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Abstract

Land use change has direct human impacts and profoundly alters the structure and function
of terrestrial ecosystems. Numerous studies have explored land use change dynamics in
the context of socio-economics, often overlooking the influence of climate change on the
potential suitability of land use. To address this gap, we propose an integrated framework
combining CLUE-S and MaxEnt models to analyze how land use in Tai’an City, Shandong
Province, China, responds to future socio-economic and climate change scenarios. The
CLUE-S model, based on land demand, and the MaxEnt model, based on suitability
assessment, can effectively explore the trends of land change under the influence of human
activities and global warming. This study maps the spatial distributions of land use under
socio-economic development and four climate change pathways. Overall, the AUC values
of the CLUE-S model were all greater than 0.7, and those of the MaxEnt model were
all greater than 0.5, indicating that the results of both are relatively reliable. Our study
reveals that, within the baseline development (BL) scenario, cultivated land, forest land,
grassland, and unused land are projected to decrease between 2020 and 2040. Conversely,
the expansion of water bodies and built land will keep growing. In addition, climate change
is expected to enhance the suitability of cultivated land between 2020 and 2040, while
reducing that of forest land, grassland, unused land, and built land, with only minimal
effects on water bodies. Finally, our framework projected that the most widespread priority
areas are cultivated land, followed by forest, grassland, water, built land, and unused
land. These priority areas are largely determined by human activities, while the influence
of climate change is relatively small. Our research framework has broad applicability to
the other regions. Considering the MaxEnt model within the framework is beneficial for
excluding unsuitable distribution areas of land use types in the CLUE-S model, which will
provide new insights for the sustainable use of land resources.

Keywords: climate change; CLUE-S model; land use change; MaxEnt model; spatial
dynamics; suitability assessment

1. Introduction

As a critical spatial carrier for socio-economic activities and ecological civilization,
land plays a key role in global change. Land use change refers to the process by which
human activities alter natural landscapes or transform the use of land [1]. Land use change,
arising from the interaction between political, economic, cultural, technological, and natural
driving forces and their respective actors, represents a pivotal process of global change [2,3].
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Changes in forests, cultivated land, water, and air are driven by human need such as
food, fiber, water, and shelter [4]. Land use change allows humans to re-allocate and
appropriate these resources and is, therefore, substantially affected by human activities and
climate change. Thus, sustaining land use has become crucial in the industrialization and
urbanization processes in different countries [5,6].

Promoting sustainable land use requires rational planning informed by multiple dis-
ciplines. Experts in geography, ecology, climatology, and management advocate for an
objective-driven approach to land resource allocation [7]. Central to this approach are plans
that address critical goals: ensuring food security and reducing the impacts of climate
change [8]. For instance, some scholars advocated for a holistic landscape approach to
sustainable land use in the tropics [9]. They emphasize that agricultural intensification
is key to reconciling food production with climate change mitigation. Similarly, from the
perspective of “production-living-ecological space,” some studies have proposed estab-
lishing land use evaluation index systems at both administrative and grid scales [10]. In
many countries, remote sensing technology and geographic information systems are used
to assess urban spatial expansion and land use changes [11,12]. Models such as CA-Markov,
CULUE-S, and LUMOCAP have attracted considerable attention from scholars and play
significant roles in urban planning and the simulation of land use changes [13-15]. In
addition, conservation biologists have recently underscored the urgent need to prioritize
the impacts of land use change on biodiversity [16]. They advocate for treating biodiversity
as a paramount indicator in land use planning [17]. Consequently, the rational allocation
of forest and grassland is garnering significant traction as a critical focus area. To sustain-
ably meet human food requirements, the adequate protection of forests is foundational,
with integrated conservation and farming being a cornerstone strategy [18-20]. A crucial
oversight in this discourse, however, is the effect of climatic factors on land use changes.
Climate change impacts terrestrial ecosystems temporally and spatially through shifts in
temperature and precipitation. These changes alter the suitability of lands for agriculture
or forestry, necessitating that managers identify and adopt the most suitable crops or tree
species for projected climate conditions [21]. Global warming is driving numerous species
to migrate toward higher latitudes to find new ecological niches, and their original habitats
will become increasingly unsuitable [22,23]. This redistribution directly affects the suitabil-
ity of land for different uses, thus transforming existing land use patterns [16]. Additionally,
variations in temperature and precipitation may influence various human-dominated land
use decisions, such as the redistribution and conversion of cultivated land, forest land,
and grassland [24,25]. Over time, this will inevitably have profound impacts on human
well-being and social sustainability. This underscores the necessity of predicting land use
responses to a changing climate.

