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ABSTRACT
Soil organic carbon (SOC), as a key indicator of global carbon cycling and climate change response, plays a critical role in regional 
ecological security and agricultural sustainability. This study employs three machine learning models including the LightGBM, 
XGBoost, and random forest to simulate the spatial distribution of topsoil SOC stocks across different erosion types in China, 
and project their evolutionary trends under future climate scenarios. Model validation demonstrated high accuracy and strong 
consistency, while factor importance analysis revealed that mean annual temperature, mean annual precipitation, and elevation 
were the primary environmental drivers influencing the spatial variability of SOC stocks. Under both SSP245 and SSP585 scenar-
ios, SOC stocks in China have a declining trend by 2050 and 2090. Areas affected by freeze–thaw erosion were the most sensitive 
to rising temperatures, whereas water erosion regions—due to their extensive spatial coverage—are projected to become the 
dominant zones of carbon loss. Spatially, carbon change hotspots were concentrated in the retreat zones of permafrost regions 
and mid- to low-latitude water erosion areas, while changes in wind erosion zones remain relatively moderate but were signifi-
cantly influenced by shifts in precipitation patterns. This study highlights the regional heterogeneity in SOC stocks responses to 
future climate change across China, underscoring the necessity of integrating natural processes and human activities specific to 
each erosion type when formulating national-scale soil conservation and carbon management strategies. These findings provide 
a scientific foundation for promoting sustainable land management and enhancing ecosystem carbon sequestration capacity in 
China.

1   |   Introduction

Soil organic carbon (SOC), as a central component of the global 
carbon cycle, plays an indispensable role in affecting climate 
change and sustaining ecosystem functions (Lal  2004; Naipal 
et  al.  2018). In regions experiencing significant erosion, the 
erosion not only induces lateral transport and redistribution of 
carbon, but also modifies its biogeochemical cycling pathways 
(Lal  2003, 2005; Berhe et  al.  2018; Zheng et  al.  2025). As one 

of the countries most affected by soil erosion, China's extensive 
eroded areas provide a natural laboratory for investigating the 
resulting spatial heterogeneity of SOC (Gao et al. 2023). Due to 
variations in soil profile development, organic matter input path-
ways, and microbial community composition across areas with 
differing erosion intensities, the occurrence, stability, and turn-
over rate of SOC display pronounced spatial heterogeneity (de 
Nijs and Cammeraat 2020; Lin et al. 2022; Doetterl et al. 2025). 
A comprehensive understanding of this heterogeneous pattern 
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is crucial for accurately assessing carbon budgets at the national 
scale, providing a scientific basis for developing targeted soil 
conservation strategies and advancing sustainable agricultural 
practices and carbon neutrality objectives.

Existing research has preliminarily elucidated the mecha-
nisms by which erosion processes influence soil carbon dy-
namics through field observations and model simulations (Liu 
et al. 2003; Borrelli et al. 2021; Lin et al. 2022). A growing body 
of evidence indicates a non-linear relationship between erosion 
intensity and SOC stocks: mild erosion can enhance carbon 
sequestration and stabilize soil organic matter, whereas severe 
erosion typically results in net carbon loss (Lal 2005; Olson 
et  al.  2016; Chappell et  al.  2016). Studies have employed geo-
statistical methods and environmental factor interpolation to 
identify terrain undulations, vegetation cover, and land use pat-
terns as key drivers influencing the spatial distribution of soil 
carbon in erosion-affected areas (Polyakov and Lal 2004; Olson 
et al. 2016; Wang, Zhang, et al. 2025). In typical erosion zones, 
these have demonstrated distinct soil carbon cycling patterns 
across varying erosion intensities: in depositional areas, carbon 
stabilization is primarily governed by physical protection mech-
anisms; whereas in strongly eroded areas, carbon mineralization 
processes are significantly enhanced (de Nijs and Cammeraat 
2020; Lal 2005; Olson et al. 2016). These insights provide a crit-
ical theoretical foundation for understanding carbon dynamics 
in erosional environments.

However, current research still faces significant methodologi-
cal challenges and cognitive gaps (Naipal et al. 2018; Hancock 
et al. 2019). Most findings are confined to regional scales and 
lack a systematic analysis of the spatial patterns of SOC stocks 
in erosion-affected areas at the national level (Maïga-Yaleu 
et al. 2013; Hancock et al. 2019; Hunter et al. 2024). Regarding 
predictive models, traditional approaches struggle to accurately 
capture the complex nonlinear relationships between soil carbon 
and environmental factors, particularly failing to adequately ac-
count for the moderating effects of varying erosion intensities 
on responses to climate change (Polyakov and Lal 2004; Naipal 
et al. 2018). More importantly, existing research predominantly 
focuses on the analysis of current conditions and largely fails 
to integrate next-generation climate scenarios—such as the 
SSP-RCP framework—into long-term projections of soil car-
bon dynamics, leading to substantial uncertainty in forecasting 
future changes (Naipal et al. 2018; Adeyeri et al. 2024). These 
limitations hinder the development of targeted adaptation strat-
egies for regions facing varying erosion risks under a changing 
climate.

