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Over the past decades, the drylands of the Yellow River Basin (YRBD) have undergone profound 
changes in landscape patterns and ecological dynamics, significantly impacting regional sustainable 
development. To assess the spatio-temporal variations of ecological risk in the YRBD and provide 
guidance for sustainable regional development, we constructed a coupled Land Use-Landscape 
Ecological Risk Model-Geographical Detector-PLUS framework for the assessment, analysis, and 
simulation of dryland landscape ecological risk (LER). The main findings are as follows: (1) Between 
2000 and 2020, the area of built-up land, forest, grassland, and water in the YRBD increased, while 
the area of unused land and cropland decreased. (2) LER exhibited significant spatial heterogeneity, 
dominated by Sub-low and Low risks. High risk areas were primarily located in the western Inner 
Mongolia Plateau, whereas Low risk areas were prevalent in the Loess Plateau, with an overall 
decline in risk levels over the 20 years. (3) Water resources, ecological status, and human activities 
are the main driving factors affecting LER, with the impact of human activities becoming increasingly 
significant over the past 20 years. (4) Under three development scenarios in 2030, the LER is projected 
to further decrease, although the impact of these scenarios varies across different research sub-
regions. Notably, the Ecological Priority Scenario emerges as more effective in mitigating regional LER. 
(5) Developing precise land use policies tailored to regional characteristics, continuously implementing 
ecological restoration projects, strengthening water resource management, and enhancing monitoring 
capabilities are effective ways to reduce LER in the YRBD. This study systematically quantified 
the impact of different development scenarios on LER in the YRBD, revealing its spatio-temporal 
characteristics, and emphasized the importance of planning guidance, ecological restoration, and risk 
monitoring to align regional development with ecological protection. The findings provide scientific 
evidence for ecological protection and sustainable development in the YRBD and other drylands, 
offering valuable insights for global dryland ecological risk management.
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Drylands account for approximately 40% of the terrestrial land surface and support more than one-third of 
the global population1,2. Despite being water-scarce and ecologically fragile, they provide critical ecosystem 
services including water formation, biodiversity maintenance, food production, and carbon storage3,4. However, 
multiple pressures, such as current irrational land use (LU), rapid urbanization, and demographic change4, are 
causing significant alterations in the structure and function of dryland ecosystems. These pressures exacerbate 
land desertification, and make ecological risks increasingly salient5–7. According to the methods of the United 
Nations Convention to Combat Desertification (UNCCD), Wu et al.8 revised the climatic zones of China, clearly 
defining the extent of drylands. These dryland are also recognized by Chinese authorities as potential extent of 
desertification9,10.According to this delineation, drylands account for 47% of China’s land area, and face a series 
of issues such as water scarcity, sparse vegetation, low land productivity, and severe desertification2,11. Therefore, 
ecological protection, restoration, and desertification control in these areas have been priorities in China’s efforts. 
Over the past decades, due to population growth, economic development, and the implementation of a series 
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of ecological projects, the structure and function of ecosystems and LU patterns in drylands have undergone 
significant changes12,13. However, the specific impacts of these changes on regional ecology remain unclear, 
making ecological risk assessment in drylands urgently needed.

Ecological risk assessment has become an important tool for evaluating regional ecological environmental 
quality14. It has evolved from risk identification of microenvironmental factors such as pollution and heavy 
metals15–18 to broader topics such as ecosystem and regional ecology. The scale of assessment has also shifted 
from micro to macro19,20, emphasizing the intersection of geography and ecology and the spatial heterogeneity 
of geography21,22. Assessing ecological risk from a LU perspective at the landscape scale has become one of 
the most widely used methods23. This approach uses landscape pattern indices to describes the impact of 
human disturbance or natural change on the composition, structure, function, and processes of specific 
regional landscapes revealing the spatial impacts of landscapes on sources of risk24–26, and the corresponding 
countermeasures. Existing research on landscape ecological risk (LER) assessment mainly focuses on areas 
with intensive human activities, such as watersheds27–29, urban areas30,31, wetlands and coastal regions32,33, as 
well as key risk control areas like industrial and mining zones34 and nature reserves14. However, studies on 
special ecologically fragile areas like drylands are relatively scarce. Additionally, recent studies mainly focus on 
quantitative analysis of landscape patterns or indirectly reflect LERs through analysis results, lacking quantitative 
analysis of driving factors.

The drylands of the Yellow River Basin (YRBD), located in northwestern China, hold a priority position 
in China’s current and future policy planning for desertification control, biodiversity conservation, ecological 
conservation and high-quality development strategies35,36. The YRBD also exhibits significant spatial 
heterogeneity in terms of its topography, climate conditions, and socio-economic factors, making its ecological 
changes highly representative and typical for dryland regions in China and globally. With population growth, 
economic development, and the implementation of ecological projects37 such as the Three North Shelter Forest 
Project, the Returning Farmland to Forests and Grasslands Project, the Beijing–Tianjin Sandstorm Source 
Control Project, the Natural Forest Protection Project, and the Returning Grazing Land to Grassland Program, 
the LU and landscape patterns in this typical dryland region have undergone significant changes. This makes 
it an ideal example for studying LER in drylands. However, current research on ecological risks in the YRBD 
is mostly concentrated in specific counties and cities38–40, lacking systematic studies on LERs and their trends 
at the regional scale, as well as in-depth exploration of driving mechanisms and future LU policies. Therefore, 
conducting a comprehensive study on the overall LER of the YRBD at a regional scale is not only of significant 
academic value but also provides scientific evidence for policy-making41,42.

This study selects the YRBD as the study area and uses the LER assessment method on a large scale to 
assess and predict ecological risk changes in this typical dryland over the past 30  years and into the future, 
with a quantitative analysis of driving factors. Through this study on LER in typical drylands, we aim to (1) 
analyze the LU change pattern in the YRBD over the past 20 years; (2) explore the spatio-temporal variations 
and driving factors of LER based on LU change; and (3) assess the changes of LER in the YRBD under various 
future development scenarios to provide guidance for future LU policy-making. This research will contribute 
to a comprehensive understanding of LERs and their trends in the YRBD, providing scientific evidence for 
formulating reasonable ecological protection and LU policies for the study area, China, and even dryland regions 
globally.

Results
LU changes
The spatial distribution and alterations of LU in the YRBD between 2000 and 2020 are displayed in Fig.  1. 
Overall, unused land, grassland and cropland dominate the YRBD. Taking 2020 as an example, grassland, 
unused land and cropland together accounted for 88.23% of the entire study region (Fig. 1d). Between 2000 and 
2020, although different LU types exhibited diverse degrees of alterations, the spatial distribution and structural 
features of LU types remained consistent. During the study period, the regions of water, grassland, forest and 
built-up land demonstrated an increasing trend, whereas those of cropland and unused land showed an opposite 
trend.

