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Abstract

Climate and human activity shape cropland dynamics, while their cascading interactions
remain an intricate black box blocking mechanistic understanding of land system shifts.
Taking Jilin Province as a case, we developed an integrated framework combining OPGD
(optimal parameter geographic detector), SEM (structural equation modeling) and GWR
(geographically weighted regression) to quantify multi-scale cascading mechanisms of
13 environmental factors and cropland. Cropland conversion showed distinct spatial dispar-
ities: western plains saw mainly grassland reclamation, central urban plains experienced
cropland occupation by construction, and eastern mountain areas had forest-to-cropland
expansion. Over 2010-2019, cropland decreased by 1.39% (1257.7 ha) for construction, com-
pensated by conversions from 4.99% grassland (4518.8 ha) and 3.01% forestland (2720.2 ha).
Climate dominated cropland variations through indirect human-mediated pathways, with
path coefficients of 0.664 for Climate — Human and 0.571 for Human — Cropland; climate
exerted direct driving effects on grass—cropland transition in western ecologically fragile
plains. Greenhouse gases, evapotranspiration, humidity, temperature and leaf area index
controlled overall cropland variations. Central and western croplands were dominated
by topography, whereas precipitation, population and GDP determined eastern cropland
dynamics. This framework differentiated direct and indirect driving pathways of cropland
evolution, guiding policy formulation for regional grain security.

Keywords: Jilin Province; cropland transformation; cascading pathway; OPGD-SEM-GWR
coupled framework; human-mediated climate effect

1. Introduction

Cropland change is a core research topic closely linked to global food security, ter-
restrial ecosystem balance and the implementation of Sustainable Development Goals
(SDGs). Under the dual disturbance of global climate change and accelerating human
socioeconomic development, cropland resources worldwide have undergone drastic spatial
restructuring in recent decades [1,2]. Climate fluctuation reshapes regional hydrothermal
matching conditions, changes crop planting adaptability and agricultural productivity, and
further drives human land reclamation, cropland abandonment and urban construction
expansion, thereby forming complicated cascading interaction chains between climatic
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environment, human behaviors and cropland evolution [3-5]. Numerous global empirical
studies have verified such indirect correlations between climate and cropland dynamics.
Thar Desert precipitation surges drove marked vegetation greening, with climate change
contributing over 60% to desert restoration and marginal cropland expansion—exceeding
anthropogenic restoration and reclamation [6]. These research findings highlight that
climate seldom changes cropland distribution through direct action alone but functions
indirectly by altering vegetation growth status and human agricultural decision-making.

In China, dramatic cropland transformation has emerged nationwide against the back-
ground of rapid urbanization and successive ecological restoration policies over the past
40 years [7]. Nationwide, newly added cropland from woodland and grassland reclamation
gradually surpassed cropland occupied by urban construction after 1980, accompanied
by typical problems including scattered supplementary cropland and continuous loss of
contiguous high-quality farmland [7-9]. High-quality flat cropland with a slope less than
2° in eastern China declined by more than 23% from 1996 to 2019, posing severe challenges
to domestic cultivated land protection and grain safety [10]. Northeast China, China’s core
black-soil granary, shoulders national grain security, yet it faces cropland constraints from
climatic variability, terrain gradients, and land policies such as farmland-to-forest programs
and requisition-compensation balance [11,12]. Spatially, obvious east-west differentiation
exists in land-use transformation across Jilin Province: eastern mountainous areas are domi-
nated by forest resources, central plains serve as a core urban and agricultural concentrated
zone, and western plains face grassland degradation and soil salinization risks [13-15].
Climate, vegetation, geographical factors, and human activity have been identified as the
primary drivers of cropland change [8,9,16]. While current studies often link single drivers
directly to cropland changes [17,18], few quantitatively decouple the cascading pathways
from climate to human activities to cropland conversion, hindering the deep interpretation
of intrinsic driving mechanisms.

Currently, mainstream approaches to explore cropland driving attribution include sta-
tistical analysis and land-use simulation modeling. Classical statistical frameworks such as
DPSIR [19], spatial autoregressive model [20,21], random forest [22] and multiple machine
learning algorithms [23] are widely applied to quantify the correlation between explana-
tory variables and cropland. Meanwhile, mainstream simulation models including FLUS,
InVEST and cellular automaton can realize scenario-based land-use dynamic simulation
according to factor input, providing reliable support for future land-use prediction [24,25].
Both types of traditional methodologies are designed to quantify direct correlation rather
than separate indirect cascading effects among multi-variables, making it difficult to reveal
how one factor affects cropland change indirectly through intermediate variables [26-28].
As an effective multivariate analytical tool, PLS-SEM has unique advantages in identifying
latent variables and decomposing direct and indirect path coefficients, and it has been
widely used in recent ecological and land-use research to untangle complex interaction
relationships among the natural environment and human activities [29-32]. It is particu-
larly suited for interdisciplinary research with underdeveloped theoretical frameworks or
limited data, such as land-use change attribution and social-ecological system interaction
mechanisms [33,34].

