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Soil organic carbon (SOC) exhibits distinct spatial heterogeneity across different
pedoclimatic regions, yet the underlying regulatory mechanisms and their
threshold responses remain poorly understood. In this study, the spatial
patterns and underlying region-specific regulatory factors controlling SOC
dynamics were investigated across a pedoclimatic gradient represented by the
Jiaodong Peninsula (maritime monsoon climate) and Southwest Shandong
(continental climate) in Shandong Province, China. Geostatistical analysis
coupled with sequential Gaussian simulations provided probabilistic
assessment of SOC spatial patterns, while machine learning algorithms (Linear
Regression, Random Forest, XGBoost and Support Vector Machine) integrated
with SHAP analysis enabled quantification of nonlinear threshold responses and
identification of dominant factors governing SOC dynamics. The results showed
that SOC in Jiaodong exhibited a west-high-east-low gradient characterized by
local-scale structure, whereas Southwest Shandong showed higher SOC
contents dominated by macro-scale gradients. The Random Forest model
identified distinct regulatory mechanisms in Jiaodong, where NOsz -N and
extractable Fe exhibited a dual-threshold domain (NOs™-N = 10.0 mg-kg™?, Fe
= 12.0 mg-kg™), with the marginal effect of Fe on SOC shifting from negative to
positive when NOz -N exceeded its threshold concentration. In Southwest
Shandong, total nitrogen (TN) was revealed as the dominant predictor, with a
critical threshold at 3.25 g-kg™* above which SOC increased by 2.0 g-kg™, while
NOs™-N showed negative effects above 27 mg-kg™. This study demonstrates that
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the combination of interpretable machine learning and geostatistical approaches
can effectively elucidate region-specific threshold mechanisms and nonlinear
controls governing SOC dynamics. This approach is critical for developing
spatially-explicit soil carbon management strategies under varying
pedoclimatic conditions.

KEYWORDS

soil organic carbon, geostatistics, spatial heterogeneity, machine learning models,
cropland management

1 Introduction

Soil organic carbon (SOC) constitutes the largest terrestrial
carbon pool, storing approximately 1,500 Pg of carbon in the top
meter of soil and playing a key role in regulating climate-carbon
feedbacks through its effect on atmospheric CO, concentrations
(Lal, 2004; Schimel et al., 2015; Gleixner, 2013). In addition, SOC is
fundamental to the provision of essential ecosystem services, such
as nutrient cycling, water retention, soil aggregate stability, and
biodiversity conservation (Lehmann and Kleber, 2015; Lal, 2018;
Wiesmeier et al., 2019). However, SOC stocks are neither spatially
uniform nor temporally stable. Substantial heterogeneity in SOC
distribution and persistence across multiple scales and pedoclimatic
regions represent a structural uncertainty-up to £30% in terrestrial
carbon flux estimates used in CMIP6 and Earth system models
(Doetterl et al., 2015; Wang et al., 2021; Sanderson et al., 2024). This
uncertainty is further increased by the non-linear and context-
dependent responses of SOC to environmental drivers such as
nitrate nitrogen (NO3-N), extractable iron availability, and the
interacting effects of total nitrogen (TN) with cation-exchange
capacity (CEC) (Song et al, 2023). For example, the continental
croplands on the North China Plain have undergone decades of
intensive N fertilization, resulting in persistent soil and vadose-zone
nitrate accumulation and leaching, whereas abundant CaCO; and
elevated cation exchange capacity (CEC) promote the stabilization
of mineral-associated organic carbon (Ju et al., 2006; Zhou et al.,
2016; Rowley et al., 2018a). In contrast, in coastal monsoonal
landscapes of eastern China, periodic hydrological redox
fluctuations drive active transformations among Fe phases,
thereby influencing the dynamics of Fe-organic associations
(Wang et al, 2019; Zhao et al,, 2022, 2023). Reducing these
uncertainties is not only essential for improving model reliability
but also foundational to achieving international climate targets
outlined in the IPCC Sixth Assessment Report and initiatives like
the “4 per 1000” strategy for soil carbon sequestration (Minasny
et al.,, 2017; Paustian et al., 2016).

To understand and reduce these uncertainties requires
disentangling how SOC dynamics respond to contrasting
pedoclimatic conditions and the mechanisms underlying such
variability. Regionally, the SOC stability is governed by nonlinear
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interactions among climatic gradients, soil physicochemical
attributes, and nutrient availability, resulting in divergent
stabilization mechanisms across landscapes (Doetter] et al., 2015;
Wang et al., 2021; Xu and Tsang, 2022). In humid coastal regions
subject to maritime-monsoon climates, frequent redox oscillations
driven by fluctuating moisture regimes and high organic carbon
inputs accelerate SOC turnover through microbial mineralization
and the formation of organo-Fe complexes (Keiluweit et al., 2015;
Yu et al, 2021). These regions are characterized by elevated
microbial biomass, acidic pH, and high dissolved organic carbon
concentrations, all of which enhance SOC solubility and mobility
while simultaneously reducing long-term mineral protection due to
reduced sorption affinity and organo-mineral interactions (Rumpel
and Kogel-Knabner, 2011; Keiluweit et al., 2017; Kramer and
Chadwick, 2018). In contrast, in semi-arid continental regions
with limited precipitation and alkaline soils, SOC stabilization is
dominated by persistent mineral associations, including cation
bridging, calcium-carbonate interactions, and selective sorption
onto clay minerals (Kleber et al, 2007; Liang et al., 2019). Such
pedoclimatic contrasts give rise to distinct biogeochemical
thresholds and feedback mechanisms that are poorly represented
in current Earth-system models, which typically oversimplify SOC
responses to nutrient enrichment and climate variability (Guenet
et al, 2018; Wang et al., 2021). Therefore, region-specific
frameworks that explicitly account for mineral protection and
nutrient-coupled destabilization processes are vital for improving
model predictability across diverse soil-climate regimes.

Despite substantial advances in identifying dominant controls
of SOC dynamics, such as mineral protection, nitrogen availability,
and soil physicochemical properties, the non-linear thresholds that
regulate SOC stability under varying nutrient availability across
climatic regimes remain poorly understood. For instance, nitrate
nitrogen (NO;-N) and extractable iron (Fe) have been shown to
exhibit highly context-specific effects, whereby they enhance SOC
stabilization through organo-mineral associations in humid, redox-
fluctuating soils, yet promote carbon loss in drier systems via altered
microbial functioning and reduced mineral sorption (Keiluweit
et al., 2015; Ruiz et al., 2024; Lambert et al., 2024; Diaz-Martinez
et al, 2024). Moreover, interactions among multiple controlling
factors, such as NO5™-N, Fe oxides, and cation exchange capacity,
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typically lead to nonlinear reinforcing or offsetting effects that are
poorly quantified across pedoclimatic gradients with contrasting
mineralogy, nutrient availability, and microbial community
composition (Liang et al., 2019; Wang et al.,, 2021; Chen et al,
2025). Conventional linear models have shown limited ability to
capture these complex, nonlinear dynamics of SOC, especially in
the presence of interacting environmental drivers (Doetter! et al,
2015; Guenet et al., 2018; Wang et al., 2021). Therefore, advanced
analytical frameworks, such as sequential Gaussian simulations
combined with probabilistic spatial analysis, provide robust
approaches for quantifying spatial uncertainty and characterizing
region-specific SOC variability (Yu et al., 2021; Xu and Tsang, 2022;
Wang et al., 2021). Meanwhile, machine learning models, such as
Random Forest, XGBoost and Support Vector Machines, combined
with SHAP (SHapley Additive exPlanations) analysis, can
effectively identify nonlinear threshold responses and multi-factor
interactions, thereby enhancing both the mechanistic
interpretability and predictive capacity of SOC models across
contrasting pedoclimatic conditions (Liang et al., 2019; Huang
et al., 2025; Kakhani et al., 2025).

Building on these methodological advances, this study examines
the distinct climatic and edaphic contrasts between the Jiaodong
Peninsula (maritime monsoon climate) and Southwest Shandong
(continental climate) as a natural model system to investigate SOC
spatial heterogeneity and its underlying regulatory mechanisms.
Using a probability-based geostatistical framework combined with
machine learning approaches, we first quantified SOC spatial
uncertainty through sequential Gaussian simulation and
probabilistic spatial analysis, and subsequently integrated Random
Forest with SHAP and partial-dependence analysis to reveal
interpretable nonlinear response patterns. Accordingly, we tested
two hypotheses: (1) The spatial distribution of SOC differs
fundamentally between the Jiaodong Peninsula (maritime
monsoon) and Southwest Shandong (continental); (2) The
dominant factors regulating SOC stability exhibit distinct region-
specific controls in these contrasting environments. By integrating
advanced spatial analysis with interpretable machine learning
approaches, this study aims to elucidate the mechanisms
underlying regional SOC dynamics, thereby providing a
framework for region-specific sustainable soil management
strategies under accelerating climate change.

