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Abstract

In karst regions (KRs), unique surface morphology and irrational human exploitation have
led to increasingly prominent issues such as land fragmentation and rocky desertification.
Understanding the spatiotemporal evolution of cultivated land (CL) in these areas is of
great significance for supporting regional socioeconomic development, food security, and
ecological sustainability. This study focuses on Guilin, combining GIS spatial analysis with
methods including kernel density analysis, dynamic degree, spatial transfer matrix, and a
Geodetector to examine the spatiotemporal distribution characteristics, evolution trends,
and driving factors of land use based on five-phase of land use data from 2000 to 2020. The
results show that: (1) over the past two decades, land use in Guilin has been dominated
by CL and forest land, with CL exhibiting a spatial pattern of more in the east and south,
and less in the west and north; (2) the CL transfer-out rate exceeded the transfer-in rate,
mainly shifting to construction land and forest land; (3) the overall density of CL showed
a declining trend, with a relatively stable spatial pattern; and (4) driving factor analysis
indicates that the spatiotemporal changes in CL are jointly influenced by multiple factors,
with natural factors exerting a stronger influence than socio-economic factors. Among them,
the interaction between elevation and temperature had the greatest impact and served
as the dominant factor. Although GDP and population were not dominant individually,
their explanatory power and sensitivity increased significantly when interacting with other
factors, making them key sensitive factors. The results can provide a scientific reference for
the protection and rational utilization of CL resources in KR.

Keywords: cultivated land; spatial transfer matrix; geographical detector; karst region

1. Introduction
Cultivated land (CL) is a strategic resource for ensuring national food security, promot-

ing high-quality economic development, and maintaining social stability and ecological
security [1–3]. It plays a vital role in sustaining the supply of agricultural products, sup-
porting ecosystem functions, facilitating soil and water conservation, and regulating the
carbon cycle.

However, rapid urbanization, industrialization, and infrastructure construction in
China have led to extensive conversion of high-quality CL into non-agricultural uses [4,5]

Appl. Sci. 2025, 15, 10635 https://doi.org/10.3390/app151910635

https://doi.org/10.3390/app151910635
https://doi.org/10.3390/app151910635
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-1120-619X
https://doi.org/10.3390/app151910635
https://www.mdpi.com/article/10.3390/app151910635?type=check_update&version=2


Appl. Sci. 2025, 15, 10635 2 of 17

such as non-grainization [6,7], extensive use and marginalization of land have become
increasingly prominent [8,9], resulting in the continuous reduction in CL area, degradation
in quality, landscape fragmentation, and habitat loss [10], thereby intensifying human–
land conflicts [11]. These challenges are especially severe in karst regions (KRs), which
are characterized by shallow soils, high bedrock exposure, and fragile ecosystems [12].
Unsustainable land use practices in these areas exacerbate soil erosion and rocky desertifi-
cation [13], posing dual threats to regional food security and ecological stability. Studies
indicate that the declining trend in CL area will be difficult to reverse in the foreseeable
future [4], underscoring the persistent pressure on CL protection [3]. Thus, achieving a
balance between socioeconomic development and the effective preservation and rational
use of CL has become a critical concern for both scholars and policymakers worldwide.

Extensive research has been conducted to analyze the conversion between CL and
other land types, identify driving mechanisms, and predict future trends. Key research
themes include the spatiotemporal evolution of CL [4,14], natural and socio-economic
drivers [3,10,15,16], the relationships between CL change and food security [17,18], and the
ecological effects of land use change [19,20]. Urban expansion and rapid industrialization
are major contributors to CL loss and fragmentation [5,18], while policies such as Grain
for Green, basic farmland protection, and land quota systems directly affect the amount
and distribution of CL [21,22]. Adjustments in agricultural structure, market demand, and
farming practices also significantly influence CL use [23–25].

Internationally, studies in major agricultural regions such as the Mediterranean [26,27],
the U.S. Midwest [28,29], Southeast Asia [30,31], and the Andean [32,33] have utilized long-
term surveys, remote sensing, and agricultural census data to reveal the diverse pathways
of CL evolution [34,35]. For instance, European research links subsidy policies and rural
depopulation to farmland abandonment and ecological restoration [36,37]; North American
studies emphasize technology intensification and market globalization [38,39]; and work
in Southeast Asia KRs highlights slope degradation and terrace abandonment driven by
terrain, climate, and labor migration [40–43].