Given the above research deficiencies, this study selects Jilin Province as the research
case and builds an integrated OPGD-SEM-GWR analytical framework based on multi-
source remote sensing and statistical data from 2010 to 2019 (Figure 1). The core research
objectives include four aspects: first, constructing a land-use transition matrix and Sankey
diagram to quantify spatiotemporal cropland conversion features among different sub-
regions; second, adopting OPGD to calculate the explanatory power of 13 selected indica-
tors and sort the driving intensity of each factor; third, establishing provincial and three
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zonal PLS-SEM models to disentangle cascading pathways from climate, geography and
human activities to cropland dynamics; and fourth, applying GWR to reveal the spatially
heterogeneous distribution of factor impacts on cropland. OPGD screens core driving fac-
tors, PLS-SEM distinguishes direct and indirect cascading effects, and GWR characterizes
regional spatial disparities. This coupled framework remedies the limitations of single
models, enabling a more systematic interpretation of cropland evolution mechanisms. The
research results are expected to enrich the theoretical system of cropland cascade driv-
ing mechanism research and supply practical decision-making references for black soil
conservation and refined cropland management in Northeast China, as well as provide
methodological references for similar grain-producing areas worldwide.
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Figure 1. Overview map of the study area: (a) location of Jilin Province in China; (b) spatial
distribution of elevation; and (c) land use categories.

2. Materials and Methods
2.1. Study Area

Jilin Province (40°52'-46°18' N, 121°38'-131°19’ E), centrally located in northeastern
China, is a key commercial grain base and ecological barrier, as well as a climate-sensitive
zone, covering a total area of 1.87 x 10° km? (Figure 1a). The landforms of Jilin Province
consist of three major geographic units with distinct spatial heterogeneity in land-use
patterns due to differences in topography, climate, and human activities [35,36]: the east-
ern mountainous areas dominated by the Changbai Mountain Range, featuring forested
ecosystems and low-intensity agriculture; the central tableland plains, which serve as
the core agricultural belt with cropland resources ranking fifth nationwide [37]; and the
western alluvial plains facing acute ecological issues, where 12.3% of the area suffers from
soil salinization, grass degradation, and desertification driven by a semi-arid climate and
farming activities [38] (Figure 2).
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Spatiotemporal Dynamics and Cascade Response Pathway of Cropland Change
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Figure 2. (I-IIT) Framework for the causal pathways of cropland changes and their driving factors in
Jilin Province. OPGD, GWR, and PLS-SEM denote the optimal parameters-based geographical detector,
geographically weighted regression, and partial least squares structural equation modeling, respectively.

Since 2000, policy-driven ecological restoration (e.g., farmland conversion to forest/grass),
urban expansion, and climate shifts have collectively shaped land-use change in this region,
forming a “mountain—plain gradient” where land-use intensity declines from the densely
populated central plain to the ecologically fragile west [39]. These changes not only lead
to prominent risks such as grain production capacity decline, ecosystem degradation, and
benefit-distribution conflicts caused by cropland non-agriculturalization [11], but they also
drive passive adaptive adjustments in land-use structure via climate warming-induced factors,
further exacerbating the instability of cropland distribution and utilization patterns [40] and
triggering ecological risks including black soil degradation and biological habitat fragmentation.

The spatiotemporal complexity of cropland changes in Jilin Province, coupled with the
unclear key driving factors of cropland conversion under complex human-land interactions as
well as ambiguous dynamic evolutionary pathways and multiscale effects, makes it an ideal
case for exploring cropland change cascade pathways and their driving factors. Therefore, this
study takes Jilin Province as the research area to explore the cascade pathways of cropland
change and their driving factors using PLS-SEM, which is vital for addressing the critical issue
of balancing cropland protection and development needs, breaking through the cognitive
blind zone of the “cause—path—effect” chain in cropland change and safeguarding regional
food security and coordinated, sustainable human-land development.
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2.2. Data Sources and Processing

This study employed land-use, socioeconomic, topographic, soil, and meteorological
datasets from 2010 to 2019, all resampled to a 30 m resolution (Table 1). As croplands
are directly affected by changes in the areas of other land categories, we analyzed the
conversion relationships among different land types using land-use data. To systematically
explore the drivers of spatiotemporal changes in croplands, we categorized the influencing
factors into three broad categories, human activities, climate conditions, and geographic
conditions, with the specific components of each category clearly defined as follows:

Table 1. Data source and factor descriptions.

Data and Factors Label Sources (URL) Data Product Sensor/Platform  Resolution
https:/ /zenodo.org/records /5816591
Land-use data — (accessed on 5 July 2025) N/A N/A 30 m
. Census, satellite
Population https:/ /zenodo.org/records /11179644 - S
quantity PQ (accessed on 5 July 2025) GPWvaIl mght—tzrtr;e lights, Lkm
. . https:/ /zenodo.org/records /11179644
Population density PD (accessed on 5 July 2025) Same as above Same as above ~1km
Gross domestic https:/ /zenodo.org/records /13943886 o
product GDP (accessed on 5 July 2025) N/A N/a 0.08
Multiple
https://edgar.jrc.ec.europa.eu/ (inventories, o
Greenhouse gas GHG dataset_ghg80 (accessed on 5 July 2025) EDGAR v8.0 observation 01
fusions)
https: Meteorological
T t T //data.tpdc.ac.cn/zh-hans/data/71 Chinalk ¢ e;) ? N 1k
emperature em ab4677-b66c-4d1-a004-b2a541c4d5bf fatiam temaition m
(accessed on 5 July 2025) erpotatio
https:/ /lpdaac.usgs.gov/products/
Evapotranspiration ET mod16a2gfv061/ (accessed on MO\]]DO166312 GF MODIS/ Terra-1 500 m
5 July 2025)
https: .
Meteorological
. Lo //data.tpdc.ac.cn/zh-hans/data/6854 . .
Relative humidity RH ebb3-8a60-454a-8d43-4e6a8c0ebd5d Chinalkm o esrtagi)ar:ion 1km
(accessed on 5 July 2025) P
https:/ /data.tpdc.ac.cn/en/data/e5c3 Meteorological
Precipitation Pre 35d9-cbb9-48a6-ba35-d67dd614bb8c Chinalkm station 1km
(accessed on 5 July 2025) interpolation
Digital elevation
model DEM https:/ /dwtkns.com/srtm30m/ SRTM V3 Space Shuttle
(accessed on 5 July 2025) (SRTM30)-2-7 Radar (C/X-band ~30m
Slope Slope Y SAR)-7
https:/ /www.resdc.cn/DOI/doi.aspx?
Land surface DOIid=98&WebShieldSession Verify= MYD11C3 o
temperature LsT 2453LOxMPjH8CkYOUCTA (accessed (Ve6.1) MODIS/Aqua 0.05
on 5 July 2025)
Normalized http:/ /www.gisbg.com/data/zbsj/ MOD13A3
difference NDVI \DVI?id=24 (accessed on 5 July 2025) (V6.1) MODIS/Terra 1km
vegetation index
http:/ /www.geodoi.ac.cn/WebCn/
Leaf area index LAI doi.aspx?Id=3403 (accessed on MO(\??S 2H MODIS/ Terra 500 m