Since the implementation of China’s reform and opening-up policies, the country’s
rapid shift from a planned economy to a market economy has accelerated urbanization
and triggered significant transformations in land use patterns [26,27]. These changes have,
in turn, led to critical socio-environmental challenges, including cultivated land loss, a
rise in landless farmers, and abandoned villages [28,29]. Protecting arable land resources,
ensuring food security, and achieving sustainable land use have garnered significant
attention in both political and academic circles [30]. Land use change carries direct socio-
economic implications, poses ecological challenges, and profoundly alters the structure
and function of terrestrial ecosystems [31,32]. For example, the large-scale reclamation of
forests and grasslands for agriculture, driven by population growth, has triggered severe
soil erosion and increased the frequency of sandstorms [33,34]. Such natural disasters,
including floods and droughts, now pose significant threats to human life and productive
activities [35-37]. Therefore, in 2002, the Chinese government issued the “Several Opinions
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on Further Improving the Policy and Measures on Returning Farmland to Forests” and fully
launched the “Returning Cultivated Land to Forest” program [38]. Guided by the principle
of planting trees, shrubs, and grasses in suitable areas according to local conditions, China
has worked to restore its forest and grassland vegetation [39]. As of 2020, with a central
government investment of 535.3 billion yuan, 522 million mu of cultivated land had been
returned to forest and grassland, leading to substantial ecological improvement [40]. Thus,
balancing land use allocation with the continual improvement of land ecosystem functions
has become a critical imperative.

This study examined the significant impacts of human activities and climate change
on different land use types using Tai’an City in northern China as a case study. Since
the onset of China’s reform and opening-up, substantial land use changes in Tai’an City
have triggered a range of ecological and environmental challenges. In recent years, the
urbanization process in Tai’an City has accelerated, with the scale of cities, towns, and
villages continuously expanding [41,42]. However, insufficient study on land use suitability
in Tai’an City has resulted in a certain degree of waste of land resources [43,44]. Therefore,
this study proposed an integrated modeling framework by coupling the CLUE-S (the
Conversion of Land Use and its Effects at Small regional extent) and MaxEnt (Maximum
Entropy) models to predict land use changes and achieve reasonable land allocation under
current and future climate change. Currently, the Cellular Automata (CA) model, InVEST
model, multi-agent model, and the CLUE-S model have been used to simulate the change
in land use and its effects [45,46]. Among these, CLUE-S model is the most commonly used
to simulate high-resolution land use changes on a continental or regional scale [47]. Due
to its strong predictive performance, high precision, and short running time, the MaxEnt
model is widely favored by many scholars for simulating species habitat suitability under
climate change [48]. Through our research framework, we aimed to: (1) quantify and map
the extent to which climate change alters spatial land use patterns, (2) identify differences
in land use change under different climate change scenarios, and (3) predict future change
trends in land use patterns.

2. Materials and Methods
2.1. Research Design

Due to its distinct geographical and ecological characteristics, Tai’an City in China
was selected as the study area (Figure S1). The impacts of climate change on local land
use types were explored using a coupled modeling approach integrating the CLUE-S
and MaxEnt models (Figure 1). First, we explored land use changes and the driving
factors in Tai’an City between 2000 and 2020 based on the CLUE-S model. After a reliable
accuracy evaluation by using the area under the receiver operating characteristic (ROC)
curve (AUC), we then used this model to predict the changes in land use patterns between
2020 and 2040 (Figure 1). Subsequently, the MaxEnt model was used to simulate the
suitability distribution of cultivated land, forest, grassland, water, built land, and unused
land in Tai’an City, and to evaluate the climate change affecting the distribution of various
land types. Finally, the results of the CLUE-S and MaxEnt models were integrated to
map the projected distribution and habitat suitability of six land use types (cultivated
land, forest, grassland, water bodies, built land, and unused land) under multiple climate
change scenarios.
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Figure 1. Integrated framework coupling the SLUE-S and MaxEnt models.