This study aims to systematically explore the spatial heteroge-
neity and control mechanisms of SOC stocks in erosion-prone 
regions of China under future climate scenarios. The specific 
research objectives include: (1) constructing a high-precision 
national-scale distribution map of SOC stocks; (2) simulating the 
spatiotemporal dynamics of SOC stocks in the 2050s and 2090s 
under SSP245 and SSP585 scenarios using machine learning 
models; and (3) identifying the key environmental drivers that 
govern soil carbon dynamics across different erosion intensity 
zones. This study will enhance understanding of the soil car-
bon cycle's response mechanisms under climate change, provide 
a scientific basis for large-scale carbon sink management and 

ecological security planning, and contribute to the sustainable 
use of land resources and carbon neutrality goals.

2   |   Materials and Methods

2.1   |   Study Area

China has a unique geographical environment, offering a 
representative model for investigating the dynamics of SOC 
stocks under the influence of multiple erosion processes (Guo 
et  al.  2021). In terms of terrain, China presents a significant 
three-level ladder pattern, with an average altitude dropping 
sharply from over 4000 m on the Qinghai Tibet Plateau to below 
200 m on the eastern plain (Guan 2025). This large height dif-
ference (from the highest point of Mount Everest at 8848 m to 
the lowest point of Lake Edin at −154.31 m) directly shapes the 
spatial differentiation pattern of erosion types: the water ero-
sion areas are mainly distributed in the Northeast Plain with an 
annual precipitation of over 800 mm and the hilly areas south 
of the Yangtze River. The wind erosion area is concentrated 
in the northwest inland with an annual precipitation of less 
than 400 mm, among which the soil erosion area on the Loess 
Plateau covers an area of 300,000 km2. The freeze–thaw ero-
sion zone is mainly distributed in the Qinghai Tibet Plateau and 
surrounding high mountain areas with an annual average tem-
perature below −1°C, with a permafrost area of approximately 
1.59 × 106 km2. The study area encompasses multiple climatic 
zones, with the average annual temperature varying from −5°C 
in the north to 25°C in the south, and average annual precipita-
tion declining from over 1600 mm along the southeastern coast 
to less than 50 mm in the northwestern interior. This gradient 
in the distribution of water and heat not only governs the spatial 
patterns of erosive forces but also significantly influences the 
accumulation and transport of SOC stocks. China's comprehen-
sive environmental gradient sequence and diverse erosion types 
create a natural laboratory for investigating soil carbon cycling 
under global change. This study examines the spatiotemporal 
dynamics of surface SOC stocks across different erosion zones 
in China and identifies the primary environmental drivers. The 
insights and methodologies generated can serve as valuable the-
oretical references for regions worldwide facing similar erosion 
challenges, including wind-eroded areas in Central Asia, per-
mafrost regions in North America, and water-eroded regions in 
Southeast Asia. These findings hold significant scientific value 
for refining global terrestrial carbon cycle models and guiding 
carbon sequestration and sink enhancement efforts in degraded 
ecosystems.

2.2   |   Soil Sampling Collection

The soil profile data used in this study were obtained from the 
National Science and Technology Basic Resource Survey Project 
“China Soil Series Survey and Compilation of China Soil Series” 
(Project No. 2008FY110600), led by Dr. Zhang at the Institute 
of Soil Science, Chinese Academy of Sciences, Nanjing. This 
project's outcomes were officially published in 2020 and sys-
tematically integrated nationwide field survey data collected 
during 2017–2018. We digitized the geographic coordinates, soil 
horizon characteristics, and soil physicochemical properties for 
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all sampling sites documented in the publication, and compiled 
a standardized dataset encompassing the entire territory of 
China, comprising 3800 complete soil profiles (Figure  1). The 
sampling locations were strategically determined by experts 
according to the principles of typicality and representativeness, 
and SOC was consistently measured using the dry combustion 
method (Matejovic 1993). To achieve an accurate estimation of 
surface SOC stocks, this study employed an equal-area spline 
function to continuously model the vertical distribution of SOC 
stocks within each soil profile. By fitting the depth-dependent 
variation curve and integrating it over the 0–30 cm depth range, 
the average carbon content of the entire topsoil layer could be 
reliably estimated. This method effectively addressed the com-
parability issue arising from inconsistent soil depth across dif-
ferent profiles, thereby enhancing the accuracy and reliability 
of SOC stocks estimation at regional scales (Odgers et al. 2012; 
Wang, Bian, et al. 2025). The detailed modeling procedure was 
described in Section 2.5.5 of this article. The construction and 
standardization of this high-quality dataset have established a 
robust foundation for in-depth analysis of soil carbon dynamics 
under various erosion types at the national scale.