5 July 2025)
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(1) Human activities factors: To capture the impact of human activities on spatiotem-
poral changes in croplands, we selected population quantity (PQ), population density
(PD), and gross domestic product (GDP) as representative factors. These indicators can
effectively reflect the intensity of human production and living activities, which are closely
related to cropland occupation, reclamation, and management.

(2) Climate conditions factors: Climate is a key determinant of cropland change. Thus,
the climate conditions category included greenhouse gases (GHGs), temperature (Tem), evap-
otranspiration (ET; reflecting the integrated impact of climatic factors), relative humidity (RH),
and precipitation (Pre). These variables comprehensively characterize the climatic environ-
ment of the study area, which directly affects the suitability and productivity of croplands.

(8) Geographic conditions factors: Elevation, slope, and other geographical factors
significantly influenced cropland changes. Considering the combined effects of surface
soil, lithology, elevation, and topographic relief on LST heterogeneity, we included the
digital elevation model (DEM, for extracting elevation), slope, and LST in the geographic
conditions category to quantify the influences of geographical factors on croplands. Slope
data were extracted from the DEM using ArcGIS 10.8.

Croplands were defined as the sum of cropland and wasteland areas. These
datasets, encompassing the three aforementioned driver categories, adequately charac-
terize natural environments and human activities. Furthermore, following established
methodologies [41,42], 1 x 1 km grid cells were generated, with values extracted at grid
points to support analyses including the optimal parameter geographic detector and PLS-
SEM. Note that all observed variables in this study (i.e., the 14 indicators in Table 1)
represent magnitude changes during 2010-2019. Datasets for Figures 3-7 were also derived
from this identical time span.

2.3. Technical Approach

The technical framework of this study is illustrated in Figure 2, comprising three com-
ponents: data input, cropland change analysis, and cascade driving pathways of cropland
evolution. Details of the data input are provided in Section 2.1. For cropland change analy-
sis, spatiotemporal conversion patterns and evolutionary trends of all land categories were
quantified using 30 m resolution land-use data from 2010 to 2019, thereby elucidating the
evolutionary trajectory of cropland change in Jilin Province. The cascade driving pathways
of cropland evolution, constituting the core of this study, were analyzed through an inte-
grated “OPGD-SEM-GWR” framework. First, the optimal parameters-based geographical
detector (OPGD) in the GD package of RStudio 2024.09.1 was employed to automatically
classify 13 natural and anthropogenic factors into 5-9 categories via five classification
methods, and their Q-statistics (explanatory power) for cropland area were calculated.
Second, the 13 observed variables were aggregated into four latent variables—geography
(DEM, slope, LST), climate (GHG, Tem, ET, RH, Pre), human activities (PD, PQ, GDP), and
cropland attributes (cropland area, NDVI, LAI)—to construct an initial structural equation
model; significant factors corresponding to each latent variable were then screened based
on the Q-values from the OPGD to develop an optimized PLS-SEM model. Finally, geo-
graphically weighted regression (GWR) was applied to estimate local regression coefficients
between each factor and cropland area, quantifying their spatial driving intensities and
revealing the heterogeneous impacts of these factors on cropland change. The detailed
methodological principles are discussed in the following sections.
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Figure 3. Spatiotemporal evolution of land use in Jilin Province. (a) Land-use transition matrix;
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transitions during 2010-2019. c-1: areas with significant conversion from forestland to cropland;
c-2: areas with significant conversion from cropland to construction land; c-3: areas with significant
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2.4. Land-Use Transition Matrix

The land-use transition matrix is a two-dimensional analytical tool used to quantify
land-use states and dynamic relationships across temporal scales within a defined spatial
domain. By counting the conversion areas between land-use types (e.g., cropland, forest,
grass, and urban land) at two time points, this matrix systematically reveals bidirectional
conversion pathways [42]. Its mathematical expression is:

All Alz oo Aln
Ay Axp ... Ay

Y <1>
An Am . Am

where A;; represents the area converted from land-use types I to j, and 7 is the total number
of categories. Diagonal elements (A;;) reflect stable unchanged areas, while off-diagonal
elements (A;j, i # j) characterize the scale and direction of conversion between types.
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Figure 6. Cascade pathways of driving factors and cropland. (a) Modeling results without key
driving factor screening using the optimal parameter geographic detector; (b) modeling results after
screening with the optimal parameter geographic detector; (c) modeling results after screening with
the optimal parameter geographic detector and considering conversions of other land-use types; and
(d) direct and indirect effects of latent variables on cropland. Fl and Pc denote factor loading and
path coefficient, respectively.

