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ARTICLE INFO ABSTRACT
Keywords: China's karst ecosystems represent a global hotspot of rocky desertification and ecological vulnerability, posing
Karst region significant challenges for balancing ecological preservation with socioeconomic development. However,

Rocky desertification
Ecological risk
Multi-scenario simulation
GMOP-PLUS-InVEST

persistent scientific gaps remain in quantifying climate-mediated ecological risk (ER) mechanisms, limiting
evidence-based conservation strategies. This study employs an integrated social-environment framework that
links ecological conditions with landscape sustainability to examine ER dynamics from 2000 to 2020 in karst
region of China. The results reveal a significant shift in ER patterns over this period. High-risk areas (0.017 < ERI
<0.021) expanded from 14.8% to 19.4%, with the most pronounced increase concentrated in the arid Northwest,
indicating a spatial reconfiguration. However, the extensively studied southwestern regions exhibited relative
stabilization under ongoing ecological restoration. This spatial reconfiguration is attributed to the compounding
effects of water scarcity, sparse vegetation, and intensive human activity on the fragile northwestern ecosystems,
whereas extensive ecological restoration projects in the Southwest have enhanced vegetation cover and soil
retention, thereby mitigating inherent geological vulnerability. Multi-scenario projection demonstrate that the
natural development scenario (NDS) facilitates ecological self-recovery and minimizes future ER, whereas eco-
nomic prioritization would significantly exacerbate degradation in arid karst region. Crucially, partial least
squares structural equation model (PLS-SEM) identifies precipitation (8 = —0.190, p < 0.001) as the dominant
risk-reducing factor through vegetation-mediated hydrological feedbacks. These findings highlight that
contemporary ER is driven more by the synergy of climate pressure and human expansion than by inherent
vulnerability, necessitating a critical reevaluation of conservation priorities and region-specific mitigation

strategies.
1. Introduction ecological fragility (Song et al., 2017). These landscapes, covering
approximately 2.20 x 107 km? globally and concentrated in south
The karst region is a unique geographical unit with a widespread central Europe, eastern North America, and southwestern China
global distribution, playing a key role in the global carbon cycle through (Sweeting, 2012), develop through the long-term erosion of highly sol-
its significant carbon sink function, which coexists with inherent uble carbonate rocks (e.g., limestone and dolomite), creating distinctive
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habitats of surface and subsurface ecosystems co-evolve (Auler and
Smart, 2003; Jiang et al., 2020). However, this high solubility leads to
chemical erosion and vulnerability. Challenges such as limited soil water
retention capacity, low vegetation coverage (with vegetation carbon
density decreasing by 62.0% in severely rocky desertified areas), and
soil erosion contribute to the degradation of ecosystem service (ES)
functions (John and Smith, 1991; Chang et al., 2024; Wang et al., 2025).
As a result, the potential of the carbon sink is declining at an annual rate
of 0.8% (Jiang et al., 2022), underscoring the urgent need for its sta-
bilization and regulation.

China is one of the most widely distributed karst regions in the world,
with its mainly in Southeast regions (Febles et al., 2009; Xiao et al.,
2023). Rapid economic development has intensified competition for
resources and altered land use, escalating pressure on these fragile
ecosystems (Shirmohammadi et al., 2020; Zhou et al., 2022). Further-
more, rapid urbanization and unsustainable land use are expected to
aggravate rocky desertification and elevate associated ecological risk
(ER) (Dong et al., 2019). ER refers to the probability and severity of
adverse impacts on ecosystem structure and function resulting from
environmental pressures. A critical subset is landscape ER, which fo-
cuses on risks from changes in landscape pattern, such as habitat frag-
mentation (Hunsaker et al., 1990). In karst regions, the primary drivers
of ER include land use and land cover change (LUCC) and altered pre-
cipitation pattern, particularly increased drought frequency and in-
tensity. Their synergistic interactions significantly amplify ecological
vulnerability (Tang et al., 2025). However, current studies still associate
ER predominantly with the severity of rocky desertification and
concentrate on the southwestern China (Luo et al., 2024; Wang et al.,
2025), often neglecting the combined effects of LUCC and
extreme-climate events. Although rock desertification poses a major
ecological challenge in China, karst ecosystems are particularly
vulnerable due to their distinctive geological and ecological character-
istics. Notably, most research has concentrated on the southwestern
karst region, leaving other karst areas under-explored. This gap is
especially glaring in light of the dual carbon objectives, for which
comprehensive evaluations remain limited (Yang et al., 2025). There-
fore, to effectively support the national dual carbon strategy, a sys-
tematic assessment of rock desertification phenomena across all karst
regions in China is necessary. Such an assessment would help to clarify
conservation priorities and inform targeted ecological conservation
efforts.

