental elements or quality change. In subsequent
calculations, the index will be normalized to the 0-1 interval using the
range standardization method (Hillebrand et al., 2020).

2.5. Simulation of land-use spatiotemporal evolution

2.5.1. Construction of the Cellular automaton (CA)-Markov model

In this study, the spatiotemporal evolution of land-use between 2020
and 2060 was predicted using the CA-Markov model, integrating CA
with Markov chains (Wu et al., 2019). The key parameters of the CA-
Markov model include proportional error and decadal cycles. For pro-
portional error, we set the spatial resolution of all input data of the
model to 30 x 30 m and the time scale to 10 years. Additionally, for the
decadal cycles, the choice of 2060 as the target year was based on its
significance as the year by which the Chinese government pledged to
achieve the Carbon Neutrality Goal. Land-use practices are expected to
be intentionally planned, leading to this pivotal year. CA are utilized for
their pronounced temporal, spatial, and state discreteness, making them
ideal for simulating the trends in systems with intricate spatiotemporal
dynamics (Wu et al., 2021). The CA framework consists of cells, cell
space, an ensemble of cell states, and the extent of neighborhoods,
temporal parameters, and transition regulations. The calculation for-
mula is as follows.

Siep1 =1 (Si.tysN‘t) (8)

where S;;1 and S;; represent the sets of states of cell i at moments t + 1
and t, respectively, Sy, represents the set of states of the set of neigh-
borhoods of cell i at moment t, and f represents the transition rule.

The Markov model is a probabilistic method for predicting long-term
changes (Zhu et al., 2023). It calculates the probability of transition from
one state to another based on the current state of an event. This is
determined by modeling the probability of transitions between event
states. The calculation formula is as follows:

X(t+1)=X(t) x P (©)]

where X (t + 1) and X (t) represent the land-use states at moments ¢ + 1
and t, respectively, and P represents the transfer-probability matrix.
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2.5.2. Parameterization of land-use change simulation

Using the IDRISI software, our model’s cellular states reflect the
land—-use conditions in 2000 and 2010, while land—use data from 2020
serve as a reference to validate simulation accuracy. This validation is
conducted by calculating the Kappa value, which quantifies the agree-
ment between simulated outcomes and the actual land-use conditions
observed in 2020. Land-use within the study area was divided into
seven categories: cropland, forest land, grassland, aquatic resources,
built-up land, barren terrain, and other uses (Liang et al., 2021). The
cells were configured to dimensions of 100 x 100 m, with neighbor-
hoods employing a 5 x 5 extended Moore scheme. The model was
operated on a decadal cycle with a set proportional error of 0.15. In
accordance with the SSP 1-26 sustainable development scenario and
guided by methodologies documented in pertinent literature, the annual
increase rate for built-up areas in future land-use change simulations is
anticipated to be between 0.12 % and 0.16 %.

2.5.3. Scenario setup for the simulation of land-use change

To examine the future states of land-use under divergent develop-
ment pathways, this study used two simulation scenarios of land-use
spatiotemporal evolution informed by potential disruptions within the
land-use system of the study area: (1) environmental change scenario
and (2) “business as usual” scenario. In the “business as usual” scenario,
land-use changes reflect existing development trends without additional
environmental interventions, providing a baseline for assessing the im-
pacts of current policies if no significant changes are made. On the other
hand, in the “environmental change” scenario, land-use changes are
modeled under policies aimed at enhancing environmental protection,
allowing us to evaluate the potential benefits of proactive policies, such
as conservation zoning or sustainable urban planning initiatives, on
ecological resilience and resource management. Theoretical and
empirical evidence underscores the enduring presence of climate change
phenomena alongside human activities, with the latter subjectively
remodeling external systems that disrupt the established systematic
norms (Bukovsky et al., 2021; Ge et al., 2021). Accordingly, we inte-
grated the dual disturbances caused by climate change and human ac-
tivities into the land-use system. Considering the objective tendencies of
land-use spatiotemporal evolution and drawing on the sustainable
development goals championed by the SSP1-2.6 pathway, the environ-
mental change scenario proposes a paradigm shift in land-use modal-
ities from prioritizing rapid economic expansion to fostering a symbiotic
relationship between humanity and nature (Bukovsky et al., 2021). The
likelihood of transitioning cropland, forest, and grassland into built-up
areas was reduced by 65 %, 50 %, and 35 %, respectively. By contrast,
the conversion probabilities for water and unused areas were established
based on historical patterns. The “business as usual” scenario extends
the land-use transformation dynamics observed between 2000 and 2020
in the study area, predicated on the existing rates of land-use conversion
and historical urbanization trends, without imposing any new restrictive
measures on the transition regulations. This approach underpins a
comparative analysis of the spatiotemporal evolution of land-use in
environmental change scenarios.

2.6. Analysis of the influences of environmental changes on land-use
spatiotemporal evolution

2.6.1. Identification of the response modes of land-use spatiotemporal
evolution to environmental change

The impact of environmental change on land use is often not one-
way, but interacts with land use change. The coupling coordination
model can quantify this mutual interactive relationship. This study
calculated the degree of coordination between the spatiotemporal evo-
lution of land-use and the environmental change index using the
coupling coordination model. In accordance with the definition of this
model, the degree of coupling reflects the level of interaction between
two or more systems, whereas the degree of coordination reflects the
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level of coordinated development among the systems (Zhang et al.,
2021). The calculation formula is as follows.

2v/Dgc X Digr

C=r—=" " 10

Dgc + Dy a0
T = aDgc + pDrar 1)
D=/(CxT) (12)

where C represents the degree of coupling between the spatiotemporal
evolution of land-use and the intensity of environmental change, with a
value range of [0,1] (a value closer to 1 indicates a higher degree of
coupling), T denotes the comprehensive coordination index between the
spatiotemporal evolution of land-use and intensity of environmental
change, and Dgc and Dyg represent the environmental change intensity
and land-use spatiotemporal evolution intensity, respectively. The a and
p are the weights of the indices of land-use spatiotemporal evolution
and environmental change intensity, and it is assumed that both have
equally important impacts, thus « = = 0.5. D represents the degree of
coupling coordination. A higher D value indicates better coordination
between land-use spatiotemporal evolution and environmental change
intensity, suggesting a mutually harmonious response pattern.
Conversely, a lower D value indicates poorer coordination, implying a
trade-off between the two. Based on the recommended classification of
the coupling coordination model (Yang et al., 2020), the response pat-
terns of land-use spatiotemporal evolution and environmental change
were categorized into four types: highly coordinated (D<(0.8-1.0)),
moderately coordinated (D€(0.5-0.8)), verging on discoordination (De
(0.3-0.5)), and serious disordered (D<(0-0.3)) (Dong et al., 2023; X.
Zhang et al., 2022b; Zhou et al., 2021c).

Two indicators were used to analyze the spatiotemporal evolution
index of land-use: mixing degree and land-use change intensity. These
indicators are calculated as follows:

LEI = \/2 Migna X Cland (13)
Mg = — 3 (P)(InPy), Gigna = ¢ 14
land i i)y Lland Nr

where LEI is the land-use spatiotemporal evolution index, Djgq is the
degree of land—use mixing, Cinq is the intensity of land-use change. P;
represents the proportion of land-use type i in the total area, N, repre-
sents the area of cells where land-use changes occurred between 2020
and 2060 (on a 100 m grid), and N, represents the total cell area (on a 1
km grid).

2.6.2. Analysis of the influential mechanism of environmental changes on
the land-use spatiotemporal evolution

The Geographically Weighted Regression model was used further to
investigate the impacts of environmental changes on land-use spatio-
temporal evolution processes. This model enhances conventional linear
regression by accounting for the effects of spatial adjacency, allowing
the determination of spatially variable influence parameters between
independent and dependent variables (Yu et al., 2020). The calculation
formula is as follows.

k
Yi = Bolpy, vi) + Z/}j(.uivvi)xij + & (15)
i—1

j=

where y; represents land-use spatiotemporal evolution index and the
independent variable x;; represents to the environmental change index at
location i. The model’s regression constant is, Sy (u;V;), alongside the
regression coefficient for x;; at region i. §; (u;,y) is critical in delineating
the influences of environmental changes on land-use spatiotemporal
evolution. A positive f; value indicates a direct relationship, showing
that an increase in the environmental change index is associated with an
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increase in the land-use spatiotemporal evolution, with the converse
being true for a negative f;. The magnitude of this coefficient indicates
the extent of the correlation between environmental change and land-
-use spatiotemporal evolution. The coordinates (u;,v;) denote the spe-
cific geographical location of location i, whereas ¢; represents the
stochastic error inherent in the observations at this location.