2.5. Optimal Parameters-Based Geographical Detector

Geographic detection is a novel statistical method for detecting spatial heterogeneity
and identifying the driving factors. It makes no linear assumptions, features a parsimonious
mathematical form, and offers clear physical interpretability. The core premise is that if an
independent variable influences a dependent variable, their spatial distributions should
be similar. The method works by analyzing within-layer and between-layer variances to
calculate the single-factor g-value and multi-factor superimposed g-value, determining
whether interaction effects or other relationships exist between factors [43]. The formula is:

1 & )
g=1——=) Nyoj )
No2 =

where g is the spatial heterogeneity of an indicator, N is the total number of samples in the
study area, 02 is the variance of the indicator, i denotes the partition, and L is the number
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of partitions for the independent or dependent variable. The value of q ranges from [0 to 1],

and a larger value indicates stronger spatial heterogeneity.
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Figure 7. Cascading response paths of cropland changes under influencing factors in three typical

conversion zones. (a) Cropland-to-construction conversion area: (a-1) PLS-SEM model results;

(a-2) direct/indirect response relationships among latent variables. (b) Forest-to-cropland conversion

area: (b-1) PLS-SEM model outcomes; (b-2) direct/indirect interaction pathways of latent variables.

(c) Grassland-to-cropland conversion area: (c-1) PLS-SEM modeling results; (c-2) direct/indirect

response linkages among latent variables.
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The optimal parameter geographic detector, which is an extension of the geographic
detector, identifies the ideal classification parameters by comparing the g-values from
different discretization methods and breakpoint numbers. The choice of discretization
method and breakpoint count is critical for maximizing the g-value, which measures the
explanatory power of independent variables for dependent variables [44—46]. Five dis-
cretization methods were used: standard deviation (SD), natural breaks (NB), equal interval
(EI), quantile (QC), and geometric interval (GI). Existing studies show that too many or
too few breakpoints cause information redundancy or loss; therefore, we set breakpoint
numbers between five and nine. The driving factors for each land-use type were identified
using the factor and interaction detector results.

2.6. Partial Least Squares Structural Equation Modeling

PLS-SEM is a multivariate technique that reveals complex causal relationships by
connecting latent variables (unobservable constructs) to manifest variables (directly mea-
surable indicators). Unlike covariance-based SEM, PLS-SEM—grounded in principal
component analysis—is better suited for small samples, non-normal data, and formative
and reflective measurement models [29,47]. PLS-SEM prioritizes the variance explanation
over model fit, making it highly suitable for exploratory research and predictive analysis.
Its ability to handle formative constructs (e.g., indices composed of multiple indicators) and
mitigate multicollinearity make it ideal for analyzing multidimensional land-use drivers
[e.g., socioeconomic policies and ecological constraints] [47]. The formula is:

X=AZ+0 3)

Y=Ayy+e 4)

where X and Y are vectors of exogenous and endogenous indicators, respectively; ¢ and
11 are vectors of exogenous and endogenous latent variables, respectively; Ay and Ay are
parameter matrices to be estimated; and ¢ and ¢ are measurement error terms.

n=By+I¢+¢ (5)

where B is the matrix of path coefficients among endogenous latent variables, I is the
matrix of path coefficients from exogenous to endogenous latent variables, and  is the
structural error term.

Goodness-of-fit (GOF) is a core metric for evaluating the overall validity of PLS-SEM.
It is defined as the geometric mean of the average communality of all latent variables and
the average coefficient of determination (R?) of the endogenous latent variables [48]. The
formula is:

GOF = \/ communality x R (6)

This metric provides a practical solution for testing the global validity of PLS models,
serving a dual purpose for both the measurement model and the structural model: on the
one hand, communality reflects the extent to which latent variables explain their observed
indicators, characterizing the intrinsic quality of the measurement model; on the other
hand, R? measures the explanatory power of exogenous latent variables for endogenous
latent variables, reflecting the predictive power of the structural model. By integrating
these two aspects, GOF offers a comprehensive measure of the overall fit of a PLS model,
enabling researchers to simultaneously assess the explanatory power of the measurement
model and the structural model within a unified framework, thereby providing a concise
and effective basis for judging the model’s global suitability.
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In this study, geographic factors, climatic factors, human activities, and three land-use
types (cropland, forest, and grass) were defined as latent variables, with separate PLS-SEM
models constructed for each category. We used 13 observed variables to quantify the impact
of external factors on cropland transitions and analyze the interactive relationships among
land-use types. This framework allows for the simultaneous estimation of measurement
and structural relationships, illuminating how latent constructs (e.g., socioeconomic drivers
and ecological constraints) influence cropland changes.

2.7. Geographically Weighted Regression

The core advantage of GWR is its ability to capture non-stationary relationships and
scale dependency between explanatory and response variables by integrating geographic
spatial parameters. This method incorporates spatial weighting functions into a traditional
regression and quantifies spatial heterogeneity through spatially explicit variable relation-
ships [39,41,42,44]. Compared with traditional global regression models, GWR not only
reveals spatial differentiation patterns of land-use change drivers but also accurately char-
acterizes variations in driver influence intensity across geographic units. This feature gives
it unique value in spatial analysis by addressing the limitations of PLS-SEM in capturing
driver spatial heterogeneity. The formula is:

vi = Bo(ui,vi) + Y Py, vi)xip + € 7)
=1

where y; represents the value of the dependent variable at location i, x; (k =1,2,---m)
denotes the value of independent variable k at location i, (uj, v;) are the coordinates of
regression point i, B (uj, vi) is the intercept term, and By (u;, vi)(k =1,2,---m) are the
regression coefficients.