Enhancing terrestrial carbon sinks through vegetation restoration is
a central strategy for climate action and sustainable development (Pan
et al., 2022). A crucial hidden carbon sink, is strategic importance for
regulating terrestrial carbon cycling in the karst regions of China (Lou
et al., 2023), yet it releases approximately 4.740 Tg C annually through
karstification (Song et al., 2017). In areas experiencing severe rocky
desertification, vegetation carbon density is declining at an average rate
of approximately 0.8% per year, with a concurrent 48.0% reduction in
soil organic carbon stocks (Zhou et al., 2025; Wang et al., 2025). Opti-
mized LUCC patterns enable the significant synergistic potential be-
tween ecological restoration and carbon sink enhancement by helping to
balance carbon storage (CS) and emissions (Wang and Han, 2021; Li
et al., 2023). However, intensifying human interventions in karst re-
gions are altering carbon sink dynamics, which in turn exacerbate the
relationship between regional carbon sinks and ecological risks (Lan
et al.,, 2022; Kang et al., 2025). Traditional land use models, such as
CLUE-S and FLUS, can simulate spatial changes but fail to quantify the
multi-objective synergistic among ecological restoration, carbon sink
enhancement and economic growth. This limitation has created a
disconnect between “carbon sink enhancement” and “ER management”
(Jiang et al., 2017; Jiao et al., 2019; De Hertog et al., 2025). Therefore,
there is a clear need to develop a comprehensive framework that in-
tegrates LUCC simulation, ES assessment and driving mechanism anal-
ysis to reveal the synergistic evolution of carbon sinks and ER in karst
systems.
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To address the coupling mechanism between LUCC and ER, we
develop a multi-scale coupling framework integrating the GMOP-PLUS
model for LUCC optimization, the InVEST model for spatial assess-
ment and partial least squares structural equation model (PLS-SEM) to
analyze driving mechanisms. This framework integrates LUCC simula-
tions from 2000 to 2020 with ES assessment and ER mechanism analysis.
Furthermore, it employs multiple-scenario pathways to project LUCC
patterns, ER dynamics and the driving mechanisms for 2030 and 2060.
The specific objectives are as follows: (1) predict LUCC under four
development scenarios for the years 2030 and 2060; (2) quantify rocky
desertification intensity and reveal ecological risk succession patterns in
karst region of China during 2000-2020 and 2030-2060; and (3) use PLS-
SEM to quantify the effect relationships and contributions among the
latent variables that influence ER. This work pioneers a comprehensive
modeling approach to disentangle natural-anthropogenic interactions,
highlights spatial risk heterogeneity to guide targeted conservation and
sustainable development in karst ecosystems.

2. Data and methods
2.1. Study area

China is the largest karst region in the world, with an area of 3.44 x
10° kmz, accounting for more than 1/3 of its total land area (Ford and
Williams, 1989) (Fig. 1). The karst region is characterized by complex
terrain, with an average elevation ranging from 0.80 x 10% to 1.00 x
10° m (Long et al., 2024). It spans multiple climatic zones, including
tropical monsoons, sub-tropical humid monsoons and temperate
semi-humid climates. Owing to the strong uplift of the eastern edge of
the Qinghai-Tibet Plateau, a vertical climate zone spectrum from
low-altitude tropics to alpine cold and humid zones. This results in
significant climatic and topographic gradients, mainly including
mountain, plateau and basin types (Hu et al., 2020; Han et al., 2025).
The soil formation rate in China's karst region is extremely slow, and the
thin soil layer combined with steep slopes result in a fragile soil
ecosystem and low land productivity (Deng et al., 2020). The land use
types in this region are mainly sloping cultivated land, sparse forestland,
grassland and rocky desertification bare rock land. While cultivated land
occupies a high proportion, its productivity is low, with a per unit area
yield of less than 30.0% of that in plain regions (Wang et al., 2025).

2.2. Research framework

This study employs a multi-scale analytical framework that in-
tegrates interannual, climatic zone, and pixel scales. First, the GMOP-
PLUS model was applied to evaluate LUCC data from 2000 to 2020,
which is categorized into six land use types: cultivated land, forestland,
grassland, water, construction land and unused land. Meanwhile, the
model simulated potential LUCC changes under four development sce-
narios: the natural development scenario (NDS), economic development
scenario (EDS), ecological protection scenario (EPS) and comprehensive
development scenario (CDS) for the years 2030 and 2060. Additionally,
the InVEST model was used to calculate the ES under various develop-
ment scenarios for 2010-2020, 2030 and 2060. These ES included
habitat quality (HQ), soil retention (SR), CS and grain yield (GY).
Finally, by measuring the ER in each scenario, this study identifies the
primary factors influencing regional ER and their underlying mecha-
nisms using PLS-SEM (Fig. 2).

