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A B S T R A C T

The Qinghai-Xizang Plateau (QXP), the highest plateau in the world, boasts a diverse array of ecological land
scapes shaped by extreme climatic conditions; however, it is currently facing significant ecological challenges. In 
recent years, an increase in human activities, particularly the expansion of the human footprint and grazing 
intensity, has significantly exacerbated the pressures on habitat risk in the region. In this context, the future 
habitat risk trend under different scenarios on the QXP require further investigation. To address this gap, a 
comprehensive multi-scenario habitat risk prediction methodology was developed to fill this gap by integrating 
the InVEST model, the patch-generating land use simulation model, and the multilayer perceptron model, which 
combined land use and land cover data with human footprint index and grazing intensity data for a thorough 
assessment and prediction of habitat risk. Specifically, spatiotemporal changes in habitat risk on the QXP from 
2000 to 2020 were analyzed, future indicators were projected, and spatiotemporal variations in habitat risk were 
evaluated under multiple scenarios. The findings indicate that high-risk areas experienced a significant increase 
of 39% in 2005; however, this was subsequently mitigated by protective measures. In the Ecological Protection 
scenario, high habitat risk was reduced by over 74%, while the Urban Development scenario saw an increase of 
81% in high habitat risk. The alterations in habitat risks observed between 2005 and 2010 indicate that 
ecological conservation efforts on the Qinghai-Xizang Plateau have been effective. Among the various devel
opment pathways, the Ecological Protection scenario appears to be the most viable for the QXP. Nonetheless, the 
central and eastern regions of the QXP may continue to face an upward trend in habitat risk.

1. Introduction

The Qinghai-Xizang Plateau (QXP, historically referred to as the 
Qinghai-Tibet Plateau) serves as a crucial ecological barrier for China, 
with its vast glaciers and snow reserves playing a pivotal role in regu
lating Asian climate (Hua et al., 2022). The high-altitude environment 
and unique climate system significantly influence the Asian monsoon 
system and regional hydrological cycles while serving as a critical global 
biodiversity hotspot with numerous endemic species (Liu, 2021; Sun 
et al., 2023a, 2023b). However, despite its critical role in global climate 
regulation, the plateau’s ecosystem displays pronounced vulnerability. 
Previous studies indicate a significant decline in meadow area in the 
northeastern region of the plateau (Wang et al., 2008), and the urban 

expansion has led to the deterioration of wetlands, exacerbating the 
ecological challenges faced by this already fragile region (Nie et al., 
2022). Pressured by both global climate change and human activities, it 
faces severe environmental challenges, including accelerated glacier 
retreat, permafrost degradation, grassland deterioration, intensified soil 
erosion, biodiversity loss, depletion of rare wildlife resources, and 
frequent natural disasters (Liu and Chen, 2023; Liao et al., 2022; Wang 
et al., 2024; Drucker et al., 2011; Yang et al., 2024; Zhou et al., 2024). 
These issues significantly undermine the plateau’s function as a regional 
ecological security barrier (Xue et al., 2023). Over the past decades, the 
Chinese government has implemented a range of ecological protection 
policies on the QXP, including ecological benefit compensation, 
ecological security barrier protection, and transfer payments for critical 
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ecological function areas (Wang et al., 2021). Additionally, the gov
ernment has launched the Sanjiangyuan Nature Reserve ecological 
protection project ecological protection project and established 
ecological red lines (Zhao et al., 2023; Nie et al., 2023; Gu et al., 2023). 
The intensity of ecological and environmental policy protection has 
been progressively strengthened.

For the evaluation of ecosystems, habitat serves as a crucial indicator 
for evaluating the spatial extent of an organism’s survival within an 
ecological environment. Habitat Risk Assessment (HRA), which exam
ines the cumulative impacts of anthropogenic stressors on habitats, is 
essential for preserving ecologically sensitive areas and for species 
conservation (Arkema et al., 2015). It provides a necessary framework 
for understanding and mitigating risks to ecosystems and their in
habitants, ensuring the sustainability of biodiversity (Zhang et al., 2022; 
Zhu et al., 2022). Previous studies have proven that HRA effectively uses 
land use data for habitat risk assessment and has been successfully 
applied in numerous locations worldwide (Yu et al., 2024a, 2024b; 
Arkema et al., 2014; Cabral et al., 2015; Chung et al., 2015; Duggan 
et al., 2015; Wyatt et al., 2017). However, previous habitat risk assess
ment studies often overlook the ecological vulnerability of the QXP, 
which stems from its unique natural environment and increasing pres
sures from human activities, particularly the human footprint and 
grazing intensity (Fetzel et al., 2017; Zhang et al., 2018). The formula
tion of effective environmental protection policies should assess his
torical habitat risks and consider changes in future habitat risks under 
different scenarios. Previous studies on habitat tended to focus more on 
land use change and to combine human impacts into a single index, that 
is, human activity (Bai et al., 2019; Hack et al., 2020; Liu and Chen, 
2023). However, given the QXP’s relatively low population density and 
the prevalence of grazing farming, it is essential to discuss the human 
footprint and grazing intensity separately. This approach allows for a 
more nuanced understanding of how these distinct human activities 
impact the ecosystem and habitat risks. By disentangling the effects of 
human footprint and grazing intensity, policymakers and conserva
tionists can develop more targeted and effective strategies to mitigate 
ecological risks and promote sustainable land use practices on the 
plateau. Therefore, it is necessary to incorporate new dynamic in
dicators, such as the human footprint index (HFI) and grazing intensity 
(GI), into the habitat risk assessment framework while integrating 
multiple models to construct a multi-scenario habitat risk prediction 
framework.

In addition to analyzing historical habitat risk changes based on past 
and current data, forecasting future condition is also critical for 
ecological management and conservation regarding future habitat risks 
under different scenarios. To predict changes in land use patterns, the 
Patch-generating Land Use Simulation (PLUS) model has proven 
particularly effective in forecasting complex environmental changes 
(Liang et al., 2021). The PLUS model simulates LULC changes by 
dynamically capturing the evolution of multiple land use patches. It 
integrates the Land Expansion Analysis Strategy (LEAS), and a Cellular 
Automaton model based on multi-type random patch seeds (CARS), 
offering a more precise simulation of land use change processes and 
trends (Wang et al., 2023a, 2023b). This model is precious for under
standing the driving forces behind land expansion and predicting 
landscape dynamics (Guo et al., 2023a, 2023b; Liu et al., 2023b).

However, the PLUS model is more inclined toward handling discrete 
categorical data. Machine learning has introduced more flexible and 
adaptive methods for predicting complex ecological dynamics for 
continuous intensity indicators. The Multilayer Perceptron (MLP) neural 
network is renowned for its ability to approximate nonlinear functions 
and is particularly effective at capturing the dynamic relationships be
tween various factors within ecosystems. By automatically learning data 
patterns, MLP eliminates the need for manual feature engineering. It 
excels in handling high-dimensional datasets, making it an ideal tool for 
predicting changes in vital ecological indicators (Xu et al., 2022; Kumar 
et al., 2023; Moayedi et al., 2023).