3. Results
3.1. Trends of climate change and human activity in the CPUA

The CPUA is expected to experience significant nonlinear increases
in both climate change and human activity. From 2000 to 2020, the total
annual precipitation in the CPUA increased by 1.00 %, from 701.44 mm
to 708.41 mm, and the average temperature increased by 0.33 °C, from
14.43 °C to 14.91 °C. These results suggested that the CPUA has expe-
rienced increased temperatures and increased precipitation related to
global warming. Additionally, the population density of the CPUA
increased from 475.35 individuals per km? in 2000 to 520.59 in-
dividuals per km? in 2020, indicating significant population growth in
the early 21st century.

Future trends indicated an upward trajectory for both precipitation
and the average temperature in the CPUA (Fig. 3). By 2060, total pre-
cipitation is projected to reach 791.19 mm, an increase of 89.75 mm
from 2000, with total and annual growth rates of 12.80 % and 0.29 %,
respectively. The intensity of human activities in the CPUA is expected
to undergo significant changes, similar to climate change. Population
density is expected to reach its peak around 2040 at 560 individuals per
km?, followed by a decline to approximately 530 individuals per km? by
2060. Simultaneously, the human footprint index is projected to in-
crease, with a 10-unit increase by 2060 compared to that in 2020. In
addition, the average temperature and precipitation in the CPUA from
2000 to 2060 were found to be significantly higher than the averages in
China.
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3.2. Land-use change progress of CPUA in the period of 2000-2020

Between 2000 and 2020, the CPUA underwent intensive land—use
activities, resulting in significant changes to the spatial pattern of
land-use. As shown in Fig. 4, all land-use types experienced varying
degrees of change. Forests, wetlands, built-up areas, and unused areas
increased from 15,357.17 km?, 187.54 km?, 11,450.08 km?, and 21.16
km? in 2000 to 15,687.74 km?, 333.89 km?, 17,396.49 km?, and 23.91
km? in 2020, respectively. Conversely, while built-up areas increased by
5,946.41 km?, croplands, grasslands, and water areas exhibited a
declining trend, decreasing from 70,064.32 kmz, 3,715.29 kmz, and 906
km? to 64,18.95 km?, 3,266.21 km?, and 808.37 km?, respectively. The
most significant changes among the seven land-use types were observed
in built-up areas and croplands, which decreased by 5,879.37 km? and
increased by 5,946.41 km?, respectively. Wetlands had the highest
growth rate of 78.04 %, whereas forests had the lowest growth rate of
only 2.15 %.

3.3. Future trends of land-use spatiotemporal evolution in the CPUA in
the period of 2020-2060

To ensure the reliability of the simulation results from the CA-
Markov model, cross-verification was conducted between the 2020
land-use simulation results and the actual land-use types in the CPUA.
Table 2 shows that the CA-Markov model constructed for this study
passed all the accuracy parameter tests for simulating land-use in the
CPUA in 2020. This indicated that the model is well-suited for simu-
lating future land-use spatiotemporal evolution processes.

The CPUA is expected to experience increased disparities between
urban and rural areas, owing to the growing variability in environmental
changes. From 2020 to 2060, the CPUA is projected to lose the most
significant amount of cropland areas, with an estimated transfer out
volume of 4,546.12 km?. This loss is predicted to mainly be related to
the development of built-up areas, indicating a high risk of urbanization
encroaching on croplands in the future. Table 1 presents the land-use
transition matrix of the CPUA. This analysis indicates that land—use in
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Table 1
Land-use transfer matrix of the Central Plains Urban Agglomeration in the period of 2020-2060 (unit: km?).
2060 2020
Cropland Forest Grassland Wetland Water Built-up areas Unused areas Total transfers in
Cropland 49270.65 1107.09 461.26 245.42 141.34 12956.82 2.37 14914.3
Forest 1636.32 11864.70 1448.39 78.98 71.89 568.47 18.99 3823.04
Grassland 228.66 851.20 2002.06 15.59 26.02 139.99 2.69 1264.15
Wetland 0.00 0.00 0.00 333.78 0.11 0.00 0.00 0.11
Water 0.00 0.00 0.00 21.11 787.26 0.00 0.00 21.11
Built-up areas 2697.80 21.50 15.15 0.00 0.71 14661.02 0.31 2735.47
Unused areas 1.34 12.53 2.50 0.00 0.24 0.34 6.96 16.95
Total transfers out 4564.12 1992.32 1927.30 361.10 240.31 13665.62 24.36 22775.13

Table 2
Results of simulation accuracy validation of the Cellular Automata (CA)-Markov
model.

Kistandara Kno Kiocari K;

Verification parameter 0.8378 0.8797 0.8739 0.8739

the CPUA will undergo significant spatiotemporal evolution between
2020 and 2060. By 2060, croplands, forests, grasslands, wetlands, water
areas, built-up areas, and unused areas in the CPUA are expected to
cover 53,834.77 km?, 13,857.02 km?, 3,929.36 km?, 694.88 km?

1,027.57 km?, 28,326.64 km? and 31.32 km? respectively, under
environmental change scenarios. Our results describe area changes in
various land-use types, with decreases of 10,350.18 km? and 1,830.72
km?, and increases of 663.15 km?, 360.99 km?, 219.2 km?, 10,930.15
km?, and 7.41 km? from 2020 to 2060. The percentage changes are
—16.13 %, —11.67 %, 20.30 %, 108.12 %, 27.12 %, 62.83 %, and 30.99
%, respectively. In addition to substantial growth in built-up areas,
wetlands were projected to double in size.

Environmental changes have significantly influenced the spatio-
temporal evolution of land-use. Under the environmental change sce-
nario, the built-up areas in the CPUA are expected to increase by
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approximately 200 km? annually between 2020 and 2060. This trend
indicated that urbanization demands will conflict with the finite nature
of land resources, posing a significant threat to croplands and other
natural resources. Anticipating disruptions to land-use caused by envi-
ronmental change is crucial for mitigating conflicts. Fig. 5 shows the
results of the spatiotemporal evolution simulation of land-use. The
built-up areas will increase in the future, primarily in the eastern cities
of Zhengzhou, Shangqiu, Luoyang, and Zhoukou. In contrast, cropland is
expected to exhibit a significantly decreasing trend, with an annual loss
rate of approximately 260 kmZ Conversely, changes in forest and
grassland areas are expected to be relatively minor.

3.4. Influences of environmental changes on land-use spatiotemporal
evolution in the CPUA

3.4.1. Response modes of land-use spatiotemporal evolution to
environmental changes

The influence of environmental changes on the spatiotemporal
evolution of land-use is predicted to decrease over time. Between 2000
and 2060, the proportion of areas in the CPUA that have serious or
moderate incoordination will gradually expand, doubling over a 40-year
period (Fig. 6). However, less than 1 % of the total area showed high
coordination between land-use evolution and environmental change
intensity, and this area is expected to decrease gradually. These results
suggested that environmental changes and land-use spatiotemporal
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evolution will develop in an imbalanced manner in the future.

Using 2060 as an example, the average coupling coordination degree
was only 0.43 (Fig. 6g), which was below the threshold of 0.5. This
confirmed that the CPUA is experiencing an imbalance between envi-
ronmental change trends and land-use change processes, suggesting
that changes in climate and human activities will make future land-use
spatiotemporal evolution more complex. From a local perspective,
highly coordinated areas are concentrated only in the suburbs of
Zhengzhou City in the central part of CPUA. In contrast, areas with
serious incoordination are widespread in the northwestern and south-
western parts, encompassing Jincheng and Luoyang cities (Fig. 6h).

3.4.2. Influence mechanism of environmental changes on land-use
spatiotemporal evolution progress

Our results showed a positive correlation between environmental
change and the spatiotemporal evolution of land-use. However, the area
exhibiting a positive correlation gradually decreased. From 2000 to
2060, the area in which environmental changes had a positive impact on
the spatiotemporal evolution of land-use decreased from 93,450 km? to
52,104 km? (Fig. 7), i.e., approximately 40 % over the 60-year periods.
Moreover, the strength of this positive correlation weakened over time,
decreasing from 0.66 to 0.25. This revealed that the spatiotemporal
evolution of future land-use will be influenced by a more comprehen-
sive array of factors. Concurrently, the proportion of built-up areas
within regions positively influenced by environmental changes was
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significantly lower than that in areas with negative influences. This
disparity became more pronounced over time (Fig. 7c).. This finding
underscores that environmental change has exerted the greatest impact
on built-up areas, with its intensification expected to further accelerate
urban expansion. This continued growth in urban construction land will
likely heighten conflicts between urbanization, agricultural production,
and forest conservation, posing challenges for the sustainable develop-
ment of land resources.

The influences of environmental change on the spatiotemporal
evolution of land-use are more significant in areas with high ecological
vulnerability than in highly urbanized areas. From the perspective of
spatial distribution, between 2000 and 2060, the areas within the CPUA
where environmental change had the strongest and weakest positive
effects on land-use changes were Luoyang and Zhengzhou, respectively
(Table 3). These two cities also represented areas with the highest
topographical relief and highest levels of urbanization within the CPUA,
respectively.