2 Materials and methods
2.1 Site description and soils collection

This study was conducted in two contrasting agricultural
regions of Shandong Province, China: The Jiaodong Peninsula
(Yantai, Weihai, and Qingdao) and Southwest Shandong (Jining
and Zaozhuang). The Jiaodong Peninsula is dominated by low
mountains and hilly landforms under a warm-temperate monsoon
climate (mean annual temperature (MAT) 12.5 °C; mean annual
precipitation (MAP) 630-1114 mm). Southwest Shandong
comprises a transitional zone from the Huang-Huai-Hai Plain to
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the central-southern highlands with a continental warm-temperate
monsoon climate (MAP 616-880 mm). A total of 48 and 41 macro-
sites were established in the Jiaodong Peninsula and Southwest
Shandong, respectively, to encompass the principal pedoclimatic,
geomorphic, and edaphic gradients characteristic of each region.
The sampling framework systematically integrated climatic
conditions, topography, and soil classification to capture the
dominant combinations of temperature, precipitation, and parent
material that define the regional pedoenvironments. Within each
region, sites were distributed across the full range of mean annual
precipitation and elevation gradients, including the main FAO/
WRB soil groups such as Cambisols, Luvisols, Fluvisols, and
Anthrosols. All selected croplands exhibited comparable
management histories, characterized by long-term (>10 years)
winter wheat-summer maize rotation under similar fertilization
and irrigation regimes, and sites affected by recent disturbance,
construction, or land-use conversion were excluded. This stratified
design ensured that the collected samples captured the principal
environmental gradients controlling soil organic carbon variability
across the contrasting pedoclimatic regimes.

Soil sampling was conducted in May 2021, coinciding with the
grain-filling stage of winter wheat, when fields were typically
irrigated but not fertilized. At each site, three 200 m x 200 m
grids were established, from which five topsoil cores (0-20 cm) were
collected using a five-point pattern, yielding 144 samples in the
Jiaodong Peninsula and 123 in Southwest Shandong. All samples
were air-dried at room temperature (25 °C) for 7 days, gently
disaggregated, cleared of visible plant residues and gravel, passed
through a 2-mm nylon sieve, and stored in sealed polyethylene bags
prior to analysis.

2.2 Soil and environmental variables

Soil properties were determined following national standard
protocols (Lu, 1999). Soil organic carbon (SOC) was quantified by
external-heating K,Cr,0, oxidation. Soil pH was measured
potentiometrically in a 1:2.5 (w/v) soil-water suspension (Mettler-
Toledo FE28, Switzerland). Mineral nitrogen was determined after
2 mol L' KCI extraction: nitrate (NO3;-N) by UV
spectrophotometry and ammonium (NH,"-N) by indophenol
blue colorimetry. Total nitrogen (IN) was measured by the
Kjeldahl method, and total phosphorus (TP) by H,SO,-HCIO,
digestion followed by molybdenum-antimony colorimetry. Cation
exchange capacity (CEC) was determined by the 1 mol L™ NH,OAc
(pH 7.0) exchange method. Exchangeable Ca*" and Mg** were
quantified by atomic absorption spectrophotometry (AAS) after
NH,OAc extraction. DTPA-extractable Fe was determined using
AAS following extraction with a DTPA-CaCl2-TEA solution.
Topographic variables, such as elevation (ELE), slope (SLOPE),
and aspect (ASP), were derived from a 30-m resolution Digital
Elevation Model (DEM) sourced from the Geospatial Data Cloud.
Climatic variables (MAT and MAP) were calculated as averages
from 2020-2022 meteorological station data obtained from the
China Meteorological Data Service Centre. All raster covariates
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were co-registered to the DEM grid before their values were
extracted to the sampling locations.

2.3 Geostatistical modeling and
probabilistic mapping of SOC

The spatial structure of SOC was assessed using
semivariograms, and prediction surfaces were generated via
ordinary kriging (OK). Prior to variogram modeling, data were
checked for normality and transformed (log or Box-Cox) where
necessary. Spherical, exponential, and Gaussian models were fitted,
with the final model choice and its parameters (nugget, sill, range)
selected based on leave-one-out cross-validation to minimize
RMSE. Detailed semivariogram parameters including model type,
nugget, sill, range and cross-validation statistics were provided in
Supplementary Table S1. To quantify spatial uncertainty, the
sequential Gaussian simulation (SGS) was implemented. Data
were transformed to normal scores, simulated on the prediction
grid within a moving neighborhood defined by the fitted variogram,
and then back-transformed. An ensemble of 1,000 conditional
realizations yielded pixel-wise means and standard deviations,
enabling robust assessment of spatial uncertainty.

To probabilistically assess the magnitude and spatial pattern of
SOC differences between the two regions, we calculated pixel-wise
differences between corresponding realizations from the two SGS
ensembles (defining ASOC = SOC_Southwest - SOC_Jiaodong).
This process yielded an ensemble of 1,000 ASOC maps. From this
distribution of 1,000 ASOC values at each pixel, we then calculated
the probability that the difference would fall within predefined
intervals (e.g., >20, 10 to 20,..., < -6 g~kg'1). This approach
allowed for the quantification of robust probability maps of
regional difference.

2.4 Machine learning modeling and
interpretation

To identify dominant controls on SOC and reveal nonlinear
responses, four machine learning models were trained: Linear
Regression (LR), Random Forest (RF), Support Vector Machine
with a radial basis function kernel (SVM-RBF), and eXtreme
Gradient Boosting (XGBoost). The predictor set comprised the
measured soil properties and the topographic/climatic covariates.
Continuous predictors were z-standardized for LR and SVM. The
dataset was split into independent training (70%) and testing (30%)
sets, stratified by region. Hyperparameters for RF (e.g.,
n_estimators, mtry), SVM (e.g., C, gamma), and XGBoost (e.g.,
n_estimators, learning rate, max_depth) were optimized using a
grid search nested within 10-fold cross-validation on the
training set.

To identify numerical thresholds in the relationships between
soil and environmental variables and SOC, a prespecified two-stage
analytical procedure was applied. First, partial-dependence
functions and SHAP dependence plots from the best-performing
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models were analyzed to define each predictor-response form and
to locate candidate breakpoints, operationally identified as local
extrema or curvature changes in the PDPs, or as directional shifts in
SHAP contributions. Second, candidate values were tested by fitting
segmented regressions to cross-validated model predictions with
locally weighted smoothing (LOESS) to stabilize fits. The optimal
threshold was the breakpoint that minimized the residual sum of
squares (RSS) and improved explanatory power relative to the
unsegmented fit. This procedure produced statistically robust,
data-constrained inflection points in the identification of
nonlinear transitions in SOC dynamics.

Model interpretation centered on the best-performing models.
We computed permutation-based feature importance and utilized
SHAP (SHapley Additive exPlanations) to decompose feature
contributions. SHAP values were calculated using the
TreeExplainer algorithm for the machine learning models, with
interaction effects computed for all pairwise combinations of the
top five predictors. SHAP values represent the contribution of each
feature to the deviation from the expected model output. Partial
Dependence Plots (PDPs) visualized the marginal effects of key
predictors, while SHAP interaction values were used to diagnose
bivariate thresholds and synergistic or antagonistic effects (e.g.,
NO;5;™-N x Fe; TN x CEC).

2.5 Model evaluation and reproducibility

The predictive performance of the machine learning models
was evaluated on the held-out test sets using the adjusted coefficient
of determination (adj R*) and root mean square error (RMSE). The
accuracy of kriging models was assessed via leave-one-out cross-
validation metrics. All geostatistical analyses were conducted in
ArcGIS 10.8, while machine learning, statistical analyses, and
graphics were performed in Python 3.9 (using scikit-learn,
xgboost, shap) and R 4.2.0 (using gstat, ggplot2).