Accordingly, the aim of this study is to assess and predict habitat risk 
on the QXP, as well as to clarify whether more favorable policy man
agement can mitigate habitat risks, particularly in high-risk areas, when 
further considering the increasing pressure of human activities. Addi
tionally, under different future development scenarios, we investigate 
the extent to which varying levels of policy implementation, land use 
changes, and human activities will result in different habitat risk out
comes, and which future development scenario is most likely. To address 
these questions, we have established three specific research objectives: 
(1) incorporating new indicators, such as grazing intensity and human 
footprint index, to develop a habitat risk assessment tailored to the 
unique ecological environment of the plateau. (2) Integrating multiple 
models to construct a comprehensive, multi-scenario habitat risk pre
diction framework that addresses various development needs specific to 
the plateau. (3) Assessing the impact and effectiveness of policy through 
the changes in habitat risk areas under multiple past and future sce
narios while comparing existing policies to predict the most likely 
development path in the future.

2. Study area and data

2.1. Study area

The QXP, located in southeast China, is characterized by an average 
elevation surpassing 4000 m and a total area of approximately 2.5 
million km2 (Sun et al., 2023a, 2023b) (Fig. 1). This region features a 
complex terrain, composed of vast plateaus, steep mountains, and deep 
valleys, forming a unique highland mountainous geomorphological 
system. Climatically, the QXP is characterized by cold and dry condi
tions, with significant annual temperature variation and minimal 
diurnal temperature variation. Precipitation levels vary significantly 
across different areas (Drucker et al., 2011; Yang et al., 2024). The 
vegetation cover on the QXP is closely related to its topography and 
climate, ranging from arid and barren alpine deserts to lush alpine 
meadows and forests, showcasing diverse landscapes and ecological 
system structures (Zhou et al., 2024).

Despite the relatively low level of urbanization on the QXP, there has 
been growing concern over the rapid increase in urban population and 
the rapid expansion of construction land in recent years (Wang et al., 
2020). The construction and operation of the Qinghai-Xizang Railway 
and the Sichuan-Xizang Railway may pose potential risks to the local 
ecological environment (Cui et al., 2022). At the same time, livestock 
farming, which is a significant production activity on the QXP, has 
exacerbated grassland degradation over the past 20 years due to climate 
change and intensified grazing activities (Chen et al., 2022), further 
leading to the loss of biodiversity (Liu et al., 2023a).

2.2. Data collection

This study utilizes the 30 m resolution land use data for five periods 
(2000, 2005, 2010, 2015, and 2020) published by the Resources and 
Environmental Sciences, Chinese Academy of Sciences (RESDC) 
(https://www.resdc.cn). The data categorize land use into six primary 
types: plowland forestland, meadow, water bodies, town land, and un
used land, where town land refers to villages and small settlements and 
includes construction land.

Seven factors were selected to calculate the intensity of HFI: GDP 
(Chen et al., 2022; https://www.resdc.cn), PopD (https://landscan.ornl. 
gov/), NL (Chen et al., 2022), roads (https://www.openstreetmap.org), 
railways (https://www.openstreetmap.org), plowland, and town area. 
These data spanned from 2000 to 2020. GI data for the QXP were also 
employed (Liu, 2021). The GI data was available annually from 2000 to 
2019. Considering the absence of GI data for 2020, we used the 2019 
data as a substitute.

To calculate the development potential of different land types, 12 
driving factors were used, including GI, precipitation (Peng, 2020), 
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temperature (Peng, 2023), DEM (https://www.gscloud.cn), slope, HFI, 
distance to primary roads, distance to secondary roads, distance to ter
tiary roads, distance to trunk roads, distance to railways, and distance to 
water bodies.

Data from national nature reserves (https://www.gisrs.cn) were used 
to constrain HFI and GI further. All data of different resolutions were 
converted uniformly to 300 m resolution and projected as EPSG: 3857- 
WGS 84/Pseudo-Mercator. Table 1 provides detailed information on the 
data sources.

3. Methodology

To evaluate and forecast habitat risk in the QXP, this study 
comprehensively assesses habitat risks under multiple scenarios by 
integrating LULC data with HFI and GI data.risks The HRA module 
within the InVEST model quantifies spatiotemporal shifts in habitat risk 
from 2000 to 2020. The PLUS model is employed to extract land use 
expansion, using 12 driving factors to calculate the development po
tential of different land use types. Three distinct scenarios are formu
lated: business-as-usual (BAU), ecological protection (EP), and urban 
development (UD). Land use changes in the QXP from 2025 to 2035 are 
simulated under these scenarios. The MLP model is trained using annual 
data on PopD, NL, and GDP from 2000 to 2020 and GI from 2000 to 2019 
to forecast PopD, NL, GDP, and GI under each scenario. The spatio
temporal changes in habitat risks and risk are quantitatively assessed on 
the QXP from 2025 to 2035 based on the HRA module within the InVEST 
model (Fig. 2).

3.1. Habitat risk assessment

The Habitat risk assessment (HRA) based on the InVEST model is a 
quantitative method used to evaluate the cumulative risk to habitats or 
species from multiple stressors (Arkema et al., 2015). The model in
cludes two dimensions of information, exposure (E) and consequence 
(C), used to calculate the risk or impact on ecosystem components. Here, 
E represents the degree of exposure of a specific habitat to a particular 
human activity, while C represents the response of that habitat to a 
specific level of exposure, including its resistance to and recovery from 
the exposure stressors. The values of E and C can be calculated using the 
following formulas (Eqs. (1) & (2)): 

E =

∑N
i=1

ek

dkωk
∑N

i=1
1

dkωk

(1) 

C =

∑N
i=1

ck

dkωk
∑N

i=1
1

dkωk

(2) 

where dk represents the data quality score under an indicator k, which 
can be assigned different values based on the data quality. ωk denotes 
the importance score of the data under the indicator k, representing the 
importance weight of the indicator k. N is the number of indicators used 
to evaluate each habitat. Based on the above calculations for E and C, the 
risk value Rij for each stressor j on a habitat i can be further determined. 
The risk value Rij can be obtained using the Euclidean risk calculation 
formula (Eq. (3)) or the multiplicative risk calculation formula (Eq. (4)). 

Fig. 1. Geographic location, land use types and vegetation zonation of the Qinghai-Xizang Plateau. LULC data derived from Chinese Academy of Sciences, vegetation 
zoning data derived from Vegetation Atlas of China.
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Rij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(E − 1)2
+ (C − 1)2

√

(3) 

Rij = EC (4) 

In assessing model indicators, this study incorporates a comprehensive 
survey of the actual conditions in the study area and relevant environ
mental protection policies. Referring to the InVEST User Guide, the 
study considers habitats’ natural recovery time and calculates E based 
on temporal overlap, management effectiveness, and intensity level. C is 
calculated based on area ratio change, disturbance frequency, and 
structure change level (Supplementary Tables 1 and 2).

From 2000 to 2005, policy management for meadows was relatively 
weak, while management for forests and water bodies was somewhat 
stricter. Between 2010 and 2015, management efficiency for meadows, 
forests, and water bodies was further enhanced. By 2020, management 
efficiency peaked, reflecting significant advancements in ecological 
protection efforts.