4. Discussion

This study integrated the representative phenomena of environ-
mental changes—climate change and human activities—to analyze their
influences on land-use spatiotemporal evolution. By combining Shared
Socioeconomic Pathways (SSPs) and simulating land-use change trends
under future environmental change scenarios, this study examined the
effects of climate change and human activities on the spatiotemporal
evolution of land-use in the period from 2000 to 2060. Our results
showed that the continually rising trend of environmental change has
enhanced the intensity of land-use spatiotemporal evolution to varying

degrees, but these influences diminish over time. Therefore, our findings
suggest that targeted land-use planning and resource and environ-
mental protection efforts should be carried out in regions with different
natural and social conditions to identify the practical pathways for the
adaption to and mitigation of the impacts of future climate change and
human activities.

4.1. Comparisons between climate change and human activities in the
CPUA and worldwide

According to reports from governments and scientific institutions,
such as the Intergovernmental Panel on Climate Change, global
warming-induced climate change affects precipitation patterns
(Molotoks et al., 2021). This included both increases and decreases in
precipitation in different regions. For instance, high-latitude regions and
some equatorial areas are experiencing rising precipitation trends,
whereas arid and semi-arid regions are experiencing decreasing trends.
In this study, we found that both precipitation and average temperatures
in the CPUA show an upward trend, which is consistent with the recent
pattern of increased precipitation in northern China (Yang et al., 2023).
By 2060, the average temperature is projected to reach 16.83 °C, a rise of
2.4 °C from the average of 14.43 °C in 2020. This highlights the sig-
nificant risks to societal production and living conditions posed by
global warming. The frequent occurrence of natural disasters, such as
extremely heavy rainfall and super high temperatures triggered by
climate anomalies such as El Nino and La Nina, also corroborates the
potential climate change pressures that the CPUA will need to address in
the future. Similarly, the human footprint showed a significant upward
trend from 2000 to 2020, accompanied by an increase in human
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Table 3

Spatial regression coefficients between environmental changes and land-use changes of Central Plains Urban Agglomeration in the period of 2000-2060.
City 2000-2020 2020-2030 2030-2040 2040-2050 2050-2060 2000-2060

Mean Max Mean Max Mean Max Mean Max Mean Max Mean Max

Jincheng 0.45 3.32 0.85 7.42 0.90 7.55 1.00 6.75 1.16 6.78 0.87 7.55
Jiyuan 0.41 1.82 0.34 2.19 0.48 3.01 0.45 1.78 0.41 2.81 0.42 3.01
Bozhou 0.57 1.78 0.58 2.25 0.55 2.14 0.29 1.51 0.44 2.08 0.49 2.25
Luoyang 1.17 3.49 1.48 5.36 1.37 4.81 1.26 4.64 1.33 5.22 1.32 5.36
Hebi 0.36 1.37 0.32 1.83 0.22 1.93 0.01 1.45 —0.13 1.20 0.16 1.93
Pingdingshan 0.67 2.52 0.54 4.39 0.41 4.05 0.35 3.41 0.27 3.59 0.45 4.39
Shangqiu 0.65 2.05 0.41 2.26 0.38 2.30 0.07 1.66 0.04 2.20 0.31 2.30
Jiaozuo 0.53 2.71 0.09 4.65 —0.01 4.68 —0.03 3.55 —0.21 4.37 0.07 4.68
Zhoukou 0.64 2.14 0.40 3.17 0.31 2.34 0.23 3.26 0.14 2.56 0.34 3.26
Xinxiang 0.65 2.00 0.48 3.42 0.39 3.68 0.27 4.08 0.14 3.98 0.39 4.08
Luohe 0.76 2.42 0.32 2.42 0.25 1.90 0.13 2.15 0.02 1.93 0.30 2.42
Xuchang 0.72 2.56 0.22 3.61 0.22 2.44 0.12 3.46 —0.03 3.30 0.25 3.61
Zhengzhou 0.45 2.38 —0.04 2.77 -0.17 3.00 -0.23 2.45 —-0.45 1.62 —0.09 3.00
Kaifeng 0.71 2.56 0.52 2.54 0.53 2.46 0.41 2.14 0.35 2.70 0.50 2.70
CPUA 0.63 2.32 0.47 3.45 0.42 3.31 0.31 3.02 0.25 3.17 0.42 3.45

development activities linked to population growth, thus increasing the
pressure on the land-use system. Further analysis revealed that the ur-
banization rate in the CPUA increased from 55.05 % in 2000 to 78.40 %
in 2020, a 23.35 % increase over 20 years, attracting a large population
owing to industrial aggregation and job creation accompanying rapid
urbanization. This trend of population density and human footprint

10

indicates that the sustainable development path advocated by the SSP1-
2.6 scenario, which shifts the development focus from urbanization to
human welfare, also suggests that the future development process of
urban agglomeration land-use systems may face the dual threats of
reduced human resources and increased human disturbances, poten-
tially leading to significant population outflow and rural depopulation
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risks.

4.2. Factors to consider when analyzing land-use spatiotemporal
evolution from the perspective of environmental change

Some studies suggest a complex interrelationship between environ-
mental change and land-use change, with each serving as both cause
and effect within the Earth system and influencing the other (Borrelli
et al., 2020; Hillebrand et al., 2020; Zhou et al., 2020). Global envi-
ronmental change is comprehensive and interdisciplinary, exerting
widespread impacts on human societies and natural ecosystems
(Yushanjiang et al., 2024; Zhou et al., 2021a). In addition to climate
change and human activities, phenomena such as biodiversity loss, land
degradation, and sea level rise are interconnected with environmental
change, although their importance varies depending on the region and
time. Thus, this study posits that climate change and human activities
are the most significant factors affecting land—use changes in ecologi-
cally fragile urbanizing areas. Investigating land-use from these per-
spectives offers an effective understanding of how these phenomena
interact throughout the complex Earth system, thereby affecting land
resources and human land-use activities. Recognizing the impact of
environmental change on the spatiotemporal evolution of land-use can
aid in identifying effective strategies for adapting to future climate
change and intensified human activities. For instance, this study found
that CPUA wetlands exhibited the highest growth rate (78.04 %),
whereas forests had the lowest growth rate (2.15 %). This finding
revealed that between 2000 and 2060, the CPUA achieved remarkable
success in forest conservation and water source recharge efforts, which
correlates with the recent establishment of ecological belts along the
Yellow River and groups of wetland parks carried out by the Chinese
government (C. Zhang et al., 2022a). In addition, as previously dis-
cussed, the CPUA is characterized by abundant agricultural resources,
rapid urbanization, and a complex ecological environment. In recent
years, against the backdrop of global climate change, the frequency of
extreme weather events in the CPUA has increased, particularly in the
form of extreme summer heatwaves and heavy rainfall (Chen et al.,
2024). These factors have directly or indirectly contributed to the
increased vulnerability of agricultural land and exacerbated urban heat
island effects in the CPUA. Such changes not only influence land-use
transformation but also place greater demands on the region’s sustain-
able development and climate resilience.

4.3. Localized impacts of environmental changes on the land-use
spatiotemporal evolution in the CPUA

This study indicates that the impact of environmental change on
land-use spatiotemporal evolution is more significant in regions with
relatively high ecological environmental vulnerability than in urban
built-up areas. This finding is supported by evidence from previous
studies. For example, researchers analyzing the stability of ecological
environment systems in mountainous and urban areas that in China
have found that regions with significant topographical relief and dense
populations underwent a gradual increase in human development ac-
tivities and the demand for land resources (Wang et al., 2022; Wang and
Wang, 2021). These land-use systems exhibit pronounced variability
and irreversibility when subjected to extreme weather events and sud-
den anthropogenic disturbances (Cao et al., 2021; Elahi et al., 2022).
Further analysis of our results revealed that Luoyang, the city most
affected by environmental change in terms of land—-use spatiotemporal
evolution, is located in the Qinling Fold Belt in the western part of the
CPUA. This area’s complex terrain of intersecting mountains, rivers, and
hills experiences frequent and impactful natural disasters such as land-
slides, mudslides, droughts, and torrential rains caused by climate
change and human activities. The vulnerability of the land resource
system is high, making it highly susceptible to changes in usage patterns
and intensity due to external risks. On the other hand, Zhengzhou City,
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which is relatively less affected, serves as an essential transportation and
commercial center in China, with a high level of urbanization and a long
history of development. Although there has been a surge in demands on
land resources in recent years driven by socioeconomic development
factors such as population influx, policy drivers, industrial upgrades,
comprehensive natural resource management policies, and land-use
planning have been well established. Against the backdrop of environ-
mental change, the evolution of land-use in Zhengzhou is expected to be
relatively stable.