3 Results

3.1 Spatial heterogeneity of SOC in the
Jiaodong Peninsula and Southwest
Shandong

The distribution of SOC in Jiaodong displays a west-high-east-low
gradient (9.64-21.04 gkg'; Figures 1; 2a), spatially coincident with
elevated Fe content and low NO;™-N levels (<10 mg-kg™; Supplementary
Figure S1). Probability-based spatial analysis reveals that over 80% of the
Jiaodong Peninsula has a 40-60% probability of SOC being 10-20 gkg™
lower than those in Southwest Shandong (Figure 2c), with <20%
probability of equal or higher values (Figure 2f). In contrast,
Southwest Shandong exhibits higher SOC (11.32-27.15 g-kg™),
peaking in the southeastern hilly zones, where TN (>4 gkg™) and
CEC (>12 cmol-kg™) jointly enhance SOC accumulation (Figures 3a—c).
In addition, 60-80% of the area shows >60% probability of SOC
contents exceeding those in Jiaodong by 10-20 gkg* (Figure 3f),
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FIGURE 1
Distribution of sampling sites in the study regions: (a) digital elevation model (DEM) of Shandong Province; (b) sampling locations in the Jiaodong
Peninsula, Shandong Province; (c) mean annual precipitation in the Jiaodong Peninsula, Shandong Province; (d) DEM and sampling locations in
Southwest Shandong Province; (e) mean annual precipitation in Southwest Shandong Province.

while localized hotspots (<10% of the area) have >80% probability 3.2 Spatia[ uncertainty and Stabi[ity of SOC
of 2S0C >20 gkg™ (Figure 3g). Semivariogram analysis further reveals  gcross contrasting pedoc[imatic regions

that SOC variability in Jiaodong is regulated by fine-scale heterogeneity

in soil properties or nutrients (range = 42.6 km, nugget = 39.14%), Sequential Gaussian simulations provide deeper insights into
whereas in Southwest Shandong, macro-scale gradients dominate SOC ~ spatial uncertainty and stability of SOC across regions. The
patterns (range = 68 km, nugget = 1.12%) (Supplementary Table S1). Jiaodong Peninsula displays a distinct west-high/east-low pattern
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FIGURE 2
Probability distribution of relative soil organic carbon (SOC) differences between the Jiaodong Peninsula and Southwest Shandong, Shandong
Province: (a) distribution of soil organic carbon (SOC; g-kg™) in the Jiaodong Peninsula; (b) probability of >SOC < -20 g-kg™*; (c) probability of -20 <
>SOC < -10 g-kg™*; (d) probability of -10 < >SOC < -6 g-kg™*; (e) probability of -6 < >SOC < 0 g-kg™; (f) overall probability of >SOC > 0.
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FIGURE 3

Probability distribution of relative soil organic carbon (SOC) differences between the Southwest Shandong and the Jiaodong Peninsula, Shandong
Province: (a) distribution of soil organic carbon (SOC; g-kg™) in the Southwest Shandong; (b) probability of >SOC < -6 g-kg™*; (c) probability of -6 <
>SOC < 0 g'kg™*; (d) probability of 0 < >SOC < 6 g-kg™*; (e) probability of 6 < >SOC < 10 g-kg™*; (f) probability of 10 < >SOC < 20 g-kg*; (g)
probability of >SOC > 20 g-kg™*.

in the mean values of SOC, with standard deviations highest in low-  stability of SOC stocks, while coastal zones are more heterogeneous.
SOC coastal zones (Figures 4a,b). Linear regression analyses  In contrast, the spatial variability of SOC was higher in Southwest
revealed a strong inverse relationship between the mean values of ~ Shandong, where the mean values are highest in the southeast (up
SOC and standard deviation (Adj. R* = 0.59, p < 0.001; Figure 4c),  to 31.42 gkg™) and the standard deviations (up to 7.00 g-kg™) are
indicating that SOC-rich areas (e.g., western hills) exhibit greater  greatest in the nutrient-deficient northwestern plains (Figures 4d,e).
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FIGURE 4

Spatial distribution and statistical relationships of soil organic carbon (SOC) in Shandong Province: (a) mean SOC in the Jiaodong Peninsula derived
from ordinary kriging interpolation; (b) standard deviation of SOC in the Jiaodong Peninsula; (c) mean SOC in Southwest Shandong derived from
ordinary kriging interpolation; (d) standard deviation of SOC in Southwest Shandong; (e) linear regression between mean and standard deviation of
SOC in the Jiaodong Peninsula; (f) linear regression between mean and standard deviation of SOC in Southwest Shandong.
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The significant negative correlation between SOC mean values and
their corresponding standard deviations (Adj. R* = 0.50, p < 0.001;
Figure 4f) suggests that areas with higher SOC contents tend to
exhibit lower spatial variability. Notably, SOC uncertainty in
Southwest Shandong exhibits a nonlinear threshold response to
total nitrogen (TN), with a sharp discontinuity around 3.25 g-kg™
TN (Figures 4d-f). Below this critical threshold (TN < 3 g-kg™),
SOC prediction uncertainty increased substantially (SD > 5 g-kg™),
reflecting enhanced micro-scale spatial heterogeneity of N-limited
systems. In contrast, high nitrogen availability (TN > 4 gkg™)
reduced the spatial variability of SOC (SD < 2.5 g-kg™), highlighting
the dominant control of the nitrogen availability on the spatial
predictability of SOC.

3.3 Nonlinear threshold responses of SOC
by nitrate nitrogen and extractable Fe in
Jiaodong Peninsula Shandong

In the Jiaodong Peninsula, feature importance analysis
identified nitrate nitrogen (NO5-N) and extractable iron as the
dominant predictors of SOC dynamics, explaining 68.3% and 24.1%
of the model variance, respectively (Figure 5a). This is further

10.3389/fpls.2025.1703663

supported by SHAP analysis, which revealed a positive association
between elevated NO;-N (>10 mgkg™) and SOC accumulation
(ASHAP = +0.82) (Figure 5b). This threshold-dependent pattern
was further elucidated by partial dependence analysis, which
indicated a distinct nonlinear response, where SOC remained
largely invariant (13.5 + 0.4 gkg™) below 10 mgkg' NO;-N,
and increased sharply at this threshold, and subsequently reached a
steady state at 16.0 gkg™, suggesting constraints on NO;-N-
mediated SOC stabilization (Figure 5c). In contrast, extractable
iron exhibited a concentration-dependent biphasic effect on SOC
stability. At concentrations below 11.5 mg-kg™, iron enhanced SOC
retention (SHAP: +0.48 to +0.80), whereas values exceeding this
threshold induced negative effects, with SHAP values declining to
-0.8 + 0.15 (Figures 5b, d). Notably, SHAP interaction analysis
revealed a synergistic relationship between NO;-N and extractable
iron (Figure 5¢). When extractable Fe exceeded 12.0 mgkg™”, the
marginal effect of NO3™-N on SOC shifted from strongly inhibitory
(SHAP: -2.2 to -1.0) to neutral or slightly positive (SHAP: 0 to +0.5)
upon crossing its 10.0 mgkg™" threshold. This “dual-threshold
domain” (NO5™-N = 10.0 mgkg™ x Fe = 12.0 mg-kg™) indicates a
critical biogeochemical transition zone, where NO; -N availability
appears to mediate the directional switch in iron’s regulatory role in
SOC stability.
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Frontiers in Plant Science

07

frontiersin.org


https://doi.org/10.3389/fpls.2025.1703663
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Cui et al.

3.4 Nonlinear threshold responses of SOC
by nitrogen, phosphorus, and cation
exchange capacity in Southwestern
Shandong

In the continental agroecosystems of Southwestern Shandong,
total nitrogen (TN) was determined as the dominant predictor of
SOC dynamics (67.12% of the model variance; Figures 6a,b). Linear
regression exhibited a significant positive relationship (adjusted
R*>=0.28, B = 2.89, p < 0.001; Figure 6¢), while partial dependence
analysis revealed a critical threshold at 3.25 g-kg™ TN, above which
SOC increased sharply from 17.5 to 19.5 g-kg™ (Figure 6d). Given
that the regional median TN (3.67 gkg™) marginally exceeds the
identified threshold, almost half of the soils remain functionally
nitrogen-limited with respect to SOC accumulation potential. In
contrast, nitrate nitrogen (NO;-N) exhibited a pronounced
negative threshold effect, whereby SOC declined by 3.1% (P <
0.01) when NO53™-N exceeded 27 mgkg™ (Figure 6¢). This pattern

10.3389/fpls.2025.1703663

was further supported by SHAP values, which revealed strongly
negative marginal contributions (-1.2) at concentrations above 40
mgkg ™ (Figure 6b). Meanwhile, total phosphorus (TP) exhibited a
distinctive dual-threshold suppression pattern, where SOC
decreased by 2.0-4.0 g-kg™ across sequential thresholds (0.71 and
0.81 gkg™; Figure 6f). Given that the regional median NO;-N
(14.94 mg kg™) and TP (0.71 g kg™*) were close to their respective
critical thresholds for SOC stability, a dual high-risk domain
characterized by co-elevated NO;-N and TP levels was identified.
In addition, cation exchange capacity (CEC) also displayed a
positive effect on SOC, characterized by two distinct response
thresholds (Figure 6g). An initial SOC increase (+6.7%, P <
0.001) occurred at CEC = 10.8 cmolkg™”, and followed by a
secondary rise at 12.1 cmol kg™ that further elevated SOC by
2.2 gkg'. SHAP interaction analysis demonstrated that TN and
CEC co-regulate SOC with coupled constraints under nitrogen
limitation and insufficient cation retention (Figure 6h). When
total nitrogen (TN) concentrations fell below 4.0 g-kg™, the
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Random forest analysis of the dominant factors controlling soil organic matter in Southwest Shandong: (a) The variable importance ranking of soil
physicochemical properties, indicating total nitrogen (TN), total phosphorus (TP), cation exchange capacity (CEC), and nitrate nitrogen (NO3z™-N) as
the dominant predictors (***p < 0.001); (b) The SHAP summary plot of the random forest model, showing the relative contributions of TN, CEC, TP,
ammonium nitrogen (NH,*-N), NO3z -N, and hydrogen ion concentration (pH); (c) The linear regression between soil organic carbon (SOC) and TN;
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showing the interactive effect between TN and CEC.
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interactive effects of TN and cation exchange capacity (CEC) on
SOC were predominantly negative (SHAP: -2.5 to 0). Once the
critical TN threshold was exceeded, the interaction shifted sharply
toward a positive direction (SHAP: +1.5 to +3.0), with elevated CEC
levels substantially enhancing the contribution of TN to
SOC stabilization.