2.2. Simulating the Spatial Patterns of Land Use
2.2.1. Land Use and Environmental Data

Land use data for 2000 and 2020 (Figure 2), sourced from the Resource and Environ-
ment Data Cloud Platform of the Chinese Academy of Sciences (https://www.resdc.cn/;
accessed on 1 December 2022) with an original resolution of 30 x 30 m, were employed to
explore land use change in Tai’an City. The simulation of land use change in this study was
based on natural and social environmental factors, which can reflect the land use change in
Tai’an City as much as possible. Except for annual mean temperature and annual precipi-
tation, which were obtained from CHELSA v.1.2 (http://www.paleoclim.org/, accessed
on 15 December 2022), all other data were sourced from the Resource and Environment
Data Cloud Platform of the Chinese Academy of Sciences (https://www.resdc.cn/, ac-
cessed on 20 December 2022). The natural environmental factors comprised altitude, aspect,
annual mean temperature, annual precipitation, net primary productivity, normalized
difference vegetation index, and slope. The social environmental factors include distance to
the expressways, county highways, national roads, provincial roads, railways, and rivers;
night-time lighting data; gross domestic product; and population density. Among them,
distance to the expressways, county highways, national roads, provincial roads, railways,
and rivers were determined through the vector data of those features, respectively, using
the Euclidean distance method in ArcGIS 10.4. Finally, all environmental data were ad-
justed to a 200 x 200 m resolution to balance the model run time and reduce discrepancies
with the MaxEnt model data. All environmental data are presented in Table S1 with named
sclgr0.fil-sclgrl5.fil.

2.2.2. Constructing Future Development Scenarios for Land Use

Comprising a non-spatial (demand) module and a spatial allocation module, the
CLUE-S model (the Dyna-CLUE version 2.0) simulates land-use change in a two-stage
process [49,50]. Initially, the demand module projects the quantitative requirements for
various land use types. Subsequently, the spatial module distributes this projected demand
to specific geographical locations at the grid level. This simulation framework is defined by
four key components.
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Figure 2. Different land uses under distinct conditions. (a) Different land use types in 2000,
(b) Different land use types in 2020, (c) Different simulation of land use types in 2020 by CLUE-S
model, (d) Different simulation of land use types in 2030 by CLUE-S model.

The projection of land use changes in Tai’an City was conducted using a Baseline
Development (BL) scenario. This scenario models the continuation of the city’s established
historical and current development trajectories, consistent with principles of land use
demand prediction [51,52].

To reflect real-world urban development constraints, major river channels and reser-
voirs are incorporated into the CLUE-S simulation as restricted areas. These zones are
defined as immutable constraints, preventing any simulated land use change, in line with
best practices for preserving critical hydrological features.

Land use change involves transforming land categories based on a transition matrix.
In the CLUE-S model, a conversion elasticity coefficient is assigned to each land use type,
ranging from 0 to 1. A coefficient of 0 means change occurs readily, while a coefficient of 1
means change is forbidden. Thus, values closer to 1 indicate increasingly difficult change.

The CLUE-S model estimates the likelihood of specific land use types by calculating
spatial distribution probabilities. These probabilities are based on statistical relationships
between land use patterns and their drivers. Firstly, 16 natural and socio-economic driving
factors (files sc1gr0.fil-sc1gr15.fil) were integrated to project spatial land use distributions
in 2020, based on the actual land use distribution in both 2000 and 2020. We established
a logistic regression model to predict spatial probabilities of land use. The model’s dis-
criminatory power was assessed using the AUC value. Following the convention, an AUC
approaching 1 signifies high accuracy, while an AUC near 0.5 suggests a model with little
predictive ability [53]. A higher AUC value indicates a smaller difference between the land
use in 2020 predicted by the CLUE-S model and the actual land use in 2020 [54]. Based on
this validation, we then proceeded to apply the same data to simulate land use changes
in Tai’an City from 2020 to 2040 under the Baseline (BL) scenario. Data for each year was
exported in “ASC” format, and the average for the 20-year period was calculated with
ArcGIS 10.4.
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2.3. Modeling the Suitability Distribution of Land Use
2.3.1. Occurrence Data

The land use suitability simulation was based on high-resolution 2020 land use data
for Tai’an City (Figure 2). Using ArcGIS 10.4, we overlaid a 200 x 200 m fishnet grid over
the study area. The central point coordinates of each grid cell were subsequently calculated
and spatially overlaid with the land use classification layer. Through this overlay analysis,
the final distribution dataset was derived, containing 138,735 points for cultivated land,
15,734 for forest, 13,858 for grassland, 11,715 for water, 36,704 for built land, and 598 for
unused land.