Methodologically, CL research has evolved from single statistical indicator to using
integrated spatial modeling [44,45]. Remote sensing and GIS technologies now enable
high-resolution, multi-temporal monitoring using sources such as Landsat, MODIS, and
Sentinel-2, along with derived products like NLCD and GlobeLand30 [6,42]. Common
analytical methods such as the land use transfer matrix [46], kernel density estimation, spa-
tial autocorrelation, hotspot analysis, and landscape pattern indices [47] have been widely
applied to characterize the changes in the quantity and spatial patterns of CL [48–50].

To examine driving factors, researchers have employed logistic regression, spatial
regression and geographical detector (Geodetector) models [6,51–53]. The Geodetector is
particularly valuable for quantifying factor contributions (via the q-statistic) and detecting
interactions without assuming linearity or variable independence [53]. It has been widely
applied in studies of land use change, ecological evolution, and public health geography.
In KRs, it helps identify key drivers—such as slope, elevation, settlement density, and road
proximity—and reveals that interactive effects between factors often exceed individual
impacts [54–57].

Most existing KR studies have focused on Guizhou, northwestern Guangxi, and
southeastern Yunnan, emphasizing the relationships among land use change, rocky deser-
tification control, and ecological restoration [58–60]. Findings indicate that the complex
terrain, scattered distribution of CL, poor soil, and limited water availability in these
areas make CL highly sensitive to external disturbances like construction expansion, in-
frastructure development, and policy adjustments [13,60]. Guilin, a typical karst city, has
experienced rapid urbanization and tourism growth over the past two decades, leading
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to construction encroachment on plains and low-hill CL. Meanwhile, the Grain for Green
policy and labor outmigration have reduced sloping and low-yield farmland, threatening
both the quantity and quality of CL. Guilin’s subtropical monsoon climate, with high rain-
fall variability and extreme weather, combined with karst-related water leakage, further
complicates agricultural sustainability. These attributes make Guilin an ideal region for
studying CL dynamics in KRs.

Despite progress, current research still has limitations: (1) inadequate exploration of
coupling effects between natural and socioeconomic factors, especially interaction types
and spatial heterogeneity; (2) few long-term, high-precision studies at the municipal scale
in KRs, limiting local insights and policy evaluation; (3) insufficient sensitivity testing of
data sources, spatial scales, and factor processing methods in Geodetector applications,
affecting robustness; and (4) limited coupling analysis between CL change and ecologi-
cal processes such as ecosystem services and carbon storage, hindering comprehensive
sustainability assessment.

Therefore, this study selects Guilin City as a representative KR area, using land use
data from 2000 to 2020 alongside topographic, climatic, vegetation, and socioeconomic
factors. Integrating GIS spatial analysis, transfer matrices, landscape indices, and the
Geodetector, we analyze the spatiotemporal evolution of CL, identify key drivers and their
interactions, and assess the relative contributions of natural and human factors across
time and space. Guilin was selected as the study area for the following reasons: (1) as
a highly typical karst region both in China and globally, its distinctive geomorphology
strongly governs the distribution and dynamics of CL, making evolutionary patterns
more observable; (2) accelerated urbanization has intensified human–land conflicts, with
human activities further inducing surface fragmentation and rocky desertification; and
(3) constrained by topography, CL in Guilin is relatively fragmented and highly sensitive to
spatial restructuring under external disturbances. Research in Guilin can therefore inform
local CL protection and management strategies while providing a valuable reference for
other karst regions.

By detecting the spatiotemporal changes in CL and their driving factors, this study
aims to address the following scientific questions: (1) What are the dominant factors driving
spatiotemporal changes in CL? (2) Which factors exhibit enhanced effects combination
shows the strongest interaction? (3) Which factors are most sensitive to CL change in Guilin?
The results are expected to provide scientific support for the protection and sustainable
utilization of CL in KRs.