3.5 Machine learning models reveal
differential SOC prediction performance
across contrasting pedoclimatic regions

Machine learning model evaluation across the Jiaodong
Peninsula (maritime climate) and Southwestern Shandong
(continental climate) identified Random Forest (RF) as the most
effective predictor of soil organic carbon (SOC) dynamics, achieving
high accuracy in both regions (Jiaodong: adjusted R* = 0.99, RMSE =
0.005; Southwest: adjusted R* = 0.99, RMSE = 0.01; Figure 7). This
performance underscores RF’s strength in modeling complex, non-
linear relationships inherent in heterogeneous ecosystems.

In the Jiaodong region, linear regression (LR) demonstrated
limited predictive capability (R*> = 0.57, RMSE = 0.02), exhibiting
systematic residuals, such as underestimating high-SOC conditions
and overestimating low-SOC microsites (Figure 7a). In contrast,
both support vector machine (SVM; R* = 0.99, RMSE = 0.017) and
XGBoost (R* = 0.99, RMSE = 0.02) models exhibited superior
overall accuracy, though they displayed minor deviations at extreme
SOC values (Figures 7c, d), due to reduced robustness in capturing
complex interactions such as dual-threshold NO;™-N and Fe co-
limitation. In Southwest Shandong, the predominantly linear
relationship between total nitrogen (TN) and SOC allowed the
linear regression (LR) model to achieve a relatively high coefficient
of determination (R*> = 0.97; Figure 7¢). However, the model
exhibited a substantially higher RMSE (0.55) compared to the

10.3389/fpls.2025.1703663

random forest (RF) model (0.01; Figure 7f), indicating its limited
capacity to capture the nonlinear interactions between TN and
cation exchange capacity (CEC) that drive SOC stabilization. The
support vector machine (SVM) model demonstrated reduced
0.35;
Figure 7g), particularly under conditions where TN exceeded

predictive accuracy at elevated SOC levels (RMSE =
4.0 gkg" and CEC was below 12 cmolkg™. By maintaining near-
optimal precision (R* = 0.99, RMSE = 0.03; Figure 7h), the XGBoost
model effectively captured the underlying complexity of
biogeochemical interactions, indicating its robustness in modeling
multidimensional SOC dynamics.

4 Discussion

4.1 Spatial variability of SOC in the
Jiaodong Peninsula and Southwestern
Shandong Province

The Jiaodong Peninsula, under the effect of maritime
monsoons, and Southwestern Shandong, characterized by a
typical continental climate, exhibit fundamental differences in the
spatial variability of SOC. In the Jiaodong Peninsula, SOC exhibits
relatively low spatial variability, as indicated by strong spatial
autocorrelation (p < 0.001; nugget effect = 39.20%) and a short
range (~42.6 km; Supplementary Table S1), suggesting that its
heterogeneity is predominantly controlled by local-scale factors
such as soil type and land-use practices. Probability analysis
further reveals that SOC concentrations across the Jiaodong
Peninsula are substantially lower than those in Southwestern
Shandong, particularly in the eastern coastal areas where high Fe
content and low NO;-N concentrations (<10 mgkg™) coincide
with a 20-60% probability of a 10-20 g-kg™ SOC deficit (Figures 2a,
¢; Supplementary Figure S1). These observations indicate that well-
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Model-based predictions of soil organic carbon (SOC) using different machine learning algorithms in the Jiaodong Peninsula (JD) and Southwest
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aerated, oxidizing environments and rapid organic matter
mineralization, coupled with the destabilization of organo-
mineral complexes induced by high Fe contents, may contribute
to the reduced SOC levels in this region (Keiluweit et al., 2015; Chen
et al., 2020).

By contrast, SOC in Southwestern Shandong exhibits more
distinct spatial heterogeneity. The semivariogram exhibits a longer
range (68.00 km) and a very low nugget effect (1.12%), indicating
that large-scale structural factors-such as gradients in total nitrogen
(TN) and cation exchange capacity (CEC), play a dominant role in
shaping SOC distribution. Specifically, high SOC values (>25 gkg™)
are concentrated in the southeastern part of the region, closely
associated with elevated TN (>4 gkg™') and CEC levels (>12
cmolkg™) (Figure 3a and Supplementary Figure S2). This spatial
co-occurrence likely reflects the joint stabilization of organo-
mineral complexes via nitrogen enrichment and cation bridging
mechanisms, leading to the formation of SOC-enriched domains
(Rowley et al., 2018a). Probability analysis shows that across most of
the region, the probability of SOC concentrations exceeding those
in the Jiaodong Peninsula is as high as 80-100% (Figure 3), with
substantial areas exhibiting differences of 10-20 g-kg™, particularly
in the southeastern regions. In contrast, the spatial heterogeneity
observed in the northwestern low-SOC regions may be closely
linked to enhanced physical erosion associated with steeper slopes
(Figure 3a and Supplementary Figure S2e), which preferentially
transports fine organic and mineral particles, thereby reducing local
SOC stability (Van Oost et al., 2007).

Sequential Gaussian simulation further quantifies uncertainty
in SOC spatial prediction. The mean and standard deviation maps
reveal an evident west-high-east-low gradient in the Jiaodong
Peninsula, with the spatial distribution of SOC standard deviation
corresponding to the high-SOC western regions (Figures 4a—c). In
contrast, the eastern coastal region, characterized by lower SOC
levels, exhibits significantly elevated simulation uncertainty
compared to the central-western uplands, implying that
fertilization and land management practices highlight the
contribution of site-specific fertilization regimes and management
heterogeneity to microscale SOC variability. In Southwestern
Shandong, SOC prediction uncertainty exhibits a discontinuous
threshold response at 3.25 g-kg' TN, with standard deviations
exceeding 5 g-kg? in low-TN areas (<3 g-kg™) but declining to
values under 2.5 g-kg™* in high-TN areas (>4 g-kg™*), indicating that
uncertainty is largely driven by spatial variation in soil nitrogen
availability. Moreover, the coefficient of variation (CV; STD/Mean)
in the northwestern part of Southwestern Shandong (CV; 0.35-0.42)
is significantly higher than in the southeast (CV; 0.12-0.18)
(Figures 4d,e), likely due to its location within a nitrate-rich input
region (>27 mgkg™", Supplementary Figure S2d), where complex
feedbacks involving denitrification and the breakdown of mineral-
associated carbon substantially increase the dynamic variability and
spatial heterogeneity of SOC (Giannetta et al., 2019; Chen et al,
2020; Song et al., 2023).
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4.2 Coupled regulation of nitrate and
extractable iron on SOC stability under
Maritime Monsoon Conditions in the
Jiaodong Peninsula, Shandong Province

Nitrate nitrogen (NO5 -N) and extractable iron are established
as the dominant controls for the stability of soil organic carbon
(SOC) in the Jiaodong Peninsula (Figures 5a,b). Notably, elevated
NO;™-N concentrations enhance SOC stability in this region
(Figure 5c¢), while extractable iron exhibits a distinctly nonlinear
regulatory pattern, enhancing SOC stability at low concentrations
but reducing it at higher levels (Figures 5b, d; SHAP value = -0.82 +
0.05). The interaction between NO; -N and extractable iron further
increases the complexity, leading to a concentration-dependent
dual-threshold response to changes in NO5™-N concentration with
respect to SOC stability.