2.3   |   Environmental Factors

To effectively simulate the spatial distribution of SOC stocks 
across different soil erosion zones in China and identify the key 
environmental drivers underlying its spatial variability, this 
study selected nine representative factors from three major cat-
egories—topography, climate, and human activities: elevation 
(ELE), slope gradient (SG), slope aspect (SA), plan curvature 
(PC), catchment area (CA), topographic wetness index (TWI), 
mean annual precipitation (MAP), mean annual temperature 

(MAT), and land use type (LD). These factors were chosen due to 
their established influence on soil carbon dynamics through reg-
ulation of hydrological processes, microclimatic conditions, and 
vegetation productivity. Since the original data are derived from 
multiple sources, variations in spatial resolution and coordinate 
systems necessitate systematic preprocessing to ensure data 
consistency. Using the ArcGIS 10.2 platform, all raster data were 
resampled to a uniform spatial resolution of 1-km. Continuous 
factors were resampled using the bilinear interpolation method, 
whereas categorical data (e.g., land use) were processed using 
the nearest neighbor method to preserve their discrete class at-
tributes. To minimize area distortion across China's extensive 
longitudinal range, all datasets were reprojected into the Albers 
equal-area conic projection. This standardized processing effec-
tively ensures data consistency and enhances the spatial compa-
rability required for subsequent statistical analysis and machine 
learning-based spatial simulation of SOC stocks. The 1-km res-
olution was selected to balance computational efficiency with 
the spatial scale of ecological processes influencing SOC stocks 
across multi-scale soil erosion regions in China.

2.3.1   |   Topographic Factors

To systematically characterize the terrain-driven mechanisms 
influencing the spatial distribution of SOC stocks, this study 
derived six key terrain parameters—ELE, SG, SA, PC, TWI, 
and CA—from a 1-km resolution digital elevation model (DEM) 
sourced from the Geospatial Data Cloud platform of the Chinese 
Academy of Sciences. These parameters were selected due to 
their well-established roles in shaping soil formation, regulat-
ing hydrological processes, and supporting ecosystem functions 
(Blackburn et al. 2022).

FIGURE 1    |    Locations of sampling points overlaid with a 1 km resolution digital elevation model map of the study area. Wiley acknowledges that 
the borders within the figure are subject to multiple territorial claims. [Colour figure can be viewed at wileyonlinelibrary.com]
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ELE, as the primary topographic factor, exerts a profound in-
fluence on the accumulation and spatial distribution of SOC by 
modulating temperature regimes, hydrological processes, and 
biogeochemical cycles (Blackburn et al. 2022). SG and SA, as 
integrated terrain attributes, jointly regulate surface erosion 
intensity, local microclimatic conditions, and vegetation pro-
ductivity, thereby shaping the spatial patterns of SOC (Adiyah 
et al. 2022). PC directly influences sediment transport and the 
redistribution of organic matter by reflecting zones of surface 
runoff acceleration and deceleration (Wang et al. 2023). TWI 
and CA collectively characterize the spatial variability of soil 
moisture. TWI, which integrates SG and upslope contributing 
area, is widely used to assess the potential for waterlogging 
(Wang, Zhang, et  al.  2025), whereas CA reflects the control 
of drainage networks on subsurface flow pathways (Adhikari 
et al. 2019).

In terms of technical implementation, fundamental terrain pa-
rameters—including ELE, SG, SA, and PC—are derived using 
the spatial analysis module in ArcGIS 10.2. Hydrological terrain 
indices such as the TWI and CA are computed using SAGA GIS, 
a specialized terrain analysis tool capable of accurately process-
ing DEM depressions and simulating hydrological flow paths. 
The selected topographic factors collectively form a multi-scale 
terrain representation system, effectively capturing the key con-
trols of hydrological connectivity on SOC stocks distribution 
across slope to landscape scales.

2.3.2   |   Climatic Factors

This study constructed a multi-period dataset (base year 2018, 
mid-2050s, and late 2090s) for two key climate variables—MAT 
and MAP—to systematically assess the potential impacts of cli-
mate change on SOC dynamics across different erosion zones. 
The base period data were obtained from observations at sta-
tions of the China Meteorological Administration and interpo-
lated into a continuous grid surface with a spatial resolution of 
1-km using the inverse distance weighting (IDW) method on the 
ArcGIS 10.2 platform, thereby ensuring a high-precision rep-
resentation of regional climate characteristics. The future cli-
mate scenario data were obtained from the WorldClim platform 
and encompass two shared socioeconomic pathways—SSP245 
(moderate emissions) and SSP585 (high emissions)—repre-
senting the 20-year average climatic conditions for the periods 
2041–2060 and 2081–2100, respectively. These scenarios reflect 
potential climate trajectories under varying climate policies 
and socioeconomic development pathways. Among them, the 
SSP245 pathway represents moderate radiative forcing (approx-
imately 4.5 W m−2), reflecting a stabilization scenario with mod-
erate greenhouse gas mitigation efforts; in contrast, the SSP585 
pathway reflects a future trajectory of increased reliance on fos-
sil fuels, resulting in radiative forcing reaching ~8.5 W m−2 by 
the end of the century, indicating a significantly more intense 
warming trend (Haghighi et al. 2025; Wang, Zhang, et al. 2025). 
This dataset integrates observational and simulated data at 
a consistent spatial resolution of 1 km, thereby enhancing the 
comparability of climatic factors across multiple time periods 
and providing a robust foundation for investigating the response 
mechanisms of the grassland carbon cycle to climate change in 
China, as well as for developing climate adaptation strategies. 