2.3. Data sources

The study area is categorized into five distinct climatic zones: trop-
ical, sub-tropical, temperate, boreal, and sub-boreal, based on the map
of China's climate zoning from the Peking University Geographic Data
Platform (http://geodata.pku.edu.cn) (Fig. S1). The karst region data
was from NASA MODIS satellite data (https://ladsweb.modaps.cosdis.
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Fig. 1. Spatial distribution map in karst region of China (Based on Long et al., 2024).

nasa.gov) in 2000-2020, with a spatial resolution of 500 m. The
normalized difference rock index was calculated based on shortwave
infrared and red bands, while the dimidiate pixel model was employed
to estimate rock exposure rate and fractional vegetation cover, with
corresponding weights determined to obtain the results. Fractional
vegetation cover was used the normalized difference vegetation index
(NDVI) products provided by global amr surveillance system. Further-
more, the analytic hierarchy process was employed to ascertain indi-
cator weight and construct a comprehensive desertification index in the
karst region of China (Long et al., 2024).

Based on existing research (Febles et al., 2009; Huang et al., 2023),
this study employs 13 indicators that encompass natural, socioeconomic
and spatial accessibility factors (Table S1). These key indicators
combine multiple variables that are widely acknowledged in the existing
literature and bear a close relation to LUCC and ER impacts. The study
utilizes a 0.30 x 102 m resolution land use dataset from 2000 to 2020
provided by the data center for resource and environmental sciences at
the Chinese Academy of Sciences. These data are subsequently reclas-
sified into six land use types using ArcGIS 10.8 software (Bi et al., 2024).
Prior to analysis, all raster data underwent standardized preprocessing
through resampling methods to achieve a uniform spatial resolution of 1
km and were transformed into the same projected coordinate system
(WGS_1984_UTM _Zone_ 50 N), ensuring spatial comparability of data
and consistency in model input requirements.

2.4. Methods

2.4.1. GMOP-PLUS model

This study employs the grey multi-objective dynamic programming
(GMOP) model, which integrates economic and ecological benefit co-
ordination principles. Four scenarios (NDS, EDS, EPS, and CDS) are
established (Table S2) (Liu et al., 2022). The PLUS model integrates

Markov chain quantity prediction, enhances CA spatial distribution
simulation and combines the LEAS and CARS models for comprehensive
analysis (Kowarik and von der Lippe, 2018). The Markov chain predicts
land use demand under the NDS scenario for 2030 and 2060. The LEAS
module scrutinizes land use data from 2000 to 2020, computing the
expansion probability for various land types. The CARS module analyzes
the land use cost matrix with neighbourhood weights to evaluate land
use quantity, subsequently generating the land use spatial distribution
map and total probability. The calculation formula is as follows:

ng(x) — Z:n:lI (hl\f}[(x) = d) (1)

Where, Pﬂk (x) represents the developmental probability of locus type k
in cell I; the value of d is 0 or 1, where 1 represents a change in land use
type to type k and O represents no change; x is a vector composed of
multiple driving factors is the exponential function of the decision tree;
I(h, (x) = d) represents the site type of the nth calculation; h,(x) is the
land use prediction type of the nth decision tree of the vector; M is the
total number of decision trees.

Pk =Pl x Q) x D} @

Where, P! represents the overall probability value of land use; Qf

represents the domain effect of land use type k in cell i; D} represents the
influence required for the future change of land use type.

To evaluate the simulation accuracy of the PLUS model, this study
validated the simulation results using the Kappa coefficient and confu-
sion matrix. The 2020 was selected as the validation year. The LUCC for
2020 was simulated using data from 2010, and these simulations were
subsequently compared with the observed LUCC for that same year. A
confusion matrix was constructed using systematic sampling at a sample
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Fig. 2. A coupled modeling framework for ER assessment in karst region of China.

rate of 5.0% (Table S3). The results showed that the overall accuracy of
the simulation reached 0.920, and the Kappa coefficient was 0.900,
which exceeded the commonly accepted threshold of 0.800. These
values indicate that the PLUS model shows good simulation perfor-
mance in this study and can be applied to multi-scenario LUCC
projection.

2.4.2. ES assessment

Based on the current situation in China's karst region, four key ES
including HQ, SR, CS and GY are selected (Yang et al., 2024). HQ, SR and
CS are realized by the InVEST model, among which GY assessment is
assigned according to the proportion of NDVI for cultivated land (Wang
et al., 2024). GY is predicted in 2030 by the GM (1,1) model. The
calculation formula is as follows:

Q,=H; 1_D—’Z‘j
S D} +K*

Where, Qy; is the HQ index; Hj is the habitat suitability of land use type j;
K is the half-saturation constant, set to 0.500 in this paper; The value of
the normalization constant z takes the default value of 2.500. In
accordance with the InVEST manual and related studies (Yang et al.,
2024), the threat factor attributes were set (Table S7), LUCC habitat
suitability, and sensitivity to the threat index (Table S8).