2. Materials and Methods
2.1. Study Area

Guilin is located in the northeastern Guangxi Zhuang Autonomous Region, spanning
109◦45′ E–104◦40′ E and 24◦18′ N–25◦41′ N, with a total area of approximately 27,800 km2

(Figure 1). The region is characterized by complex topography dominated by typical karst
landforms. The terrain slopes from higher elevations in the north to lower elevations in
the south, with the Li River flowing north to south through the city. Under a subtropical
monsoon climate, Guilin experiences hot and humid summers, with an average annual
temperature of 18–19 ◦C and annual precipitation averaging about 1872 mm. The karst
landscape contributes to high surface fragmentation and significant soil erosion risk. In
recent years, rapid urbanization and intensified human activities have accelerated the
degradation of CL resources. Since 2013 in particular, CL in Guilin has shown declining
contiguity, increased patch fragmentation, and scarcity of reserve CL resources, posing
serious challenges to socio-economic development and landscape ecological conservation.
Against this backdrop, this study selects Guilin as a representative case to reveal the driving
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mechanisms behind human-induced spatiotemporal changes in CL within complex karst
environments. The findings aim to provide a scientific basis and practical reference for the
protection and sustainable utilization of CL in KRs.

Figure 1. Location of the study area.

2.2. Data Sources

(1) Selection of Factors

This study selected influencing factors from both natural and socio-economic dimen-
sions: natural factors include precipitation (PRE), temperature (TEM), elevation (DEM),
slope (SLP), aspect (ASP), and Normalized Difference Vegetation Index (NDVI), while
socio-economic factors include population (POP) and gross domestic product (GDP). The
selection is based on the following rationale: over multi-year to decadal time scales, nat-
ural factors such as topography and climate serve as fundamental determinants of land
use/cover spatial patterns, forming the baseline environment that constrains land use
change. Geomorphological features (e.g., DEM and SLP) not only directly affect the redis-
tribution of soil and hydrological conditions, thereby altering the structure and intensity
of land use types, but also interact with climatic factors to shape the evolution of regional
land use patterns [41,43,54]. Meteorological factors such as PRE and TEM, which fluctuate
frequently over short cycles, are key drivers of CL change [42]: variations in PRE directly
affect surface water availability and irrigation conditions, thus influencing the extent of
CL that is sensitive to water supply; TEM changes impact crop water demand and growth
cycles, thereby indirectly affecting the CL area [54]. The NDVI reflects vegetation cover-
age and is significantly correlated with the conversion between CL and other land types.
From the socio-economic perspective, POP and GDP are key drivers of the spatiotemporal
change in CL [6,54]. POP and GDP were selected as they are fundamental, widely used
proxies for core anthropogenic pressures. POP growth and economic development not only
intensify the pressure of non-agricultural land expansion on CL, but also alter its quality
and the overall ecological environment through adjustments in land use structure, resource
consumption, and pollutant emissions.

(2) Data Sources and Processing
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Land use data for five phases (2000, 2005, 2010, 2015, and 2020) and the average
PRE, TEM, POP, and GDP for three phases (2000, 2010, and 2020) were obtained from
the Resource and Environment Science and Data Center, Institute of Geographic Sciences
and Natural Resources Research, Chinese Academy of Sciences (http://www.resdc.cn)
(accessed on 15 July 2024). The spatial resolution of the land use data are 30 m, while the
remaining datasets have a spatial resolution of 1 km. DEM data and Landsat 8 remote
sensing imagery for 2001, 2011, and 2019 were obtained from the Geospatial Data Cloud
platform (http://www.gscloud.cn) (accessed on 15 July 2024), all at 30 m resolution. Based
on the DEM data, elevation, SLP, and ASP information for the study area were derived.
To ensure high-quality NDVI extraction, Landsat images from 2001, 2011, and 2019 with
cloud coverage below 5% were used as substitutes for the originally intended years (2000,
2010, and 2020), which had excessive cloud cover (>30%), and NDVI values for these
corresponding time points were calculated accordingly.

2.3. Methodology

(1) Kernel Density Estimation

Kernel density analysis is a commonly used method to assess the spatial distribution
of data [61,62], helping to understand the density characteristics and reveal potential
spatial patterns and trends [63]. In this study, this method was used to measure the spatial
distribution characteristics of CL types, the spatial variation in their locations, and the
distance decay characteristics of central intensity. The calculation formula is as follows:

f (a, b) =
1

nh2 ∑n
i=1 k(

di
h
) (1)

In Equation (1), f (a,b) is the kernel density estimate at location (a,b), indicating the carrying
capacity of CL resources per unit area (hm2/km2); n is the number of observations; h is
the distance decay threshold (bandwidth); k is the spatial weight function; and di is the
distance (km) from location (a,b) to the i-th observation point. In this study, the bandwidth
used was 20 km and the kernel function was Gaussian.