Combining the changes in LU quantity (Fig. 1d) and transfer matrix (Table 1), it is noted that built-up land 
is the LU type with the most dramatic growth and change in the study region. Notably, over two decades, there 
has been a significant increase of 60.87%, equivalent to 5790 km2, mainly transferred from cropland, grassland, 
and unused land. The forest also grew rapidly, with an increase of 12.73% (3333 km2) over 20 years, accompanied 
by a decrease in grassland and cropland areas. Throughout the experimental period, grassland transferred the 
largest area to other land classes, with a total transfer of 17,316 km2. Although the grassland area increased by 
0.38% (1883 km2) over 20 years, it exhibited a declining trend in the past decade. With the increases in the areas 
of built-up land, forest, and water, the areas of cropland and unused land were reduced by 5.71% (7431 km2) and 
2.59% (4743 km2), respectively, over 20 years.

Spatio-temporal variation of LER
Spatial distribution of the LER
The spatial distribution of LER in the YRBD in 2000, 2010, and 2020 are displayed in Fig. 2a–c. The LER in the 
study region exhibits obvious spatial heterogeneity. Considering the spatial heterogeneity of altitude, topography 
and LU, the YRBD are further assigned to three subregions: the Tibetan Plateau (TP), the Inner Mongolia Plateau 
(IMP) and the Loess Plateau (LP), for the analysis of LER variations.

Based on the mean value change in the ERI (Fig. 2d), the overall LER in the study region and each subregion 
has steadily reduced over the past two decades. In terms of the average value of ERI in different subregions, 
the IMP has the highest risk, followed by the TP, and the LP has the lowest risk. Throughout the experimental 
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period, the LER levels were mainly Low and Sub-low, primarily distributed in the eastern TP, eastern IMP and 
most of the LP. The High risk and Sub-high risk regions are mostly found in the western part of the IMP. The 
Middle risk regions are mostly found in the western TP and the central and northeastern parts of the IMP.

From the changes in LER levels from 2000 to 2020 (Table 2), the proportion of Low risk regions has 
continuously risen, whereas that of Sub-low risk regions has reduced. The proportion of Middle risk areas has 
fluctuated, while the proportions of Sub-high and High risk regions have continuously reduced. With respect 
to regional changes, the proportion of Low risk areas in the TP has continuously increased over the past two 
decades, while the proportions of Sub-low and Middle risk regions have slightly decreased. The alterations in 
different LER levels in the IMP were consistent with the overall trend of the study region. The proportion of Low 
and Sub-low risk regions in the LP also follows the overall trend of the study area over the past two decades, 
while Middle, Sub-high and High risk regions remained largely unchanged.

LU types

Area of land in 2020

Cropland Forest Grassland Water Built-up land Unused land Total area of lost

Area of land in 2000

 Cropland 117,390 2111 6202 450 2728 1052 12,543

 Forest 361 48,185 645 77 316 176 1575

 Grassland 3470 2183 413,838 1223 2887 7553 17,316

 Water 372 62 556 27,290 144 520 1654

 Built-up land 275 78 351 33 8509 345 1082

 Unused land 634 474 11,445 1039 797 169,267 14,389

 Total area of added 5112 4908 19,199 2822 6872 9646

Table 1.  Transfer matrix for the diverse Land use types between 2000 and 2020 (km2).

 

Fig. 1.  Land use maps in 2000 (a), 2010 (b), 2020 (c), and percentages of Land use types between 2000 and 
2020 (d). (Software: ArcMap 10.6, http://www.esri.com).
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Spatio-temporal variations of the LER
As shown in Fig. 3a, the risk units of LER reduction and increase in the YRBD from 2000 to 2010 were distributed 
separately in the IMP and the LP, with the TP mainly remaining unchanged. Overall, the study area exhibited 
a greater improvement in landscape ecology conditions than deterioration. Within the 2010–2020 period 

Region Year Low risk Sub-Low risk Middle risk Sub-high risk High risk

YRBD

2000 31.30 40.65 19.57 6.80 1.67

2010 33.90 38.44 20.17 6.02 1.48

2020 35.87 37.28 19.54 6.00 1.30

TP

2000 28.30 40.20 30.03 1.45 0.02

2010 28.35 40.01 30.18 1.45 0.02

2020 29.01 39.94 29.58 1.45 0.02

IMP

2000 23.24 30.18 25.28 16.84 4.45

2010 25.51 29.11 26.77 14.68 3.94

2020 27.18 29.10 25.62 14.64 3.47

LP

2000 44.66 54.21 0.98 0.15 0.00

2010 50.45 48.35 0.96 0.24 0.00

2020 54.24 44.56 0.96 0.24 0.00

Table 2.  Percentage distribution of landscape ecological risk in the drylands of the Yellow River Basin between 
2000 and 2020 (%). The drylands of the Yellow River Basin (YRBD), the Tibetan Plateau (TP), the Inner 
Mongolia Plateau (IMP) and the Loess Plateau (LP).

 

Fig. 2.  Spatial pattern of landscape ecological risk in 2000 (a), 2010 (b), 2020 (c) and the mean value of 
landscape ecological risk index (ERI) in different regions (d) (Software: ArcMap 10.6, http://www.esri.com). 
Notes: Low (L), Sub-low (SL), Middle (M), Sub-high (SH), High (H); The drylands of the Yellow River Basin 
(YRBD), the Tibetan Plateau (TP), the Inner Mongolia Plateau (IMP) and the Loess Plateau (LP).
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(Fig. 3b), the units of increased LER declined substantially, with the proportion of landscape ecology recovery 
or stability reaching 93.81% (Fig. 3d). Over time, there has been an obvious decrease in LER in the study region 
(Fig. 3c), indicating an overall improvement in landscape ecology conditions.

From the subregional perspective (Fig. 3d), the proportion of units with decreased LER in the TP gradually 
increased over the two periods from 2000 to 2020, with 16.55% of units with improved landscape ecology 
conditions and 6.73% with deteriorated conditions. In the IMP, approximately 86.18% of units experienced 
changes in LER between 2000 and 2020. Notably, the proportion of units with improved landscape ecology 
conditions was 59.34%, the proportion of units with deteriorated was 26.85%, and only 13.82% of units remained 
stable. The landscape ecology conditions in the LP also showed a predominant improvement, accounting for 
73.14%. Overall, during the 2000–2020 period, the proportion of units with stable landscape ecology conditions 
was predominant on the TP, while the proportion of units with improvement was predominant on the IMP and 
the LP, with the LP having a higher proportion of units with improved landscape ecology conditions than the 
IMP.