4.4. Implications for policymakers and planners

From the perspective of spatiotemporal evolution trends in land—use
under environmental change scenarios, between 2000 and 2060,
changes in cropland areas in the CPUA were primarily concentrated in
areas with the fastest urbanization processes, such as Zhengzhou,
Shangqiu, and Xuchang, which also experienced the most significant
increases in built-up area. This phenomenon indicated that the
encroachment of urban and rural development on cropland resources
has been frequent over the past two decades, highlighting the stark
contradiction between the surging human development demands and
the deteriorating capacity of natural resource supply. In contrast,
changes in ecological lands, such as forests and grasslands, in the CPUA
were mainly concentrated in the western and northern areas, including
Luoyang, Jiyuan, Jincheng, and Xinxiang, where rugged terrain and
significant topographical relief are prevalent. As the ecological lands
underwent changes, ecosystem service functions degraded, leading to
ecological risks such as soil erosion, reduced flood regulation capacity,
and land desertification. This evidence suggests that the CPUA will face
severe food security challenges and will continue to struggle with un-
balanced and inadequate urban development in response to future
environmental change. Therefore, further improvement in land-use
management policies to balance the occupation and compensation of
croplands in this region is essential. As one of China’s most crucial grain
production bases, Zhoukou should pay special attention to balancing
urban construction and agricultural production in the face of future
environmental changes. Additionally, we found that significant changes
in the spatial pattern of land-use in the CPUA will occur regardless of the
impact of environmental change. However, compared with that under
the “business-as-usual” scenario, the magnitude of land-use change
under the environmental change scenario is smaller. For instance, the
increase in construction land from 2020 to 2060 is expected to be 1.10 %
lower under the environmental change scenario. This indicated that the
demand for built-up area expansion would be moderately reduced in the
context of environmental change.

The socio-economic drivers of environmental change are multidi-
mensional. Critical factors such as the reliance on fossil fuel energy
consumption during industrialization and urbanization, which gener-
ates significant greenhouse gas emissions, and the intensification of
urban heat island effects alongside rapid population growth—all of
which are primary contributors to global warming. In the CPUA, fossil
fuel consumption is substantial, emphasizing the need for careful man-
agement of natural resource utilization and population expansion pat-
terns, particularly in core socio-economic development areas such as
Zhengzhou, Kaifeng, and Luoyang, to foster sustainable land use and
natural resources management in the future.

Sustainable land use is one of the core objectives of land-use plan-
ning and management. In the CPUA, the intensification of environ-
mental change has markedly variable local impacts on achieving
sustainable land use across different regions. For example, major cities
like Zhengzhou are more vulnerable to extreme environmental changes,
such as intense summer precipitation and heat waves, compared to
smaller towns. These areas should focus on increasing green space and
water bodies, utilizing green infrastructure to mitigate the heat associ-
ated with impervious surfaces, and enhancing urban climate resilience
and adaptive capacity. Conversely, in the western Funiu Mountains and
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the southern Dabie Mountains, environmental changes may pose sig-
nificant threats to ecosystem stability and land integrity. Land-use pol-
icies in these regions should prioritize the protection of ecological
functions, reduce development pressures, and prevent land degradation
and biodiversity loss.

4.5. Limitations and future research directions

In addition to the impacts of climate change and human activities,
the loss of biodiversity, imbalances in water resource supply and de-
mand, and shifts in global trade networks constitute environmental
change. In this study, we focused on the characteristics of ecologically
fragile urbanizing areas and selected climate change and human activity
as the two most prominent manifestations of the ecological environ-
mental system. While this approach offers specificity, it concurrently
overlooks the impacts of other environmental change phenomena on the
spatiotemporal evolution of land-use, although their effects may be
minimal in highly urbanized areas. We believe that future investigations
should explore changes in land-use patterns caused directly and indi-
rectly by environmental change from a multidimensional perspective,
incorporating more factors related to nature conservation and human
development. Simultaneously, the interaction between land-use change
and environmental change is bidirectional and intensifies continuously
(Wu et al., 2023). Therefore, future studies should investigate the
feedback mechanisms and impacts of land-use changes on the global
environment and climate system. To provide a comprehensive analysis,
these studies should utilize earth observation technologies with high
spatial and temporal resolution, integrated with highly dynamic data on
daily human activities.

5. Conclusions

The combined effects of climate change and human activities are
crucial factors influencing the sustainability of land-use and ecological
management. This study employs an integrated research approach,
utilizing various ecological and geospatial data and methods, to explore
the impacts of environmental changes on the spatiotemporal evolution
of land-use, with a particular focus on China’s CPUA from the per-
spectives of climate change and human activities. The main conclusions
are as follows: Firstly, environmental changes have had a significant
influence on the land-use spatiotemporal evolution. In the CPUA, the
intensity of these changes is expected to increase nonlinearly in the
future, with the rate of temperature and precipitation increase
exceeding the national average in China. The increasing variability in
environmental change has worsened the contradictions between urban
and rural areas. Second, the influence of environmental changes on the
spatiotemporal evolution of land-use will diminish over time. From
2000 to 2060, the area where environmental changes will have a posi-
tive impact on land-use spatiotemporal evolution will decrease from
93,450 km2 to 52,104 km?. In the future, cropland and built-up areas
will evolve at rates of —260 km?/year and 200 km2/year, respectively,
making land-use evolution increasingly complex due to changes in
climate and the intensity of human activities. Finally, the impact of
environmental change on the spatiotemporal evolution of land-use was
more pronounced in ecologically vulnerable areas than in highly ur-
banized areas.

Urban agglomerations are advanced products of urban development.
The intensification of climate change and human activities has led to a
trend towards complexity in the evolution of urban agglomeration
land-use. This study suggests that future urban agglomerations should
employ scientific land-use planning and efforts in resource and envi-
ronmental management to respond to the complex, variable impacts of
environmental change. Our research findings revealed the varying de-
grees of influence of environmental changes on the spatiotemporal
evolution of land-use. This provides valuable insights for ecologically
fragile urbanizing areas to achieve the United Nations’ Sustainable

12

Ecological Indicators 169 (2024) 112936

Development Goals and climate objectives outlined in the Paris
Agreement.

CRediT authorship contribution statement

Zhimeng Jiang: Writing — review & editing, Writing — original draft,
Visualization, Software, Resources, Methodology, Investigation, Formal
analysis, Data curation, Conceptualization. Yan Li: Writing — review &
editing. Hao Wu: Writing — review & editing, Project administration,
Investigation, Funding acquisition. Abdul Rashid Bin Mohamed
Shariff: Writing — review & editing. Han Zhou: Writing — review &
editing. Kaixuan Fan: Data curation.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

This work was supported by the National Natural Science Foundation
of China [U23A2020,42201468, 42071358], and Hubei Provincial
Natural Science Foundation of China [2024AFA032].

Data availability
Data will be made available on request.

References

Alexander, L.V., Zhang, X., Peterson, T.C., Caesar, J., Gleason, B., Klein Tank, A.M.G.,
Haylock, M., Collins, D., Trewin, B., Rahimzadeh, F., Tagipour, A., Rupa Kumar, K.,
Revadekar, J., Griffiths, G., Vincent, L., Stephenson, D.B., Burn, J., Aguilar, E.,
Brunet, M., Taylor, M., New, M., Zhai, P., Rusticucci, M., Vazquez-Aguirre, J.L.,
2006. Global observed changes in daily climate extremes of temperature and
precipitation. J. Geophys. Res.-Atmos. 111. https://doi.org/10.1029/
2005JD006290.

Allan, J.R., Possingham, H.P., Atkinson, S.C., Waldron, A., Di Marco, M., Butchart, S.H.
M., Adams, V.M., Kissling, W.D., Worsdell, T., Sandbrook, C., Gibbon, G., Kumar, K.,
Mehta, P., Maron, M., Williams, B.A., Jones, K.R., Wintle, B.A., Reside, A.E.,
Watson, J.E.M., 2022. The minimum land area requiring conservation attention to
safeguard biodiversity. Science 376 (6597), 1094-1101. https://doi.org/10.1126/
science.abl9127.

Asamoabh, E.F., Beaumont, L.J., Maina, J.M., 2021. Climate and land-use changes reduce
the benefits of terrestrial protected areas. Nat. Clim. Chang. 11, 1105-1110. https://
doi.org/10.1038/541558-021-01223-2.

Borrelli, P., Robinson, D.A., Panagos, P., Lugato, E., Yang, J.E., Alewell, C., Wuepper, D.,
Montanarella, L., Ballabio, C., 2020. Land use and climate change impacts on global
soil erosion by water (2015-2070). Proc. Natl. Acad. Sci. 117, 21994-22001. https://
doi.org/10.1073/pnas.2001403117.

Bukovsky, M.S., Gao, J., Mearns, L.O., O’Neill, B.C., 2021. SSP-based land-use change
scenarios: a critical uncertainty in future regional climate change projections.
Earth’s Future 9, e2020EF001782. https://doi.org/10.1029/2020EF001782.