These findings highlight a critical limitation of conventional
single-factor fertilization strategies, as soils situated within the
identified dual-threshold domain exhibit pronounced sensitivity
and reduced stability in SOC responses. Under such conditions,
even moderate nitrogen additions can induce transitions in
stabilization dynamics, shifting SOC from net losses to net gains.
This nonlinearity indicates the potential risks of nutrient
management decisions that rely on soil nitrogen status without
consideration of the iron context, which may lead to reductions in
SOC persistence. To mitigate this risk, a shift is required from
single-nutrient threshold management toward integrated, multi-
factor nutrient regulation. From an applied perspective, this
requires the incorporation of extractable Fe as a diagnostic
criterion in nitrogen management and the adoption of more
conservative application strategies-such as split fertilization-to
maintain NO3;-N concentrations within ranges that promote
SOC stabilization. Therefore, the integrated framework provides a
robust scientific basis for enhancing soil carbon sequestration in
regional croplands while advancing precision agriculture
approaches that explicitly incorporate pedoclimatic and
edaphic heterogeneity.

It is important to emphasize that while these model-derived
interactions provide substantial evidence for synergistic regulation,
they fundamentally represent statistical dependencies captured by
the algorithm. Therefore, they should be interpreted as strong
hypotheses for underlying biogeochemical mechanisms that
require specific experimental validation in future research. The
underlying mechanism thus suggested likely involves a shift in
soil biogeochemical processes induced by varying NO;-N
concentrations. At levels below 10 mgkg™”, NO;-N serves as an
electron acceptor in denitrification, leading to reducing conditions
that thermodynamically favor the reduction of Fe (III) to Fe (II),
thereby disrupting Fe-C complexes and releasing formerly
protected organic carbon, ultimately decreasing SOC stability
(Ding et al., 2015; Song et al., 2023). Conversely, when NO;3;-N
exceeds this threshold, microbial metabolism likely shifts from
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anaerobic to aerobic respiration. For example, elevated nitrate
concentrations may enhance microbial diversity and stimulate
extracellular enzyme activities (e.g., oxidases and cellulases),
accelerating organic matter decomposition and transformation,
while simultaneously promoting microbial necromass
accumulation and facilitating the “restabilization” of SOC (Liang
et al,, 2017). In addition, changes in nitrogen stoichiometry (e.g.,
decreased C/N ratio) and NO; -N-induced mineral-organic
interactions-such as the increased adsorption of microbial
metabolites to iron oxides-may improve the physical protection of
SOC within microaggregates (Lehmann et al., 2020). Therefore, the
positive role of NO3;-N on SOC becomes evident only beyond a
certain concentration threshold, indicating both a “concentration
dependence” and an “ecological context dependence” in the nitrate-
SOC regulatory mechanism. These findings also suggest that nitrate
availability at or above the threshold level (=10 mgkg™) constitutes
an essential condition for activating the positive regulatory role of
iron in SOC dynamics and sustaining long-term SOC stabilization.

4.3 Total nitrogen-driven SOC
accumulation threshold mechanism and
multifactor joint regulation under
continental climate in Southwestern
Shandong Province

Under the typical continental climatic conditions in
Southwestern Shandong, total nitrogen (TN) is identified as the
dominant factor governing soil organic carbon (SOC) stability
(Figures 6a,b). Both univariate regression analysis and the
random forest model reveal a significant positive relationship
between TN and SOC (adjusted R* = 0.28, B = 2.89, p < 0.001;
Figure 6c¢). Partial dependence analysis shows that beyond the
critical TN threshold (3.25 + 0.11 g-kg™'), predicted SOC
undergoes a discontinuous regime shift with a net increase of
2.0 g-kg' (ASOC/ATN = 1.54, Figure 6d). This threshold
response likely indicates that TN accumulation enhances plant

+

productivity and litter inputs while increasing nitrogen content,
thereby reducing the soil C/N ratio, improving microbial carbon use
efficiency, promoting microbial necromass carbon accumulation
and macroaggregate carbon sequestration, and ultimately
enhancing SOC stabilization (Hu et al., 2022; Zhao et al,, 2022;
Zhou et al, 2023). Spatially, the median TN value is 3.67 gkg”,
which lies to the right of the threshold turning point, indicating that
nearly half of the soils in the region remain within the nitrogen-
facilitated SOC accumulation domain.

In contrast, nitrate nitrogen (NO;-N) exhibits a typical
negative threshold effect. When its concentration exceeds
27 mgkg", predicted SOC values decline by 3.1% (Figure 6e).
SHAP analysis further demonstrates that in high NO;™-N regions
(>40 mgkg™"), the marginal contribution of NO;-N to SOC is
negative (SHAP = -1.2; Figures 6b, e), indicating a reduction in SOC
stabilization. This decline results from the enhanced denitrification
under elevated nitrate availability, which reduces soil redox
potential and facilitates the reduction of Fe(III) to Fe(II), thereby
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destabilizing Fe-C complexes and releasing protected organic
carbon (Chen et al, 2020). Moreover, under high NO;-N or
acidic conditions, Ca-organic matter (Ca-C) complexes may also
be destabilized (Rowley et al., 2018a; Shabtai et al., 2023; Rowley
et al, 2025), leading to a decrease of mineral protection and a
greater SOC bioavailability. Elevated NO;-N enhances SOC
stability in the Jiaodong Peninsula, whereas it reduces SOC
stability in Southwestern Shandong. This contrast can be
explained by distinct soil background conditions in the two
regions. The Jiaodong Peninsula, under a maritime monsoon
climate, is characterized by soils with high oxygen availability and
dynamic redox conditions. Therefore, NO3™-N inputs promote a
shift from anaerobic to aerobic microbial metabolism, thereby
stimulating extracellular enzyme activity and microbial necromass
formation, which together contribute to a biologically driven
pathway of SOC stabilization dominated by microbial carbon
assimilation and aggregate protection (Giannetta et al., 2019; Ali
etal, 2021; Hou et al., 2024). In contrast, the low precipitation and
clay-rich soils in Southwestern Shandong limit oxygen diffusion in
surface layers, resulting in widespread localized anaerobic
microsites. Under these conditions, high NO;-N levels induce
denitrification-reduction processes that promote SOC
destabilization through mineral-associated carbon (MAOC)
release, which is indicative of a denitrification-mineral
destabilization mechanism (Song et al., 2023). Thus, the effect of
NO5™-N on SOC is context-dependent, reflecting strong regional
specificity driven by distinct soil-climate conditions.

Apart from nitrogen, other nutrient factors also exhibit
significant nonlinear and interactive effects on the spatial
variability of SOC in Southwestern Shandong. Total phosphorus
(TP), for instance, displays a dual negative threshold at 0.71 and
0.81 g'kg™, with SOC reductions of 2.0-4.0 g-kg™ (Figure 6f). The
regional median NO3™-N level (14.94 mg-kg™) approaches the SOC
response threshold (27 mgkg™), while the TP median coincides
with the first critical threshold (0.71 gkg™), constituting co-
“high NOj; -high TP”, where NO; -driven
Fe reduction and phosphate ligand-exchange destabilize Fe-C

occurrence domains -

associations (Supplementary Figure S2b, S2d). This risk region
may enhance Fe(III) reduction through NO; -induced
denitrification, while phosphate competes for adsorption sites,
further disrupting Fe-C complex stability and promoting MAOC
destabilization and SOC loss (Antelo et al., 2007; Fu et al.,, 2013;
Song et al, 2023). SHAP interaction analysis in Figure 6h further
reveals a nonlinear enhancement between TN and cation exchange
capacity (CEC). When TN levels are lower than 4.0 g-kg”, the
contributions of TN and CEC to SOC are negative, suggesting that
limited nitrogen supply and low CEC jointly restrict SOC
formation. However, once TN exceeds this threshold, increasing
CEC significantly enhances its positive effect on SOC. This shift is
consistent with the dual-phase SOC response observed at CEC
levels of 9.8 and 11.9 cmolkg™, with a maximum SOC of 3.2 g-kg™
(Figure 6g). Such transitions may be driven by Ca*"/Mg*"-mediated
cation bridging mechanisms activated within optimal CEC ranges,
facilitating carboxyl-clay complexation and thereby enhancing the
stability of organo-mineral associations at the aggregate scale
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(Rowley et al., 2018a). Simultaneously, sufficient TN supply
provides essential precursors for microbial necromass
accumulation and mineral-associable carbon inputs, thus
supporting the microbial pathway of SOC formation (Liao et al.,
2020; Zhou et al., 2023; Lv et al., 2024).