Spatial autocorrelation analysis
The global spatial autocorrelation Moran’s I of LER in the YRBD in 2000, 2010, and 2020 were 0.7266, 0.6773 and 
0.6827, respectively. The LER exhibited significant positive spatial autocorrelation (p < 0.01) and demonstrated 
spatial clustering throughout the region (Fig. 4). From 2000 to 2010, the Moran’s I value decreased, and there 
was a slight increase from 2010 to 2020, implying a decreasing trend in the spatial clustering and a reduction in 
spatial autocorrelation of LER.

The local spatial autocorrelation result (Fig. 5) showed that the High-High clusters were mostly found in the 
western part of the IMP and sporadically distributed in the eastern part of the TP, where the primary LU type 
was desert. The Low–Low clusters were distributed at the junction of the TP and the LP, as well as in the eastern 
part of the IMP and the LP, where the main LU types were cropland and forest. In terms of spatial changes, 
the High–High clusters continuously decreased over time, while the Low–Low clusters increased. Additionally, 
Low–High outliers were observed near the High–High clusters, where the LU types were mainly grassland and 
cropland surrounding the desert, which were prone to be converted into High risk regions. In the LP and the 

Fig. 3.  Spatial pattern of landscape ecological risk changes from 2000 to 2010 (a), 2010 to 2020 (b), 2000 to 
2020 (c) and the percentage of area for each landscape ecological risk change class in different regions (d) 
(Software: ArcMap 10.6, http://www.esri.com). Notes: The drylands of the Yellow River Basin (YRBD), the 
Tibetan Plateau (TP), the Inner Mongolia Plateau (IMP) and the Loess Plateau (LP).
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eastern part of the TP, there were also a few High–Low outliers near the Low–Low clusters, where the LU types 
were grassland surrounding forest or cropland.

Simulation of future variation of LER
Simulation of LU under multiple scenarios
The LU patterns and predicted data of the YRBD under multiple scenarios in 2030 simulated by the PLUS model 
are displayed in Fig. 6 and Table 3, respectively. The simulation results indicate that, compared with 2020, there 
are different trends in LU types under the three scenarios. Under the Natural Development Scenario (NDS), 
the LU types continue the trends observed from 2010 to 2020, with increases in forest, water, and built-up land, 
as well as decreases in cropland, grassland, and unused land. Among them, the unused land and grassland 
decrease the most, by 2219 km2 and 2097 km2 respectively. The region of built-up land increases significantly by 

Fig. 5.  Spatial Lisa cluster of landscape ecological risk in 2000 (a), 2010 (b) and 2020 (c) (Software: ArcMap 
10.6, http://www.esri.com). Notes: The Tibetan Plateau (TP), the Inner Mongolia Plateau (IMP) and the Loess 
Plateau (LP).

 

Fig. 4.  Moran’s I scatter plot of landscape ecological risk in 2000 (a), 2010 (b) and 2020 (c) (Software: GeoDa 
1.20.0.36, https://geodacenter.github.io/).
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4774 km2. Under the Ecological Priority Scenario (EPS), the regions of forest, water and built-up land continue 
to increase, by 358 km2, 589 km2 and 3367 km2 respectively, whereas those of cropland, grassland, and unused 
land decline, by 292 km2, 1528 km2 and 2494 km2 respectively. Under the Cropland Protection Scenario (CPS), 
except for an increase of 265 km2 in cropland, the trends in other LU types are similar to those under the NDS 
and EPS, with forest, water and built-up land areas increasing and grassland and unused land decreasing.

Comparing the multiple scenarios, the increase in production land(cropland), living land (built-up land), 
and ecological land (forest and water) in the YRBD mainly comes from grassland and unused land. The cropland 
area decreases the most under the NDS, slightly decreases under the EPS, and slightly increases under the CPS. 
The forest and water increase under all scenarios, with the largest increase under the EPS and the smallest 
increase under the CPS. The grassland area decreases significantly in all scenarios, with the largest decrease 
under the CPS and the smallest decrease under the EPS. Built-up land undergoes the most drastic changes 
among the LU types under all scenarios, with the largest increase under the NDS and the smallest increase under 
the EPS. The area of unused land decreases significantly under all scenarios, with the largest decrease under the 
EPS.

Year Scenarios Cropland Forestland Grassland Water Built-up land Unused land

2020 122,502 53,093 433,037 30,112 15,381 178,913

2030

NDS 121,384 53,304 430,940 30,561 20,155 176,694

EPS 122,210 53,451 431,509 30,701 18,748 176,419

CPS 122,767 53,169 430,628 30,456 19,346 176,672

2020–2030 NDS − 1118 211 − 2097 449 4774 − 2219

2020–2030 EPS − 292 358 − 1528 589 3367 − 2494

2020–2030 CPS 265 76 − 2409 344 3965 − 2241

Table 3.  Regions of different land use types in 2030 under three scenarios and the area of change compared 
with 2020 (km2).

 

Fig. 6.  Land use maps in 2020 (a), Natural Development Scenario (NDS, b), Ecological Priority Scenario (EPS, 
c) and Cropland Protection Scenario (CPS, d) (Software: ArcMap 10.6, http://www.esri.com).
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Spatio-temporal variation of LER under multiple scenarios
To reveal the variations of LER in the YRBD under multiple scenarios, the LER for the year 2030 was predicted. 
The results are shown in Fig. 7. The spatial distribution patterns of different levels of LER are relatively similar 
to those of 2020. High risk and Sub-high risk regions are still primarily found in the western IMP. Middle risk 
regions are primarily found in the central part of the TP as well as the western, northern and central parts of the 
IMP. Meanwhile, Sub-low and Low risk areas are primarily found in the eastern TP, eastern IMP and most of 
the LP. With regard to spatial variations, the Low risk areas have expanded under all scenarios, compared with 
those of 2020. The expansion is mainly located in the western and southern parts of the TP, southern IMP and 
central LP. Correspondingly, an obvious decline is observed in Sub-low risk and Middle risk regions, whereas the 
changes in Sub-high and High risk regions are not significant.

In terms of the mean values of the ERI under multiple scenarios (Fig. 7d), it can be observed that the mean 
values of ERI have decreased in both the overall study area and subregions in 2030, as compared with those of 
2020, across all scenarios. Notably, the EPS exhibits the largest decrease in the mean value of ERI in both the 
overall study area and the TP region, followed by the NDS and the CPS. Conversely, in the IMP and LP regions, 
the NDS demonstrates the largest decrease in the mean value of ERI, followed by the EPS and the CPS.