It holds significant scientific foresight and practical applica-
tion value.

2.3.3   |   Human Activity Factors

LD change serves as a critical indicator reflecting the im-
pact of human activities on land systems. Since the Industrial 
Revolution, the pace of transformation has accelerated mark-
edly, with the global annual land conversion rate rising from 
0.3% before 1750 to 1.2% after 1850 (Naipal et al. 2018). Existing 
research indicates that ~48.7 ± 3.5% of the global ice-free land 
surface has been substantially altered by human activities 
(Blackburn et  al.  2022). To quantify the potential impact of 
human activities on the study area, this study utilizes 1-km 
resolution LD data for the year 2018 from the Resource and 
Environmental Science Data Center (RESDC) of the Chinese 
Academy of Sciences. The classification system adheres to the 
Technical Regulations for the Third National Land Survey 
(GB/T 21010–2017), comprising six primary categories: (1) culti-
vated land (including dry land and paddy fields), (2) forest land 
(defined as areas with canopy density > 0.2), (3) grassland, (4) 
construction land (characterized by an impervious surface ratio 
> 50%), (5) wetland (encompassing rivers, lakes, and reservoirs), 
and (6) wasteland (with vegetation coverage < 30%). According 
to appendix B of the ISO 19144-2:2012 standard, each land type 
is assigned a standardized numerical code ranging from 1 to 6 
to enhance the interoperability of geographic computations and 
the reproducibility of spatial analyses. This classification system 
features a clear hierarchical structure and mutual exclusivity 
between classes, thereby supporting consistent recognition of 
landscape dynamics and enhancing compatibility with interna-
tional environmental change model frameworks, thus providing 
a reliable spatial data foundation for studies on human–nature 
coupled systems.

2.4   |   Soil Erosion Data

The spatial distribution data of soil erosion types in China 
were obtained from the official website of the Resource and 
Environmental Sciences and Data Center, Chinese Academy 
of Sciences (https://​www.​resdc.​cn/​data). The dataset was gen-
erated through a comprehensive and systematic approach that 
integrates multi-source geospatial information with special-
ized models, enabling the classification of soil erosion across 
China into three primary types: water erosion, wind erosion, 
and freeze–thaw erosion. The assessment of hydraulic erosion 
is primarily based on the Revised Universal Soil Loss Equation 
(RUSLE), which integrates factors such as rainfall erosivity, soil 
erodibility, slope length and steepness, vegetation cover, and 
conservation practices to estimate soil loss caused by rainfall and 
surface runoff. Wind erosion mapping typically employs models 
like the Revised Wind Erosion Equation (RWEQ), which incor-
porates key parameters including surface wind speed, soil mois-
ture, surface roughness, vegetation coverage, and the content of 
erodible particles to simulate the detachment and transport of 
soil by wind. For freeze–thaw erosion, the definition primarily 
depends on terrain information derived from high-resolution 
DEM data (e.g., slope and aspect), freeze–thaw cycle characteris-
tics identified through long-term remote sensing-based surface 
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temperature inversion products, and integrated discrimination 
incorporating vegetation coverage conditions. Finally, within a 
unified GIS platform, evaluation results for these three erosion 
types were integrated, fused, and logically validated to produce 
a comprehensive spatial distribution map. This map indicates 
that water erosion is predominantly distributed in the eastern 
monsoon region and the Loess Plateau, wind erosion prevails in 
the northern arid and semi-arid regions, and freeze–thaw ero-
sion is concentrated in high-altitude mountainous and plateau 
areas such as the Qinghai Tibet Plateau region in China. This 
achievement clearly demonstrates the intrinsic relationship be-
tween soil erosion types and natural geographical patterns in 
China, offering essential scientific data to support the develop-
ment of zonal and classified ecological governance and protec-
tion strategies.