4.4 Advantages of machine learning in SOC
prediction and mechanistic interpretation

This study demonstrates predictive capacity of four machine
learning models-linear regression (LR), random forest (RF),
XGBoost (XGB) and support vector machine (SVM)-in capturing
nonlinear dynamics of SOC (Figure 7). The random forest
consistently exhibited optimal performance across both study
regions (adjusted R* = 0.99; RMSE = 0.005 in Jiaodong and 0.01 in
Southwest Shandong; Figures 7b, f), attributed to its ability to
decouple complex multivariate interactions (Breiman, 2001). These
findings demonstrate the capacity of machine learning to capture
spatial heterogeneity in ecological variables through non-parametric
approaches. Importantly, the advantages of machine learning extend
beyond predictive precision. In addition to predictive performance,
the interpretive components of machine learning algorithms facilitate
a process-based understanding of the biogeochemical mechanisms
that regulate SOC formation. The machine learning approaches
enable dual validation that optimizes both predictive accuracy and
mechanistic interpretation, thereby establishing a data-driven
framework for ecosystem process research. For example, variable
importance ranking and partial dependence analysis in Random
Forest jointly revealed a dual-threshold interaction between NO;'-
N and extractable Fe in Jiaodong, as determined by SHAP values
(SHAP = 0.32; Zeraatpisheh et al., 2019). In Southwest Shandong,
SOC exhibited a substantial threshold shift (ASOC = 12.3 gkg™) ata
TN concentration of 4.0 g-kg™ and captured a joint effect of TN and
cation exchange capacity (CEC). This multidimensional mechanistic
analysis not only demonstrates the methodological significance of
interpretable machine learning but also provides a critical perspective
on the portability of predictive models. The observation that a
complex random forest model was indispensable for capturing
interactive dynamics in the Jiaodong region, whereas simpler linear
models yielded partial explanatory power under the TN-dominated
regime of Southwest Shandong (Figure 7), indicates that the
suitability of model structures is inherently constrained by their
pedoclimatic context. These findings highlight the risks associated
with applying a uniform modeling framework across heterogeneous
environments and emphasize the necessity of regionally calibrated
approaches to achieve robust predictions of ecosystem processes
(Chen and Guestrin, 2016).

Overall, it is important to acknowledge that our study was
intentionally restricted to the topsoil (0-20 cm), whereas a
substantial proportion of the total SOC stock is retained in
deeper horizons, where stabilization mechanisms may differ
fundamentally from those identified here (Jobbdgy and Jackson,
2000). In subsoils, the dominant controls on SOC are likely to shift
from biologically mediated, nutrient-dependent dynamics (e.g.,
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NO;™-N, total N) that prevail in the surface layer towards
processes primarily governed by physicochemical protection.
Accordingly, the threshold responses identified in this study may
give way to alternative critical thresholds associated with clay
content, the saturation of reactive mineral surfaces (e.g., Fe/Al
oxides), or cation-bridging capacity. Applying the integrative
analytical framework developed herein-combining geostatistics
with interpretable machine learning-to entire soil profiles
therefore constitutes a crucial next step, one that could provide a
more comprehensive, spatially explicit understanding of SOC
persistence and its controlling mechanisms across contrasting
pedoclimatic regimes.

5 Conclusion

To conclude, the combination of machine learning models with
geostatistical approaches enables the identification of spatial
patterns and threshold mechanisms, with maritime regions
exhibiting dual Fe-NO;-N interactions and continental regions
showing nitrogen-dominated threshold responses that regulate
SOC dynamics across contrasting pedoclimatic gradients. The
spatial structure of SOC variability exhibits distinct patterns
between pedoclimatic regions, with local-scale heterogeneity
characterized by strong spatial autocorrelation and shorter range
in Jiaodong Peninsula (maritime monsoon climate), while macro-
scale gradients dominated by total nitrogen and cation exchange
capacity are observed in Southwest Shandong (continental climate)
with longer range and lower nugget effect. In maritime regions,
a dual-threshold response pattern was identified wherein
the relationship between iron and SOC stability exhibited
opposing patterns regulated by nitrate availability, indicating that
biogeochemical interactions rather than individual factors
determine SOC dynamics, whereas in continental regions,
nitrogen-mediated threshold responses predominate, with nitrate
demonstrating contrasting effects relative to maritime conditions,
thus highlighting the pedoclimatic specificity of nutrient regulation
under varying soil redox regimes. The successful application of
SHAP analysis in quantifying nonlinear interactions and elucidating
the joint effects of nutrients and soil properties demonstrates the
value of interpretable machine learning in advancing mechanistic
understanding of complex soil-environment relationships beyond
traditional linear approaches, with important implications for
region-specific SOC management. In the Jiaodong Peninsula,
maintaining an appropriate nitrate supply is critical for reducing
the susceptibility of SOC to losses under variable redox conditions,
whereas in Southwest Shandong, enhancing cation exchange
capacity and ensuring sufficient TN levels are essential for
strengthening SOC stability. The empirically derived mechanisms
critically challenge the structural simplifications widely applied in
Earth system models and demonstrate the requirement to
incorporate explicit biogeochemical processes in order to
strengthen their capacity to simulate future climate-carbon
feedbacks. The results further provide a basis for developing
region-specific soil carbon management frameworks that integrate
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threshold responses, biogeochemical interactions, and pedoclimatic
constraints, thereby replacing single-factor approaches with a
process-oriented perspective.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding authors.

Author contributions

JC: Writing - original draft, Writing — review & editing. YX:
Writing - original draft, Writing — review & editing. MW: Writing -
review & editing. AL: Writing - review & editing. LS: Writing - review
& editing. XF: Writing — review & editing. QY: Writing - review &
editing. SW: Writing - review & editing. HL: Writing - review &
editing. YL: Writing — review & editing. KL: Conceptualization, Data
curation, Funding acquisition, Resources, Writing — original draft,
Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research and/or publication of this article. The work was supported
by the National Key Research and Development Program of China
(2024YFD1700500), Natural Science Foundation of Shandong
Province, China (ZR2021QD073), Shandong Province Natural
Science Foundation (ZR2020ZD19) and Key R&D Program of
Shandong Province (Action Plan for Rural Revitalization, Science
and Technology Innovation Boosting) (2023TZXD021).

References

Ali, S, Liu, K., Ahmed, W., Jing, H., Qaswar, M., Kofi Anthonio, C,, et al. (2021).
Nitrogen mineralization, soil microbial biomass and extracellular enzyme activities
regulated by long-term N fertilizer inputs: A comparison study from upland and paddy
soils in a red soil region of China. Agronomy 11, 2057. doi: 10.3390/agronomy11102057

Antelo, J., Arce, F., Avena, M., Fiol, S., Lopez, R., and Macias, F. (2007). Adsorption
of a soil humic acid at the surface of goethite and its competitive interaction with
phosphate. Geoderma 138, 12-19. doi: 10.1016/j.geoderma.2006.10.011

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5-32. doi: 10.1023/
A:1010933404324

Chen, C, Hall, S. J., Coward, E., and Thompson, A. (2020). Iron-mediated organic
matter decomposition in humid soils can counteract protection. Nat. Commun. 11,
2255. doi: 10.1038/s41467-020-16071-5

Chen, T., and Guestrin, C. (2016). XGBoost: A scalable tree boosting system.
Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. KDD’16, 785-794. doi: 10.1145/2939672.2939785

Chen, Z., Chen, L., Lu, R,, Lou, Z., Zhou, F,, Jin, Y., et al. (2025). A national soil
organic carbon density dataset, (2010-2024) in China. Sci. Data 12, 1480. doi: 10.1038/
$41597-025-05863-3

Diaz-Martinez, P., Maestre, F. T., Moreno-Jiménez, E., Delgado-Baquerizo, M.,
Eldridge, D. J., Saiz, H., et al. (2024). Vulnerability of mineral-associated soil organic
carbon to climate across global drylands. Nat. Climate Change 14, 976-982.
doi: 10.1038/s41558-024-02087-y

Frontiers in Plant Science

13

10.3389/fpls.2025.1703663

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative AI was used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpls.2025.1703663/
full#supplementary-material

Ding, L-J, Su, J-Q, Xu, H-J, Jia, Z-J, and Zhu, Y.-G. (2015). Long-term nitrogen
fertilization of paddy soil shifts iron-reducing microbial community revealed by RNA-13C-
acetate probing coupled with pyrosequencing. ISME J. 9, 721-734. doi: 10.1038/ismej.2014.159

Doetterl, S., Stevens, A., Six, J., Merckx, R., Van Oost, K., Casanova Pinto, M., et al.
(2015). Soil carbon storage controlled by interactions between geochemistry and
climate. Nat. Geosci. 8, 780-783. doi: 10.1038/ngeo2516

Fu, Z., Wu, F,, Song, K., Lin, Y., Bai, Y., Zhu, Y., et al. (2013). Competitive interaction
between soil-derived humic acid and phosphate on goethite. Appl. Geochemistry 36,
125-131. doi: 10.1016/j.apgeochem.2013.05.015