Cao, J., Zhou, W., Hu, X., Yu, W., Zheng, Z., Wang, W.-M., 2021. Significant increase in
extreme heat events along an urban-rural gradient. Landsc. Urban Plan. 215,
104210. https://doi.org/10.1016/j.landurbplan.2021.104210.

Carrasco, L.R., Nghiem, T.P.L., Chen, Z., Barbier, E.B., 2017. Unsustainable development
pathways caused by tropical deforestation. Sci. Adv. 3, e1602602. https://doi.org/
10.1126/sciadv.1602602.

Chen, M., Chen, L., Zhou, Y., Hu, M., Jiang, Y., Huang, D., Gong, Y., Xian, Y., 2023.
Rising vulnerability of compound risk inequality to ageing and extreme heatwave
exposure in global cities. Npj Urban Sustain 3, 1-11. https://doi.org/10.1038/
542949-023-00118-9.

Chen, Y., Zhang, S., Gong, G., Chen, P., Gan, T.Y., Chen, D., Liu, J., 2024. Impacts of
moisture transport on extreme precipitation in the Central Plains Urban
Agglomeration, China. Global Planet Change 242, 104582. https://doi.org/10.1016/
j.gloplacha.2024.104582.

Dong, Q., Zhong, K., Liao, Y., Xiong, R., Wang, F., Pang, M., 2023. Coupling coordination
degree of environment, energy, and economic growth in resource-based provinces of
China. Resour. Policy 81, 103308. https://doi.org/10.1016/j.
resourpol.2023.103308.

Elahi, E., Khalid, Z., Tauni, M.Z., Zhang, H., Lirong, X., 2022. Extreme weather events
risk to crop-production and the adaptation of innovative management strategies to
mitigate the risk: A retrospective survey of rural Punjab, Pakistan. Technovation
117, 102255. https://doi.org/10.1016/j.technovation.2021.102255.


https://doi.org/10.1029/2005JD006290
https://doi.org/10.1029/2005JD006290
https://doi.org/10.1126/science.abl9127
https://doi.org/10.1126/science.abl9127
https://doi.org/10.1038/s41558-021-01223-2
https://doi.org/10.1038/s41558-021-01223-2
https://doi.org/10.1073/pnas.2001403117
https://doi.org/10.1073/pnas.2001403117
https://doi.org/10.1029/2020EF001782
https://doi.org/10.1016/j.landurbplan.2021.104210
https://doi.org/10.1126/sciadv.1602602
https://doi.org/10.1126/sciadv.1602602
https://doi.org/10.1038/s42949-023-00118-9
https://doi.org/10.1038/s42949-023-00118-9
https://doi.org/10.1016/j.gloplacha.2024.104582
https://doi.org/10.1016/j.gloplacha.2024.104582
https://doi.org/10.1016/j.resourpol.2023.103308
https://doi.org/10.1016/j.resourpol.2023.103308
https://doi.org/10.1016/j.technovation.2021.102255

Z. Jiang et al.

Esperon-Rodriguez, M., Tjoelker, M.G., Lenoir, J., Baumgartner, J.B., Beaumont, L.J.,
Nipperess, D.A., Power, S.A., Richard, B., Rymer, P.D., Gallagher, R.V., 2022.
Climate change increases global risk to urban forests. Article 10 Nat. Clim. Change
12 (10). https://doi.org/10.1038/541558-022-01465-8.

Fang, C., Yu, D., 2017. Urban agglomeration: An evolving concept of an emerging
phenomenon. Landsc. Urban Plan. 162, 126-136. https://doi.org/10.1016/j.
landurbplan.2017.02.014.

Gao, J., Bukovsky, M.S., 2023. Urban land patterns can moderate population exposures
to climate extremes over the 21st century. Article 1 Nat. Commun. 14 (1). https://
doi.org/10.1038/541467-023-42084-x.

Ge, W., Deng, L., Wang, F., Han, J., 2021. Quantifying the contributions of human
activities and climate change to vegetation net primary productivity dynamics in
China from 2001 to 2016. Sci. Total Environ. 773, 145648. https://doi.org/
10.1016/j.scitotenv.2021.145648.

Halpern, B.S., Frazier, M., Verstaen, J., Rayner, P.-E., Clawson, G., Blanchard, J.L.,
Cottrell, R.S., Froehlich, H.E., Gephart, J.A., Jacobsen, N.S., Kuempel, C.D.,
Mclntyre, P.B., Metian, M., Moran, D., Nash, K.L., Tobben, J., Williams, D.R., 2022.
The environmental footprint of global food production. Nat Sustain 1-13. https://
doi.org/10.1038/541893-022-00965-x.

Han, L., Tan, X., Zhou, W., Li, W., Qian, Y., 2020. Better urban vegetation planning for
maximum utility in air pollutant reduction: A theoretical perspective and
preliminary analysis in Chinese cities. Sustain. Cities Soc. 62. https://doi.org/
10.1016/j.s¢s5.2020.102377.

He, T., Wang, N., Tong, Y., Wu, F., Xu, X., Liu, L., Chen, J., Lu, Y., Sun, Z., Han, D.,
Qiao, Z., 2023. Anthropogenic activities change population heat exposure much
more than natural factors and land use change: An analysis of 2020—2100 under
SSP-RCP scenarios in Chinese cities. Sustain. Cities Soc. 96, 104699. https://doi.org/
10.1016/j.s¢s5.2023.104699.

He, Y., Zhou, G., Tang, C., Fan, S., Guo, X., 2019. The spatial organization pattern of
urban-rural integration in urban agglomerations in China: An agglomeration-
diffusion analysis of the population and firms. Habitat Int. 87, 54-65. https://doi.
org/10.1016/j.habitatint.2019.04.003.

Hillebrand, H., Donohue, 1., Harpole, W.S., Hodapp, D., Kucera, M., Lewandowska, A.M.,
Merder, J., Montoya, J.M., Freund, J.A., 2020. Thresholds for ecological responses to
global change do not emerge from empirical data. Nat. Ecol. Evol. 4 (11),
1502-1509. https://doi.org/10.1038/541559-020-1256-9.

Jiang, Z., Wu, H., Lin, A,, Shariff, A.R.M., Hu, Q., Song, D., Zhu, W., 2022. Optimizing the
spatial pattern of land use in a prominent grain-producing area: A sustainable
development perspective. Sci. Total Environ. 843, 156971. https://doi.org/10.1016/
j-scitotenv.2022.156971.

Kong, X., Fu, M., Zhao, X., Wang, J., Jiang, P., 2022. Ecological effects of land-use change
on two sides of the Hu Huanyong Line in China. Land Use Policy 113, 105895.
https://doi.org/10.1016/j.1andusepol.2021.105895.

Lee, C., 2020. Impacts of multi-scale urban form on PM2.5 concentrations using
continuous surface estimates with high-resolution in U.S. metropolitan areas.
Landsc. Urban Plan. 204, 103935. https://doi.org/10.1016/j.
landurbplan.2020.103935.

Li, L., Shan, Y., Lei, Y., Wu, S., Yu, X., Lin, X., Chen, Y., 2019. Decoupling of economic
growth and emissions in China’s cities: A case study of the Central Plains urban
agglomeration. Appl. Energy 244, 36-45. https://doi.org/10.1016/j.
apenergy.2019.03.192.

Li, L., Uyttenhove, P., Van Eetvelde, V., 2020. Planning green infrastructure to mitigate
urban surface water flooding risk — a methodology to identify priority areas applied
in the city of Ghent. Landsc. Urban Plan. 194, 103703. https://doi.org/10.1016/j.
landurbplan.2019.103703.

Li, S., Zhao, X., Pu, J., Miao, P., Wang, Q., Tan, K., 2021. Optimize and control territorial
spatial functional areas to improve the ecological stability and total environment in
karst areas of Southwest China. Land Use Policy 100, 104940. https://doi.org/
10.1016/j.landusepol.2020.104940.

Liang, X., Guan, Q., Clarke, K.C., Chen, G., Guo, S., Yao, Y., 2021. Mixed-cell cellular
automata: a new approach for simulating the spatio-temporal dynamics of mixed
land use structures. Landsc. Urban Plan. 205, 103960. https://doi.org/10.1016/j.
landurbplan.2020.103960.

Liang, C., Zhang, R.-C., Zeng, J., 2023. Optimizing ecological and economic benefits in
areas with complex land-use evolution based on spatial subdivisions. Landsc. Urban
Plan. 236, 104782. https://doi.org/10.1016/j.landurbplan.2023.104782.

Liao, W., Liu, X., Xu, X., Chen, G., Liang, X., Zhang, H., Li, X., 2020. Projections of land
use changes under the plant functional type classification in different SSP-RCP
scenarios in China. Sci. Bullet. 65 (22), 1935-1947. https://doi.org/10.1016/j.
scib.2020.07.014.