3

SDR=R x K x LS (1—C x P) )
Where, R represents the rainfall erosivity factor; K represents the soil
erosion rate; LS represents the slope length and slope factor; C represents
the vegetation cover management factor; P represents the soil and water
conservation measure factor. The coefficients of C and P for different
land use types refer to relevant research (Han et al., 2022) (Table S9).

CS= Cabove + Cbeluw + Csoil + Cdead (5)

Where, Capove and Cpelow respectively represent the aboveground, un-
derground CS and soil; Cgy represents the organic matter CS; Cgead
represents the apoptotic organic matter CS (Wang et al., 2023; Zhao
et al., 2025) (Table S10).

. NDVI;
Pi=—— xP

1 NDVIsum X sum (6)

Where, P; is the GY of the i-th pixel; NDVI; is the NDVI value on the i-th
pixel of cultivated land, and NDVIgy, is the sum of the NDVI values; Py,
is the total grain output in the current year.

2.4.3. ER assessment
Land use changes are often accompanied by the loss of biodiversity,
the decline of ecological service functions and the degradation of eco-
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systems, which leads to an increase in regional ER. With reference to
previous studies (Wang et al., 2025), this paper carried out ER assess-
ment based on the framework of “risk = loss x probability,” as shown in
the following equation:

N
Ay

ERL = > —“R;
A

i=1

)

Where, ER]; is the ER index of grid i, Ak; is the area of the i-th type of
landscape in grid k; Ak is the area of grid k; R; is the landscape loss
degree index of the i-th landscape type, encompasses key factors such as
patch number, fragmentation, and aggregation, reflecting the degree of
patch fragmentation and aggregation while directly influencing
ecosystem services like HQ, CS, GY, and SR.

E A n; (Ql + Mi +E)

Ej=a—+b —+c 4 B (8)

A; 2A; VA

Where, n; and A; represent the number of patches and total area of
landscape type i; A represents the total area of the landscape; Q; is the
number of quadrats in which patch i appears/total number of quadrats;
M; is the number of patch i/total number of patches; L; is the area of
patch i/total area of the quadrat; a, b, ¢ are the weights of their
respective functions (a+b + ¢ = 1).

To capture the spatial pattern changes of ER, referring to related
studies (Li et al., 2025), the equidistant reclassification method was
used. The ER was categorized into five levels: low-risk (0.007 < ERI
<0.010), lower-risk (0.010 < ERI <0.013), medium-risk (0.013 < ERI
<0.015), higher-risk (0.015 < ERI <0.017), and high-risk (0.017 < ERI
<0.021).

2.4.4. Multi-scenario land use prediction

The research targets 2030 and 2060 as forecast endpoints, aligning
with China's dual carbon goals to assess the phased response charac-
teristics of various development paths concerning territorial spatial
patterns, carbon peaking and carbon neutrality goals. The decision
variables encompass six major land use types. The objective function
was set up as follows: the economic value for 2030 and 2060 uses the GM
(1,1) model (Table S4); the maximization of ecological benefits employs
the equivalent factor method to account for the ES value, which was
combined with grain output value predictions to determine the service
value coefficient (Table S5); constraints were established in accordance
with the “China Territorial Spatial Planning (2021-2035)” and the pri-
mary functional zoning (Yang et al., 2024), implementing land use area
restrictions (Table S6). The study ultimately solves the multi-objective
optimization through GM (1,1).

The maximum benefit objective function is calculated as:

6
maxZ =Y ' CX; ©)

maxZ; =7.08X; + 0.67X; + 1.71X3 + 6.20X, 4+ 659.93X;5 + 0.0001X,
(10)

The maximum combined benefit objective function is calculated as:

maxZ = maxZ; + maxZ, an

Where, “max” represents the maximum value of the objective function;
“Zi” is the total value of the target benefits within the study area (ten
thousand yuan); “C;” is the coefficient of the target benefits (ten thou-
sand yuan/hm?); and “X;” is the land use type.

2.4.5. PLS-SEM

PLS-SEM is used to estimate the causal relationships between latent
variables via measurable variables through a three-level network
structure of “observation index-latent variable-system response” (Zhou
et al, 2025). In this study, latent variables encompassed three
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categories: natural conditions (average annual precipitation (AAP),
annual average temperature (AAT), soil type (ST), slope (S), elevation
model (DEM), rainfall erosion (RE), soil erosion (SE), NDVI), socioeco-
nomic pressures (gross domestic product (GDP), population density
(PD)), and spatial accessibility (distance to urban center (DTC), distance
to highway (DTH), distance to water system (DTW)). (Table S1). All
potential variable data are rasterized (1 km x 1 km) and standardized.
The research analysis uses SmartPLS 4.0 and R software to quantita-
tively analyze the driving path of ER from 2000 to 2020 historical
evolution and multi-scenario in 2030 and 2060 and to clarify the direct
and indirect impacts (Shi et al., 2024).