Giannetta, B., Zaccone, C., Plaza, C., Siebecker, M. G., Rovira, P., Vischetti, C., et al.
(2019). The role of Fe (III) in soil organic matter stabilization in two size fractions
having opposite features. Sci. Total Environ. 653, 667-674. doi: 10.1016/
j.scitotenv.2018.10.361

Gleixner, G. (2013). Soil organic matter dynamics: a biological perspective derived
from the use of compound-specific isotopes studies. Ecol. Res. 28, 683-695.
doi: 10.1007/s11284-012-1022-9

Guenet, B., Camino-Serrano, M., Ciais, P., Tifafi, M., Maignan, F., Soong, J. L., et al.
(2018). Impact of priming on global soil carbon stocks. Global Change Biol. 24, 1873
1883. doi: 10.1111/gcb.14069

Hou, L., Bai, X, Sima, Z., Zhang, J., Yan, L, Li, D., et al. (2024). Biological and
chemical processes of nitrate reduction and ferrous oxidation mediated by Shewanella
oneidensis MR-1. Microorganisms 12, 2454. doi: 10.3390/microorganisms12122454

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpls.2025.1703663/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2025.1703663/full#supplementary-material
https://doi.org/10.3390/agronomy11102057
https://doi.org/10.1016/j.geoderma.2006.10.011
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1038/s41467-020-16071-5
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1038/s41597-025-05863-3
https://doi.org/10.1038/s41597-025-05863-3
https://doi.org/10.1038/s41558-024-02087-y
https://doi.org/10.1038/ismej.2014.159
https://doi.org/10.1038/ngeo2516
https://doi.org/10.1016/j.apgeochem.2013.05.015
https://doi.org/10.1016/j.scitotenv.2018.10.361
https://doi.org/10.1016/j.scitotenv.2018.10.361
https://doi.org/10.1007/s11284-012-1022-9
https://doi.org/10.1111/gcb.14069
https://doi.org/10.3390/microorganisms12122454
https://doi.org/10.3389/fpls.2025.1703663
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Cui et al.

Hu, J., Huang, C., Zhou, S., and Kuzyakov, Y. (2022). Nitrogen addition to soil affects
microbial carbon use efficiency: Meta-analysis of similarities and differences in 13C and
180 approaches. Global Change Biol. 28, 4977-4988. doi: 10.1111/gcb.16226

Huang, H., Liu, Y., Liu, Y., Tong, Z., Ren, Z, and Xie, Y. (2025). The spatial
distribution and driving mechanism of soil organic matter in hilly basin areas based on
genetic algorithm variable combination optimization and shapley additive explanations
interpretation. Remote Sens. 17, 1186. doi: 10.3390/rs17071186

Jobbagy, E. G., and Jackson, R. B. (2000). The vertical distribution of soil organic
carbon and its relation to climate and vegetation. Ecol. Appl. 10, 423-436. doi: 10.1890/
1051-0761(2000)010[0423:TVDOS0]2.0.CO;2

Ju, X. T,, Kou, C. L., Zhang, F. S., and Christie, P. (2006). Nitrogen balance and
groundwater nitrate contamination: Comparison among three intensive cropping
systems on the North China Plain. Environ. pollut. 143, 117-125. doi: 10.1016/
j-envpol.2005.11.005

Kakhani, N., Taghizadeh-Mehrjardi, R., Omarzadeh, D., Ryo, M., Heiden, U., and
Scholten, T. (2025). Towards explainable Al: interpreting soil organic carbon
prediction models using a learning-based explanation method. Eur. J. Soil Sci. 76,
€70071. doi: 10.1111/ejss.70071

Keiluweit, M., Bougoure, J. J., Nico, P. S., Pett-Ridge, J., Weber, P. K., and Kleber, M.
(2015). Mineral protection of soil carbon counteracted by root exudates. Nat. Climate
Change 5, 588-595. doi: 10.1038/nclimate2580

Keiluweit, M., Wanzek, T., Kleber, M., Nico, P., and Fendorf, S. (2017). Anaerobic
microsites have an unaccounted role in soil carbon stabilization. Nat. Commun. 8,
1771. doi: 10.1038/s41467-017-01406-6

Kleber, M., Sollins, P., and Sutton, R. (2007). A conceptual model of organo-mineral
interactions in soils: self-assembly of organic molecular fragments into zonal structures
on mineral surfaces. Biogeochemistry 85, 9-24. doi: 10.1007/s10533-007-9103-5

Kramer, M. G., and Chadwick, O. A. (2018). Climate-driven thresholds in reactive
mineral retention of soil carbon at the global scale. Nat. Climate Change 8, 1104-1108.
doi: 10.1038/s41558-018-0341-4

Lal, R. (2004). Soil carbon sequestration impacts on global climate change and food
security. science 304, 1623-1627. doi: 10.1126/science.1097396

Lal, R. (2018). Digging deeper: A holistic perspective of factors affecting soil organic
carbon sequestration in agroecosystems. Global Change Biol. 24, 3285-3301.
doi: 10.1111/gcb.14054

Lambert, T., Dupas, R, and Durand, P. (2024). The role of nitrogen and iron
biogeochemical cycles in the production and export of dissolved organic matter in
agricultural headwater catchments. Biogeosciences 21, 4533-4547. doi: 10.5194/bg-21-
4533-2024

Lehmann, J., Hansel, C. M., Kaiser, C., Kleber, M., Maher, K., Manzoni, S., et al.
(2020). Persistence of soil organic carbon caused by functional complexity. Nat. Geosci.
13, 529-534. doi: 10.1038/s41561-020-0612-3

Lehmann, J., and Kleber, M. (2015). The contentious nature of soil organic matter.
Nature 528, 60-68. doi: 10.1038/nature16069

Liang, C., Amelung, W., Lehmann, J., and Kistner, M. (2019). Quantitative
assessment of microbial necromass contribution to soil organic matter. Global
Change Biol. 25, 3578-3590. doi: 10.1111/gcb.14781

Liang, C., Schimel, J. P., and Jastrow, J. D. (2017). The importance of anabolism in
microbial control over soil carbon storage. Nat. Microbiol. 2, 1-6. doi: 10.1038/
nmicrobiol.2017.105

Liao, S., Tan, S., Peng, Y., Wang, D., Ni, X., Yue, K, et al. (2020). Increased microbial
sequestration of soil organic carbon under nitrogen deposition over China’s terrestrial
ecosystems. Ecol. Processes 9, 52. doi: 10.1186/s13717-020-00260-7

Lu, R. K. (1999). Analysis methods of soil science and agricultural chemistry.
Agriculture Science and Technology Press, Beijing.

Lv, H.,, He, P., and Zhao, S. (2024). Optimized nitrogen fertilization promoted soil
organic carbon accumulation by increasing microbial necromass carbon in potato
continuous cropping field. Agronomy 14, 307. doi: 10.3390/agronomy14020307

Minasny, B., Malone, B. P., McBratney, A. B., Angers, D. A, Arrouays, D., Chambers,
A., et al. (2017). Soil carbon 4 per mille. 292, 59-86. doi: 10.1016/
j.geoderma.2017.01.002

Paustian, K., Lehmann, J., Ogle, S., Reay, D., Robertson, G. P., and Smith, P. (2016).
Climate-smart soils. Nature 532, 49-57. doi: 10.1038/naturel7174

Frontiers in Plant Science

14

10.3389/fpls.2025.1703663

Rowley, M. C., Grand, S., and Verrecchia, E.P. (2018a). Calcium-mediated
stabilisation of soil organic carbon. Biogeochemistry 137, 27-49. doi: 10.1007/s10533-
017-0410-1

Rowley, M. C., Pena, J., Marcus, M. A, Porras, R., Pegoraro, E., Zosso, C., et al.
(2025). Calcium is associated with specific soil organic carbon decomposition products.
Soil 11, 381-388. doi: 10.5194/egusphere-2024-3343

Ruiz, F., Bernardino, A. F., Queiroz, H. M., Otero, X. L., Rumpel, C., and Ferreira, T.
0. (2024). Iron’s role in soil organic carbon (de) stabilization in mangroves under land
use change. Nat. Commun. 15, 10433. doi: 10.1038/s41467-024-54447-z

Rumpel, C., and Kégel-Knabner, I. (2011). Deep soil organic matter-a key but poorly
understood component of terrestrial C cycle. Plant Soil 338, 143-158. doi: 10.1007/
s11104-010-0391-5

Sanderson, B. M., Booth, B. B., Dunne, ], Eyring, V., Fisher, R. A., Friedlingstein, P.,
et al. (2024). The need for carbon-emissions-driven climate projections in CMIP7.
Geoscientific Model. Dev. 17, 8141-8172. doi: 10.5194/gmd-17-8141-2024