From the variations in the LER levels of multiple scenarios in 2030 (Table 4), compared with 2020, the 
proportion of Low risk regions in the overall study has significantly elevated, while the proportions of Sub-low, 
Middle, and High risk regions have markedly decreased. However, the proportion of Sub-high risk areas has 
shown a slight decrease in the EPS, no change in the NDS and an increase in the CPS. Comparing multiple 
scenarios, the EPS has the highest total proportion of Low and Sub-low risk regions, reaching 73.50%, followed 
by the NDS and the CPS, which are 73.44% and 73.35% respectively. The EPS has the smallest total proportion 
of Mand Sub-high risk regions (19.25% and 5.99% respectively), followed by the NDS (19.30% and 6.00%, 
respectively) and the CPS (19.35% and 6.05%, respectively). The proportions of High risk regions are the same 
for all three scenarios.

Compared to 2020, the LER in each subregion has decreased under the three scenarios. In the TP, all three 
scenarios exhibit a significant increase in Low and Sub-low risk regions, while experiencing a notable decrease 

Fig. 7.  Spatial pattern of landscape ecological risk in Natural Development Scenario (NDS, a), Ecological 
Priority Scenario (EPS, b), Cropland Protection Scenario (CPS, c) and the mean values of landscape ecological 
risk index (ERI) in different regions (d) (Software: ArcMap 10.6, http://www.esri.com). Notes: Low (L), Sub-
low (SL), Middle (M), Sub-high (SH), High (H); The drylands of the Yellow River Basin (YRBD), the Tibetan 
Plateau (TP), the Inner Mongolia Plateau (IMP) and the Loess Plateau (LP).
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in Middle risk, Sub-high risk, and High risk regions. Among the three scenarios, the EPS demonstrates the most 
significant changes, with the highest increase in the overall proportion of Low and Sub-low risk regions (0.30%), 
as well as the most significant decline in Middle and Sub-high risk regions (0.26% and 0.04%, respectively). High 
risk regions remain unchanged. In the IMP, the LER under the three scenarios displays an increase in Low and 
Sub-low risk regions, along with a decrease in Middle, Sub-high, and High risk regions. The NDS exhibits the 
most significant changes, with an increase in both Low and Sub-low risk regions, and the highest increase in 
their combined proportion. The decline in Middle and High risk regions are also the most pronounced. There 
have been slight changes in the LP, characterized by an increase in Low risk regions and a decline in the Sub-low 
risk regions. Collectively, the EPS shows the most substantial increase in Low risk regions in the LP.

Discussion
Causes of LU change
The spatial distribution of LU in the YRBD exhibit significant spatial heterogeneity (Fig. 1). In the TP, due to 
uneven precipitation and high-cold climate characteristics43, the source region of Yellow River is dominated 
by grassland, while the north of the source region is characterized by unused land (desert). Most of the IMP 
belongs to arid and semi-arid areas, where the limited precipitation results in the region being mainly covered 
by unused land and grassland. Forest are mainly found in mountainous areas due to the influence of terrain 
undulation and altitude. These areas often create microclimatic environments distinct from the surrounding 
dryland regions, providing suitable conditions for forest formation44. The distribution of cropland in the YRBD 
is mainly of two types: irrigated cropland concentrated in the plains along the Yellow River, and rainfed cropland 
widely distributed in the hilly regions of the LP. This distribution is primarily due to the different topographical 
features and water resource utilization in the YRBD. Additionally, built-up land (urban and industrial) is mainly 
distributed in the plains and river valley areas. Water also shows significant spatial heterogeneity, with most 
water concentrated in the TP and a few found in the desert areas of the IMP.

During the period from 2000 to 2020, significant changes occurred in different LU types in the YRBD. 
Population growth and rapid economic development led to increased demand for urban and industrial land, 
resulting in a substantial increase in built-up land, primarily converted from cropland, grassland, and unused 
land (Table 1). This transformation is consistent with other studies of urban expansion in the study area45,46. Liu 
et al. studied the LU changes in Lanzhou City over the past 20 years and found that significant urban expansion 
led to a reduction in cropland, forest, and grassland, with significant reduction in cropland45. Wei et al. also 
found that the urban expansion in the Hohhot–Baotou–Ordos–Yulin urban agglomeration mainly occupied 
unused land, grassland, and cropland46.

Over the past 20 years, the increase in forest and grassland and the decrease in unused land in the YRBD have 
mainly benefited from the implementation of ecological projects such as the Three North Shelter Forest Project, 
the Returning Farmland to Forests and Grasslands Project, and the Returning Grazing Land to Grassland 
Program43,47. These projects comprehensively consider desertification control, soil erosion reduction, and 
ecosystem quality improvement, significantly increasing vegetation coverage in the project areas48. The transfer 
matrix (Table 1) also shows that the increase in forest mainly comes from cropland and grassland, the increase 
in grassland mainly from unused land, while unused land mainly transfers to cropland and grassland. These 
changes are consistent with the research results of Fu et al.49and Liao et al.50, further clarifying the effectiveness of 
ecological projects implemented in the YRBD. This deepens the understanding of the reasons for LU change and 

Region Year Low risk Sub-low risk Middle risk Sub-high risk High risk

YRBD

2020 35.87 37.28 19.54 6.00 1.30

NDS 36.80 36.64 19.30 6.00 1.26

EPS 36.89 36.61 19.25 5.99 1.26

CPS 37.02 36.33 19.35 6.05 1.26

TP

2020 29.01 39.94 29.58 1.45 0.02

NDS 29.56 39.39 29.58 1.45 0.02

EPS 29.30 39.95 29.32 1.41 0.02

CPS 29.45 39.69 29.39 1.45 0.02

IMP

2020 27.18 29.10 25.62 14.64 3.47

NDS 27.87 29.17 24.98 14.64 3.34

EPS 28.09 28.87 25.06 14.64 3.34

CPS 28.33 28.31 25.26 14.76 3.34

LP

2020 54.24 44.56 0.96 0.24 0.00

NDS 55.88 42.93 0.95 0.24 0.00

EPS 56.18 42.61 0.96 0.24 0.00

CPS 56.16 42.63 0.96 0.24 0.00

Table 4.  Percentage distribution of landscape ecological risk in the drylands of the Yellow River Basin between 
2020 and 2030 (%). The drylands of the Yellow River Basin (YRBD), the Tibetan Plateau (TP), the Inner 
Mongolia Plateau (IMP) and the Loess Plateau (LP).
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confirms the importance of balancing land management strategies between development and conservation. It 
also proves the significant success of the ecological projects implemented in the YRBD. Moreover, we also found 
that the area of water has continuously increased during the study period (Fig. 1), with changes occurring mainly 
in the TP. This change has been confirmed to be related to glacier melting caused by rising temperatures51,52.