2.5   |   Prediction Models

2.5.1   |   eXtreme Gradient Boosting

eXtreme Gradient Boosting (XGBoost) is an efficient gradient 
boosting decision tree algorithm proposed by Chen et al. (2015). 
This model is essentially an optimized implementation based on 
the traditional gradient boosting framework, which integrates 
multiple weak learners (usually CART regression trees) to con-
struct a powerful prediction model (Carmona et al. 2019). The 
core idea is to generate decision trees sequentially, with each 
tree dedicated to correcting the prediction error of the previous 
tree and gradually reducing the loss function through superposi-
tion learning (Chen et al. 2015). The core advantages of XGBoost 
are evident in several key aspects. First, it employs second-order 
Taylor expansion to optimize the loss function and incorporates 
a regularization term to control model complexity, thereby ef-
fectively mitigating the risk of overfitting (Sibindi et al. 2023). 
Second, the algorithm enables parallel processing: although tree 
construction is sequential, feature selection and split point com-
putation can be performed in parallel, significantly enhancing 
computational efficiency (Carmona et  al.  2019). Furthermore, 
XGBoost features an intrinsic mechanism for handling missing 
values by automatically learning the optimal splitting direction 
for such instances (Chen et  al.  2015). It also supports a wide 
range of objective functions and evaluation metrics, making it 
adaptable to diverse tasks including classification, regression, 
and ranking. Owing to these strengths, XGBoost has demon-
strated superior performance in numerous machine learning 
competitions and real-world industrial applications, establish-
ing itself as one of the most widely adopted ensemble learning 
algorithms today (Chen et al. 2015; Carmona et al. 2019).

This study implemented the algorithm in R language (R 
Development Core Team  2013) using the “xgboost” package. 
The modeling process typically consists of three stages: data 
preparation, model training, and predictive evaluation. During 
data preparation, the dataset is converted into DMatrix format—
an optimized data structure specifically designed for XGBoost to 
enhance computational efficiency. Model training is performed 
using the xgb.train function, where key parameters must be 
configured: eta (learning rate, which controls the contribution 
weight of each tree), max_depth (maximum tree depth, regu-
lating model complexity), subsample (ratio of samples used for 

training each tree), colsample_bytree (ratio of features sampled 
per tree), min_child_weight (minimum sum of instance weights 
required in a leaf), gamma (minimum loss reduction threshold 
for splitting a node), lambda and alpha (L2 and L1 regularization 
terms), and nrounds (number of boosting iterations, i.e., number 
of trees). Additionally, the objective parameter must be specified 
to define the learning task—for example, “reg:squarederror” 
for regression tasks and “binary:logistic” for binary classifica-
tion. To prevent overfitting and determine the optimal number 
of iterations, cross-validation can be conducted via the xgb.cv 
function. A comprehensive modeling workflow should also in-
corporate hyperparameter tuning, feature importance assess-
ment, and model diagnostics to fully exploit the predictive power 
of XGBoost.

2.5.2   |   Light Gradient Boosting Machine

Light Gradient Boosting Machine (LightGBM) is a high-
performance gradient boosting decision tree framework (Ke 
et  al.  2017). Like XGBoost, it belongs to the Boosting family 
within ensemble learning, but its primary design objective is to 
improve training efficiency and reduce memory consumption 
in large-scale data scenarios (Hindarto 2024). To achieve this, 
LightGBM employs two key techniques: first, Gradient-based 
One-Side Sampling (GOSS), which retains instances with large 
gradients while randomly sampling those with small gradients, 
thereby significantly reducing computational cost without com-
promising model accuracy (Guo et al. 2023); second, Exclusive 
Feature Bundling (EFB), which combines mutually exclusive 
features—those rarely non-zero simultaneously—in sparse 
datasets, effectively lowering feature dimensionality and mem-
ory usage (Hindarto 2024). These innovations enable LightGBM 
to train substantially faster than many comparable algorithms 
when handling high-dimensional and large-scale data (Ke 
et al. 2017). The primary advantages of LightGBM include rapid 
training speed, low memory usage, efficient handling of large-
scale datasets, and accuracy that is comparable to or sometimes 
superior to that of XGBoost (Ke et  al.  2017; Hindarto  2024). 
However, it has certain limitations: it may be prone to overfitting 
on small datasets due to its leaf-wise tree growth strategy, which 
can result in deeper trees despite high computational efficiency 
(Guo et  al.  2023). Furthermore, LightGBM is more sensitive 
to parameter tuning, particularly those parameters associated 
with overfitting control.

This study employs the LightGBM package in R language 
(R Development Core Team  2013) to implement the model. 
The procedure typically involves installing and loading the 
package, followed by converting the data into the LightGBM-
specific lgb.Dataset format. Model training is conducted using 
the lgb.train function, which requires careful configuration of 
several key parameters. These include: objective (specifying the 
task type, such as “regression” for regression or “binary” for bi-
nary classification), metric (evaluation metric, such as “l2” for 
regression or “AUC” for classification), boosting (set to “gbdt”), 
num_leaves (a critical parameter controlling model complex-
ity due to leaf-wise splitting, typically set higher than the tree 
depth), learning_rate (step size shrinkage to prevent overfit-
ting), feature_fraction (ratio for feature subsampling), bagging_
fraction (ratio for data subsampling), and min_data_in_leaf 
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(minimum number of data instances per leaf, crucial for prevent-
ing overfitting). Tuning these parameters via cross-validation 
and grid search is essential for constructing a high-performance 
LightGBM model.