Schimel, D., Stephens, B. B., and Fisher, J. B. (2015). Effect of increasing CO2 on the
terrestrial carbon cycle. Proc. Natl. Acad. Sci. 112, 436-441. doi: 10.1073/pnas.1407302112

Shabtai, I. A., Wilhelm, R. C., Schweizer, S. A., Hoschen, C., Buckley, D. H., and
Lehmann, J. (2023). Calcium promotes persistent soil organic matter by altering
microbial transformation of plant litter. Nat. Commun. 14, 6609. doi: 10.1038/
541467-023-42291-6

Song, W., Hu, C,, Luo, Y., Clough, T. J., Wrage-Ménnig, N., Ge, T., et al. (2023).
Nitrate as an alternative electron acceptor destabilizes the mineral associated organic
carbon in moisturized deep soil depths. Front. Microbiol. 14. doi: 10.3389/
fmicb.2023.1120466

Van Oost, K., Quine, T., Govers, G., De Gryze, S., Six, J., Harden, J., et al. (2007). The
impact of agricultural soil erosion on the global carbon cycle. Science 318, 626-629.
doi: 10.1126/science.1145724

Wang, M., Wang, ], Cai, Q.,, Zeng, N., Lu, X, Yang, R, et al. (2021). Considerable
uncertainties in simulating land carbon sinks induced by different precipitation
products. J. Geophysical Research: Biogeosciences 126, €2021JG006524. doi: 10.1029/
2021]G006524

Wang, D., Zhu, M. X, Yang, G. P, and Ma, M. M. (2019). Reactive iron and iron-
bound organic carbon in surface sediments of the river-dominated Bohai Sea (China)
versus the southern Yellow Sea. J. Geophysical Research: Biogeosciences 124, 79-98.
doi: 10.1029/2018]G004722

Wiesmeier, M., Urbanski, L., Hobley, E., Lang, B., von Liitzow, M., Marin-Spiotta, E.,
et al. (2019). Soil organic carbon storage as a key function of soils-A review of drivers
and indicators at various scales. Geoderma 333, 149-162. doi: 10.1016/
j.geoderma.2018.07.026

Xu, Z., and Tsang, D. C. (2022). Redox-induced transformation of potentially toxic
elements with organic carbon in soil. Carbon Res. 1, 9. doi: 10.1007/s44246-022-00010-8

Yu, W., Weintraub, S. R, and Hall, S.J. (2021). Climatic and geochemical controls on
soil carbon at the continental scale: interactions and thresholds. Global Biogeochemical
Cycles 35, €2020GB006781. doi: 10.1029/2020GB006781

Zeraatpisheh, M., Ayoubi, S., Jafari, A., Tajik, S., and Finke, P. (2019). Digital
mapping of soil properties using multiple machine learning in a semi-arid region,
central Iran. Geoderma 338, 445-452. doi: 10.1016/j.geoderma.2018.09.006

Zhao, X,, Lu, X, Yang, J., Zhang, D., Ren, C., Wang, X,, et al. (2022). Effects of
nitrogen addition on microbial carbon use efficiency of soil aggregates in abandoned
grassland on the Loess Plateau of China. Forests 13, 276. doi: 10.3390/f13020276

Zhao, G., Tan, M., Wu, B., Zheng, X, Xiong, R., Chen, B,, et al. (2023). Redox
oscillations activate thermodynamically stable iron minerals for enhanced reactive
oxygen species production. Environ. Sci. Technol. 57, 8628-8637. doi: 10.1021/
acs.est.3¢02302

Zhao, G., Wu, B., Zheng, X., Chen, B., Kappler, A., Chu, C,, et al. (2022). Tide-
triggered production of reactive oxygen species in coastal soils. Environ. Sci. Technol.
56, 11888-11896. doi: 10.1021/acs.est.2c03142

Zhou, J., Gu, B., Schlesinger, W. H., and Ju, X. (2016). Significant accumulation of
nitrate in Chinese semi-humid croplands. Sci. Rep. 6, 25088. doi: 10.1038/srep25088

Zhou, R., TIAN, J., CUI, Z., and ZHANG, F. (2023). Microbial necromass within
aggregates stabilizes physically-protected C response to cropland management. Front.
Agric. Sci. Eng. 10, 198-209. doi: 10.15302/J-FASE-2023498

frontiersin.org


https://doi.org/10.1111/gcb.16226
https://doi.org/10.3390/rs17071186
https://doi.org/10.1890/1051-0761(2000)010[0423:TVDOSO]2.0.CO;2
https://doi.org/10.1890/1051-0761(2000)010[0423:TVDOSO]2.0.CO;2
https://doi.org/10.1016/j.envpol.2005.11.005
https://doi.org/10.1016/j.envpol.2005.11.005
https://doi.org/10.1111/ejss.70071
https://doi.org/10.1038/nclimate2580
https://doi.org/10.1038/s41467-017-01406-6
https://doi.org/10.1007/s10533-007-9103-5
https://doi.org/10.1038/s41558-018-0341-4
https://doi.org/10.1126/science.1097396
https://doi.org/10.1111/gcb.14054
https://doi.org/10.5194/bg-21-4533-2024
https://doi.org/10.5194/bg-21-4533-2024
https://doi.org/10.1038/s41561-020-0612-3
https://doi.org/10.1038/nature16069
https://doi.org/10.1111/gcb.14781
https://doi.org/10.1038/nmicrobiol.2017.105
https://doi.org/10.1038/nmicrobiol.2017.105
https://doi.org/10.1186/s13717-020-00260-7
https://doi.org/10.3390/agronomy14020307
https://doi.org/10.1016/j.geoderma.2017.01.002
https://doi.org/10.1016/j.geoderma.2017.01.002
https://doi.org/10.1038/nature17174
https://doi.org/10.1007/s10533-017-0410-1
https://doi.org/10.1007/s10533-017-0410-1
https://doi.org/10.5194/egusphere-2024-3343
https://doi.org/10.1038/s41467-024-54447-z
https://doi.org/10.1007/s11104-010-0391-5
https://doi.org/10.1007/s11104-010-0391-5
https://doi.org/10.5194/gmd-17-8141-2024
https://doi.org/10.1073/pnas.1407302112
https://doi.org/10.1038/s41467-023-42291-6
https://doi.org/10.1038/s41467-023-42291-6
https://doi.org/10.3389/fmicb.2023.1120466
https://doi.org/10.3389/fmicb.2023.1120466
https://doi.org/10.1126/science.1145724
https://doi.org/10.1029/2021JG006524
https://doi.org/10.1029/2021JG006524
https://doi.org/10.1029/2018JG004722
https://doi.org/10.1016/j.geoderma.2018.07.026
https://doi.org/10.1016/j.geoderma.2018.07.026
https://doi.org/10.1007/s44246-022-00010-8
https://doi.org/10.1029/2020GB006781
https://doi.org/10.1016/j.geoderma.2018.09.006
https://doi.org/10.3390/f13020276
https://doi.org/10.1021/acs.est.3c02302
https://doi.org/10.1021/acs.est.3c02302
https://doi.org/10.1021/acs.est.2c03142
https://doi.org/10.1038/srep25088
https://doi.org/10.15302/J-FASE-2023498
https://doi.org/10.3389/fpls.2025.1703663
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Nonlinear threshold responses and spatial heterogeneity of soil organic carbon under contrasting pedoclimatic regimes
	1 Introduction
	2 Materials and methods
	2.1 Site description and soils collection
	2.2 Soil and environmental variables
	2.3 Geostatistical modeling and probabilistic mapping of SOC
	2.4 Machine learning modeling and interpretation
	2.5 Model evaluation and reproducibility

	3 Results
	3.1 Spatial heterogeneity of SOC in the Jiaodong Peninsula and Southwest Shandong
	3.2 Spatial uncertainty and stability of SOC across contrasting pedoclimatic regions
	3.3 Nonlinear threshold responses of SOC by nitrate nitrogen and extractable Fe in Jiaodong Peninsula Shandong
	3.4 Nonlinear threshold responses of SOC by nitrogen, phosphorus, and cation exchange capacity in Southwestern Shandong
	3.5 Machine learning models reveal differential SOC prediction performance across contrasting pedoclimatic regions

	4 Discussion
	4.1 Spatial variability of SOC in the Jiaodong Peninsula and Southwestern Shandong Province
	4.2 Coupled regulation of nitrate and extractable iron on SOC stability under Maritime Monsoon Conditions in the Jiaodong Peninsula, Shandong Province
	4.3 Total nitrogen-driven SOC accumulation threshold mechanism and multifactor joint regulation under continental climate in Southwestern Shandong Province
	4.4 Advantages of machine learning in SOC prediction and mechanistic interpretation

	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