3. Results

3.1. Spatio-temporal characteristics of LUCC, ES and ER from 2000 to
2020

3.1.1. Spatio-temporal characteristics of LUCC

Between 2000 and 2020, China's karst regions experienced signifi-
cant land use and cover changes, characterized by the stability of
dominant types and specific conversion pathways (Fig. 3 and Table S11).
Cultivated land, forestland, and grassland remained the predominant
land types. The most notable changes included a bidirectional trans-
formation between cultivated and construction land, with a net shift of
1.30 x 10* km? of cultivated land to construction land, primarily in
developing areas, while 3.27 x 10% km? of construction land was
reconverted to cultivated land. The most significant conversion involved
7.53 x 10* km? of grassland transitioning to unused land. Meanwhile,
water areas are converted into cultivated land (1.44 x 10° kmz),
grassland (3.17 x 10° kmz) and unused land (6.80 x 10° kmz). Spatially,
construction land exhibited a distinct expansionary trend, concentrating
in eastern coastal regions, the Yangtze River Delta and Pearl River Delta.
Water areas were patchily distributed, and unused land was primarily
located in the Northwest China and Qinghai-Tibet Plateau. This spatial
pattern highlights the strong influence of regional economic develop-
ment and environmental constraints.

The period from 2005 to 2020 witnessed accelerated land use
changes, marked by complex bidirectional exchanges among ecological
land types (Fig. 4). Forestland primarily transitioned to cultivated land
and grassland, with areas of 8.89 x 10° km? and 1.37 x 10* km?
respectively. Conversely, cultivated land was converted to forestland
and grassland covering 8.19 x 10° km? and 5.67 x 10° km?2 These
reciprocal conversions suggest the simultaneous operation of afforesta-
tion programs and agricultural expansion. The large-scale trans-
formation between grassland and unused land, involving 7.53 x 10*
km? of grassland degradation and 3.96 x 10* km? of restoration. These
shifts delineate a period of accelerated and competing land use
demands.

3.1.2. Spatio-temporal characteristics of ES and ER

Based on the InVEST and GM models, the spatial-temporal dynamics
of four key ES (HQ, SR, CS and GY) in China's karst region have been
analysed under four scenarios (NDS, EDS, EPS and CDS) from 2000 to
2020 (Fig. 5). HQ maintained relative stability with a pronounced south-
north divergence, showing high value in southern China compared to
northern regions, and in western regions relative to the east (Fig. 5a).
High value HQ areas were concentrated in humid southern regions like
the Yangtze River Basin, the Pearl River Basin and the southeast
mountainous zones, where a marginal improvement was observed over
the two decades. Conversely, the Loess Plateau and northeastern China
experienced a relative decline in HQ. SR remained relatively low overall
but exhibited a slight increasing trend, with notable enhancement
observed within key ecological management zones including the Three-
North Shelterbelt and the Loess Plateau Grain-for-Green project
(Fig. 5b). CS displayed a clear north-south differentiation (Fig. 5c),
marked by substantial augmentation in southern China's tropical and
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sub-tropical forest, contrasting sharply with the limited CS capacity of
northwestern deserts and plateaus. A significant reduction occurred
specifically in the northwest region in 2010, followed by a period of
stability during 2015-2020. GY generally followed a spatial pattern
characterized by “increase in core agricultural areas, fluctuation in pe-
ripheral regions”, displaying higher values in the eastern China and
compared to the west (Fig. 5d). Significant increases were noted in the
Northeast Plain and North China Plain, while the arid northwest and the
Qinghai-Tibet Plateau maintained lower yields.

Significant spatial heterogeneity was observed between 2000 and
2020 (Figs. 6 and 9 and Table S12). During the period of 2000 to 2005,
low-risk areas dominated, comprising 26.3% and 24.7% of the region
respectively, and were primarily distributed in the humid eastern and
southern ecological zones, such as the middle-lower the Yangtze River
reaches, South and Southwest China. Sporadic high-risk areas began to
emerge in the arid Northwest, including parts of Xinjiang and Tibet.
From 2010 to 2020, high-risk areas showed an overall expansion trend,
concentrated in arid and semi-arid regions of Northwest China. A
localized increase in risk was also observed in parts of East China, often
spatially associated with higher-risk areas. Medium-risk areas generally
formed transitional zones, adjacent to both higher-risk and lower-risk
areas, indicating a spatial correlation in the risk pattern.