2.5.3   |   Random Forest

Random forest (RF) is a powerful ensemble learning algo-
rithm introduced by statistician Breiman at the University of 
California, Berkeley in 2001. It belongs to the Bagging category 
of ensemble methods and operates by constructing a large num-
ber of decision trees and aggregating their predictions through 
majority voting for classification tasks or averaging for regres-
sion tasks, thereby achieving a more stable and accurate model 
(Wiesmeier et al. 2011). The term “random” is reflected in two 
key aspects: first, data randomness, achieved through Bootstrap 
sampling to generate diverse training subsets for individual 
trees; second, feature randomness, where at each node split, 
the optimal splitting feature is selected only from a randomly 
chosen subset of all available features (Nabiollahi et al. 2019). 
This dual randomness enhances the diversity among the trees, 
reduces model variance, increases robustness to noisy data, and 
ultimately improves generalization performance.

The most prominent advantages of random forests include: 
extremely high fault tolerance and resistance to overfitting, 
achieved through averaging the outputs of multiple decision 
trees (Breiman 2001); ease of implementation and tuning, as the 
algorithm is relatively insensitive to parameter choices and often 
yields strong performance without extensive hyperparameter 
optimization; the ability to naturally assess feature importance, 
providing an intuitive basis for feature selection (Wiesmeier 
et al. 2011); and the capacity to handle high-dimensional data 
without requiring extensive preprocessing, such as feature 
scaling, due to its inherent insensitivity to variable magnitude 
(Nabiollahi et  al.  2019). However, several limitations exist: 
overfitting may still occur in the presence of highly noisy data; 
model interpretability is reduced compared with a single deci-
sion tree, making it more akin to a “black box”; and training a 
large ensemble of trees can demand substantial computational 
resources and time (Wiesmeier et al. 2011).

The most widely used and powerful package for implementing 
random forest in R language (R Development Core Team 2013) 
is randomForest. Model training can be accomplished using its 
core function randomForest (Nabiollahi et al. 2019). When call-
ing this function, several key parameters must be configured: 
ntree specifies the number of decision trees in the forest—in-
creasing the number enhances model stability but also raises 
computational cost (Wiesmeier et al. 2011); mtry controls feature 
randomness by determining the number of features randomly 
sampled at each node split (Nabiollahi et al. 2019). The choice of 
mtry significantly influences model performance, with smaller 
values promoting greater tree diversity (Wiesmeier et al. 2011); 
nodesize sets the minimum number of samples required in 
a terminal node, and larger values help prevent overfitting by 
limiting tree depth, thus serving as a regularization mechanism 
and simplifying the model structure (Nabiollahi et  al.  2019). 
Additionally, users need only specify the prediction formula via 
the formula argument and provide the dataset, after which the 

function automatically performs model training. Feature impor-
tance can be obtained through the importance parameter, mak-
ing the package highly convenient and efficient to use.

2.5.4   |   Space-For-Time Substitution Method

Soil formation and evolution are governed by the complex in-
terplay of multiple environmental drivers, primarily including 
parent material, climatic conditions, biological activity, topo-
graphic features, and temporal factors (McBratney et al. 2003). 
The “SCORPAN” model proposed by McBratney et  al.  (2003) 
provides a theoretical framework for analyzing spatial patterns 
of soil properties across different temporal scales. Recent de-
velopments in pedogenic modeling have integrated space-for-
time substitution techniques (Adhikari et  al.  2019), allowing 
researchers to simulate future soil conditions by adjusting cli-
mate, vegetation, and anthropogenic factors within the model 
structure. This approach has proven effective across various 
geographical regions—such as tropical ecosystems in Brazil, 
arid zones in Australia, and temperate landscapes in North 
America—particularly in projecting SOC dynamics under dif-
ferent environmental change scenarios (Adhikari et  al.  2019; 
Wang, Zhang, et al. 2025; Wang, Bian, et al. 2025). However, the 
predictive reliability of these models is limited by inherent un-
certainties arising from the lack of observational data for future 
environmental conditions (Reyes Rojas et al. 2018; Wang, Bian, 
et al. 2025). In the context of China, this study utilized compre-
hensive soil profile datasets collected from 2018 to investigate 
the correlations between SOC stocks within a depth range of 
0–30 cm and various environmental parameters. The analytical 
approach was grounded on the premise that lithogenic factors, 
biotic components, and landscape morphology would remain 
relatively stable within the projected timeframe, allowing for the 
isolation of climate and land use effects through space-for-time 
substitution. While this assumption entails certain methodolog-
ical limitations, particularly concerning long-term ecological 
feedback mechanisms, it nonetheless provides valuable insights 
into the dynamics of soil carbon and nitrogen pools under vary-
ing climate and land management scenarios, offering signifi-
cant implications for understanding alpine ecosystem responses 
to global change.