3.2. Human footprint index (HFI) assessment

This study selected seven factors to calculate the human footprint 
index: GDP, PopD, NL, roads, railways, plowland, and town area. The 
raw raster data were pre-processed, and scores were calculated by 
category as well as intensity (Table 4) to obtain the human footprint 
index dataset, which was calculated as follows: 

HFI(i, t) =
∑7

i=1
ωiαi =

PopD
3

+
NL
3

+
GDP

3
+PL+TL+R+RW (5) 

where HFI is human footprint index, PopD is population density; NL is 
nighttime light intensity; GDP is gross domestic product per capita; PL is 
Plowland; TL is town land; R is road; and Rw is railway. In this calcu
lation, α represents one of the seven indicators, and ω denotes the cor
responding weight. The HFI is calculated by summing the normalized 
values of the seven variables according to Eq. (5). Given the potential 
correlations between PopD, GDP, and NL, we assigned lower weights to 
these indicators based on prior research (Liu et al., 2023b). The indirect 
pressures of human activities on road infrastructure and land use areas 
were also assessed to evaluate their further impacts (Table 2).

3.3. Simulation of land use expansion in multiple contexts based on PLUS 
modeling

The PLUS model consists of three components: Land Expansion 
Extraction, LEAS, and CARS. First, areas of land expansion are identified 
by comparing two historical land use maps. The LEAS module uses the 
land expansion map and the driving factors of LULC to assess the 
development potential of each land type. Finally, the CARS component 
utilizes the initial land use and development potential obtained from 
LEAS to simulate future land use patterns. This model can accurately 
simulate the processes and trends of land use changes, providing 
essential tools and methods for geographic research.

In this study, based on the actual conditions of the QXP and refer
ences from related research by other scholars (Guo et al., 2023a, 2023b; 
Lin and Fu, 2023; Wang et al., 2023a, 2023b), 12 driving factors were 
identified. The development probability of each land use type and the 
contribution of each driving factor to the expansion of various land use 
types during the period were calculated. The specific calculation method 
is as follows (Eq. (6)) (Lin and Fu, 2023): 

Pikd(x) =
∑

n = 1MI = [hn(x) = d]M (6) 

where, Pikd(x) represents the probability of land use type k appearing in 
unit i, where d is either 1 or 0, and x is a vector composed of multiple 
driving factors. The function I is the indicator function of the decision 
tree ensemble, hn(x) indicates the predicted type of the decision tree, 
and M is the total number of decision trees.

3.4. Future scenario settings

This study constructs three land use change scenarios to better pro
mote the harmonized advancement of urban development, farmland 
conservation, and ecological environment preservation within the QXP. 
These scenarios are formulated by integrating findings from pertinent 
scholarly work and considering the region’s environmental develop
ment and conservation policies (Supplementary I). 

(1) Business-as-usual (BAU): This scenario is predicated on historical 
observational data and established developmental trajectories. It 
projects the progression and transformation of land use cate
gories without novel conservation initiatives or land manage
ment paradigms. It refrains from imposing supplementary 
constraints on the transmutation between disparate land use 
types, thereby serving as a foundational benchmark against 
which alternative scenarios are assessed, particularly those about 
ecological safeguarding and urban advancement.

(2) Ecological Protection (EP): Based on the national legislative 
framework for environmental conservation and ecological 
restoration on the QXP, this scenario imposes more rigorous 
ecological preservation mandates. It limits transforming 
meadows, forest land, and water bodies to farmland or con
struction land. The scenario also integrates data about the QXP’s 

Table 1 
Data types and sources.

Data type Data sources Format Scale

LULC Resources and Environmental 
Sciences, Chinese Academy of 
Sciences (RESDC) (https://www. 
resdc.cn)

raster 30 * 30 m

Vegetation 
zoning

Editorial Board of the Vegetation 
Atlas of China, Chinese Academy of 
Sciences. Vegetation Atlas of China. 
Beijing: Science Press, 2001.

vector /

Population 
density

LandScan Global, LandScan High- 
Definition (HD), and LandScan USA

raster 1000 * 1000 
m

GDP Chen et al., 2022; Resources and 
Environmental Sciences, Chinese 
Academy of Sciences (https://www 
.resdc.cn)

raster 1000 * 1000 
m

Night lighting Chen et al. (2020a) and Chen et al. 
(2020b)

raster 1000 * 1000 
m

GI Liu, 2021 raster 250 * 250 m
Road OpenStreetMap contributors. 

(2000–2020). Road network data. 
Retrieved from https://www.ope 
nstreetmap.org

vector /

River Adc, W. (2019). The Third Pole 
1:1,000,000 river dataset (2014). 
National Tibetan Plateau / Third 
Pole Environment Data Center

vector 1:1,000,000

DEM Geospatial Data Cloud site, 
Computer Network Information 
Center, Chinese Academy of 
Sciences. (https://www.gscloud. 
cn)

raster 30 * 30 m

Slope Geospatial Data Cloud site, 
Computer Network Information 
Center, Chinese Academy of 
Sciences. (https://www.gscloud. 
cn)

raster 30 * 30 m

Average annual 
temperature

Peng, 2020 raster 1000 * 1000 
m

Average annual 
precipitation

Peng, 2023 raster 1000 * 1000 
m

Nature reserve Geographic remote sensing 
ecological network platform 
(https://www.gisrs.cn)

vector /
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nature reserves, enforcing land-use conversion restrictions within 
these protected zones to ensure their integrity and conservation. 
Furthermore, it strategically expands the aggregate expanse of 
meadow, forest, and water body areas by incrementally 
increasing their coverage, which in turn elevates the likelihood of 
the transmutation of other land use types into these ecological 
categories, reinforcing the resilience of the QXP’s ecological 
systems.

(3) Urban Development (UD): Focused on stimulating economic 
expansion and the progression of urbanization, the UD scenario 
adopts a more lenient approach to the stringent preservation of 
meadow, forest land, and water bodies. This approach facilitates 
an enlargement of the built-up land area, accommodating the 
spatial demands of urban sprawl. Concurrently, it raises the 
likelihood of reclassifying other land use types to construction 
land, thereby supporting the infrastructural and demographic 

growth associated with urban centers, aligning with the objec
tives of metropolitan expansion and economic vitality.

3.5. MLP-based prediction of HFI and GI

The MLP is designed to leverage multiple time steps of input data for 
predictive modeling. Specifically, the model leverages three consecutive 
years of historical data to predict future values. Initially, the connections 
between neurons are initialized with random weights. The input layer 
receives the preprocessed data, including adjustments for grassland 
boundaries and conservation area weights, and sends it to the hidden 
layers, enables the MLP to accurately predict GDP, NL, PopD and GI on 
the QXP using historical data under multi-Scenario simulations.

To efficiently manage extensive image data, the data is segmented 
into overlapping chunks that are processed independently. This 
approach reduces memory usage and ensures smooth integration of 
predictions. The training data is standardized using techniques like the 

Fig. 2. Research Technology Roadmap. The process consists of three main steps: Calculating past changes in habitat risk, predicting changes in LULC, GI, and HFI 
under multiple scenarios, and assessing habitat risk variations under these scenarios.
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StandardScaler, and missing values are imputed. The model’s pre
dictions are then reconstructed into their original spatial format, 
considering overlaps to ensure seamless integration.