3.2. LUCC, ES and ER prediction from 2030 to 2060

3.2.1. LUCC prediction
The results present simulated LUCC patterns across China's karst

regions under four development scenarios (NDS, EDS, EPS, and CDS) for
2030 and 2060 (Fig. 7 and Fig. S2). Grassland is projected to maintain
the largest spatial extent, followed sequentially by forestland, unused
land, cultivated land, water and construction land. The total land use
area exhibits an overall increasing trend across both future timeframes
under all scenarios. A distinctive pattern emerges in 2030, where unused
land represents the only category showing decrease. By 2060, this
pattern shifts as both unused land and forestland exhibit reduction.
Under the NDS scenario in 2030, both cultivated land and forestland
experience decline, while the other three scenarios show progressive
expansion of land use areas. Furthermore, the areas particularly notable
are the rapid expansion trajectories observed for grasslands, water and
construction land across multiple scenarios.

3.2.2. LUCC prediction by ES and ER under different scenarios for 2030
and 2060

Future ES distributions under all scenarios maintain spatial patterns
consistent with the 2000-2020 observations, while showing slight
enhancement over time (Fig. 8 and Fig. S3). HQ shows improvement in
southern regions but declining trends in the northern region, particu-
larly on the Loess Plateau and the North China Plain (Fig. 8a). CS ca-
pacity exhibits modest improvement in the northwestern region and the
Three-North Shelterbelt, although overall changes remain limited
(Fig. 8¢).

Significant differences in ER are showed across the various scenarios
(Fig. 9 and Table S13). In 2030, NDS exhibits the highest risk level with
13.8% of the area classified as high-risk, exceeding EDS (12.4%), EPS
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Fig. 6. Spatial characteristics of ER from 2000 to 2020.

(13.4%) and CDS (13.6%). By 2060, EDS shows the highest ER (15.4%)
and the lowest NDS (14.6%). ER intensifies under all scenarios from
2030 to 2060. Although the proportion of ER high-risk areas shows
minimal variation across scenarios by 2060, these values substantially
exceed those of 2030. This consistent upward trend suggests escalating
ecological pressure regardless of development pathway, though risk
magnitude varies by scenario configuration.

3.3. The complex relationship between ER and environmental factors

Based on the PLS-SEM modeling approach and relevant literature
(Qiao et al., 2025; Shi et al., 2024), this study examines the direct and
indirect effects of AAP, RE, GDP, and human activities (DTC, DTH and
DTW) on the ER index across various climate zones (Fig. 10 and
Figs. S4-56). From 2000 to 2020, the findings reveal that, in addition to
the three direct pathways influencing ER, AAP indirectly negatively
affects ER through its relationship with RE in the tropical zone (—0.380)
(Fig. 10a, Fig. S5a). In the sub-tropical and temperate zones, AAP has a
minor indirect effect on ER via GDP (0.060) to HA. However, AAP has a
significant negative indirect effect on ER through HA in the temperate
zone (—0.430) (Fig. 10b,c and Fig. S5b and c). In the boreal zone, GDP
indirectly negatively influences ER (—0.390) because of its impact on
HA (—0.310) (Fig. 10d and Fig. S5d). Moreover, AAP indirectly nega-
tively affects ER via its influence on RE in the sub-boreal zone (0.230)
(Fig. 10e and Fig. S5e).

In 2030, the indirect negative impact of AAP on ER via its influence
on RE (—0.340) is projected to be more pronounced than that from 2000
to 2020 in the tropical zone. This suggests an increase in the adverse
effects of natural factors on the ER in these zones. The indirect negative
effect of RE on ER is somewhat mitigated by its influence on HA
(—0.080) (Fig. S4a and Fig. S-a). In the sub-tropical, temperate and sub-
boreal zones, the patterns of path coefficients align with those observed
from 2000 to 2020 (Fig. S4b and Fig. S6a). In the boreal zone, GDP
indirectly positively affects ER (—0.050) through its impact on HA

(—0.310) (Fig. S4d and Fig. S6a).

In 2060, the trend in path coefficients remains consistent with the
patterns observed from 2000 to 2020 and in 2030 within the tropical
zone. However, AAP has a more pronounced indirect negative influence
on ER through its effect on RE (—0.380) in the tropical zone. This sug-
gests that the adverse effects of natural factors on ER in tropical regions
will increase in 2060 (Fig. S4f and Fig. S6b). In the boreal zone, GDP
indirectly positively impacts ER (—0.100) by affecting HA (—0.310),
implying that economic growth in this region may increasingly mitigate
the adverse impact on ER over time (Fig. S4i and Fig. S6b). The uniform
impacts of natural factors (primarily APP) and HA on ER are evident
across all climate zones. When juxtaposing the direct and indirect in-
fluences of these drivers on ER from 2000 to 2020, it is evident that the
direct effects of natural factors are more dominant.