3. Results
3.1. Spatiotemporal Evolution of Land Use in Jilin Province

The area changes of different land types from 2010 to 2019 are ranked in descending
order of their absolute values, as follows: grassland (decrease of 2425.7 ha), built-up land
(increase of 1406.2 ha), cropland (increase of 1165.3 ha), forest land (decrease of 378.5 ha),
and water area (increase of 232.8 ha). These changes correspond to 32.77%, 15.68%, 1.27%,
0.46%, and 8.35% of the respective land areas in 2010. Changes in land area by land type
from 2010 to 2019, ranked in descending order based on their proportion of total land
area in 2010, are as follows: grassland decreased by 32.77% (2425.7 ha), construction land
increased by 15.68% (1406.2 ha), water bodies increased by 8.35% (232.8 ha), cultivated
land increased by 1.27% (1165.3 ha), and forested land decreased by 0.46% (378.5 ha).
Cropland net conversion to other land types occurred in three consecutive 3-year periods
(2010-2013, 2013-2016, 2016-2019) at the rates of 2.69% (2439.8 ha), 1.88% (1721.9 ha), and
2.40% (2209.6 ha), respectively, with a total of 6452 ha of cropland converted out—among
which 1257.7 ha was converted to built-up land. In contrast, the conversion of other land
types to cropland in the same three periods was recorded at 3.58% (3276.7 ha), 2.53%
(2325.3 ha), and 2.20% (2015.6 ha), respectively (Figure 3a), with the total cropland gain
dominated by forestland (2720.2 ha) and grassland (4518.8 ha) conversion. Over the entire
decade, built-up land underwent a cumulative expansion of 18.59% (1406.2 ha), which was
primarily realized at the cost of cropland. Water bodies showed a negligible net change in
area but experienced frequent mutual conversions with cropland and built-up land, which
indicates that surface water dynamics were dominated by human activities (Figure 3a).

The temporal dynamics of each land category are presented in Figure 3b. Cropland
area increased gradually from 90,644.4 ha in 2010 to a peak of 92,084.8 ha in 2016 (a
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1.59% rise), then declined to 91,809.7 ha in 2019 (equivalent to a 1.29% increase relative to
2010). Forestland exhibited a steady annual decrease, reaching a minimum of 81,814.6 ha
in 2016 (a 1.20% reduction from 2010), followed by a subsequent recovery. Grassland
area decreased continuously, with a 32.77% reduction (2425.7 ha) in 2019 compared to
2010 levels. Water bodies showed an overall increasing trend, peaking at 2978.1 ha in
2013 (a 9.11% increase relative to 2010), which was likely linked to heavy rainfall in Jilin
Province that year (https://news.sina.com.cn/c/2013-08-16 /225427970707 .shtml, accessed
on 5 July 2025). Built-up land area increased annually from 7564.3 ha in 2010 to 8970.4 ha in
2019, representing an 18.59% cumulative increase. Cropland area dynamics reflected inter-
category land competition, rising initially to a peak of 92,084.8 ha (a 1.59% increase relative
to 2010) in 2016 before undergoing a steady decline thereafter. Notably, the cropland and
forest area change curves show a mirror-like pattern (Figure 3b), which is likely linked to
policies such as cropland-to-forest conversion.

Spatially, the eastern region of Jilin Province was dominated by forest—cropland
conversions (Figure 3c-1), while the central region showed cropland-to-building transitions
(Figure 3c-2) driven by urban expansion. In the west, grass and cropland were frequently
converted into each other (Figure 3c-3), mainly because of grass reclamation under the land
reclamation balance policy. The spatial patterns of land-use change exhibited fragmented
multimodal distributions with pronounced heterogeneity (Figure 3c). Overall, dominant
land-use conversions in the study area were “cropland to construction land,” “forest to
cropland,” and “grass to cropland.”

3.2. Key Driving Factors of Cropland Change

Beyond land category conversions (Figure 3), cropland dynamics are influenced by
complex environmental variables [49]. To systematically quantify the explanatory power of
these drivers, we adopted the optimal parameters-based geographical detector (OPGD)
model. The results reveal notable differences in optimal classification schemes across
variables. NDVI, LST, GDP, RH, Pre, GHG, and slope achieved relatively higher Q-values
(0.79, 0.53, 0.24, 0.34, 0.24, 0.48, and 0.66, respectively) when classified into nine classes
using quantile classification. In contrast, PD, PQ, and DEM achieved relatively higher
Q-values (0.54, 0.53, and 0.79, respectively) when categorized into eight classes using
the same quantile approach. LAI and ET reached maximum Q-values of 0.90 and 0.23
via nine-class NB classification, while Tem obtained an optimal Q-value of 0.47 through
eight-class SD classification. This indicates that, in addition to vegetation indices (LAI and
NDVI), geographic factors (DEM, slope) appear to strongly influence land cover types.
Among the human activity indicators, population density (PD) showed relatively strong
explanatory power (Q > 0.5), while climate factors generally exhibited weaker effects. GHG
had a relatively stronger influence (Q = 0.48), and ET had the smallest influence (Q = 0.23).