Additionally, the model applies constraints to ensure that predicted 
values are non-negative, reflecting the realistic conditions of GDP, NL, 
PopD, and GI. Using historical data and these sophisticated pre
processing and training techniques, the MLP effectively learns the 

patterns and trends, enabling accurate predictions for future years on 
the QXP.

3.6. Accuracy verification

The Kappa coefficient and overall accuracy (OA) were calculated 
using a confusion matrix with a sampling rate of 0.10 additionally (Yu 
et al., 2024a, 2024b; Jian et al., 2024). The calculation methods are as 
follows (Eqs. (7) and (8)). 

OAo =

∑n
k=1OAkk

N
(7) 

Kappa =
OAO − OAE

(1 − OAE)
(8) 

where OAo is the overall accuracy, OAE is the probability of chance 
agreement between the simulated and actual results, and OAkk repre
sents the number of samples correctly identified for land use type k.

Since GDP, PopD, NL, and GI data represent intensity values rather 
than categorical data like LULC, OA is more appropriate for these in
tensity values. OA directly reflects the consistency between predicted 
and actual values, while the Kappa statistic is mainly used to assess the 
accuracy of categorical data classification and thus cannot adequately 
capture the accuracy characteristics of continuous data. Therefore, in 
the accuracy validation process, this study uses the OA metric to validate 
the accuracy of GDP, PopD, NL, and GI data (Supplementary II).

4. Results and analysis

4.1. Historical evolution of habitat indicators and risk of the QXP from 
2000 to 2020

4.1.1. Land use and land cover (LULC) changes
From 2005 to 2010, the meadowland experienced substantial 

degradation, with an area reduction of 227,680 km2, representing 
− 15.84 % of the total meadow area. Concurrently, forest and water 
lands were expanded by 39,535 km2 (14.65 %) and 19,140 km2 (18.16 
%), respectively. These transformations were predominantly observed 
in the southwestern region of the QXP (Fig. 3; Supplementary Fig. 1). 
The significant reduction in the meadow area, which far exceeded the 
combined increase in forest and water areas, suggested a potential issue 
of overgrazing and desertification in the region. In the remaining period, 
from 2000 to 2005 and after 2010, the areas of different habitat types 
remained unchanged.

From 2005 to 2010, the meadowland experienced substantial 
degradation, with an area reduction of 227,680 km2, representing 
− 15.84 % of the total meadow area. Concurrently, forest and water 
lands were expanded by 39,535 km2 (14.65 %) and 19,140 km2 (18.16 
%), respectively. These transformations were predominantly observed 
in the southwestern region of the QXP (Supplementary Fig. 1). The 
significant reduction in meadow area, which far exceeded the combined 
increase in forest and water areas, suggested a potential issue of over
grazing and desertification in the region. In the remaining period, from 
2000 to 2005 and after 2010, the areas of different habitat types 
remained unchanged.

Compared to habitats, the stressors of town land and plowland are 
relatively more minor, but both exhibit a clear growth trend 
(Supplementary Fig. 2). From 2005 to 2010, the area of plowland 
increased by 2908 km2 (12.04 %), while the area of town land expanded 
by 283 km2 (18.55 %) from 2000 to 2005, by 573 km2 (31.71 %) from 
2005 to 2010, and by 529 km2 (22.25 %) from 2010 to 2015 (Table 3).

4.1.2. The stressor of HFI and GI
In addition to the previously discussed plowland and town land, key 

economic and demographic factors such as GDP, PopD, NL, and the 

Table 2 
Data description, source, impact range and references for the human footprint 
index (HFI).

Type Score Indirect 
impact 
range

Descriptions References

PopD [0,9] / For all areas with a 
population density 
exceeding 1000 people 
per km2, we assigned a 
maximum score of 9. The 
remaining areas were 
scored on a 0–9 scale at 
equal intervals.

Venter et al. 
(2016) and 
Williams et al. 
(2020)

NL [0,9] / For all areas with 
nighttime light intensity 
greater than 10 per km2, 
we assigned a maximum 
score of 9. The 
remaining areas were 
scored on a 0–9 scale at 
equal intervals.

GDP [0,9] / For all areas with a GDP 
more significant than 10 
per km2, we assigned a 
maximum score of 9. At 
equal intervals, the 
remaining areas were 
scored on a 0–9 scale.

Plowland 0,4,8 800 m Areas classified as 
“Plowland” are assigned 
a maximum score of 8. 
Regions within an 800-m 
indirect impact range of 
these areas receive 4 
points, while all other 
areas are assigned 
0 points.

Liu et al. 
(2023b)

Town 
land

0,5,10 1000 m Areas classified as “town 
land” are assigned a 
maximum score of 10. 
Regions within a one- 
kilometer indirect 
impact range of these 
areas receive 5 points, 
while all other areas are 
assigned 0 points.

Road 0,4,6,8 500 
m,1000 m

For major roads and 
highways, areas within a 
1000-m impact range are 
assigned a maximum 
score of 8. Areas within a 
500-m impact range of 
secondary roads and 
trunk roads receive 6 
points, while areas 
within a 500-m impact 
range of other minor 
roads are assigned 4 
points. Areas without 
roads receive 0 points.

Arias-Patino 
et al. (2024) and 
Liu et al. 
(2023b)

Railway 0,8 1000 m For railways, areas 
within a 1000-m impact 
range are assigned a 
maximum score of 8, 
while areas without 
railways receive 
0 points.

​
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extent of road and railway networks were incorporated into the HFI 
assessment (Supplementary Fig. 3). From 2000 to 2020, the HFI on the 
QXP witnessed an increase predominantly within the eastern and 
southern sectors characterized by advanced transportation infrastruc
ture (Fig. 4).

Grazing areas were predominantly concentrated from the north
eastern to the southwestern sections of the meadow areas. GI on the 
northeastern and southwestern margins of the QXP demonstrated a 
consistent decline, indicative of a potential reduction in livestock pres
sure or changes in grazing management practices over time (see Fig. 5). 
Conversely, GI within the interior regions exhibited a contrasting 

upward trend, indicating that human utilization of vegetation areas in 
meadows and alpine meadows is intensifying (Fig. 4).

4.1.3. Historical habitat risk assessment results and temporal changes
From 2000 to 2020, the habitat risk significantly changed across 

different levels (Fig. 6; Table 4). According to the data, the low-risk areas 
experienced a significant decrease between 2005 and 2010 (a decline of 
13.64 %), followed by a slight rebound (an increase of 3.93 %). How
ever, the overall trend remains downward, indicating that relatively safe 
habitats are shrinking. At the same time, the medium-risk and high-risk 
areas saw a notable increase in 2005, with growth rates of 31.74 % and 

Fig. 3. Spatial and temporal changes in LULC on the QXP from 2000 to 2020.

Table 3 
The area of LULC and change rate in 2000–2020 (km2).