4. Discussion
4.1. Spatial-temporal patterns of ER under integrated model assessment

The comprehensive evaluation using GMOP-PLUS and InVEST
models can effectively elucidate the spatial-temporal differentiation
patterns and driving mechanisms of regional ER (Shi et al., 2024; Wang
et al., 2025). The integrated assessment reveals pronounced
spatial-temporal heterogeneity in LUCC, ES and ER in China's karst re-
gion from 2000 to 2020.

From a temporal perspective, LUCC has exhibited a dominant pattern
characterized by the expansion of farmland and construction land,
coupled with widespread degradation of grassland to unused land. These
transitions are associated with intensified soil erosion and reduced CS,
thereby increasing the overall ER associated with rocky desertification.
This finding aligns with the global consensus that agricultural expansion
and urbanization are primary drivers of ecological degradation
(Guerrero-Pineda et al, 2022). It further highlights that such
human-induced land use transitions may impose particularly severe
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Fig. 7. LUCC prediction under different scenarios in 2030 and 2060.

challenges in ecologically fragile karst regions (D'Ettorre et al., 2024).
Spatially, ER displayed marked heterogeneity. High-risk areas showed
increasing concentration in the northwestern karst region. In these arid
and semi-arid zones, the compounding effects of land degradation and
water scarcity appear to elevate risk levels, creating a self-reinforcing
cycle of drought vulnerability and ecological stress. Conversely,
low-risk areas are mainly distributed in the humid eastern and southern
regions. However, localized risk increases were observed even in these
regions, largely associated with rapid urban expansion and agricultural
intensification.

4.2. Future changes in ER patterns

The findings indicate a fundamental spatial restructuring of risk
hotspots in ER pattern, with the key risk area relocating from the
extensively studied karst region of southwestern China to the arid
Northwest. This spatial reorganization challenges existing paradigms

and underscores a critical distinction between inherent geological
vulnerability and integrated contemporary ER. The southwestern China
maintains high inherent vulnerability due to its soluble carbonate
bedrock and steep topography (Febles et al., 2009). However,
large-scale national ecological restoration projects, such as
farmland-to-forest and grassland conversions (Yu et al., 2025; Wang
et al., 2025), alongside a spatially optimized afforestation strategy that
reduces forest fragmentation, have effectively buffered ecological
degradation and enhanced carbon sequestration and ecosystem resil-
ience (Dong et al., 2026). Despite its geological susceptibility, the region
maintained relatively higher HQ and CS during the study period.

In contrast, the karst ecosystems of the arid Northwest maintain a
fragile hydrological balance. The combination of sparse vegetation,
progressive climatic aridification and expanding economic activities
collectively overwhelms the region's natural resilience, particularly
agriculture and mining (LeGrand, 1973; Yang et al., 2025). Conse-
quently, the manifest contemporary ER is more acute in the Northwest,
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while the inherent geological vulnerability is greater in the Southwest.
This heightened risk stems from the synergistic pressures of climate
stress and intensive land use acting on a system with low inherent
resilience.

Multi-scenario simulations further elucidate how development
pathways modulate future risk pattern. A significant reversal in ER
emerges between 2030 and 2060. While the NDS initially produces the
highest ER in 2030, the EDS exhibits the peak ER by 2060. This shift
results from distinct temporal dynamics in human intervention. Under
the NDS, high-risk areas expand in the arid Northwest, reinforcing a
drought-erosion-risk feedback cycle. Although elevated near-term risks
in 2030 may persist due to historical legacies, reducing anthropogenic
disturbances in this scenario is expected to promote long-term
ecosystem recovery by 2060 (Gong et al., 2024). In contrast, the EDS
demonstrates habitat fragmentation and reduced CS in the eastern urban
belt, while water resource over-exploitation intensifies erosion risks in
the arid northwestern regions (Ding and Jian, 2024; Lu et al., 2025).
Despite possible short-term mitigation through technological advances,
cumulative economic expansion ultimately leads to the highest
long-term risk.

Meanwhile, the EPS promotes CS improvements in the northwestern
shelterbelt but may reduce grain yield in the eastern plain, which is
consistent with Ren et al. (2022). Notably, the CDS shows the feasibility
of the “natal-economy” synergistic pathways. Through optimized land
use and management, the CDS achieves concurrent gains in carbon
sequestration and grain production across different regions. This bal-
ance is crucial for karst regions, where ecological restoration must be
integrated with socioeconomic development (Dong et al., 2019).