(2) Dynamic Degree of CL Change

The dynamic degree of CL change quantitatively measures the speed of change in
land use resource quantity within a certain area over a specific period [64,65]. The land use
change rate can be divided into the single dynamic degree (SDD) and the comprehensive
dynamic degree (CDD) [4,66]. In this study, both the SDD and the CDD were used to
quantitatively analyze the spatiotemporal dynamics of CL in Guilin, thereby revealing the
magnitude of CL changes. The expressions for the SDD (K) and the CDD (LC) are shown in
Equations (2) and (3), respectively:

K =
Ub − Ua

Ua
· 1
T
×100% (2)

In Equation (2), K is the CL change rate during the study period. Ua and Ub are the
quantities of CL at the beginning and end of the study period, respectively; T is the length
of the study period. As T in this study is set in years, K represents the annual rate of change
in CL in karst mountainous areas.

LC =
∑n

i=1 ∆LUi−j

2∑n
i=1 ∆LUi

· 1
T
×100% (3)

http://www.resdc.cn
http://www.gscloud.cn
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In Equation (3), LC is the comprehensive land use change rate; LUi is the total area of the
i-th land use type at the beginning of the study period; ∆LUi−j is the absolute value of the
area converted from type i to type j; and T is the length of the study period.

(3) Land Use Transfer Matrix

The land use transfer matrix is a mathematical model that describes the transfer
characteristics between land use states in different periods [67,68]. In this study, the land use
transfer matrix was used to analyze land use transitions during different periods, revealing
the conversion relationships between CL and other land use types. Its mathematical
expression is as follows:

Sij =


S11 . . . S1n

...
. . .

...
Sn1 . . . Smn

 (4)

In Equation (4), Sij represents the state of land use from the beginning (i) to the end (j) of
the study period, and n is the number of land use types.

(4) Geographical Detector

The geographical detector is a statistical method commonly used to detect spatial
differentiation characteristics of factors and to reveal their underlying driving forces [53].
In this study, the factor detector was used to explore the explanatory power of different
factors on the spatial differentiation of CL in Guilin. The explanatory power is measured
by the q-value [53], as expressed by:

q =1 − SSW
SST

= 1 − 1
Nσ2 ∑L

h=1 Nhσ2
h (5)

In Equation (5), the value range of q is [0, 1]; a larger q-value indicates a stronger explanatory
power of the influencing factor on the spatial distribution of CL. SSW and SST represent the
sum of within-layer variance and the total variance of the whole area, respectively; N is the
total number of units in the study area; σ2

h is the variance of Yin layer h; σ2 is the variance
of Y in the entire study area; L is the stratification of variable Y or influencing factor X; and
Nh is the number of units in layer h. For continuous variables (such as DEM), this study
employed the natural breakpoint method to categorize the total amount of cultivated land
for each year into 9 levels.

The interaction detector is used to identify the strength of interaction between different
influencing factors and their combined explanatory power for the dependent variable. In
this study, the interaction detector was applied to explore the effects of pairwise interactions
between influencing factors on the spatial differentiation of CL resources. The judgment
method is shown in Table 1.

Table 1. Types of interactions between two independent variables and dependent variables.

Criterion Interaction Type

q(X1∩X2) < Min(q(X1), q(X2)) Nonlinear attenuation
Min(q(X1), q(X2)) < q(X1∩X2) < Max(q(X1), q(X2)) Single factor nonlinear attenuation

q(X1∩X2) > Max(q(X1), q(X2)) Dual factor enhancement
q(X1∩X2) = q(X1) + q(X2) Independent
q(X1∩X2) > q(X1) + q(X2) Nonlinear enhancement

3. Results and Analysis
3.1. Spatiotemporal Distribution Characteristics of CL

Kernel density estimation reveals that from 2000 to 2020, the spatial distribution
of CL density in Guilin consistently exhibited a pattern of higher concentrations in the
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east and south, and lower in the west and north (Figure 2). Specifically, (1) over the
past two decades, the total CL area experienced an overall decline, accompanied by a
gradual shrinkage of high-density zones; (2) relatively high-density CL areas were primarily
concentrated in the southeastern Lingui District, central Lingchuan County, northwestern
Gongcheng Yao Autonomous County, central Quanzhou County, and the southern border
of Xing’an County, with the highest densities observed in the northern Xing’an County and
southeastern Lingui District (Figure 3).