Type 2000 2005 2010 2015 2020

Meadow (Change rate) 1,437,657 1,436,997 (− 0.05 %) 1,209,317 (− 15.84 %) 1,208,725 (− 0.05 %) 1,209,244 (0.04 %)
Forest (Change rate) 269,514 269,802 (0.11 %) 309,337 (14.65 %) 309,659 (0.10 %) 309,197 (− 0.15 %)
Lake (Change rate) 104,697 105,422 (0.69 %) 124,562 (18.16 %) 124,902 (0.27 %) 130,641 (4.60 %)
Plowland (Change rate) 24,374 24,147 (− 0.93 %) 27,055 (12.04 %) 26,926 (− 0.48 %) 26,783 (− 0.53 %)
Town land (Change rate) 1523 1806 (18.55 %) 2379 (31.71 %) 2908 (22.25 %) 2917 (0.31 %)

Fig. 4. Spatial and temporal changes in HFI on the QXP from 2000 to 2020. The localized area is where the changes in the “HFI” are more evident.
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39.32 %, respectively. It reflects the expansion of human activities 
during this period, particularly urbanization, agricultural land expan
sion, and infrastructure development. However, from 2005 to 2010, the 
growth rate of medium-risk areas slowed, and the high-risk areas saw a 
16.22 % decrease, suggesting that policy interventions began to take 
effect, curbing the expansion of middle and high risk areas.

4.2. Prediction of future habitat indicators

4.2.1. Simulation of future LULC in multiple scenarios
The PLUS model was applied to predict future land use changes 

(Supplementary Figs. 4 and 5). The BAU scenario projection is consistent 

with the observed LULC trends from 2000 to 2020, which indicates an 
overall decreasing trend for meadow and water body areas, in contrast 
to the increasing trend for forest areas. Projections for 2025 and 2035 
under the BAU scenario indicate a continued decline in meadow and 
water areas, while forest coverage is expected to expand further. The EP 
scenario underscores a pronounced emphasis on environmental con
servation in stark contrast to the BAU scenario. It projects a significant 
increase in forest areas and continuous growth for meadows and water 
areas throughout the projection period from 2025 to 2035. Conversely, 
the town land area initially decreases but slightly increases from 2030 to 
2035. The area of plowland land is consistently projected to decline, 
while the area of unused land is anticipated to reduce substantially. 

Fig. 5. Spatial and temporal changes in GI stressors on the QXP from 2000 to 2020.

Fig. 6. Spatial and temporal variation in ecosystem habitat risk on the QXP from 2000 to 2020.

Table 4 
The area of habitat risk and change rate in 2000–2020 (km2).

Level 2000 2005 2010 2015 2020

Low-level (Change rate) 23,411,689 21,120,105 (− 9.79 %) 18,237,989 (− 13.64 %) 18,954,743 (3.93 %) 18,879,792 (− 0.40 %)
Middle-level (Change rate) 6,783,716 8,936,014 (31.74 %) 9,050,741 (1.29 %) 8,235,582 (− 9.00 %) 8,377,926 (1.73 %)
High-level (Change rate) 369,366 514,625 (39.32 %) 431,029 (− 16.22 %) 530,606 (23.11 %) 560,982 (5.72 %)
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Under the UD scenario, LULC exhibits distinctive characteristics. The 
area of plowland shows an increase by 2025 and then remains un
changed. Forest and meadow areas experience a gradual decline over 
the projected period from 2025 to 2035. In contrast, water areas display 
a slight but steady increase. Town land areas show significant growth, 
while the area of unused land remains relatively stable with a slight 
increase (Fig. 7; Table 5).

4.2.2. Prediction of HFI and GI based on MLP

4.2.2.1. HFI prediction. As for HFI, in the BAU scenario, the area of 
regions with no HFI gradually decreases, while areas with lower level 
HFI show an increasing trend. Areas with higher levels of HFI remain 
relatively stable. In the EP scenario, the area of regions lacking HFI also 
declines, although the growth rates of areas with lower HFI are 
comparatively slower. Changes in areas with high HFI are relatively 
stable. In the UD scenario, the area of regions with no HFI experiences 
the most significant decrease, and areas with lower HFI exhibit the 
fastest growth rates. Changes in areas with high HFI are like other sce
narios but indicate tremendous pressure on the ecosystem due to 
increased population density and infrastructure expansion (Fig. 8; 
Supplementary Fig. 6).

4.2.2.2. GI prediction. From 2025 to 2035, the GI exhibits distinct 
trends across the scenarios. In the BAU scenario, areas with no GI show a 
relatively stable trend with slight fluctuations over time. Low GI areas 
gradually decrease initially but stabilize towards the end of the period. 
Middle GI areas experience an increase followed by a slight decline, 
while high GI areas steadily increase throughout the period. Under the 
EP scenario, areas with no GI show an initial increase followed by a 

decrease, with an upward trend. Areas with low GI initially decrease but 
recover towards the end of the projection period. Middle and high GI 
areas show continuous decreases or minor fluctuations, reflecting con
servation efforts and sustainable grazing practices. In the UD scenario, 
the area with no GI remains relatively stable with minor fluctuations. 
Low GI areas decrease gradually, while medium and high GI areas 
exhibit modest increases followed by slight decreases or stable patterns 
(Fig. 9).

4.3. Habitat risk assessment under multiple scenarios

The study calculates the habitat stressors to the QXP from plowland 
expansion, urbanization, grazing pressure, and human footprint pres
sures for 2025–2035 under three scenarios. Examining three distinct 
scenarios delineates the spatial distribution of overall habitat risk across 
the QXP (Fig. 10; Table 6).

4.3.1. Comparison of time series of habitat risk areas
Overall, the habitat risk trends under the BAU scenario remain 

relatively stable, aligning with the trends observed from 2000 to 2020. It 
suggests that future habitat risks will continue without significant policy 
interventions. In contrast, the EP scenario demonstrates that with 
intense policy interventions, habitat risks can be effectively mitigated, 
particularly evidenced by the continuous reduction of high-risk areas 
and the significant expansion of low-risk areas, underscoring the effec
tiveness of ecological protection measures. On the other hand, the UD 
scenario highlights the rapid escalation of habitat risks driven by 
increased human activity, urban land expansion, and agricultural land 
use. Expanding medium- and high-risk areas will intensify without 
appropriate policy measures, putting further pressure on ecosystems.

Fig. 7. Simulation of LULC in multiple scenarios on the QXP from 20,250 to 2035.
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Specifically, In the BAU scenario, low-risk areas exhibit a gradual 
decline. Middle-risk areas will expand significantly between 2020 and 
2025 (15.09 %), and although the growth rate will slow after 2030, a 
stable upward trend persists overall. High-risk areas show notable 
volatility, with a sharp decrease from 2020 to 2025 (− 12.83 %) and a 
marked rebound after 2030 (13.90 %), suggesting that expanding high- 
risk areas could pose potential environmental challenges. In the EP 
scenario, low-risk areas demonstrate the most significant change, 
particularly from 2025 to 2030, with a substantial increase (16.38 %). 
Middle-risk areas exhibit considerable fluctuations. In contrast, high- 
risk areas undergo a sharp reduction between 2020 and 2025 
(− 77.60 %), underscoring the effectiveness of protective measures in 
curbing high-risk zones. The UD scenario shows the most drastic 
changes in risk distribution. Low-risk areas sharply contract in the initial 
period (− 17.79 %), reflecting intense urban encroachment. Simulta
neously, middle-risk areas experience rapid expansion between 2020 
and 2025 (31.10 %), followed by relative stability. The expansion of 
high-risk areas is particularly striking, dramatically increasing from 
2020 to 2025 (99.97 %). Although the growth slows between 2025 and 
2030, the overall trend of substantial expansion continues, highlighting 
the significant pressure urbanization exerts on the ecological 
environment.