The interaction detector evaluates the interactive effects of the driving factors on land
category changes. The interactive explanatory power of LAI with other driving factors was
significantly removed, only left enhanced, with all Q-values exceeding 0.91 (Figure 5b). The
interactive explanatory power of ET and GDP was relatively low (Q = 0.36) but still showed
enhanced effects compared with their individual Q-values (ET = 0.23, GDP = 0.24). These
results suggest that the driving factors may not only exhibit individual explanatory advan-
tages but also jointly influence cropland changes through interactions with other factors.
Therefore, revealing their direct and indirect effects on cropland changes remains necessary,
though such inferences should be supported by complementary analytical approaches.
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3.3. Cascade Pathways of Driving Factors and Cropland
3.3.1. Accuracy of Partial Least Squares Structural Equation Modeling

Based on OPGD screening based on Q-values to exclude weakly explanatory variables
(ET, RH, Pre and GDP) and incorporating land-use conversion variables, we constructed
a partial least squares structural equation model (PLS-SEM) encompassing four latent
variables—geography, climate, human activities and croplands—to uncover the driving
mechanisms of cropland change. The GOF index assesses the overall fit of the PLS-PM
model, with values ranging from 0 to 1 (higher values indicate a better fit). As shown in
Figure 6, removing invalid observed variables via the OPGD method increased the GOF
from 0.52 to 0.57, and all path coefficients improved (Figure 6a,b). Adding land-use area
as an observed variable for the human activity latent variable further enhanced both the
GOF value and path coefficients (Figure 6c). These results demonstrate that the proposed
PLS-SEM modeling approach significantly improves model performance.

3.3.2. Cascading Path Analysis of Cropland and Driving Factors

In the PLS-SEM model, the path coefficient (Pc) between the latent variables measures
direct influence. The product of the Pc values along a path quantifies the indirect effect of the
initial latent variable on the final latent variable. A positive Pc indicates that a unit change
in the predictor variable yields a change in the Pc magnitude in the response variable.

The revised PLS-SEM model identified geography and human activities as the primary
drivers of cropland distribution changes, with climate having a weaker impact (Figure 6¢,d).
The direct path coefficients for the three factors were 0.5405, —0.5271, and 0.1235, indicating
the positive effects of geography and climate on croplands, whereas human activities
exerted a negative influence. Key findings include the following: (1) Areas with higher
DEM and slope (and lower LST; that is, mountainous regions) show smaller cropland areas,
confirming cropland shrinkage in unsuitable mountainous areas and expansion in high-
yield plains regions. This aligns with the low-altitude grassland-to-cropland conversion
shown in Figure 3c¢-3 (consistent with the spatial pattern in Figure 2II). (2) Increases in
PD and PQ drive cropland expansion and vegetation decline, as evidenced by the high
factor loadings for the NDVI (0.9471) and LAI (0.9753). (3) Forest expansion emerged
as a key land-use factor that reduces croplands, reflecting the impact of human-driven
policies such as farmland-to-forest/grass conversion. (4) Regional increases in GHGs
and Tem promote vegetation growth but also contribute to cropland reduction. Notably,
climate elements strongly influenced human activities (path coefficient = 0.664), with the
indirect climate effect on cropland via human activities measuring —0.3500. The total
effect (direct + indirect) was —0.2266 (Figure 6d), highlighting the indirect negative risks of
climate change to agricultural security, which warrant urgent attention.

3.3.3. Cascade Paths of Change for Cropland, Forest, and Grass in Three Typical Land-Use
Conversion Regions

Figure 6 illustrates the cascading path response of cropland changes to the influencing
factors at a regional scale. To explore the cropland’s change mechanisms at the microscale,
we selected three typical conversion types, cropland-to-building, forest-to-cropland, and
grassland-to-cropland (Figure 3c(1-3)), and developed separate PLS-SEM models for each
(Figure 7).

In a typical cropland-to-construction area (Figure 3c-2), DEM and slope were key geo-
graphic factors, whereas LST lost its driving role. GHG emerged as the primary climatic fac-
tor, with PD, PQ, and GDP being the dominant drivers of human activity (Figure 7a-1). The
direct effects of geography, human activities, and climate on croplands were 0.3605, —0.4214,
and —0.1759, respectively (Figure 7a-1). Compared with the regional scale (Figure 6¢), the
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effect of climate on croplands shifted from positive to negative, although only marginally,
with its indirect effect remaining negative. This yields a total climate effect of —0.3496 on
cropland, combining direct (—0.1759) and indirect (—0.1737) impacts (Figure 7a-2). In the
forest-to-cropland area (Figure 3c-1), croplands are dominated by geographic factors, with
diminishing human activity and climate impacts, likely owing to the high topographic
relief in mountainous regions (Figure 7b). Conversely, the grassland-to-cropland area
(Figure 3c-3) showed exclusive climatic factor dominance, an unprecedented pattern ab-
sent at the regional scale or in other conversion types, highlighting the need to prioritize
climate change risks in regional agricultural production. The detailed path coefficients
(direct/indirect) and factor loadings of the latent variables are shown in Figure 7.

3.4. Impact of Manifest Variable Spatial Heterogeneity on Cropland

The GWR outputs reveal pronounced spatial nonstationarity in how these factors
shape cropland dynamics. The 13 factors can be separated into three distinct categories
based on overall heterogeneity. The first category—DEM, slope, and Tem—showed con-
centrated heterogeneity in the central-western region (Figure 8a,b,e), with regression
coefficients ranging from —2.398 to 2.208, —1.638 to 0.707, and —1.563 to 0.619, respec-
tively. These act as key drivers of cropland change in the central-western areas. The
second category—Pre, PD, PQ, GDP, and NDVI—exhibited heterogeneity mainly in the
central-eastern region (Figure 8h-1), with lower spatial variability in the west, indicat-
ing their dominant role in driving cropland change in eastern mountainous areas. The
third category comprises factors with strong spatial heterogeneity across the entire re-
gion (Figure 8c,d,f,g,m), exerting significant driving forces on cropland change at the re-
gional scale.