Spatial overlay analysis of land use data from 2000, 2010, and 2020 was used to con-
struct land use transfer chord diagrams for 2000–2010, 2010–2020, and 2000–2020 (Figure 4).
The results show that forest land (64.06%) and CL (19.17%) dominate land use in Guilin.
During 2000–2010, grassland and CL underwent the most significant changes after con-
struction land. Grassland decreased at an average annual rate of 28.64 km2 with dynamic
degrees of −0.08%, mainly in northeastern Quanzhou County, the border of the Xing’an
and Quanzhou counties, and northwestern Lingchuan County regions characterized by
complex topography, higher elevation, and fragmented CL. CL loss averaged 18.69 km2

per year (dynamic degree: −0.03%), concentrated in Quanzhou, Xing’an, Yangshuo, and
Lingui areas with higher mountainous terrain. In contrast, flatter regions with contiguous
CL, such as northwestern Lingui and northwestern Xing’an, experienced minimal change.
Construction land expanded notably at an annual rate of 24.20 km2, with a dynamic degree
of 0.54%, primarily spreading outward from urban cores (the Qixing, Xiufeng, and Xiang-
shan districts) into the topographically favorable areas of Lingui, Xing’an, and Quanzhou,
driven mainly by economic development and urbanization.

Figure 2. CL density in Guilin from 2000 to 2020.
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Figure 3. Spatial–temporal variation in CL density in Guilin from 2000 to 2020.

Figure 4. Chord diagram of the land use transfer matrix in Guilin (unit: km2).

From 2010 to 2020, construction land expansion accelerated markedly, with an average
annual increase of 157.02 km2 (dynamic degree: 3.31%). The five urban districts served as
cores of expansion, extending into the Quanzhou, Xing’an, and Lipu counties, though karst
terrain constraints prevented the formation of strongly clustered patterns. Concurrently,
CL and forest land decreased by 86.61 km2/year (−0.16%) and 72.50 km2/year (−0.04%),
respectively. Grassland reduction was most evident in the central Lingui District, western
Qixing District, southwestern Diecai District, and Xiufeng District, where conversion
to construction land was dominant. This reflects the dominant role of rapid economic
development and population agglomeration in driving land use pattern changes during
this period.

3.2. Analysis of CL Change Dynamics

The SDD of land use types in Guilin varied significantly across periods (Table 2), From
2000 to 2010, CL experienced an SDD of −0.03%, with a net reduction of 18.69 km2. Outflow
reached 74.66 km2, mainly to forest land and construction land, reflecting substantial CL
occupation due to urbanization. Inflow was 55.98 km2, mainly from forest land, indicating
active land conversion.
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Table 2. Dynamics of land use in different periods from 2000 to 2020.

Land Use Type 2000–2010 2010–2020 2000–2020
SDD CDD SDD CDD SDD CDD

Grassland −0.08%

0.01%

−0.06%

0.03%

0.13%

0.04%

Construction land 0.54% 3.31% 4.03%
Cultivated land −0.03% −0.16% −0.20%

Forest land 0.01% −0.04% −0.03%
Water bodies 0.47% 0.80% 1.30%
Unused land 5.04% 2.41% 8.67%

During 2010–2020, the SDD of CL decreased further to −0.16%. Outflow increased
to 154.38 km2, of which 90.38 km2 (a 259.22% increase from the previous period) was
converted to construction land. Inflow totaled 132.11 km2, largely from forest land (30.30%
increase compared to 2000–2010), resulting in a net decrease of 86.61 km2. These shifts
reveal intensified non-agriculturalization and non-grain use of CL.