4.3.2. Comparison of regional scenarios of habitat risk
Using the BAU scenario as a reference, a comparison of the EP and 

UD scenarios reveals that the ecological protection policies in the EP 
scenario effectively curtail the expansion of high-risk areas. In contrast, 
urban expansion in the UD scenario exerts substantial environmental 
pressure, particularly in expanding high-risk areas. The detailed analysis 
is as follows:

By 2025, compared to the BAU scenario, the EP scenario shows an 
increase of 6.55 % in low-risk areas, minimal change in medium-risk 
areas, and a significant reduction of 74.30 % in high-risk areas. In 
contrast, the UD scenario exhibits a significant decrease of 11.27 % in 

Table 5 
The area of LULC and change rate in 2025–2035 under multi-scenario (km2).

Scenarios Type 2025 2030 2035

BAU Plowland 
(Change rate)

27,229 (1.67 
%)

27,288 (0.21 
%)

25,648 
(− 6.01 %)

Forest (Change 
rate)

309,390 (0.06 
%)

309,459 (0.02 
%)

309,509 (0.02 
%)

Meadow 
(Change rate)

1,208,924 
(− 0.03 %)

1,208,572 
(− 0.03 %)

1,208,125 
(− 0.04 %)

Water (Change 
rate)

119,271 
(− 8.70 %)

114,790 
(− 3.76 %)

111,247 
(− 3.09 %)

Town (Change 
rate)

3061 (4.95 %) 3334 (8.89 %) 3438 (3.13 %)

Unuse (Change 
rate)

832,122 (1.34 
%)

836,496 (0.53 
%)

841,970 (0.65 
%)

EP Plowland 
(Change rate)

24,098 
(− 10.02 %)

23,495 
(− 2.50 %)

21,711 
(− 7.60 %)

Forest (Change 
rate)

311,026 (0.59 
%)

330,640 (6.31 
%)

341,330 (3.23 
%)

Meadow 
(Change rate)

1,251,492 
(2.66 %)

1,351,410 
(8.85 %)

1,391,947 
(3.00 %)

Water (Change 
rate)

134,390 (2.87 
%)

142,279 (5.87 
%)

151,171 (6.25 
%)

Town (Change 
rate)

2755 (− 5.53 
%)

2414 (− 12.37 
%)

2439 (1.01 %)

Unuse (Change 
rate)

786,176 
(− 4.26 %)

649,700 
(− 17.36 %)

591,340 
(− 8.98 %)

UD Plowland 
(Change rate)

28,830 (7.63 
%)

29,102 (0.94 
%)

29,015 
(− 0.30 %)

Forest (Change 
rate)

308,707 
(− 0.16 %)

308,114 
(− 0.19 %)

307,521 
(− 0.19 %)

Meadow 
(Change rate)

1,207,653 
(− 0.11 %)

1,206,767 
(− 0.10 %)

1,205,582 
(− 0.10 %)

Water (Change 
rate)

123,548 
(− 5.42 %)

123,869 (0.26 
%)

124,548 (0.55 
%)

Town (Change 
rate)

3272 (12.17 
%)

3564 (19.85 
%)

4157 (16.63 
%)

Unuse (Change 
rate)

827,929 (0.83 
%)

828,522 (0.07 
%)

829,114 (0.07 
%)

Fig. 8. Simulation of HFI in multiple scenarios.
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Fig. 9. Simulation of GI in multiple scenarios.

Fig. 10. Simulation of habitat risks in multiple scenarios.
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low-risk areas, a substantial increase of 13.91 % in medium-risk areas, 
and a dramatic expansion of 129.38 % in high-risk areas.

By 2030, the EP scenario shows a 30.24 % increase in low-risk areas 
compared to the BAU scenario, a decrease of 13.63 % in medium-risk 
areas, and a significant reduction of 78.36 % in high-risk areas. In 
comparison, the UD scenario shows minimal changes in low and 
medium-risk areas, with a dramatic expansion of 81.70 % in high-risk 
areas. In 2035, the EP scenario shows a 27.92 % increase in low-risk 
areas compared to the BAU scenario, minimal change in medium-risk 
areas, and a significant reduction of 80.59 % in high-risk areas. 
Conversely, the UD scenario shows minimal changes in low and 
medium-risk areas, while high-risk areas experience a dramatic expan
sion of 100.47 %.

5. Discussion

5.1. Habitat risk assessment dynamics and temporal changes on the QXP

Between 2000 and 2020, the HFI showed a steady upward trend, 
with the main areas of growth concentrated around urban centers and 
transportation networks. This trend was closely related to infrastructure 
development, particularly the expansion and improvement of roads, 
railways, and urban areas. In these highly active regions, agricultural 
expansion, industrial development, and residential construction exerted 
significant pressure on local ecosystems, potentially leading to re
ductions in biodiversity and degradation of ecosystem services (Correa- 
Ayram et al., 2017). Overall, the spatial distribution and trends of HFI 
significantly impacted the ecological environment and sustainable 
development of the QXP. Future conservation and development strate
gies must have considered the effects of HFI on ecosystems, imple
menting appropriate measures to balance economic growth with 
environmental protection, especially in ecologically sensitive and 
biodiversity-rich areas.

Since meadows played a crucial role in carbon sequestration, over
grazing may have weakened this ecological service, exacerbating the 
adverse effects of climate change (Song et al., 2009; Li et al., 2024). In 
meadow regions, the increase in GI similarly contributed to the degra
dation of ecosystem services, particularly in terms of water retention 
capacity and soil quality (Liu et al., 2022). Meadow ecosystems typically 
supported high levels of biodiversity, but overgrazing could alter the 
composition of plant communities, which in turn affected the overall 
structure and function of the ecosystem. The rising grazing intensity 
placed considerable pressure on the ecological environment of the QXP. 
Future management strategies must have considered balancing GI with 
ecological protection to ensure that this globally significant ecological 
region continued to provide essential ecosystem services while 
conserving its biodiversity.

Over the past two decades, the QXP predominantly featured low-risk 
habitats, which were concentrated mainly in the central alpine meadows 
and southern tropical rainforests, often situated within the protective 
confines of nature reserves (Fig. 6; for specific distribution, see Sup
plementary Fig. 7). These regions exhibit by low GI and minimal human 
disturbance, contributing to their lower threat status. In contrast, high- 

risk zones are predominantly found in the eastern temperate meadows 
and broadleaf forests, where higher GI, human activity, and urbaniza
tion pressures result in considerable anthropogenic interference. 
Middle-risk areas are typically located at the transition zones between 
low- and high-risk regions, creating a gradient of risk levels (Zhang 
et al., 2023).