In terms of impact polarity and magnitude, DEM, slope, and Tem predominantly
exhibit negative effects on cropland area, with only isolated small regions showing re-
gression coefficients > 0.1 (positive values). Among the second-category factors, Pre
generally exerted a positive impact on cropland expansion across large areas (regression
coefficients: —1.81 to 0.76), whereas the remaining factors (PD, PQ, and GDP) showed
negative effects for >90% of the study area. Specifically, PD and PQ exhibited remarkably
similar spatial heterogeneity patterns with similar regression coefficients. Except for a
small northeastern area that showed a positive correlation, both factors predominantly
demonstrated a negative correlation. GDP regression coefficients range from —0.64 to
0.80, with negative correlation areas mainly concentrated in the Changchun and Jilin
regions. Additionally, NDVI and LAI (third-category factors) showed negative correla-
tions with cropland area changes in eastern Jilin Province, but they displayed distinct
spatial heterogeneity and strong positive correlations in central and western regions.
Their regression coefficients ranged from —0.81 to 0.47 and —0.76 to 0.97, respectively.
In the third factor category, LST showed a positive correlation centered on Changchun,
decaying outward, with regression coefficients ranging from —0.27 to 1.13. GHG exhib-
ited regression coefficients of —0.61 to 13.92, with a strong positive correlation, which
was notably observed in the Yanbian region. The ET regression coefficients ranged from
—0.18 to 0.33, transitioning from negative to positive correlation from the center outward.
RH had regression coefficients of —0.29 to 1.39.

The spatial distribution patterns of the impacts of these 13 factors on croplands provide
deeper insights into the driving mechanisms of cropland area changes, offering theoretical
and data-driven support for subsequent land-use planning.
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Figure 8. Spatial distribution of GWR regression coefficients between driving factors and cropland
changes, (a) DEM; (b) Slope; (c) LST; (d) GHG; (e) Tem; (f) ET; (g) RH; (h) Pre; (i) PD; (j) PQ; (k) GDP;
(I) NDVL (m) LAL

4. Discussion
4.1. Driving Pathways for Cropland Conversion

This study quantified the spatiotemporal cropland conversions across western, central
and eastern Jilin Province and further decoupled the direct and indirect cascade driving
paths of terrain, climate and human socioeconomic factors based on a multi-model coupling
framework. Our results revealed that around 6452 ha of cropland was transformed into
built-up land during 2010-2019, and human activity represented the dominant driver
behind cropland non-agricultural occupation in central plains, with a path coefficient
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of —0.527 at provincial scale and —0.421 in central urban expansion zone, which was
consistent with previous research on rapid urban sprawl in Northeast China’s core grain-
producing plains [39,50]. Driven by GDP growth and population agglomeration around
Changchun and Jilin urban agglomeration, continuous construction land expansion directly
eroded high-quality flat cropland, which is a common land-use conflict in China’s major
agricultural zones [10].

Nevertheless, human socioeconomic factors exerted limited impacts on forest-to-
cropland and grassland-to-cropland regions in eastern mountains and western plains.
Such spatial discrepancy originates from differentiated land management policies: eastern
forest reclamation is restricted by natural forest protection projects, while western grass
reclamation is largely regulated by cropland requisition-compensation balance policy [38].
Topographic factors showed consistently positive direct effects on cropland distribution
across all three subregions, with path coefficients ranging from 0.361 to 0.541. Plains areas
with low elevation and gentle slope have superior hydrothermal conditions for agricultural
cultivation, thus becoming priority regions for cropland expansion either from forest
clearance or grassland reclamation [51].

Consistent with the core research objective of climate-mediated cascade effects, climatic
factors rarely alter cropland area directly at the provincial level but dominantly regulate
land-use variation indirectly via modifying human production and cultivation behaviors
(Climate — Human path coefficient = 0.664). This human-mediated cascade path explains
why rising greenhouse gas concentration and temperature do not directly shrink or expand
cropland on the whole, but they change farmers’ willingness for wasteland reclamation
and intensive farming modes. Distinctively, climate switched into a direct dominant driver
in western semi-arid grassland areas (direct path coefficient = 0.637). The western plain is
ecologically fragile with severe salinization and water shortage; precipitation, temperature
and humidity fluctuations directly determine grassland survival status, and favorable
climatic conditions stimulate large-scale grassland-to-cropland reclamation without inter-
mediate human socioeconomic interference [40]. The differentiated direct/indirect climate
effect among subregions supplements existing research which generally ignored spatial
divergence of climate—cropland interaction in Northeast China.

4.2. Analysis of Spatially Heterogeneous Drivers of Cropland Change

According to GWR spatial coefficient distribution, terrain indicators (DEM, slope),
thermal condition (temperature), human indicators (PD, PQ, GDP) and vegetation indexes
(NDVI, LAI) displayed obvious zonal heterogeneous effects on cropland dynamics across
Jilin. Topography and temperature dominated cropland variation in central-western plains
where flat terrain concentrates most high-yield cropland resources; small fluctuations in
elevation and slope will greatly change agricultural suitability and further affect cropland
layout [35]. In contrast, precipitation, population density and economic development
dominated eastern mountain cropland changes because fragmented terrain restricts large-
scale centralized construction, and cropland expansion mainly relies on scattered forest
land development driven by local population growth and rural economic demand [36].

GHG, relative humidity and evapotranspiration showed province-wide universal
impacts on cropland dynamics. Rising greenhouse gas improves regional accumulated
temperature and extends the crop growing period, which promotes vegetation restoration
and further restricts blind wasteland reclamation across the whole study area [8,16]. Spa-
tially negative correlations between population, GDP and cropland in the Changchun-Jilin
metropolitan area matches the universal law of urbanization-induced cultivated land loss
across China’s metropolitan peripheries [18]. Meanwhile, the negative coefficient reversed
to positive in remote western counties, which benefit from cropland balance policy that
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encourages developing unused saline-alkali and grassland into new cropland to offset
urban cropland loss [38].