2.3.2. Environmental Data

The environmental data used in the land suitability simulation were classified
into four categories: bioclimatic, meteorological, social environmental, and other fac-
tors. Current bioclimatic factors (BIO1-BIO19) were obtained from the CHELSA v.1.2
(http:/ /www.paleoclim.org/, accessed on 5 January 2023). For future climate scenar-
ios, corresponding bioclimatic factors were obtained from the World Climate Database
(https:/ /www.worldclim.org/, accessed on 8 January 2023). Meteorological factors were
derived from ground observation data from the National Meteorological Center. We used
ArcGIS 10.4 for Kriging interpolation to cover the study area with a resolution of 30 x 30 m
(MFs1-MFs17). Social environmental factors were obtained from the Resource and Environ-
ment Data Cloud Platform of the Chinese Academy of Sciences (https://www.resdc.cn/,
accessed on 9 January 2023) and included distances to expressways, county highways,
national roads, provincial roads, railways, and rivers, as well as nighttime lighting data,
gross domestic product, land use, and population density. Among them, the distance to the
expressways, county highways, national roads, provincial roads, railways, and rivers were
the same as those in the CLUE-S model. Other variables, including altitude, aspect, slope,
net primary productivity, and normalized difference vegetation index, were obtained from
the Resource and Environment Data Cloud Platform of the Chinese Academy of Sciences
(https:/ /www.resdc.cn/, accessed on 20 January 2023). All data were clipped to the study
area and resampled to a 200 x 200 m resolution using ArcGIS 10.4.

Future bioclimatic factors (BIO1-BIO19) in a global climate model (BCC-CSM2-
MR) were derived from the sixth phase of the Coupled Model Intercomparison Project
(CMIP6) [55]. Then, four representative concentration pathways (SS5P1-2.6, SSP2-4.5, SSP3-
7.0, and SSP5-8.5) for 2021-2040 were used to simulate future suitability of land use. Among
them, SSP1-2.6 will assume a “sustainable” development model, moderate population
growth and green policies, while SSP5-8.5 will represent a high level of greenhouse gas
emissions [56,57]. To compare the dynamic changes with the current distribution, we
constructed four habitat suitability models (SSP1-2.6-2030s, SSP2-4.5-2030s, SSP3-7.0-2030s,
and SSP5-8.5-2030s) for each land use type.

For 19 bioclimatic factors, 17 meteorological factors, and 10 social environmental
factors, we applied a Pearson’s correlation filter with a threshold of Irl =0.8in R 4.3.1
to avoid multicollinearity [58]. We retained only one factor from any pair with a corre-
lation coefficient > 0.8, while keeping both when correlation was below this threshold
(Figures S2-54). This procedure ensured a parsimonious set of independent variables for
constructing robust MaxEnt models for the six target land types: cultivated land, forest,
grassland, water, built land, and unused land (Tables S2 and S3).

2.3.3. Current and Future MaxEnt Modeling Processes

To enhance the predictive performance of models for six land use types under current
and future climate changes, habitat suitability modeling was conducted using MaxEnt 3.4.3
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software. For each land type, we used 75% of the occurrence points for model training and
reserved the remaining 25% as a test set to evaluate model performance [48]. The analysis
employed the following parameters: a maximum number of 500 iterations, convergence
threshold of 1075, and up to 10,000 background points [59].

Finally, we utilized the average predictions from 10 replicate runs under the cloglog
output format as the final results. The accuracy of the MaxEnt model was evaluated using
the AUC metric [60]. Model performance was classified with reference to standard AUC
thresholds: 0.9-1.0 for “excellent”, 0.8-0.9 for “very good”, 0.7-0.8 for “average”, and below
0.7 for “poor” [48].

To assess the impacts of global warming on species distribution, we conducted future
projections using MaxEnt. We employed four future climate scenarios (SS5P1-2.6-2030s,
55P2-4.5-2030s, SSP3-7.0-2030s, and SSP5-8.5-2030s) as bioclimatic inputs. We kept all the
model parameters identical to those used for simulating the current potential distribution.
This design allowed us to specifically attribute changes in habitat suitability to climate
variables. All model outputs were mapped in ArcGIS 10.4 and reclassified into four
suitability categories based on natural breaks: highly suitable, moderately suitable, poorly
suitable, and not suitable [61]. These four levels represent the degrees of habitat suitability
for different land use types.

2.4. Identifying the Priority Areas for Land Use

To guide sustainable land use allocation, we overlaid land use projections with suitable
areas for six land use types under multiple climate and urban development scenarios. Thus,
we first identified priority areas for cultivated land, forest, grassland, water, built land,
and unused land. Subsequently, these results were compared with the CLUE-S model’s
projected land use for 2030 to analyze the dynamics of each land use type. The findings
provide a forward-looking framework for rational land-use planning over the coming
20 years.

3. Results
3.1. Model Validation and Accuracy

The CLUE-S model accurately simulated land-use change, as validated by two key
metrics. First, the AUC values from the logistic regression were all above 0.74, ranging
from 0.749 for built land to 0.941 for water. Second, the spatial pattern of the simulated
2020 land use map, projected from 2000 to 2020, showed strong alignment with the actual
2020 distribution, with no significant spatial differences (Figure 2, Table 1). This finding
confirms the robustness of both the selected environmental drivers and the model itself.