During this period, 2005 was a critical turning point for habitat risk, 
with middle and high habitat risk areas significantly increasing (31.74 % 
and 39.32 %, respectively). This shift was mainly due to China’s rapid 
urbanization process. From 2000 to 2005, urban expansion and infra
structure development peaked, with the rapid expansion of highways, 
rail networks, and large-scale urbanization driving dramatic changes in 
land-use patterns (Correa-Ayram et al., 2017; Munthali et al., 2023). 
Particularly in ecologically fragile areas like the QXP, infrastructure 
projects (such as the Qinghai-Xizang Railway) promoted regional eco
nomic development and greatly intensified human activity. However, 
these construction activities substantially negatively impacted the 
ecosystem during this period, leading to habitat fragmentation, loss of 
natural habitats, and degradation of ecological functions (Zhang et al., 
2023; Liu et al., 2023b; Cui et al., 2022). Due to the intrinsic fragility and 
weak recovery ability of plateau ecosystems, the surge in high-risk areas 
in 2005 reflects the intense ecological pressure brought by urbanization 
and infrastructure development during this period.

The initial phase from 2020 to 2025 shows a notable increase in the 
transition to higher risk categories, signaling potential environmental 
challenges ahead. To address growing ecological pressures, the Chinese 
government has progressively implemented stricter protection policies 
on the QXP. For example, the Sanjiangyuan Nature Reserve Project 
launched in 2005. Major plans such as the “Xizang Ecological Security 
Barrier Protection Plan (2008–2030)” and the “Qinghai-Xizang Plateau 
Ecological Construction Plan (2011–2030)” further strengthened con
servation efforts. The implementation of these policies has led to com
plex changes in habitat risks on the QXP. The government’s protective 
measures have significantly reduced ecological pressure in certain areas. 
However, as economic development and urbanization continue to 
advance, habitat risks in some regions remain on the rise, reflecting the 
ongoing threat that human activities pose to fragile ecosystems.

5.2. Future habitat risk trend

In future scenario analyses, the BAU scenario maintains the conti
nuity of current development and protection policies and predicts that 
low habitat risk areas in QXP will decrease between 2020 and 2035 due 
to escalating human activities and urban expansion. Initially, middle 
habitat risk areas are expected to expand significantly, with their growth 
stabilizing later, while high habitat risk areas are projected to fluctuate. 
This overall trend aligns with the changes in habitat risk areas observed 
from 2000 to 2020. The EP and UD scenarios present development 
trajectories that differ from the BAU scenario. The area of high habitat 
risk in the EP scenario decreased by more than 74 % in each period. In 
contrast, the area of high habitat risk in the UD scenario increased by 
more than 81 %.

Several key factors influence these variations significantly in the 

Table 6 
The area of habitat risks and change rates in 2025–2035 under multi-scenario (km2).

Scenarios Type 2020 2025 2030 2035

BAU Low-level risk (Change rate) 18,879,792 17,493,224 (− 7.34 %) 16,654,554 (− 4.79 %) 16,378,270 (− 1.66 %)
Middle-level risk (Change rate) 8,377,926 9,642,507 (15.09 %) 10,395,330 (7.81 %) 10,540,090 (1.39 %)
High-level risk (Change rate) 560,982 489,017 (− 12.83 %) 491,295 (0.47 %) 559,573 (13.90 %)

EP Low-level risk (Change rate) 18,879,792 18,638,191 (− 1.28 %) 21,690,859 (16.38 %) 20,951,050 (− 3.41 %)
Middle-level risk (Change rate) 8,377,926 9,692,924 (15.70 %) 8,977,838 (− 7.38 %) 10,729,493 (19.51 %)
High-level risk (Change rate) 560,982 125,688 (− 77.60 %) 106,276 (− 15.44 %) 108,607 (2.19 %)

UD Low-level risk (Change rate) 18,879,792 15,520,769 (− 17.79 %) 15,849,637 (− 2.12 %) 15,520,769 (− 2.07 %)
Middle-level risk (Change rate) 8,377,926 10,983,314 (31.10 %) 10,902,086 (− 0.74 %) 10,983,314 (0.75 %)
High-level risk (Change rate) 560,982 1,121,790 (99.97 %) 892,695 (− 20.43 %) 1,121,790 (25.66 %)
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context of spatial and temporal changes in habitat risk on the QXP from 
2025 to 2035. Policy enforcement intensity emerges as the predominant 
factor across all considerations (Liang & Song, 2022). Particularly in the 
UD scenario, relaxed environmental protection policies lead to a sub
stantial transformation of moderate-risk habitats into high-risk ones. 
Over the past 20 years, forest habitats on the QXP have increased, with 
stability achieved after 2010, likely influenced by national forest pro
tection projects and ecological compensation policies. Water body 
habitats have also slightly increased, reflecting the effectiveness of na
tional wetland protection measures. However, the growth in construc
tion land and the acceleration of urbanization poses challenges, 
potentially leading to land resource consumption and environmental 
degradation (Liu et al., 2023a).

In 2023, China enacted the “Qinghai-Xizang Plateau Ecological 
Protection Law,” setting basic principles for ecological protection and 
outlining measures such as improving management, ensuring ecological 
safety, enhancing protection and restoration, and strengthening risk 
prevention and supervision (Qiushi, 2023). The law specifies protection 
for critical ecosystems like rivers, lakes, grasslands, forests, and wet
lands, focusing on areas like the Sanjiangyuan region. It also mandates 
protection for rare and endangered species native to the plateau. The 
law promotes sustainable development by advocating for farmland 
conservation, desertification control, soil erosion prevention, and green 
mining practices.

Regionally, Gansu’s northern part is crucial for national sand pre
vention, while its southwest is an essential ecological barrier. The 
eastern and southeastern parts of the plateau are part of the Qinghai- 
Xizang Plateau-Sichuan-Yunnan ecological shield, highlighting Gan
su’s role in windbreak and sand fixation, water source conservation, and 
soil and water retention. Qinghai is poised to become a national 
ecological security and conservation area, supporting the “Belt and 
Road” initiative. Xizang focuses on sustainable development for high- 
quality growth. Yunnan aims to lead in ecological civilization and 
serve as a South and Southeast Asia hub.

Considering ecological protection policies and spatial planning, the 
EP scenario reflects a realistic QXP future. It is achieved through strin
gent regulations on land conversion, protecting nature reserves, and 
expanding ecological lands, thereby fortifying ecosystem resilience. 
These interventions diminish the short-term expanse of middle- and 
high-risk areas, transforming them into low-risk areas. The enduring 
impact of these strategies is also apparent in the long term, showcasing 
their efficacy in mitigating habitat risks. The initial stages of imple
mentation have seen a substantial shift from medium- to low-risk areas, 
with a notable decrease in high-risk zones. This transformation un
derscores the effectiveness of ecological protection measures in curbing 
habitat risk by reducing the extent of medium- to high-risk areas and 
expanding the low-risk landscape (Xue et al., 2023). On the contrary, the 
UD scenarios exhibit poor risk control, with a clear potential for 
increased risk. This comparison indicates the detrimental effects of ur
banization on ecosystems and underscores the critical importance of 
ecological protection strategies. Consequently, these strategies are 
proven to be highly effective in reducing habitat risk on the QXP, not 
only in the short term but also in demonstrating long-term stability.