Spatio-temporal patterns of LER
The spatial pattern of LER in the YRBD shows a clear spatial differentiation. This pattern is consistent with 
the findings of Liu et al.53 and Hua et al. 54 on LER in the Yellow River Basin and specific sections within the 
basin. The LER of the study area is closely related to the distribution of LU types. Regions dominated by unused 
land have higher LER, while those dominated by forest, cropland, and grassland have relatively lower LER. 
This distribution pattern reflects the importance of LU management in regional ecological risk management55. 
During the period from 2000 to 2020, the overall LER in the study area shows a declining trend. This trend is 
closely related to the series of ecological projects implemented by the Chinese government in the region since 
the late 1970s. These projects have effectively increased vegetation coverage, reduced unused land, improved the 
overall quality of the ecological environment48,56, and mitigating LER57.

We also found that the patterns of LER variation in the TP, IMP, and LP are different. In the TP, climate 
warming and humidification, along with strict land management policies, have enhanced ecosystem quality 
and functionality58. Additionally, due to minimal human interference, LU changes are minor, resulting in a 
predominantly stable LER, with some declines. In the IMP, the central and eastern regions have seen significant 
vegetation improvement due to largescale national land greening projects. However, the western region, with 
a more fragile ecological environment, has not experienced significant vegetation improvement, resulting in a 
pattern of primarily decreasing but also some increasing LER. The LP has benefited from extensive ecological 
restoration projects and favorable natural conditions, significantly increasing vegetation coverage and 
substantially reducing regional LER. These changes reflect the differences in natural conditions and management 
policies among the different sub-regions. The TP benefits from ecological protection policies focusing on 
natural recovery, the IMP relies on large-scale vegetation protection and afforestation projects, while the LP has 
significantly improved its ecological environment through comprehensive ecological protection and restoration 
projects. Under the combined influence of these factors, the LER in the YRBD shows an overall declining trend.

The influence of driving factors on LER
The Geographical Detector Model (GDM) was utilized to quantitatively identify the main factors influencing 
the spatial pattern of LER in the YRBD from three dimensions: natural geography, ecological status, and socio-
economic factors (as show in Table 5). The results indicate that the most significant influencing factor is the 
distance to water, with an average q value of 0.35. This is followed by NDVI (Normalized Difference Vegetation 
Index, 0.29), annual mean precipitation (0.27), NPP (The Net Primary Productivity, 0.27), and the distance to 
residence (0.27), while the mean values of other factors are all below 0.1. This reveals that natural geography 
conditions, vegetation status, and human activities jointly determine the spatial pattern of LER in the study 
area, with water resources playing the most critical role. This is mainly because water resources are the most 
important factors affecting vegetation distribution patterns and ecosystem quality in dryland regions59,60. Zhang 
et al. also confirmed that ecological vulnerability in the arid regions of northwest China is largely influenced by 
the distribution of natural water resources61.

Analyzing the changes in q values of various driving factors over the study period, we found that changes 
in NDVI and NPP are the main reasons for the reduction of LER in the YRBD (q values increased from 0.24 
and 0.25 to 0.33 and 0.28, respectively). This is consistent with the findings of Zhu et al.62 and Wang et al.63, 
which attribute the results to the implementation of a series of ecological projects such as the Three-North 
Shelter Forest Program and the Grain for Green Project. These projects have gradually improved regional 
vegetation conditions and ecosystem functions, with the cumulative effects of ecological restoration becoming 
increasingly evident, playing a significant role in reducing ecological risks64. Moreover, as the overall LER in the 
arid areas of the Yellow River Basin decreased, the q values of natural geographical indicators such as distance 
to water, annual precipitation, and annual mean temperature also decreased. Notably, the q value of the most 
significant influencing factor, distance to water, decreased from 0.41 in 2000 to 0.32 in 2020. This may be due to 
the enhanced water conservation capacity brought about by improved vegetation and ecological quality, thereby 
reducing the constraint of moisture on ecological risks65.

The changes in distance to residence and population density reflect that the impact of socio-economic factors 
related to human disturbance on LER is gradually weakening. It is worth noting that the q value of GDP increased 
from 0.01 to 0.05 over the past 20 years, indicating that economic development in drylands is not contradictory 
to reducing LER. Economic development can promote environmental protection and ecosystem restoration 

Year DEM
Relief degree of 
surface

Annual mean 
temperature

Annual mean 
precipitation NPP NDVI

Distance to 
water

Distance to 
residence

Population 
density GDP

2000 0.07 0.10 0.08 0.28 0.25 0.24 0.41 0.28 0.11 0.01

2010 0.07 0.09 0.06 0.28 0.27 0.30 0.32 0.26 0.10 0.05

2020 0.06 0.09 0.06 0.26 0.28 0.33 0.32 0.27 0.08 0.05

Mean 0.07 0.09 0.07 0.27 0.27 0.29 0.35 0.27 0.10 0.04

Table 5.  The q-value of driving factors influencing spatial distribution of landscape ecological risk.

 

Scientific Reports |        (2024) 14:22672 10| https://doi.org/10.1038/s41598-024-73764-3

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


through technological innovation and effective utilization of ecological capital66, providing new evidence for the 
coordinated development of ecology and economy in ecologically fragile areas.

Overall, the spatio-temporal variation in LER in the study area are driven by multiple factors, including 
natural geography, ecological status, and human activities. This study, based on GDM, quantitatively clarifies the 
dominant driving factors affecting the LER pattern, highlighting the critical roles of water resources, ecological 
restoration, and human activities. These results not only complement previous research but also provide 
theoretical support for more precise formulation of regional ecological protection and restoration strategies.

Choices for future scenarios and policy recommendations
From the perspective of overall LER changes, the spatial distribution pattern of LER under the three future 
scenarios is basically the same as in 2020, with the mean values for the entire study area and sub-regions in 2030 
showing a decrease compared to 2020. However, the changes under different scenarios vary in the different sub-
regions. The EPS shows the largest decrease in the mean LER values for the entire study area and the TP region, 
followed by the NDS and the CPS. In the IMP and LP, the NDS exhibits the largest decrease in mean LER values, 
while the decreases in the EPS and CPS are relatively smaller. Additionally, the areas of different risk levels show 
varying changes between the three scenarios. Overall, the EPS performs better in reducing the overall regional 
LER compared to the NDS and the CPS, but it also highlights that a single development model cannot meet the 
need to minimize ecological risk in different sub-regions.