Lin, A., Huang, B., Wu, H., Luo, W., 2024a. An MIU-based deep embedded clustering
model for urban functional zoning from remote sensing images and VGI data. Int. J.
Appl. Earth Obs. Geoinf. 128, 103689. https://doi.org/10.1016/j.jag.2024.103689.

Lin, A., Wy, H., Luo, W., Fan, K., Liu, H., 2024b. How does urban heat island differ across
urban functional zones? Insights from 2D/3D urban morphology using geospatial big
data. Urban Clim. 53, 101787. https://doi.org/10.1016/j.uclim.2023.101787.

Ly, Y., Fu, B., Yao, T., Qin, D., 2023. Priority Actions for Enhancing Global Change
Program to Provide Global Sustainable Solutions. Ecosyst. Health Sustain. 9, 0143.
https://doi.org/10.34133/ehs.0143.

Luiza Petroni, M., Siqueira-Gay, J., Gallardo, L.C.F.A., 2022. Understanding land use
change impacts on ecosystem services within urban protected areas. Landsc. Urban
Plan. 223, 104404. https://doi.org/10.1016/j.landurbplan.2022.104404.

Luo, H,, Li, L., Lei, Y., Wy, S., Yan, D., Fu, X., Luo, X., Wu, L., 2021. Decoupling analysis
between economic growth and resources environment in Central Plains Urban
Agglomeration. Sci. Total Environ. 752, 142284. https://doi.org/10.1016/j.
scitotenv.2020.142284.

13

Ecological Indicators 169 (2024) 112936

Luo, K., Zhang, X., 2022. Increasing urban flood risk in China over recent 40 years
induced by LUCC. Landsc. Urban Plan. 219, 104317. https://doi.org/10.1016/j.
landurbplan.2021.104317.

Maity, S.S., Maity, R., 2022. Changing pattern of intensity—duration—frequency
relationship of precipitation due to climate change. Water Resour. Manag. 36,
5371-5399. https://doi.org/10.1007/5s11269-022-03313-y.

Masoudi, M., Yok, T., Fadaei, M., 2021. The effects of land use on spatial pattern of urban
green spaces and their cooling ability. Urban Clim. 35, 100743. https://doi.org/
10.1016/j.uclim.2020.100743.

Molotoks, A., Smith, P., Dawson, T.P., 2021. Impacts of land use, population, and climate
change on global food security. Food Energy Secur. 10 (1), e261.

Mu, H., Li, X., Wen, Y., Huang, J., Du, P., Su, W., Miao, S., Geng, M., 2022. A global
record of annual terrestrial Human Footprint dataset from 2000 to 2018. Sci. Data 9,
176. https://doi.org/10.1038/541597-022-01284-8.

Mu, W., Zhu, X., Ma, W., Han, Y., Huang, H., Huang, X., 2023. Impact assessment of
urbanization on vegetation net primary productivity: a case study of the core
development area in central plains urban agglomeration, China. Environ. Res. 229,
115995. https://doi.org/10.1016/j.envres.2023.115995.

Newbold, T., Hudson, L.N., Arnell, A.P., Contu, S., De Palma, A., Ferrier, S., Hill, S.L.L.,
Hoskins, A.J., Lysenko, I., Phillips, H.R.P., Burton, V.J., Chng, C.W.T., Emerson, S.,
Gao, D., Pask-Hale, G., Hutton, J., Jung, M., Sanchez-Ortiz, K., Simmons, B.I.,
Purvis, A., 2016. Has land use pushed terrestrial biodiversity beyond the planetary
boundary? A global assessment. Science 353 (6296), 288-291. https://doi.org/
10.1126/science.aaf2201.

O’Neill, B.C., Tebaldi, C., van Vuuren, D.P., Eyring, V., Friedlingstein, P., Hurtt, G.,
Knutti, R., Kriegler, E., Lamarque, J.-F., Lowe, J., Meehl, G.A., Moss, R., Riahi, K.,
Sanderson, B.M., 2016. The Scenario Model Intercomparison Project (ScenarioMIP)
for CMIP6. Geosci. Model Dev. 9 (9), 3461-3482. https://doi.org/10.5194/gmd-9-
3461-2016.

Ouyang, X., Tang, L., Wei, X., Li, Y., 2021. Spatial interaction between urbanization and
ecosystem services in Chinese urban agglomerations. Land Use Policy 109, 105587.
https://doi.org/10.1016/j.landusepol.2021.105587.

Pan, Z., He, J., Liu, D., Wang, J., 2020. Predicting the joint effects of future climate and
land use change on ecosystem health in the Middle Reaches of the Yangtze River
Economic Belt, China. Appl. Geogr. 124, 102293. https://doi.org/10.1016/j.
apgeog.2020.102293.

Popp, A., Calvin, K., Fujimori, S., Havlik, P., Humpendder, F., Stehfest, E., Bodirsky, B.L.,
Dietrich, J.P., Doelmann, J.C., Gusti, M., Hasegawa, T., Kyle, P., Obersteiner, M.,
Tabeau, A., Takahashi, K., Valin, H., Waldhoff, S., Weindl, I., Wise, M., Kriegler, E.,
Lotze-Campen, H., Fricko, O., Riahi, K., van Vuuren, D.P., 2017. Land-use futures in
the shared socio-economic pathways. Glob. Environ. Chang. 42, 331-345. https://
doi.org/10.1016/j.gloenvcha.2016.10.002.

Qiao, W., Hu, B., Guo, Z., Huang, X., 2023. Evaluating the sustainability of land use
integrating SDGs and its driving factors: a case study of the Yangtze River Delta
urban agglomeration, China. Cities 143, 104569. https://doi.org/10.1016/j.
cities.2023.104569.

Shen, L., Cheng, G., Du, X., Meng, C., Ren, Y., Wang, J., 2022. Can urban agglomeration
bring “1 + 1 > 2Effect”? A perspective of land resource carrying capacity. Land Use
Policy 117, 106094. https://doi.org/10.1016/j.landusepol.2022.106094.

Shi, Z., Xiang, F., Guo, Y., 2023. Ecological risk of geohazards and its combination
patterns: A case study of an ecologically fragile region, NW China. Ecol. Inform. 77,
102153. https://doi.org/10.1016/j.ecoinf.2023.102153.

Shrestha, N., Xu, X., Meng, J., Wang, Z., 2021. Vulnerabilities of protected lands in the
face of climate and human footprint changes. Nat. Commun. 12, 1632. https://doi.
org/10.1038/541467-021-21914-w.

Smale, D.A., Wernberg, T., Oliver, E.C.J., Thomsen, M., Harvey, B.P., Straub, S.C.,
Burrows, M.T., Alexander, L.V., Benthuysen, J.A., Donat, M.G., Feng, M., Hobday, A.
J., Holbrook, N.J., Perkins-Kirkpatrick, S.E., Scannell, H.A., Sen Gupta, A., Payne, B.
L., Moore, P.J., 2019. Marine heatwaves threaten global biodiversity and the
provision of ecosystem services. Nat. Clim. Chang. 9, 306-312. https://doi.org/
10.1038/s41558-019-0412-1.

Smith, P., 2018. Managing the global land resource. Proc. R. Soc. B Biol. Sci. 285,
20172798. https://doi.org/10.1098/rspb.2017.2798.

Venter, O., Sanderson, E.W., Magrach, A., Allan, J.R., Beher, J., Jones, K.R.,
Possingham, H.P., Laurance, W.F., Wood, P., Fekete, B.M., Levy, M.A., Watson, J.E.
M., 2016. Sixteen years of change in the global terrestrial human footprint and
implications for biodiversity conservation. Nat. Commun. 7 (1). https://doi.org/
10.1038/ncomms12558.

Wang, L., He, S., Zhao, C., Su, S., Weng, M., Li, G., 2022. Unraveling urban food
availability dynamics and associated social inequalities: towards a sustainable food
environment in a developing context. Sustain. Cities Soc. 77, 103591. https://doi.
0rg/10.1016/j.scs.2021.103591.

Wang, W., Wang, W., 2021. Effect of reward on electrophysiological signatures of grid
cell population activity in human spatial navigation. Sci. Rep. 11, 23577. https://
doi.org/10.1038/541598-021-03124-y.

Wen, J., Wan, C,, Ye, Q., Yan, J., Li, W., 2023. Disaster risk reduction, climate change
adaptation and their linkages with sustainable development over the past 30 years: a
review. Int. J. Disaster Risk Sci. 14 (1), 1-13. https://doi.org/10.1007/s13753-023-
00472-3.

Woolway, R.I., Jennings, E., Shatwell, T., Golub, M., Pierson, D.C., Maberly, S.C., 2021.
Lake heatwaves under climate change. Nature 589, 402-407. https://doi.org/
10.1038/541586-020-03119-1.