Table 1. Different land use area under distinct conditions.

Land Use Types 2000 (x10% km?) 2020 CLUE-S Model (x10% km?) 2020 (x10® km?)  2030s (x10? km?)
Cultivated land 5.85 5.55 5.55 5.38
Forest 0.68 0.63 0.63 0.6
Grassland 0.72 0.55 0.55 0.46
Water 0.39 0.47 0.46 0.5
Built land 1.02 1.47 1.47 1.69
Unused land 0.03 0.02 0.02 0.02

The AUC values from the ROC analysis of the MaxEnt model were 0.512 (cultivated
land), 0.691 (forest), 0.700 (grassland), 0.723 (water), 0.612 (built land), and 0.960 (unused
land) (Figure S5). This indicates that while the modeling accuracy was relatively low for
cultivated land, it was good for the other land use types, with outstanding performance for
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unused land. The high level of human interference determines the poor performance and
low credibility of the modeling of cultivated land suitability.

3.2. Spatial Patterns Under Distinct Conditions

The land use change in Tai’an City from 2000 to 2040 is diverse. Figure 2 shows the
spatial pattern of land use in Tai’an City under the actual distribution and predicted results.
Between 2000 and 2040, the differences between various land types are relatively high
(Figure 2, Table 1). Among them, the areas of cultivated land, forest, grassland, and unused
land will continue to decrease, while the areas of water bodies and built land will continue
to increase. Specifically, from 2000 to 2020 and from 2020 to 2040, the reduction in cultivated
land accounted for 5.13% and 3.06%, respectively; the reduction in forest accounted for
7.35% and 4.76%, respectively; the reduction in grassland accounted for 23.61% and 16.36%,
respectively; the increase in water areas accounted for 17.95% and 8.7%, respectively; the
increase in built land accounted for 44.12% and 14.97%, respectively; and the reduction in
unused land accounted for 33.33% and 0%, respectively. Additionally, the land use areas
for 2020 predicted by the CLUE-S model are almost identical to the actual land use data for
2020, with only minor differences in water bodies.

3.3. Current and Future Suitability Distribution

Compared with the actual land use distribution area of Tai’an City in 2020, the results
of the MaxEnt model indicated that a large number of potential suitable habitats for
six land use types were identified. For cultivated land, we identified the largest area as
highly suitable, followed by as moderately suitable, and the smallest area as poorly suitable.
Under current climate conditions, this study identified 127.49 x 10> km? of land suitable
for cultivated land, of which 93.78 x 103 km? are highly suitable, 21.97 x 103 km? are
moderately suitable, and 11.74 x 10° km? are poorly suitable. For forest, the largest area
was identified as poorly suitable, followed by highly suitable, and the smallest area as
moderately suitable. Under current climate conditions, we identified 45.2 x 103 km? of
land suitable for forest land, of which 11.28 x 10° km? is highly suitable, 9.71 x 10° km? is
moderately suitable, and 24.21 x 103 km? is poorly suitable. For grassland, we identified
70.87 x 10% km? of land suitable for grassland under current conditions, of which the
smallest area (10.94 x 10° km?) is highly suitable, 23.38 x 10> km? is moderately suitable,
and the largest area (36.55 x 10° km?) is poorly suitable. Additionally, for water bodies
and unused land, the area change patterns are similar to those of grassland. For instance,
under current climate conditions, we identified 106.4 x 10° km? and 28.29 x 103 km?2
of land suitable for water bodies and unused land, respectively, with highly suitable
areas covering only 9.72 x 10° km? and 0.41 x 10° km?, while poorly suitable areas
are approximately 72.5 x 103 km? and 23.87 x 103 km?, respectively. For built land, we
identified 118.73 x 103 km? of land suitable under current climate conditions, of which the
smallest area (19.76 km?) is highly suitable, the largest area (56.02 x 10° km?) is moderately
suitable, and 42.95 x 10% km? is poorly suitable.