When making development plans, it is necessary to choose appropriate development paths based on the 
conditions of different sub-regions, maximizing the balance between economic, social, and ecological factors 
to achieve the unity of ecological protection and economic development. The EPS has excellent performance in 
reducing LER but may limit economic development, requiring the use of innovative policy tools and scientific 
management strategies to balance economic benefits and ecological effects. The NDS, based on historical 
development trends, emphasizes the use of natural resources and locational advantages, offering economic 
development benefits but potentially bringing higher ecological risks, especially in ecologically fragile areas. 
Therefore, it is essential to establish stricter regulatory mechanisms to minimize environmental impacts, while 
enhancing public environmental education and community involvement. The CPS focuses on agricultural 
production and food security but may face conflicts between agricultural land and other LU types. Thus, this 
scenario requires a balance between agricultural production, economic development, and ecological protection.

By formulating scientifically LU planning and related policies, regional LER can be effectively reduce while 
promoting economic growth and improving livelihoods. Although the YRBD exhibit significant heterogeneity 
in terms of topography, ecological status, and climatic conditions, these heterogeneous areas are inseparable 
from the Yellow River flowing through them and form an integral whole. Therefore, it is necessary to strengthen 
the overall planning of the territorial space in the entire YRBD, rationally determine the layout of functional 
zones, and scientifically allocate ecological, living, and production spaces to minimize the adverse impacts of 
economic and social development on the ecological environment63. At the same time, it is crucial to continue 
promoting ecological protection and restoration projects, implementing and advocating for Nature-based 
Solutions to enhance ecosystem quality and service functions. Only by systematic promotion of measures such 
as scientific policy guidance, rational spatial planning and new technological applications can we truly achieve 
the coordination development of the economy, society, and environment in the YRBD, thereby effectively 
preventing and reducing LER.

Limitations and future perspectives
This study assesses the LER in the YRBD, providing a basis for the formulation of effective ecological management 
measures. However, there are several limitations. Firstly, due to the influence of spatial scale, the landscape 
pattern indices used in the assessment units of 20 km × 20 km67 may overlook the LER conditions in certain 
areas. Secondly, in the calculation of landscape risk indices, we directly assigned landscape vulnerability values 
to different LU types. Although this method is widely used, it cannot reflect the spatial heterogeneity of different 
LU types22,31, which is an issue that needs to be addressed in future research. Additionally, the study employs the 
PLUS model to simulate future LU patterns. While this model has certain advantages32, it is still constrained by 
the accuracy of LU data and the selection of driving factors, resulting in uncertainties in simulating future LU 
changes and affecting the accuracy of LER assessments. Considering the temporal continuity of LU changes, this 
study selected three years to assess LER. However, these selected years do not allow for long-term continuous 
sequence analysis to explore spatio-temporal variations.

Future research should focus on several aspects. Firstly, optimizing LER methods from the perspective of 
evaluation index systems and index calculations. Secondly, improving the spatial and temporal accuracy of 
LU data and optimizing the selection of driving factors to comprehensively capture the multi-scale variation 
characteristics of LER. Thirdly, implementing long-term LER monitoring and continuous scenario analysis 
to provide real-time references for updating and optimizing protection strategies and LU planning. Through 
these in-depth studies, it will be more helpful to understand the dynamic changes in LER in drylands, provide 
scientific evidence for regional ecological protection and sustainable development, and offer important insights 
for ecological protection practices in other drylands regions worldwide.

Conclusions
This study takes the YRBD, a representative dryland region, as an example to analyze LU changes over the past 
20 years. It explores the spatio-temporal changes and driving factors of LER from a landscape pattern perspective 
and predicts ecological risk under different development scenarios by simulating future land use patterns. The 
main conclusions are as follows: (1) From 2000 to 2020, LU types in the YRBD underwent significant changes. 
Built-up land, forest, and grassland increased, while unused land decreased. Built-up land significantly increased 
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by 60.87%, forest increased by 12.73%, and grassland areas also increased overall. These changes are mainly 
attributed to the implementation of a series of ecological projects. (2) The LER in the YRBD exhibits significant 
spatial heterogeneity, with High risk and Sub-high risk areas mainly concentrated in the western regions of 
the IMP. Over the past 20 years, the overall trend of LER has been decreasing, indicating an improvement in 
landscape ecological conditions. The reduction in LER is closely related to increased vegetation coverage, water 
resource management, and the implementation of various ecological projects. (3) LER shows significant spatial 
positive correlation and spatial clustering. Over the past 20 years, the spatial clustering of LER has weakened, and 
spatial autocorrelation has decreased, demonstrating the spatial changes and distribution characteristics of LER. 
(4) Water resources, NDVI, NPP, and distance to residence are key factors influencing the spatial distribution 
of LER. Among these, NDVI and NPP are the main driving factors for changes of LER. (5) Under three future 
development scenarios, the overall LER in the YRBD will continue to show a declining trend. The EPS scenario 
performs best in reducing LER, indicating that policies prioritizing ecological protection are most effective in 
reducing ecological risk. The changes in LER across different sub-regions under different development scenarios 
also exhibit heterogeneity, showing that a single development model cannot meet the needs for minimizing 
ecological risk in all sub-regions. Therefore, when formulating regional development plans, it is necessary to 
choose appropriate development paths based on the specific conditions of each sub-region, maximizing the 
balance of economic, social, and ecological factors to achieve the unity of ecological protection and economic 
development. This study provides comprehensive and scientific support for regional ecological protection and 
sustainable development and offers important references for ecological risk assessment and management in 
drylands worldwide.