Wu, W., Chen, W.Y., Yun, Y., Wang, F., Gong, Z., 2022. Urban greenness, mixed land-use,
and life satisfaction: Evidence from residential locations and workplace settings in
Beijing. Landsc. Urban Plan. 224, 104428. https://doi.org/10.1016/].
landurbplan.2022.104428.


https://doi.org/10.1038/s41558-022-01465-8
https://doi.org/10.1016/j.landurbplan.2017.02.014
https://doi.org/10.1016/j.landurbplan.2017.02.014
https://doi.org/10.1038/s41467-023-42084-x
https://doi.org/10.1038/s41467-023-42084-x
https://doi.org/10.1016/j.scitotenv.2021.145648
https://doi.org/10.1016/j.scitotenv.2021.145648
https://doi.org/10.1038/s41893-022-00965-x
https://doi.org/10.1038/s41893-022-00965-x
https://doi.org/10.1016/j.scs.2020.102377
https://doi.org/10.1016/j.scs.2020.102377
https://doi.org/10.1016/j.scs.2023.104699
https://doi.org/10.1016/j.scs.2023.104699
https://doi.org/10.1016/j.habitatint.2019.04.003
https://doi.org/10.1016/j.habitatint.2019.04.003
https://doi.org/10.1038/s41559-020-1256-9
https://doi.org/10.1016/j.scitotenv.2022.156971
https://doi.org/10.1016/j.scitotenv.2022.156971
https://doi.org/10.1016/j.landusepol.2021.105895
https://doi.org/10.1016/j.landurbplan.2020.103935
https://doi.org/10.1016/j.landurbplan.2020.103935
https://doi.org/10.1016/j.apenergy.2019.03.192
https://doi.org/10.1016/j.apenergy.2019.03.192
https://doi.org/10.1016/j.landurbplan.2019.103703
https://doi.org/10.1016/j.landurbplan.2019.103703
https://doi.org/10.1016/j.landusepol.2020.104940
https://doi.org/10.1016/j.landusepol.2020.104940
https://doi.org/10.1016/j.landurbplan.2020.103960
https://doi.org/10.1016/j.landurbplan.2020.103960
https://doi.org/10.1016/j.landurbplan.2023.104782
https://doi.org/10.1016/j.scib.2020.07.014
https://doi.org/10.1016/j.scib.2020.07.014
https://doi.org/10.1016/j.jag.2024.103689
https://doi.org/10.1016/j.uclim.2023.101787
https://doi.org/10.34133/ehs.0143
https://doi.org/10.1016/j.landurbplan.2022.104404
https://doi.org/10.1016/j.scitotenv.2020.142284
https://doi.org/10.1016/j.scitotenv.2020.142284
https://doi.org/10.1016/j.landurbplan.2021.104317
https://doi.org/10.1016/j.landurbplan.2021.104317
https://doi.org/10.1007/s11269-022-03313-y
https://doi.org/10.1016/j.uclim.2020.100743
https://doi.org/10.1016/j.uclim.2020.100743
http://refhub.elsevier.com/S1470-160X(24)01393-1/h0190
http://refhub.elsevier.com/S1470-160X(24)01393-1/h0190
https://doi.org/10.1038/s41597-022-01284-8
https://doi.org/10.1016/j.envres.2023.115995
https://doi.org/10.1126/science.aaf2201
https://doi.org/10.1126/science.aaf2201
https://doi.org/10.5194/gmd-9-3461-2016
https://doi.org/10.5194/gmd-9-3461-2016
https://doi.org/10.1016/j.landusepol.2021.105587
https://doi.org/10.1016/j.apgeog.2020.102293
https://doi.org/10.1016/j.apgeog.2020.102293
https://doi.org/10.1016/j.gloenvcha.2016.10.002
https://doi.org/10.1016/j.gloenvcha.2016.10.002
https://doi.org/10.1016/j.cities.2023.104569
https://doi.org/10.1016/j.cities.2023.104569
https://doi.org/10.1016/j.landusepol.2022.106094
https://doi.org/10.1016/j.ecoinf.2023.102153
https://doi.org/10.1038/s41467-021-21914-w
https://doi.org/10.1038/s41467-021-21914-w
https://doi.org/10.1038/s41558-019-0412-1
https://doi.org/10.1038/s41558-019-0412-1
https://doi.org/10.1098/rspb.2017.2798
https://doi.org/10.1038/ncomms12558
https://doi.org/10.1038/ncomms12558
https://doi.org/10.1016/j.scs.2021.103591
https://doi.org/10.1016/j.scs.2021.103591
https://doi.org/10.1038/s41598-021-03124-y
https://doi.org/10.1038/s41598-021-03124-y
https://doi.org/10.1007/s13753-023-00472-3
https://doi.org/10.1007/s13753-023-00472-3
https://doi.org/10.1038/s41586-020-03119-1
https://doi.org/10.1038/s41586-020-03119-1
https://doi.org/10.1016/j.landurbplan.2022.104428
https://doi.org/10.1016/j.landurbplan.2022.104428

Z. Jiang et al.

Wu, H,, Li, Z., Clarke, K.C., Shi, W., Fang, L., Lin, A., Zhou, J., 2019. Examining the
sensitivity of spatial scale in cellular automata Markov chain simulation of land use
change. Int. J. Geogr. Inf. Sci. 33, 1040-1061. https://doi.org/10.1080/
13658816.2019.1568441.

Wu, H., Lin, A., Xing, X., Song, D., Li, Y., 2021. Identifying core driving factors of urban
land use change from global land cover products and POI data using the random
forest method. Int. J. Appl. Earth Obs. Geoinf. 103, 102475. https://doi.org/
10.1016/j.jag.2021.102475.

Wu, H., Luo, W, Lin, A., Hao, F., Olteanu-Raimond, A.-M., Liu, L., Li, Y., 2023. SALT: a
multifeature ensemble learning framework for mapping urban functional zones from
VGI data and VHR images. Comput. Environ. Urban Syst. 100, 101921. https://doi.
org/10.1016/j.compenvurbsys.2022.101921.

Xiao, R., Lin, M., Fei, X., Li, Y., Zhang, Z., Meng, Q., 2020. Exploring the interactive
coercing relationship between urbanization and ecosystem service value in the
Shanghai-Hangzhou Bay Metropolitan Region. J. Clean. Prod. 253, 119803. https://
doi.org/10.1016/j.jclepro.2019.119803.

Xiao, R., Cao, W., Liu, Y., Lu, B., 2022. The impacts of landscape patterns spatio-temporal
changes on land surface temperature from a multi-scale perspective: a case study of
the Yangtze River Delta. Sci. Total Environ. 821, 153381. https://doi.org/10.1016/j.
scitotenv.2022.153381.

Xiao, R., Yin, H., Liu, R., Zhang, Z., Chinzorig, S., Qin, K., Tan, W., Wan, Y., Gao, Z.,
Xu, C., Liu, L., Jia, T., 2024. Exploring the relationship between land use change
patterns and variation in environmental factors within urban agglomeration.
Sustain. Cities Soc. 108, 105447. https://doi.org/10.1016/j.5c5.2024.105447.

Yang, H., Dietz, T., Yang, W., Zhang, J., Liu, J., 2018. Changes in human well-being and
rural livelihoods under natural disasters. Ecol. Econ. 151, 184-194. https://doi.org/
10.1016/j.ecolecon.2018.05.008.

Yang, K., Sun, W., Luo, Y., Zhao, L., 2021. Impact of urban expansion on vegetation: the
case of China (2000-2018). J. Environ. Manage. 291, 112598. https://doi.org/
10.1016/j.jenvman.2021.112598.

Yang, C., Zeng, W., Yang, X., 2020. Coupling coordination evaluation and sustainable
development pattern of geo-ecological environment and urbanization in Chongqing
municipality, China. Sustain. Cities Soc. 61, 102271. https://doi.org/10.1016/j.
scs.2020.102271.

Yang, X., Zhou, B., Xu, Y., Han, Z., 2023. CMIP6 evaluation and projection of
precipitation over Northern China: further investigation. Adv. Atmos. Sci. 40.
https://doi.org/10.1007/s00376-022-2092-4.

Yu, H., Gong, H., Chen, B., Liu, K., Gao, M., 2020. Analysis of the influence of
groundwater on land subsidence in Beijing based on the geographical weighted
regression (GWR) model. Sci. Total Environ. 738, 139405. https://doi.org/10.1016/
j-scitotenv.2020.139405.

Yu, B., Jiang, Z., Zhao, R., Wang, A.B., Zhang, H., Xu, Z., 2024. Leveraging
transboundary interactions for urban resilience and sustainability. Innov. Geosci.,
100084 https://doi.org/10.59717/j.xinn-geo.2024.100084.

Yuan, X., Wang, Y., Ji, P., Wu, P., Sheffield, J., Otkin, J.A., 2023. A global transition to
flash droughts under climate change. Science 380, 187-191. https://doi.org/
10.1126/science.abn6301.