From the current time to the future, different land use types exhibit distinct change
patterns (Figures 3 and 4, Table S4). Overall, cultivated land will increase due to climate
change, while forest, grassland, unused land, and built land will decrease. For water
bodies, the suitable habitat areas remain relatively stable under the four climate change
scenarios for 2030s, with some increases and decreases. Specifically, for cultivated land, the
suitable areas obtained under the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios in
this study are 128.09 x 103 km?, 128.97 x 103 km?, 129.17 x 10® km?, and 128.24 x 10% km?,
respectively. Therefore, under the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios,
approximately 0.47%, 1.16%, 1.32%, and 0.59% of the areas would increase, respectively.
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For forest land, we found that approximately 5.24%, 2.08%, 4.73%, and 6.44% of the suitable
areas under the four climate change scenarios would decrease, respectively. For grassland,
we identified that 10.2%, 11.51%, 16.81%, and 9.71% of suitable areas would decrease
under the four climate change scenarios. For water bodies, we found that suitable habitats
would decrease by 2.15% and 4.13% under the SSP1-2.6 and SSP5-8.5 scenarios, while
approximately 4.78% and 3.05% of suitable areas would increase under the SSP2-4.5 and
SSP3-7.0 scenarios. For built land, we found that suitable habitats would increase by 0.69%
under the SSP2-4.5 scenario, but decrease by 0.88%, 0.3%, and 0.35% under the SSP1-2.6,
SSP3-7.0, and SSP5-8.5 scenarios, respectively. For unused land, with the exception of an
increase of 36.87% under the SSP3-7.0 scenario, habitats would decrease by 27.78%, 9.97%,
and 34.5% under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios, respectively.

Grassland Water

Built land Unused land

B Highly suitable 7] Moderately suitable I Poorly suitable [ Not suitable

Figure 3. Current potential distribution of land use types in Tai’an City. (a—f) represent the potential
habitat suitability of different land use types in Tai’an City.
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Figure 4. Future potential distribution of land use types in Tai’an City in the 2030s. (a-d) represent
the potential habitat suitability of cultivated land in Tai’an City; (e-h) represent the potential habitat
suitability of forest in Tai’an City; (i-1) represent the potential habitat suitability of grass land
in Tai’an City; (m—p) represent the potential habitat suitability of water bodies in Tai’an City;
(q-t) represent the potential habitat suitability of built land in Tai’an City; (u—x) represent the
potential habitat suitability of unused land in Tai’an City.

3.4. Future Priority Areas and Spatial Dynamics of Different Land Use Types

Under future EP development and climate change scenarios, we identified priority
areas for each land use type by coupling CLUE-S model and MaxEnt model (Figure 5,
Table 2). Overall, the priority areas for different land use types in Tai’an City are as follows:
cultivated land, forest, grassland, water, built land, and unused land. Compared to the
predictions results by of CLUE-S model in the 2030s, the priority area distribution of the
six land use types is smaller, indicating that the role of the MaxEnt model is to reduce
the unsuitable areas predicted by the CLUE-S model. Therefore, the impact of climate
change on the priority areas is minimal. Significantly, the highest reduced proportion
is for built land, followed by unused land, cultivated land, grassland, forest, and water.
Specifically, under the SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 climate change scenarios,
the priority area for cultivated land remains at 4.59 x 103 km? (with a reduction percentage
of approximately 14.68%). For forest, the priority areas are mainly concentrated in the
northern part of Tai’an City, with a coverage area of 0.57 x 10° km? under the four climate
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change scenarios (with a reduction percentage of approximately 5%). For grassland, the
priority areas are primarily distributed in the western and eastern part of Tai’an City, with
areas of 0.43 x 10° km?, 0.42 x 10% km?, 0.42 x 10 km?, and 0.43 x 10° km? under the
four climate change scenarios, respectively. Thus, under the SSP1-2.6, SSP2-4.5, SSP3-7.0,
and SSP5-8.5 climate scenarios, the reduction in grassland is approximately 6.52%, 8.7%,
8.7%, and 6.52%, respectively. For water, the priority area under different climate change
scenarios is 0.49 x 10% km? (with a reduction percentage of approximately 2%), and it is
mainly located in the western part of Tai’an City and existing river basins. The priority
areas for built land are 1.02 x 10% km?, 1.05 x 103 km?2, 1.03 x 10° km?, and 1.03 x 10° km?,
respectively, with reduction ratios of approximately 39.69%, 37.87%, 39.05%, and 39.05%.
In addition, priority areas for built land are scattered throughout Tai’an City. For unused
land, the distribution of priority areas is highly sparse, with areas of 1.01 x 10% km? (with a
reduction percentage of approximately 50%) under the four climate change scenarios.

(¢) (d)

Cultivated land

SSP3-7.0 SSP5-8.5

491 (9) (h)
N N
‘v . ‘<3 )
- Rk y '/‘k, = 5 e o A ,/:”’7
oV L 7
“
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(i) s () Ve (k) m
B LN
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Water

SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5
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SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5
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Unused land
?