2.5.5   |   Equal-Area Spline Profile Function

The equal-area spline profile function was proposed (Bishop 
et al. 1999) and is a key mathematical tool for modeling the ver-
tical distribution of soil profile attributes. This method achieves 
accurate depth-wise fitting of soil parameters across different 
stratigraphic layers by constructing continuous and smooth 
spline curves (Odgers et al. 2012). The core theoretical advan-
tage stems from the incorporation of equal-area constraints, 
which ensure that the integrated area over each fitting interval 
strictly matches the total attribute value of the corresponding 
measured layer (Bishop et al. 1999). This effectively mitigates the 
area distortion commonly encountered in traditional interpola-
tion methods during interlayer inference (Bonfatti et al. 2016). 
This model requires setting only two parameters: the number 
of nodes and the smoothing coefficient λ (Odgers et  al.  2012). 
The number of nodes is typically determined according to the 
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7Land Degradation & Development, 2026

hierarchical structure of soil genesis, whereas λ controls the 
trade-off between the fidelity of the fitted curve to the observed 
data and its smoothness. A small λ may lead to overfitting of 
sampling noise, while an excessively large λ can obscure im-
portant profile shape features (Bishop et al. 1999). Although this 
function offers significant advantages in characterizing the non-
linear vertical variation of soil properties, its fitting performance 
heavily relies on the accuracy and completeness of profile layer 
data and may be compromised under conditions of low sampling 
density or incomplete layer information (Bonfatti et al. 2016).

To optimize the model performance in this study, five values 
of λ (0.0001, 0.001, 0.01, 0.1, and 1) were systematically evalu-
ated. The results demonstrated that the root mean square error 
reached its minimum at λ = 0.1, indicating that this parameter 
setting enabled the model to achieve an optimal balance between 
fitting accuracy and generalization capability. All equal-area 
spline profile function fitting operations are conducted using 
SplineTool V2 (ASRIS 2011), developed by the Commonwealth 
Scientific and Industrial Research Organisation of Australia, 
which offers a robust and standardized platform for continuous 
profiling data processing and modeling. The equal-area spline 
profile function converts discrete layered observations into con-
tinuous depth profiles, offering a methodological foundation for 
estimating soil carbon stocks and advancing the theoretical shift 
in digital soil mapping from discrete layer-based aggregation to 
continuous vertical representation.

2.6   |   Model Validation

The primary objective of this study was to systematically evalu-
ate and compare the performance of three mainstream machine 
learning models—XGBoost, LightGBM, and RF—in predicting 
SOC stocks in topsoil (0–30 cm) within eroded regions of China, 
with the aim of identifying the most suitable modeling approach. 
To ensure robustness and comparability in model evaluation, a 
10-fold cross-validation strategy was employed, and multiple 
performance metrics—including mean absolute error (MAE), 
root mean square error (RMSE), coefficient of determination 

(R2), and Lin's concordance correlation coefficient (LCCC) 
(Lin 1989)—were comprehensively utilized. Given the inherent 
randomness in the training processes of these models, 100 inde-
pendent iterations were conducted for each to yield stable and re-
liable predictions. The calculation methods for each evaluation 
metric are as follows:

In the formula, ai and bi represent the predicted and measured 
values of the i-th sample, respectively; n is the total number of 
samples; a and y are the average values of predicted and mea-
sured values, respectively; r is the pearson correlation coefficient 
between the predicted value and the measured value; �a and �b 
are the variances of the predicted and measured sets, respectively.

3   |   Results

3.1   |   Descriptive Statistics

Table 1 presented the basic statistical characteristics of various 
environmental factors. The mean SOC stocks are 15.84 t/ha, with 
a standard deviation of 17.73, indicating high variability in the 
data. The skewness (6.26) and kurtosis (62.39) values revealed 

(1)MAE =
1

n

n∑

i= 1

||ai − bi
||

(2)RMSE =

√√√
√ 1

n

n∑

i= 1

(
ai−bi

)2

(3)R2 =

n∑

i= 1

�
ai−b

�2

n∑

i= 1

�
bi−b

�2

(4)LCCC =
2r�a�b

�
2
a
+ �

2
b
+

(
a−b

)2

TABLE 1    |    Statistical analysis of surface soil organic carbon stocks (0–30 cm) and associated environmental factors based on 3800 sampling 
points.

Property Unit Min. Max. Mean SD Ske. Kur.