Over the entire 2000–2020 period, CL decreased by 105.30 km2, with a dynamic
degree of −0.20%. Outflow of CL reached 193.62 km2, 57.51% of which was converted
to construction land, while inflow was 103.61 km2, mainly from forest land (56.21%).
Construction land expansion radiated from urban districts into flat, water-rich, and CL-
concentrated areas such as Quanzhou County, Xing’an County, and Guanyang County.

The transfer chord diagram (Figure 4) and Table 2 show that mutual conversion
between CL and forest land was relatively balanced, yet CL served as the primary source for
construction land expansion. Influenced by karst terrain, CL in Guilin is highly fragmented
with poor spatial continuity. The CDD (comprehensive dynamic degree) increased from
0.01% (2000–2010) to 0.03% (2010–2020) and 0.04% (2000–2020), indicating intensifying land
use changes over time.

3.3. Characteristics of Driving Factor Changes
3.3.1. Variation in Single-Factor q Values

The dominant factors influencing the spatiotemporal variation in CL in different
regions of Guilin were determined based on the magnitude of their q values (Table 3). The
results indicate that the influence of different driving factors on the spatial differentiation
of CL showed little change over time. In 2000, 2010, and 2020, DEM consistently exhibited
the highest q value, followed by TEM and NDVI, while ASP had the lowest q value.

Table 3. Variables and indicators of the geographic detector in Guilin in 2000, 2010, and 2020 (q is the
degree of influence of the influencing factors on the temporal and spatial distribution of CL; p is the
significance level).

Variable
2000 2010 2020

q p q p q p

PRE 0.198 0.000 0.184 0.05 0.183 0.000
TEM 0.438 0.000 0.497 0.000 0.394 0.000
DEM 0.560 0.000 0.550 0.000 0.552 0.000
SLP 0.233 0.000 0.234 0.000 0.250 0.000
ASP 0.084 0.03 0.085 0.04 0.084 0.03
GDP 0.199 0.000 0.263 0.000 0.315 0.03
POP 0.262 0.000 0.269 0.000 0.272 0.03

NDVI 0.466 0.000 0.493 0.000 0.290 0.000

In 2000, DEM and TEM had the strongest explanatory power for spatial heterogeneity
of CL, with q values exceeding 0.40, whereas socio-economic factors such as POP (0.262)
and GDP (0.199) had q values significantly lower than those of natural factors. PRE and
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ASP had relatively small q values, 0.47 and 0.39, respectively. By 2010, the influence of TEM
increased by 13.47% compared to 2000, and the q value of GDP increased by 32.16%, with
other social factors such as POP also showing improved explanatory power.

The influence of different factors exhibited certain temporal variation patterns. The q
values of TEM and NDVI increased during 2000–2010, reaching a peak in 2010, and then
decreased slightly by 2020. SLP and ASP showed slight upward and downward trends,
respectively, during 2010–2020. From 2000 to 2020, the q value of GDP continued to rise,
whereas the q values of DEM, POP, and PRE remained relatively stable.

3.3.2. Variation in Interaction-Factor q Values

According to the interaction-factor detection results in 2000, 2010, and 2020 (Figure 5),
the interactions between different factors in all three years exhibited either double-factor
enhancement or nonlinear enhancement. In terms of q values of interaction factors, high
q values were observed for interactions such as DEM∩NDVI, DEM∩TEM, DEM∩PRE,
NDVI∩TEM, NDVI∩DEM, GDP∩DEM, and POP∩DEM across the three years. As shown
in Figures 4 and 5, although ASP as a single factor had the lowest explanatory power for
CL distribution, its q value increased significantly when interacting with other factors, with
the largest enhancement among all factors. PRE, while not a dominant factor affecting
changes in CL quantity, also exhibited q values exceeding 0.40 when interacting with other
factors. During 2000–2010, the interactive influence of GDP with other factors strengthened,
making it an important driver of changes in CL quantity. However, since 2010, the overall
interactive effects among driving factors have shown a declining trend, especially for socio-
economic factors such as GDP and POP, whose interactive influence with other factors
decreased the most. In this period, the explanatory power of interactions between natural
factors (e.g., DEM, TEM) and other factors was generally higher than that of interactions
between socio-economic factors (e.g., GDP, POP) and other factors.