Yushanjiang, A., Zhou, W., Wang, J., Wang, J., 2024. Impact of urbanization on regional
ecosystem services— a case study in Guangdong-Hong Kong-Macao Greater Bay
Area. Ecol. Ind. 159, 111633. https://doi.org/10.1016/j.ecolind.2024.111633.

14

Ecological Indicators 169 (2024) 112936

Zhang, X., Alexander, L., Hegerl, G.C., Jones, P., Tank, A.K., Peterson, T.C., Trewin, B.,
Zwiers, F.W., 2011. Indices for monitoring changes in extremes based on daily
temperature and precipitation data. WIREs Clim. Change 2, 851-870. https://doi.
org/10.1002/wcc.147.

Zhang, X., Jie, X., Ning, S., Wang, K., Li, X., 2022b. Coupling and coordinated
development of urban land use economic efficiency and green manufacturing
systems in the Chengdu-Chongging Economic Circle. Sustain. Cities Soc. 85, 104012.
https://doi.org/10.1016/j.scs.2022.104012.

Zhang, W., Villarini, G., Vecchi, G.A., Smith, J.A., 2018. Urbanization exacerbated the
rainfall and flooding caused by hurricane Harvey in Houston. Nature 563, 384-388.
https://doi.org/10.1038/541586-018-0676-z.

Zhang, L., Wu, M., Bai, W., Jin, Y., Yu, M., Ren, J., 2021. Measuring coupling
coordination between urban economic development and air quality based on the
Fuzzy BWM and improved CCD model. Sust. Cities Soc. 75, 103283. https://doi.org/
10.1016/j.5¢s.2021.103283.

Zhang, C., Zhao, L., Zhang, H., Chen, M., Fang, R., Yao, Y., Zhang, Q., Wang, Q., 2022a.
Spatial-temporal characteristics of carbon emissions from land use change in Yellow
River Delta region, China. Ecol. Indic. 136, 108623. https://doi.org/10.1016/].
ecolind.2022.108623.

Zhao, M., A, G., Liu, Y., Konings, A.G., 2022. Evapotranspiration frequently increases
during droughts. Nat. Clim. Chang. 12, 1024-1030. https://doi.org/10.1038/
s41558-022-01505-3.

Zhou, W., Huang, G., Pickett, S., McPhearson, T., Grove, J., Wang, J., 2021a. Urban tree
canopy has greater cooling effects in socially vulnerable communities in the US. One
Earth 4, 1764-1775. https://doi.org/10.1016/j.oneear.2021.11.010.

Zhou, Y., Li, X., Chen, W., Meng, L., Wu, Q., Gong, P., Seto, K.C., 2022. Satellite mapping
of urban built-up heights reveals extreme infrastructure gaps and inequalities in the
Global South. Proc. Natl. Acad. Sci. 119, €2214813119. https://doi.org/10.1073/
pnas.2214813119.

Zhou, W., Wang, J., Qian, Y., 2019. From quantity to quality: enhanced understanding of
the changes in urban greenspace. Landsc. Ecol. 34. https://doi.org/10.1007/s10980-
019-00828-5.

Zhou, W., Wang, J., Yu, W., 2020. Spatial distribution of urban greenspace in response to
urban development from a multi-scale perspective. Environ. Res. Lett. 15. https://
doi.org/10.1088/1748-9326/ab719f.

Zhou, W., Pickett, S.T.A., McPhearson, T., 2021b. Conceptual frameworks facilitate
integration for transdisciplinary urban science. Npj Urban Sustain. 1, 1. https://doi.
org/10.1038/542949-020-00011-9.

Zhou, W., Yu, W,, Qian, Y., Han, L., Pickett, S., Li, W., Ouyang, Z., 2021c. Beyond city
expansion: multi-scale environmental impacts of urban megaregion formation in
China. Natl. Sci. Rev. 9. https://doi.org/10.1093/nsr/nwab107.

Zhou, S., Yu, B., Zhang, Y., 2023. Global concurrent climate extremes exacerbated by
anthropogenic climate change. Sci. Adv. 9 (10), eabo1638. https://doi.org/10.1126/
sciadv.abo1638.

Zhu, W., Jiang, Z., Cen, L., Wu, H., 2023. Evaluation, simulation, and optimization of
land use spatial patterns for high-quality development: A case study of Zhengzhou
city, China. J. Geogr. Sci. 33 (2), 266-288. https://doi.org/10.1007/s11442-023-
2082-1.


https://doi.org/10.1080/13658816.2019.1568441
https://doi.org/10.1080/13658816.2019.1568441
https://doi.org/10.1016/j.jag.2021.102475
https://doi.org/10.1016/j.jag.2021.102475
https://doi.org/10.1016/j.compenvurbsys.2022.101921
https://doi.org/10.1016/j.compenvurbsys.2022.101921
https://doi.org/10.1016/j.jclepro.2019.119803
https://doi.org/10.1016/j.jclepro.2019.119803
https://doi.org/10.1016/j.scitotenv.2022.153381
https://doi.org/10.1016/j.scitotenv.2022.153381
https://doi.org/10.1016/j.scs.2024.105447
https://doi.org/10.1016/j.ecolecon.2018.05.008
https://doi.org/10.1016/j.ecolecon.2018.05.008
https://doi.org/10.1016/j.jenvman.2021.112598
https://doi.org/10.1016/j.jenvman.2021.112598
https://doi.org/10.1016/j.scs.2020.102271
https://doi.org/10.1016/j.scs.2020.102271
https://doi.org/10.1007/s00376-022-2092-4
https://doi.org/10.1016/j.scitotenv.2020.139405
https://doi.org/10.1016/j.scitotenv.2020.139405
https://doi.org/10.59717/j.xinn-geo.2024.100084
https://doi.org/10.1126/science.abn6301
https://doi.org/10.1126/science.abn6301
https://doi.org/10.1016/j.ecolind.2024.111633
https://doi.org/10.1002/wcc.147
https://doi.org/10.1002/wcc.147
https://doi.org/10.1016/j.scs.2022.104012
https://doi.org/10.1038/s41586-018-0676-z
https://doi.org/10.1016/j.scs.2021.103283
https://doi.org/10.1016/j.scs.2021.103283
https://doi.org/10.1016/j.ecolind.2022.108623
https://doi.org/10.1016/j.ecolind.2022.108623
https://doi.org/10.1038/s41558-022-01505-3
https://doi.org/10.1038/s41558-022-01505-3
https://doi.org/10.1016/j.oneear.2021.11.010
https://doi.org/10.1073/pnas.2214813119
https://doi.org/10.1073/pnas.2214813119
https://doi.org/10.1007/s10980-019-00828-5
https://doi.org/10.1007/s10980-019-00828-5
https://doi.org/10.1088/1748-9326/ab719f
https://doi.org/10.1088/1748-9326/ab719f
https://doi.org/10.1038/s42949-020-00011-9
https://doi.org/10.1038/s42949-020-00011-9
https://doi.org/10.1093/nsr/nwab107
https://doi.org/10.1126/sciadv.abo1638
https://doi.org/10.1126/sciadv.abo1638
https://doi.org/10.1007/s11442-023-2082-1
https://doi.org/10.1007/s11442-023-2082-1

	Unveiling the impacts of climate change and human activities on land-use evolution in ecologically fragile urbanizing areas ...
	1 Introduction
	2 Methodology
	2.1 Methodological approach
	2.2 Study area
	2.3 Data sources and pre-processing methods
	2.4 Measurement of the environmental change index
	2.4.1 Evaluation of climate change intensity
	2.4.2 Evaluation of human activity intensity
	2.4.3 Measurement of the environmental change index

	2.5 Simulation of land–use spatiotemporal evolution
	2.5.1 Construction of the Cellular automaton (CA)-Markov model
	2.5.2 Parameterization of land–use change simulation
	2.5.3 Scenario setup for the simulation of land–use change

	2.6 Analysis of the influences of environmental changes on land–use spatiotemporal evolution
	2.6.1 Identification of the response modes of land–use spatiotemporal evolution to environmental change
	2.6.2 Analysis of the influential mechanism of environmental changes on the land–use spatiotemporal evolution


	3 Results
	3.1 Trends of climate change and human activity in the CPUA
	3.2 Land–use change progress of CPUA in the period of 2000–2020
	3.3 Future trends of land–use spatiotemporal evolution in the CPUA in the period of 2020–2060
	3.4 Influences of environmental changes on land–use spatiotemporal evolution in the CPUA
	3.4.1 Response modes of land–use spatiotemporal evolution to environmental changes
	3.4.2 Influence mechanism of environmental changes on land–use spatiotemporal evolution progress


	4 Discussion
	4.1 Comparisons between climate change and human activities in the CPUA and worldwide
	4.2 Factors to consider when analyzing land–use spatiotemporal evolution from the perspective of environmental change
	4.3 Localized impacts of environmental changes on the land–use spatiotemporal evolution in the CPUA
	4.4 Implications for policymakers and planners
	4.5 Limitations and future research directions

	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	datalink4
	References