Methods
Study area
The Yellow River originates from the Bayan Har Mountains in the northern part of the Tibetan Plateau and flows 
through nine provinces including Shandong, Henan, Shaanxi, Shanxi, Inner Mongolia, Ningxia, Gansu, Sichuan, 
and Qinghai, before emptying into the Bohai Sea. Its main stream is 5464 km long and covers a total area of 1.315 
million km2, involving 448 county-level administrative regions. According to the United Nations Convention 
to Combat Desertification (UNCCD), researchers such as Ci and Wu et al.8,9 have used the Thornthwaite 
method for calculating the Moisture Index to divide the dryland zones of China, also known as potential extent 
of desertification in China. This delineation forms the basis for China’s desertification monitoring research 
and serves as the standard range for the national desertification monitoring conducted every five years. Based 
on this delineation68, the drylands of the Yellow River Basin (YRBD) include central and eastern Qinghai, 
eastern Gansu, Ningxia, central Inner Mongolia, and northern Shaanxi and Shanxi, involving 171 county-level 
administrative regions and accounting for 64% of the total area of the Yellow River Basin. The elevation in these 
areas ranges from 510 to 6130 m, covering major geomorphic units such as the TP, the LP, and the IMP (Fig. 8). 
Due to the west-high and east-low topographical pattern, there are significant climatic differences in the YRBD, 
with average annual temperatures ranging from − 13.5 to 11.9  °C, and average annual rainfall varying from 
7.9 to 897.7 mm. The population is mainly concentrated in the plains and river valleys, with agriculture and 
animal husbandry as the main economic activities. Industrial development is relatively low, primarily focused on 
resource extraction and primary processing. Due to the complex geomorphology, significant climate variability, 
and extensive human activities, The YRBD has heightened ecological vulnerability, leading to issues such as 
water scarcity, low ecological carrying capacity, and severe desertification. These challenges have become key 
areas of concern for ecological protection, high-quality development, and desertification control in the Yellow 
River Basin and across China.

Data collection
The LU data employed in this study in 2000, 2010 and 2020 were obtained from the China National Land Use/
Cover Change (CNLUCC) dataset with resolution of 1 km (http://www.resdc.cn). Based on the actual conditions 
of the study region, the LU types were reclassified into 6 groups: grassland, forest, cropland, water, unused land, 
and built-up land. DEM were acquired from the Geographic Spatial Data Cloud (http://www.gscloud.cn) with 
a resolution of 30 m. The precipitation and temperature data at 1 km spatial resolution were retrieved from the 
National Earth System Science Data Center, National Science & Technology Infrastructure of China (http://
www.geodata.cn). The population and GDP data were collected from the 1  km Grid Population Dataset of 
China and 1 km Grid GDP Data of China (http://www.resdc.cn), which are sourced from the Data Registration 
and Publishing System of Resource and Environment Science and Data Center. The nighttime light data were 
acquired from the China Long Term Nighttime Light Dataset69, sourced from the Global Change Research Data 
Publishing & Repository (in both Chinese and English), with a spatial resolution of 1 km. The road, railway, 
urban, and river data were sourced from OpenStreetMap. The NPP and NDVI data were retrieved from the 
MODIS MOD17A3 and MOD13A3 data products (https://www.earthdata.nasa.gov), with spatial resolutions of 
500 m and 1 km, respectively. The original data were processed by filling in missing values and synthesizing the 
maximum values. To ensure consistency in the analysis, all data underwent resampling to achieve a resolution 
of 1 km.

Research methods
Partitioning the region into ecological risk units
The utilization of risk cells as fundamental units for ecological risk assessment is an efficient and extensively 
employed approach in LER assessment. By considering the spatial heterogeneity of the landscape patterns, as 
well as the combined patch size and study region, a square cell measuring 20 km × 20 km was constructed using 
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ArcGIS software for calculating the LER index (ERI). The YRBD was partitioned into 2334 ecological risk units, 
as depicted in Fig. 1c.

LER index
Based on existing literature14,26,70,71, the ERI for the study area was constructed by selecting landscape dominance 
index, landscape isolation index, landscape fragmentation index, and landscape vulnerability index. This index 
quantitatively accesses the LER in risk units72. The following equation is used:

	
ERIk =

n∑
i=1

Aki

Ak
Li� (1)

where ERIk represents the ERI of the kth risk unit, Aki denotes the area of the ith LU type within the kth risk 
unit, Ak indicates the total area of the kth risk unit, and Li denotes the landscape loss index of the ith LU type.

The landscape loss index is defined as the degree of ecological loss of different landscapes under natural and 
human disturbance. It is thoroughly delineated by the landscape vulnerability index (Vi) and the landscape 
disturbance index (Ei). The following equation is used:

	 Li = Ei × Vi� (2)

The landscape disturbance index reflects the degree of interference of different landscapes by natural and human 
disturbances. It is defined using the landscape fragmentation index (Fi), landscape separation index (Si), and 
landscape dominance index (Di). The calculation formulas for specific indicators are presented in Table 6.

The vulnerability index reflects the susceptibility of different landscapes to external disturbances. Diverse 
LU types are regarded as different stages of natural landscape succession, and their vulnerability can be assigned 
according to prior studies55,64: unused land = 6, cropland = 5, grassland = 4, water = 3, forest = 2, and built-up 
land = 1. The values were obtained after normalization of 0.2857, 0.2381, 0.1905, 0.1429, 0.0952, and 0.0476 for 
the aforementioned LU types, respectively.

Based on the actual conditions and previous research, the natural breakpoint method was used to 
classify the ERI into five levels: High risk (ERI ˃  0.0448), Sub-high risk (0.0306 < ERI ≤ 0.0448), Middle risk 
(0.0218 < ERI ≤ 0.0306), Sub-low risk (0.0164 < ERI ≤ 0.0218), and Low risk (ERI ≤ 0.0164).

Fig. 8.  Location of the YRBD (a, b) and LER assessment units of study area (c).
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Spatial autocorrelation analysis
Spatial autocorrelation analysis has been described at local and global levels74. Global spatial autocorrelation is 
employed to assess whether there is spatial autocorrelation in LER at a macro level within the study area, while 
local spatial autocorrelation is utilized to determine the presence of spatial autocorrelation within specific local 
regions within the study area at a micro level.

	
GMoran’s I =

∑m
i=1

∑m
j=1Wij (xi − x) (xj − x)

B2
∑m

i=1

∑m
j=1Wij

� (3)

	
LMoran’s I =

m (xi − x)
∑m

j=1Wij (xj − x)∑m
i=1 (xi − x)2

� (4)

where GMoran’s I and LMoran’s I are the global and local spatial autocorrelation index, respectively; m represents 
the total number of units; xi and xj denote the ERI value of unit i and adjacent unit j (i ≠ j), respectively; x is 
represents the average value of x; Wij denotes the spatial weight matrix, and B indicates the variance of ERI value. 
The value of Moran’s I range from − 1 to 1. If I > 0, it signifies a positive spatial correlation, whereas a negative 
correlation is indicated if I < 0. If I = 0, there is no spatial correlation75.