5.3. Policy implications

Our examination of the ramifications of policies on prospective 
habitats reveals a trend that priority for land use policies always results 
in sacrificing plowland rather than ecological land. This inclination 
stands in contrast to findings from research conducted on Hainan Island 
(Zhang et al., 2024) and Wuhan (Ke et al., 2018) yet is consistent with 
the study on Guizhou Province (Guo et al., 2023a, 2023b). Such variance 
in the policy-driven outcomes underscores an intensified focus on 
ecological stewardship, particularly in the regions of western China with 
high vegetation coverage rates but less developed. This heightened 
emphasis on conservation underscores the strategic importance of 

safeguarding these areas, which are often the custodians of rich biodi
versity and critical ecosystem services.

This study has argued that the EP scenario best encapsulates a 
plausible future trajectory for the QXP. In the future, stringent policies 
for conserving grasslands, forests, and water bodies will enhance 
ecosystem resilience (Li et al., 2022). However, there is a potential shift 
towards economic development as a priority once the ecological envi
ronment reaches a certain threshold of improvement. It is particularly 
plausible in regions with superior ecological conditions and minority 
ethnic populations, especially those with higher vegetation cover, 
favorable climates, and proximity to economically vibrant Sichuan 
Province and Yunnan Province, where the demand for economic 
advancement is more pronounced, and the environmental impact of 
human activities is relatively subdued (Wang et al., 2023a, 2023b).

In its pursuit of robust ecological protection and sustainable devel
opment, the Chinese government has strategically delineated ecological 
red lines in recent years (Hu et al., 2022; Gu et al., 2023; Zeng et al., 
2024). This initiative is pivotal, covering more than half of the QXP 
within protective boundaries. The goal is to safeguard areas of vital 
ecological importance on the plateau, ensuring the conservation of their 
inherent functions, preventing any reduction in area, and preserving 
their essential characteristics (Liu and Chen, 2023; Nie et al., 2023). 
While the protection within the red line regions is less stringent than in 
nature reserves, allowing certain socio-economically valuable activities, 
the ecological red line policy is a cornerstone of regional ecological 
conservation.

Our predictive results indicate that, even with the ecological red line 
policy in place, specific areas within the central QXP, especially in the 
southern regions of Qinghai Province, may face increased habitat risks 
by 2035 (Fig. 10; for specific distribution, see Supplementary Fig. 8). 
This forecast highlights the unwavering need for a steadfast commit
ment to ecological conservation strategies. It also emphasizes the 
ongoing efforts to protect our natural environments for future genera
tions. The ecological red line policy represents a balanced approach that 
integrates conservation with sustainable development, setting a prece
dent for other regions grappling with similar ecological challenges.

Moreover, the QXP can sensibly establish objectives for expanding 
built-up land. An emphasis on a particular land use type can precipitate 
a significant alteration in ecosystem services (Guo et al., 2023a, 2023b). 
Under precise delineation and stringent conservation measures, these 
regions can judiciously expand built-up areas to accommodate economic 
development. Concurrently, we have identified spatial conflicts between 
environmental preservation and other land uses, a phenomenon preva
lent in numerous locales and anticipated to be resolved through the 
holistic recalibration of Territorial Spatial Planning. Our framework 
offers an additional layer of guidance from a simulation-based 
perspective. The EP and UD scenarios illustrate two such contrasting 
extremes. It serves as a reminder that urban expansion and greening 
initiatives must be meticulously deliberated to ensure a balanced 
approach.

5.4. Limitation and future work

This study integrated multiple models, including InVEST, PLUS, and 
MLP, to design a comprehensive framework for analyzing the spatio
temporal variations of habitat risk on the QXP under multiple scenarios. 
This innovative approach combines GI, HFI, and LULC data to advance 
the prediction of habitat risk within the QXP. However, our study en
counters certain limitations.

The scarcity of historical data for training the multilayer perceptron 
network restricts the model’s predictive scope to a 15-year horizon, 
precluding the possibility of long-term projections. Additionally, 
external factors such as policy shifts, climatic uncertainties, and eco
nomic instabilities may compromise the predictive accuracy, potentially 
causing discrepancies in future outcomes.

Moreover, the three scenarios utilized in this analysis may not 
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encapsulate the full spectrum of real-world transformations. The pre
suppositions regarding future developments might not wholly mirror 
reality’s intricate and fluid character. Consequently, further inquiry is 
imperative to refine these scenarios, ensuring that our simulations are 
more reflective of genuine environmental and socio-economic 
dynamics.

6. Conclusions

In this study, we assessed the conservation effectiveness of policy 
formulation on the QXP by examining habitat risk assessment and 
forecasting in multi-scenario simulations. The separated indicators HFI 
and GI are introduced into the evaluation and prediction framework of 
human activities, aiming to capture the unique ecological challenges 
faced by the plateau more accurately. We integrate multiple models to 
construct a multi-scenario habitat risk prediction framework based on 
InVEST-PLUS-MLP, fully considering development needs and diverse 
predictive factors, thus providing more accurate scientific support for 
future policymaking.

From 2000 to 2020, the QXP observed a significant contraction in 
meadow lands, juxtaposed with a notable expansion in forest and water 
body areas. However, these individual gains were overshadowed by an 
overall reduction in the total habitat area. These transformations high
light the pressing challenges faced in the region’s environmental stew
ardship. The scenario simulation results show that, under the EP 
scenario, the area of high-risk zones decreased by more than 74 % per 
period compared to the BAU scenario from 2025 to 2035. In contrast, in 
the UD scenario, the area of high-risk zones increased by more than 81 
%. In the BAU scenario, land use types have undergone stable and 
moderate changes. grazing intensity and the human footprint index both 
show relatively stable trends, and habitat risk assessment have also 
maintained a relatively stable state. The magnitude of ecological envi
ronmental changes is small, maintaining the current balance. In the EP 
scenario, the areas of forests and meadows significantly increased. Both 
low and high grazing intensity areas have significantly decreased. The 
significant increase in low-level habitat risk areas indicates that more 
habitats have been improved and restored, while the reduction in high- 
level habitat risk areas suggests that high-risk areas have been effec
tively controlled and protected. In the UD scenario, urban agglomera
tion levels continuously improve, and urban utilization rates steadily 
increase, while high-level habitat risk areas significantly increase. Urban 
expansion exerts greater pressure on ecosystems. The habitat risks posed 
by urbanization remain a concern.

We argue that the EP scenario will likely be the most probable 
development path for QXP, focusing on robust conservation measures to 
safeguard grasslands, forests, and water bodies, thereby bolstering the 
ecosystem’s resilience. Even under the stringent environmental protec
tion scenario, there will be a trend of increasing habitat risk in the 
central and eastern regions of the QXP. We advocate a balanced 
approach, acknowledging that while environmental protection is para
mount, sustainable economic development should not be neglected. The 
QXP can sensibly establish objectives for the expansion of built-up land. 
When the ecological conditions have significantly improved and are on a 
stable trajectory, the strategic focus can be appropriately shifted to 
promoting economic growth.
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