0o 0
L iKm SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5

W Priority area [ Not suitable

Figure 5. Future priority areas of land use types in Tai’an City under the baseline development
(BL) scenario and different climate change levels in the 2030s. (a-d) represent the priority areas of
cultivated land in Tai’an City; (e-h) represent the priority areas of forest in Tai’an City; (i-1) represent
the priority areas of grass land in Tai’an City; (m—p) represent the priority areas of water bodies in
Tai’an City; (q—t) represent the priority areas of built land in Tai’an City; (u—x) represent the priority
areas of unused land in Tai’an City.
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Table 2. Priority areas of different land use types between 2021 and 2040.
Land Use Types Climate Change Priority Area (x103 km?)
Cultivated land SSP1-2.6 4.59
55P2-4.5 4.59
SSP3-7.0 4.59
SSP5-8.5 4.59
Forest SSP1-2.6 0.57
5SP2-4.5 0.57
SSP3-7.0 0.57
SSP5-8.5 0.57
Grassland S55P1-2.6 0.43
SSP2-4.5 0.42
SSP3-7.0 0.42
SSP5-8.5 0.43
Water SSP1-2.6 0.49
SSP2-4.5 0.49
SSP3-7.0 0.49
SSP5-8.5 0.49
Built land SSP1-2.6 1.02
55P2-4.5 1.05
SSP3-7.0 1.03
SSP5-8.5 1.03
Unused land 55P1-2.6 0.01
5SP2-4.5 0.01
SSP3-7.0 0.01
SSP5-8.5 0.01

4. Discussion
4.1. Usefulness of the Framework and Overall Results

To achieve optimal land use configuration, this study proposes a novel analysis
framework leveraging the CLUE-S and MaxEnt models. This framework is designed
to simulate and project the spatial distribution dynamics of land use types under social
development pathways and diverse climate change scenarios. As a typical empirical
model, the CLUE-S framework simulates land use change by analyzing the dynamic
interactions between land use competition and spatial drivers. Its effectiveness in modeling
urban expansion and land use transitions has been demonstrated in numerous recent
studies [49,62]. For the CLUE-S model, we achieved high AUC values, demonstrating
that the simulation can effectively predict land use changes in Tai’an City from 2020 to
2040. Climate change is rapidly altering land use suitability. The MaxEnt model applies
maximum entropy theory to assess the influence of environmental variables on distribution
probabilities of species [63]. Although the AUC values for the six land use types are
not high, particularly the very low AUC value for cultivated land (AUC = 0.512), this
is an inevitable result of the high-precision environmental data in a small region [64].
Additionally, the current and future suitable areas predicted by the MaxEnt model are
significantly larger than the actual distribution of the six land use types in 2020. However,
the land use change trend obtained by the CLUE-S model is relatively small. Therefore, the
priority areas derived from the overlay of the CLUE-S model and MaxEnt model results
are primarily dominated by the CLUE-S model. The role of the MaxEnt model is to reduce
the unsuitable areas in the predictions of the CLUE-S model for six land use types. This
effect is beneficial to improving the sustainable use of land.
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Under the BL scenario, spatial land use changes in Tai’an City are varied: cultivated
land, forest land, grassland, and unused land will keep shrinking, while water bodies and
built land will keep expanding. From current to future, MaxEnt projections indicate that
future climate changes will most significantly affect the habitat suitability of cultivated
land, which also demonstrates higher suitability than forest or grassland. The suitability
of forest, grassland, and unused land is expected to decline. This study further identifies
cultivated land as the highest-priority land type across various socio-development and
climate scenarios, followed by forest, grassland, water bodies, built land, and unused
land. The ranking of the six land use types by area is primarily determined by the original
distribution of each land type, whereas climate change only affects the distribution area
of each land type. Among them, the most severely affected is built land, followed by
unused land, cultivated land, grassland, forest land, and water bodies. Therefore, although
climate change has the greatest influence on cultivated land, it has a limited impact on the
overall ranking of six land use types. These results offer a scientific foundation for rational
land-resource utilization in Tai’an City and serves as a reference for land use planning in
other regions.

4.2. Spatial Dynamics and Drivers of Land Use Changes

This study showed that the influence of socio-economic factors on various land types
is greater than that of climate change. We identified numerous areas for cultivated land,
forest, grassland, water, built land, and unused land, which should be prioritized for
future land use planning. Following the market economy reforms, population growth and
economic development have driven significant changes in the areas of both construction
land and cultivated land [65,66]. Large forest or grassland areas were gradually converted
into cultivated land. However, over the past 20 years, the city has undergone rapid
development. The migration of the rural population to cities significantly influences this
phenomenon. The loss of farmland clusters around villages, highlighting a pattern of
encroachment primarily around settlements [44]. Thus, cultivated land, forest land, and
grassland are projected to continue shrinking. Meanwhile, rapid urbanization will lead
to a rise in floor space and hydraulic engineering causing an increase in water bodies
and built land, and a corresponding decrease in unused land. These conclusions are
consistent with findings reported in other studies [67,68]. In Europe, key drivers of change
include economic, technological, institutional, and locational factors [69]. In contrast,
early 21st-century regional development strategies like China’s “Western Development”
are considered as crucial factors driving land change [70]. These human activities drive
continuous changes in land use types.