3.3.3. Sensitivity Analysis of Driving Factors

To assess the sensitivity of various factors affecting CL changes in Guilin across
different years, this study constructed a sensitivity model. The model calculates the
difference between the q value of the two-factor interaction and that of the single factor and
then accumulates these differences. A larger cumulative q value indicates that the factor is
more sensitive to interactions, serving as a sensitivity factor. Figure 6 presents the results
of this analysis. Each row in the figures represents the q value change in a factor, i.e., the
difference between its q value after interaction with other factors and its individual q value.
Each column represents the cumulative differences in one factor interacting with all other
factors relative to its individual q value.

In the single factor explanatory analysis (Table 3), DEM had the highest q value,
indicating it was the dominant factor influencing CL changes. However, after interacting
with other factors, the cumulative q values of all factors were relatively small, suggesting
that while DEM is a primary driver of CL change, it is not highly sensitive. In contrast,
PRE and ASP, despite their relatively low individual q values across 2000, 2010, and 2020,
exhibited the largest cumulative changes when interacting with other factors. This indicates
that PRE and SLP can rapidly amplify the effects of other factors, making them the most
sensitive factors affecting CL changes in Guilin.

During 2010–2020, the cumulative q values of interactions involving socio-economic
factors such as GDP and POP increased annually, indicating a significant rise in sensitivity.
As shown in Table 2 and Figure 6, over the past decade, the interaction of socio-economic
changes and policy-driven human interventions has significantly shaped land use patterns.
Rapid socio-economic development, urbanization, and the migration of rural labor to urban



Appl. Sci. 2025, 15, 10635 11 of 17

areas have reduced rural dependence on CL, promoting its conversion to construction
land and forests. This demonstrates that human activities can alter land use structures
and influence the flow of CL. Therefore, in the context of urbanization and economic
development, it is essential to balance land expansion with the protection of CL.

Figure 5. q-values of interaction factors in 2000, 2010, and 2020 ((a), 2000; (b), 2010; (c), 2020).

Figure 6. Cumulative q-values of different factors in 2020.
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4. Discussion
This study quantifies the multi-dimensional drivers of CL evolution in Guilin from

2000 to 2020, highlighting the independent and interactive effects of natural and socio-
economic factors over time. The results provide an empirical basis for understanding
human–land system coupling in KRs. The spatiotemporal changes in CL demonstrate a
multi-level driving mechanism characterized by natural baseline constraints, human activ-
ity response, and policy feedback. The evolution process is not only shaped by karst topog-
raphy but also increasingly influenced by urbanization and agricultural policy adjustments.

From the perspective of single-factor effects, DEM and TEM consistently remained
the dominant natural factors influencing the spatial differentiation of CL, with q-values
exceeding 0.39 in all periods, significantly higher than those of socio-economic factors.
This result highlights the high dependence of CL distribution in KRs on topography
and climate: complex geomorphic patterns limit the spatial expansion of CL resources,
while temperature conditions directly affect crop growth cycles and farming systems. It
is worth noting that although urbanization in Guilin accelerated, the explanatory power
of POP and GDP factors in 2000 was relatively low (with q-values of 0.262 and 0.199,
respectively), indicating that natural conditions remained the fundamental controlling
factors in the early stage. This phenomenon is closely related to the inherent vulnerability
of the environmental carrying capacity in KRs (steep slope cultivation easily triggers rocky
desertification), so human activities in the early stage were still significantly constrained by
the natural baseline.

However, over time, the influence of socio-economic factors increased significantly.
The q-value of GDP in 2010 rose by 32.16% compared to 2000, and by 2020 its explanatory
power was second only to elevation and temperature, indicating that urbanization, non-
agricultural industrial development, and land development activities gradually became
significant drivers of CL loss. This shift aligns closely with Guilin’s development orientation
as an international tourist city and regional transportation hub. The large-scale construction
of airports, high-speed rail stations, and tourism facilities has continuously occupied upon
high-quality CL in suburban areas [69]. At the same time, the implementation of the Grain
for Green policy has promoted the conversion of marginal CL (steep slopes and fragmented
plots) into ecological land, reflecting a transition in the function of CL from singular
production to a multiple value system integrating ecological–economic–social dimensions.