Identification of driving factors according to GDM
The Geographical Detector Model (GDM) was used to identify the factors influencing the spatio-temporal 
variation of LER76–78. Eleven geographical, socio-economic and ecological factors were selected as drivers, 
including distance to water, distance to residence, GDP, population density, DEM, relief degree of surface, annual 
mean precipitation, annual mean temperature, NPP, and NDVI. These factors were subjected to a classification 
process using the natural breakpoint method, and then quantitatively analyzed using the GDM. The ERI value 
was treated as the dependent variable, while the various factors were considered as independent variables. The 
influence of each factor on LER was measured using the q value. The following equation is used:

	
q = 1−

∑L
h=1Nhσ

2
h

Nσ2
� (5)

where L denotes the number of categories; h indicates the driving factor layer (h = 1, 2, …; L); Nh and N denote 
the number of units in layer h and the entire region, respectively; σ2

h and σ2 indicate the variances in layer h and 
the entire region, respectively. The range of values for q is [0, 1], where a higher value signifies a more potent 
explanatory influence of the driving factor on LER.

Multi-scenario simulation through the PLUS model
The LU Prediction PLUS model was employed to simulate the LU patterns under multiple development scenarios 
for the year 2030. It is a raster-based patch-generated LU simulation model that can simulate the spatio-temporal 
dynamics of multiple LU types and determine the possible driving factors of LU changes79. It integrates two 
main modules: CA based on multi-type random patch seeds (CARS) and rule-mining framework based on a 
land expansion analysis strategy (LEAS), which have better explanatory power and higher accuracy for different 
LU changes80. The LEAS module extracts changes of LU types between two periods and explore the relationship 
between these changes and driving factors with the random forest algorithm. Then the growth probability for 
each LU type in the study area was calculated. The CARS module combines the growth probability, LU data, 
conversion matrix, and neighborhood weights of each LU type to simulates future LU patterns.

The equations for PLUS can be expressed as follows79:

	
Pd
i,k (x) =

∑M
n=1 I (hn (x) = d)

M
� (6)

	
OPd=1

i,k =

{
Pd=1
i,k × (r × µk)×Dt

k if Ωt
i,k = 0 and r < Pd=1

i,k

P d=1
i,k × Ωt

i,k ×Dt
k all others

� (7)

Index Formula Description

Landscape fragmentation (Fi) Fi =
ni
Ai

ni denotes the patch count for the landscape i; Ai represents the total area of the landscape i

Landscape separation (Si) Si =
A
2Ai

√ni
A ni denotes the patch count for the landscape i; Ai represents the total area of the landscape i; A indicates the total area

Landscape dominance (Di) Di = αLi + βMi
Li denotes the ratio of the area for the landscape i and the total area for the study region; Mirepresents the ratio of 
the patch count for the landscape i and the total number for all patches; α and β indicate the weights of Li and Mi 
(0.6 and 0.4, respectively)

Landscape disturbance (Ei) Ei = aFi + bSi + cDi a, b, and c denotes the weights of Fi, Si and Di (0.5, 0.3 and 0.2, respectively)25,28,73

Table 6.  Calculation of landscape ecological risk index.
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where Pd
i,k is the growth probability of LU type k at cell i; x is a vector composed of multiple driving factors; 

I(∙) is the indicative function of the decision tree set; hn (x) is the prediction type of the n(th) decision tree for 
x; M is the total number of decision trees; the value of d is either 0 or 1; OPd=1

i,k  is the overall probability of the 
LU type k; Pd=1

i,k  is the growth probability surface of LU type; r is a random number ranging from 0–1; µk is the 
threshold for LU type k to generate the new LU patches; Dt

k is a self-adaptive driving coefficient that relies on 
the difference between the current amount of land at iteration t and the target demand of LU k; Ωt

i,k represents 
the neighborhood effects of cell i, which are the proportions of LU components of k within the surrounding 
neighborhood.

The LU patterns in 2020 were simulated based on the LU data from 2000 to 2010. The driving factors input 
into the PLUS model were the same as those used in the GDM. The figure of merit (FOM)81,82 and overall 
accuracy (OA) were used to validate the accuracy of the simulation. According to the results, with FOM = 0.61 
and OA = 0.97, the PLUS model achieved high simulation accuracy and can be employed to simulate the future 
LU patterns in the study area.

The study area encompasses two significant ecologically fragile regions: the Tibet Plateau and the “U-shape” 
area of Yellow River, which are key areas for ecological protection and restoration in China. Considering the 
various policies on cropland protection implemented since the third national land survey in China83,84, we set 
three future development scenarios to simulate the LU and LER patterns in the YRBD in 2030: the Natural 
Development Scenario (NDS), the Ecological Priority Scenario (EPS) and the Cropland Protection Scenario 
(CPS). Under the NDS, the development trends of various land types from 2010 to 2020 continue without 
considering relevant policies and planning requirements, and no restrictions are imposed on the rules of LU type 
conversion. LU change occurs mainly due to the current socio-economic development status and ecogeographical 
factors. Under the EPS, based on the NDS, water bodies and national nature reserves within the study area are 
designated as ecological protection areas and set as restricted areas to prohibit LU transformations. Additionally, 
to protect the large areas of ecological land such as forest and grassland within the study area, the probability of 
transformation from grassland and forestland to unused land and built-up land is decreased by 20% and 50%, 
respectively. The EPS also considers cropland protection, and the probability of transformation from cropland 
to built-up land, a change induced by human activities, is decreased by 50%. Under the CPS, based on the NDS, 

Fig. 9.  The restricted area of Natural Development Scenario (NDS, a), Ecological Priority Scenario (EPS, b), 
Cropland Protection Scenario (CPS, c) in the study area (Software: ArcMap 10.6, http://www.esri.com).
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cropland is protected, and the transformation of cropland to other LU types is restricted. The restricted area is 
shown in Fig. 9.

The neighborhood weight of each LU type was determined by calculating the ratio of the expansion areas 
of a LU type accounting for the total land expansion based on the land expansion map79. According to the 
calculations, the neighborhood weights for cropland, forest, grassland, water, built-up land, and unused land 
were set to 0.20, 0.10, 0.41, 0.05, 0.9, and 0.44, respectively.

Data availability
All data generated or simulated in this study are available upon request to the corresponding author (lis-
shaxs@163.com). The land use, population and GDP data are available from http://www.resdc.cn. The DEM data 
are available from http://www.gscloud.cn. The precipitation and temperature data are available from http://www.
geodata.cn. The nighttime light data are available from https://www.geodoi.ac.cn/edoi.aspx?DOI = https://doi.
org/10.3974/geodb.2022.06.01.V1. The NDVI and NPP data are available from https://www.earthdata.nasa.gov.
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