However, climate change will alter the suitability of different land use types due to
their sensitivity to climate. Several studies have shown that climate change will affect
species suitability, thereby affecting biodiversity and vegetation cover, which will cause
habitat fragmentation and increase the likelihood of change between land types [71,72].
The more fragile and unstable the land types, the more likely they are to be affected and
converted into other types [73,74]. Numerous studies have shown that global warming will
prompt the migration of plants and animals northward to find new suitable habitats [23].
Therefore, in Tai’an City, we predict that the potential distribution of forests and grasslands
will gradually decrease. These reduced forest and grassland regions may be converted into
cultivated land, increasing the suitability of such land due to human selection. Of course,
unused land, due to its high degree of fragmentation, is also sensitive to climate change and
can easily be converted into other land use types. As for built land, it is primarily regulated
by human activities, so the impact of climate change on it is minimal, with very low levels
of change. Additionally, Tai’an City is home to numerous mountains and rivers, such as
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Mount Tai and the Dawen River, which serve as excellent reservoirs of water resources.
Therefore, global warming will have minimal influence on water resources in Tai’an City.
Generally, forest land and grassland cannot be overlooked. An appropriate increase in
forest and grassland resources is conducive to maintaining local biodiversity, improving
ecosystem functions, and increasing carbon sequestration capacity. Although future climate
change may be unfavorable for the expansion of forests and grasslands in Tai’an City over
the next 20 years, appropriate human measures will compensate for this drawback.

4.3. Impacts of Land Use Change on Management

The complexity of land use makes its simulation a challenging endeavor. In response,
this study introduces an integrated framework based on geographical and ecological
principles. Consistent with prior studies emphasizing the need to incorporate ecosystem
functions and tailor land use to local contexts in urban and resource planning [75-77], our
research identifies priority areas for cultivated land, forest, grassland, water, built land,
and unused land under both ecological protection and climate change scenarios (Figure 5,
Table 2). These areas should be regarded as crucial for guiding land allocation over the next
two decades.

Expanding forests, grasslands, and water bodies requires timely adjustments in land
use to maximize both economic and ecological value. Concurrently, land fragmentation
is a critical factor in land use planning [78,79]. As major drivers of worldwide species
decline, landscape alteration and habitat fragmentation present a profound risk to global
biodiversity [80,81]. Therefore, connecting habitats to create ecological corridors is an
effective strategy for conserving fragmented land use patches [82,83]. In forests and
grasslands, enhancing species diversity and planting different types of trees and understory
plants are essential measures for habitat protection. During the process of forest land and
grassland conservation, focusing on highly suitable areas is a beneficial protection measure
(Figures 3 and 4). Strengthening forest and grassland management, connecting fragmented
habitats, and converting medium- and low-suitability lands into high-suitability lands are
significant conservation measures. When delineating ecological protection red lines, an
effective measure is to prioritize highly suitable areas for forests or grasslands, as these
areas are ideal for plant growth (Figures 3 and 4). Since cultivated land in Tai’an City is
excessively fragmented and scattered, connecting these patches could threaten surrounding
forests and grasslands. The fragmentation of cultivated land is largely driven by the
dispersion of the rural population. Thus, keeping the areas of these priority cultivated
lands unchanged may be reasonable. Meanwhile, surplus cultivated land and unused
land should, where feasible, be converted into water bodies. Of course, when constructing
water conservancy facilities, it is essential to select sites adjacent to existing water bodies to
enhance overall connectivity [84].

In conclusion, our results highlight the future distribution of land use suitability in
Tai’an City, which will provide a scientific basis for effective land use management. We
believe that collaboration between land managers and scientists will optimize land resource
allocation. Our study also has some limitations. In theory, the rational allocation of land
use should consider land suitability and further account for changes within the system. For
example, since the implementation of China’s reform and opening-up policies, the demand
for land by enterprises of different ownership types has increased rapidly, encroaching
on much agricultural lands. In addition, considering comprehensive impacts of multiple
ecological niche models, distinct climate change patterns, and various climatic zones will
enhance the robustness of the results. Accordingly, to improve the study framework,
subsequent research will account for the influence of institutional management, multi-
model approaches, and multiple climate patterns.
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