4.3. Factors driving changes in ER

The PLS-SEM analysis clarifies the complex drivers of ER dynamics in
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China's karst regions, which are jointly regulated by both natural and
anthropogenic factors. The results identify precipitation as a dominant
negative driver and human activities as a positive driver of ER, partic-
ularly in northwestern regions. Both natural and socio-economic factors
influence ER through complex pathways that vary substantially across
climate zones. Precipitation indirectly reduces ER intensity by modi-
fying hydrology and soil stability. Precipitation and RE indirectly reduce
ER intensity by altering hydrology cycle and soil stability. Reduced
precipitation frequently diminishes vegetation coverage and soil mois-
ture, thereby increasing risks in karst landscapes experiencing climate
fluctuations (Shao et al., 2024).

Moreover, natural factors directly affect ER intensity across all zones,
with direct effects generally exceeding indirect path coefficient.
Although natural factors such as precipitation exert direct influences
that exceed indirect effects across all climatic zones, their specific
mechanisms of action are significantly shaped by regional climate
backgrounds. In tropical zone, precipitation directly impacts ER while
also indirectly moderating it by suppressing GDP growth and reducing
human activities. High rainfall erosivity indirectly reduces ER by
diminishing agricultural sustainability through accelerated soil nutrient
loss (Deng et al., 2025). However, in sub-tropical and temperate zones,
similar precipitation changes may indirectly elevate ER by exacerbating
human-water and human-land conflicts (Morris et al., 2025; Zhao et al.,
2025). In sub-boreal zone, precipitation indirectly increases ER by
reducing rainfall erosivity, potentially due to diminished soil erosion
resistance in colder environments (Liang et al., 2024; Wei et al., 2025).
Thus, precipitation's direct impact remains predominant though its
operational mechanisms vary climatically.

Human activities influence ER primarily through indirect pathways
with regional variations. This finding emphasizes that human activities
influence ecological security mainly through intermediary processes,
such as land use changes and resource consumption rather than through
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direct alterations alone. In tropical zone, human activities are moder- Montfort et al. (2025). In sub-tropical and temperate zones, human ac-
ated by precipitation and rainfall erosivity, indirectly reducing ER tivities directly positive increase ER, through irreversible land cover

through “passive adaptation to natural stress”, which posited by degradation from urbanization and industrialization. In boreal zone,
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GDP growth in 2030 and 2060 indirectly elevates ER by promoting
human activities, despite potential synergies with ecological protection
measures, such as the implementation of ecological compensation (Yun
et al., 2024). Critically, the indirect effects of human activities exceed
direct influence across all climate zones, indicating that human en-
deavors either amplify or mitigate ER via complex mediating processes
rather than direct action alone.

4.4. Limitations and future studies

This study reveals that natural factors and HA are the primary drivers
of ER across different climate zones. However, there are still several
limitations should be acknowledged. The assessment framework relies
on spatial data at standardized resolutions, which may not fully capture
localized heterogeneity in karst terrain characteristics. Parameter se-
lection for ES modeling, while based on established literature, in-
troduces uncertainties in quantitative outputs. The scenario projections
assume linear trends in key drivers and do not incorporate potential
nonlinear tipping points in ecological responses. Furthermore, the
analysis may not fully capture other important dimensions of ER by
concentrating on a specific set of ecosystem services. Future research
would benefit from higher-resolution terrain data, process-based
modeling approaches, and the inclusion of additional ecological in-
dicators to enhance predictive accuracy. Integration of dynamic feed-
back mechanisms between climate variability and human adaptation
strategies would further strengthen the assessment framework.

5. Conclusion

This study pioneers an integrated GMOP-PLUS-InVEST framework to
systematically investigate multiscale spatio-temporal coupling mecha-
nisms between natural and anthropogenic interactions in China's karst
region. The analysis employs land use scenario simulations and ES-ER
synergy diagnostics. Key findings indicate that from 2000 to 2020,
land use in China's karst region shows a significant trend characterized
by the expansion of farmland and construction land, coupled with the
degradation of grassland into unused land. This shift accelerated rocky
desertification and led to an expansion of spatial range of ER. The spatial
pattern of high-risk areas has been reconfigured, with its hotspot
intensifying and expanding in the arid Northwest China. This pattern
contrasts with the southwestern karst region, where inherent geological
vulnerability remains high but the manifested ER has been mitigated
through restoration efforts. This divergence highlights that contempo-
rary ER is increasingly driven by the synergy of climate pressure and
human expansion on ecosystems with low resilience.

The multi-scenario simulation results show that the NDS scenario
minimizes future ER through the natural vegetation-soil restoration
processes, whereas the EDS scenario significantly exacerbates risk in the
arid region of Northwest China due to overexploitation of resources. The
synergistic effect between ecological services (CS, SR) and risk patterns
reveals a potential synergistic path for ecological restoration and risk
mitigation. Natural factors and HA are the primary drivers of ER across
different climatic zones in the karst region, with AAP as a core natural
factor that indirectly mitigates ER by promoting vegetation restoration,
whereas HA (DTC) directly exacerbates risks in sub-tropical/temperate
zones.
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