In terms of factor interactions, the study identified significant enhancement effects
and sensitive factors. Although elevation and temperature had the strongest independent
explanatory power, PRE and ASP exhibited high sensitivity in interactive effects. When
combined with other factors, these two factors showed the greatest increase in q-values,
indicating that they act as catalytic factors that significantly amplify the effects of other
drivers. For example, the combination of precipitation and steep slopes easily exacerbates
soil erosion, while the overlay of aspect and urbanization significantly alters the transfor-
mation pathways of CL. On the other hand, the interactive q-values between GDP and
factors such as DEM and TEM all exceeded 0.40 during 2010–2020, further confirming that
human activities are reshaping natural constraints; through engineering technologies (e.g.,
terrace transformation, irrigation facilities) and policy interventions (e.g., ecological com-
pensation), some areas have overcome topographic and climatic limitations, but excessive
development may also amplify ecological risks.

It is noteworthy that although the influence of socio-economic factors has increased,
the core role of natural factors has not been fundamentally altered. KRs are ecologically
sensitive, and once human activities exceed environmental carrying capacity, they can
easily trigger irreversible degradation processes. Therefore, changes in CL are ultimately
the result of complex feedback between natural and social systems: the natural baseline
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determines the fundamental pattern and sensitive areas of CL use, while human activities
modulate the intensity and direction of changes by altering land use patterns.

Based on the spatiotemporal evolution and driving mechanisms of CL in Guilin, the
following two policy recommendations are proposed to enhance sustainable use and protec-
tion in KR: First, adopt differentiated protection and adaptive utilization strategies based on
dominant natural factors such as elevation and TEM. In low-elevation areas, prioritize eco-
logical agriculture while improving soil and water conservation; in mid-to-high-elevation
areas, promote forest and grassland restoration as well as characteristic agroforestry to
strengthen ecosystem stability. Second, utilize highly sensitive factors like precipitation
and aspect as key regulators in ecological governance. In high-precipitation zones, enhance
slope water management and build resilience against droughts and floods; adapt irrigation
systems and crop types according to slope aspect to maximize land productivity and reduce
ecological risks under climate change and human pressure.

This study also has several limitations: First, the spatial resolution of socio-economic
data (1 km) does not match that of the land use data (30 m), which may affect the accurate
identification of factor effects at local scales. Additionally, due to cloud cover, substitute
images were used for some years, and although corresponding processing was applied, this
may still introduce a certain degree of error. Furthermore, the depth of mechanistic analysis
is somewhat insufficient. While this study clarified the influence and interactive effects
of various factors, it did not employ dynamic models (such as system dynamics or agent-
based models) to further reveal the causal feedback and long-term process mechanisms
among factors. Future studies should focus on addressing these shortcomings.

5. Conclusions
Based on multi-temporal land use data from 2000 to 2020, this study applied a geo-

graphical detector, landscape pattern indices, and GIS spatial analysis to systematically
examine the spatiotemporal evolution and driving mechanisms of CL in Guilin, a typical
KR. The main findings are as follows:

(1) CL continued to decrease in area with reduced spatial aggregation. Over the study
period, the total CL area in Guilin decreased by 105.30 km2, with an annual change
rate of −0.20%. Spatially, CL showed a general pattern of more in the southeast,
less in the northwest, but the extent of high-density areas shrank significantly and
fragmentation intensified. The loss was mainly due to conversion to construction land
and forest land, particularly during 2010–2020.

(2) Natural factors were the dominant drivers, while socio-economic influences increased.
DEM and TEM were the most influential factors, with q-values consistently above
0.40, highlighting the rigid constraints of topography and climate on CL in KRs. At
the same time, the impact of socio-economic factors grew continually: the q-value
of GDP increased by 32.16% from 2010 to 2020, indicating a strengthening role of
urbanization and industrialization in the loss of CL.

(3) Factor interactions showed significant nonlinear enhancement. Although PRE and
ASP had limited independent explanatory power, they were highly sensitive in inter-
actions and markedly amplified the effects of other factors. The loss of CL reflected
a dual pathway of non-agriculturalization and ecologicalization, signaling a func-
tional shift from singular agricultural production to a multi-dimensional ecological–
economic–social system. Under the dual pressures of economic development and
ecological conservation, there is an urgent need to establish more refined and system-
atic mechanisms for CL protection and sustainable use.

The above results can provide scientific reference for the protection and rational
utilization of CL resources in KRs.
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