The cascade driving mechanism summarized in this study has wide reference value
for mid-latitude monsoon agricultural regions globally. On the national scale, terrain
constrains cropland spatial allocation by redistributing surface hydrothermal resources
nationwide [51]. Globally, anthropogenic climate change modifies regional drought risk
and crop productivity, further inducing passive cropland expansion or abandonment in
South Asia and global grain belts [52,53]. The existing literature has verified the correlation
between climate, human activity and cropland, but few studies systematically quantified
multi-level indirect cascade pathways; our OPGD-PLS-SEM-GWR coupled framework
makes up this research gap and can be transplanted to analogous agricultural regions
worldwide for food security assessment.

4.3. Strengths and Limitations of This Research
4.3.1. Research Strengths

This study constructed an integrated “factor screening-pathway quantification-spatial
heterogeneity characterization” framework coupling OPGD, PLS-SEM and GWR, effec-
tively solving two core defects of single model application in traditional cropland research:
the inability of geographic detectors to distinguish direct/indirect driving paths and the
deficiency of global PLS-SEM in depicting spatial coefficient differentiation. The OPGD
optimizes variable discretization parameters to calculate reliable g-values and filter invalid
explanatory indicators, improving the rationality and fitting degree of the subsequent
PLS-SEM model (GOF improved from 0.52 to 0.62 after variable optimization). Follow-up
GWR supplements spatial information for latent variable path results and visually displays
the regional differentiated influence of each manifest factor on cropland.

Methodologically, this study puts forward a mature variable preprocessing workflow
for SEM land-use research, which can reduce artificial parameter bias in model construction
and provide a referable analytical paradigm for subsequent LUCC driving mechanism
research. Empirically, we distinguished three typical cropland conversion zones and
separately built subregional PLS-SEM models, revealing the shift of climate from indirect
mediator to direct driver in western grass—cropland transition areas, which enriches the
cognition of regional climate-land interaction rules in the Northeast black soil region.

4.3.2. Research Limitations and Future Research Prospect

First, factor rankings based on Q-values are highly sensitive to discretization strate-
gies and temporal aggregation approaches. The subtle differences in explanatory power
among certain driving factors imply that the ranking of dominant factors may vary across
alternative classification schemes and multi-temporal scales rather than reflecting a fixed
contribution hierarchy. Consequently, the factor detection results in this study reflect the
spatial explanatory power of each driver within the specified 1 km annual grid analysis
framework and should not be generalized to other spatial or temporal scales. Future
research can adopt machine learning-based automatic classification to improve the preci-
sion of factor detection. Second, this research only selects 13 natural and socioeconomic
indicators, lacking explicit quantitative policy indicators such as implementation intensity
of Grain-for-Green and cropland balance policies; although policy impacts are indirectly
reflected via human activity variables, quantitative introduction of policy dummy variables
can further perfect the cascade path logic.

Third, OPGD, PLS-SEM and GWR are all correlation-based statistical models; our
results reveal statistical association pathways rather than strict causal relationships, consis-
tent with the discussion in former research limitations. Incorporating the Granger causality
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test or causal discovery algorithm can help distinguish real causal links from spurious
correlation in subsequent data processing [54]. Fourth, the fishnet grid extraction method
used in variable matching may split natural administrative and terrain boundaries and
bring minor sampling bias; vector zoning statistics based on county administrative units
can optimize dataset construction in follow-up work.

In addition, this study only focuses on cropland area variation during 2010-2019
without involving cropland quality change (black soil degradation, soil fertility decline).
Black soil quality is critical for regional food security; hence, future research can integrate
soil organic matter and field survey data to explore cascade effects of climate and human
activities on both cropland quantity and quality. Extending research time series to 2000-2025
is also helpful for identifying long-term climate change-driven cropland evolution trends.

5. Conclusions

Cropland conversions in Jilin from 2010 to 2019 displayed prominent zonal divergence:
central cropland was encroached upon by built-up land, eastern forests were reclaimed for
cropland, and western grasslands were turned into cultivated fields. In total, 7.12% (6452 ha)
of cropland shifted to non-farm uses, including 1.39% (1258 ha) for construction; newly
added cropland was derived from 3.01% (2720 ha) forest and 4.99% (4519 ha) grassland,
controlled jointly by terrain, climate and regional socioeconomic gaps.

PLS-SEM quantified three critical cascading paths. Topography directly structured
cropland distribution (Pc = 0.5405), while human activities induced central cropland loss
(Pc = —0.5271). Region-wide climate impacts were mostly indirect via human regulation
(Climate — Human: 0.664), yet climate directly dominated western grass-to-cropland
conversion (Pc = 0.6367) under semi-arid conditions.

GWR revealed spatially heterogeneous drivers: terrain and thermal factors governed
central-western cropland changes; precipitation, population, GDP and vegetation indices
dominated eastern variations; and GHG, humidity and ET affected cropland across the
whole province. Urban expansion around Changchun-Jilin caused severe cropland shrink-
age, offset partially by the cropland requisition—compensation balance policy in western
remote areas.

The integrated OPGD-PLS-SEM-GWR framework resolves the limitation of single
models in separating direct and indirect cascading effects. These findings advance cropland
driving mechanism theory and support targeted black soil and farmland protection for
Northeast China and comparable global grain bases.
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PQ Population quantity
PD Population density
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GDP Gross domestic product
GHG Greenhouse gas

Tem Temperature

ET Evapotranspiration

RH Relative humidity

Pre Precipitation

DEM Digital elevation model
Slope Slope

LST Land surface temperature
NDVI Normalized difference vegetation index
LAI Leaf area index

OPGD Optimal parameters-based geographical detector
PLS-SEM Partial least squares structural equation modeling

GWR Geographically weighted regression
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