SOC stocks t ha 0.01 290.01 15.84 17.73 6.26 62.39

ELE m −151.55 5440.84 773.54 1071.95 2.10 4.19

SG Degree 0.00 25.88 2.01 3.02 2.78 9.82

SA Degree −1.00 359.98 171.75 108.08 0.11 −1.27

PC Index −0.06 0.07 0.00 0.01 0.22 13.82

TWI Index 6.54 15.26 11.16 2.02 0.04 −0.91

CA m2 m−1 1.15 × 106 10955.3 × 106 333.36 × 106 595.8 × 106 6.00 62.58

MAP mm 16.52 3362.43 1017.32 644.98 0.66 −0.52

MAT Degree celsius −6.21 26.74 12.79 6.89 −0.32 −0.76

Abbreviations: CA, catchment area; ELE, elevation; Kur., kurtosis; MAP, mean annual precipitation; MAT, mean annual temperature; Max., maximum; Min., 
minimum; PC, plan curvature; SA, slope aspect; SG, slope gradient; Ske., skewness; TWI, topographic wetness index.
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8 Land Degradation & Development, 2026

that the SOC stocks distribution was strongly right skewed 
and highly peaked, suggesting a non-normal distribution. ELE 
ranged from −151.55 m to 5440.84 m, with a mean of 773.54 m 
and a large standard deviation of 1071.95, reflecting substantial 
topographic variation across the study area. The mean SG and 
SA were 2.01° and 171.75°, respectively. A relatively high skew-
ness value for slope (2.78) indicated that most areas have gen-
tle slopes, although steep-slope outliers were present. PC had a 
mean close to zero and a symmetrically distributed dataset; how-
ever, the kurtosis value of 13.82 suggested a high concentration 
of data around the mean. The average TWI was 11.16, with near-
normal distribution (skewness = 0.04, kurtosis = −0.91). CA var-
ied widely, ranging from 1.15 × 106 to 10955.3 × 106 m2/m, with 
a skewness of 6.00, indicating the presence of extreme positive 
outliers. MAP and MAT were 1017.32 mm and 12.79°C, respec-
tively, both exhibiting approximately symmetric distributions.

Table 2 showed the Pearson correlation coefficient matrix among 
all variables. SOC stocks exhibited significant positive correla-
tions with ELE and SG (r = 0.23 and r = 0.19, respectively), and 
significant negative correlations with TWI and MAT (r = −0.19 
and r = −0.21, respectively), indicating that higher elevation and 
steeper slopes were associated with greater SOC accumulation, 
whereas more humid conditions and elevated temperatures 
might inhibit SOC stocks. ELE was significantly correlated with 
multiple variables, showing strong negative associations with 
TWI (r = −0.44) and MAT (r = −0.57), highlighting its critical 
role in modulating hydrothermal regimes. MAP and MAT were 
highly positively correlated (r = 0.75), suggesting a coupled vari-
ation in moisture and thermal conditions.

3.2   |   Model Performance and Prediction 
Uncertainty

Based on the model performance evaluation results presented 
in Table 3 and the spatial distribution standard deviation (SD) of 
the predicted values shown in Figure 2a, the predictive accuracy 
and uncertainty of the three machine learning models across 

different erosion types could be comprehensively assessed. In 
terms of predictive performance, the LightGBM model demon-
strated superior accuracy across most erosion types, achieving 
R2 values of 0.66 for water erosion, 0.66 for wind erosion, and 
0.67 for freeze–thaw erosion—consistently outperforming other 
models in these categories. Moreover, its relatively low RMSE 
and MAE values further confirm high prediction precision. 
The XGBoost and RF models also exhibited strong predictive 
capabilities, with LCCC exceeding 0.8 between each model 
pair, indicating a high degree of consistency between predicted 
and observed values. Regarding uncertainty quantification, 
Figure 2a displayed the spatial variability of model predictions 
using SD, where higher SD values correspond to greater pre-
diction uncertainty—potentially due to sparse data coverage, 
complex environmental interactions, or variable model sensitiv-
ity to local features. For instance, freeze–thaw erosion showed 

TABLE 2    |    Pearson correlation coefficients between surface soil organic carbon stocks (0–30 cm) and environmental factors derived from 3800 
sampling points.

Property SOC stocks ELE SG SA PC TWI CA MAP MAT

ELE 0.23**

SG 0.19** 0.39**

SA 0.02 −0.05** −0.01

PC −0.01 0.04** 0.12** 0.01

TWI −0.19** −0.44** −0.72** −0.01 0.01

CA −0.06** −0.11** −0.29** −0.03 0.01 0.49**

MAP 0.05** −0.37** 0.07** 0.06** 0.02 −0.18** −0.35**

MAT −0.21** −0.57** −0.11** 0.04* −0.01 0.07** −0.18** 0.75**

LD 0.04* 0.30** 0.07** −0.05** 0.03* −0.03 0.07** −0.20** −0.24**

Abbreviations: CA, catchment area; ELE, elevation; LD, land use; MAP, mean annual precipitation; MAT, mean annual temperature; PC, plan curvature; SA, slope 
aspect; SG, slope gradient; TWI, topographic wetness index.
*p < 0.05.
**p < 0.01.

TABLE 3    |    Statistical analysis of model prediction performance 
across different erosion zones.

Erosion 
type Model R2 RMSE MAE LCCC

Water 
erosion

XGBoost 0.59 10.33 5.82 0.8

LightGBM 0.66 9.41 4.76 0.84

RF 0.61 10.12 4.85 0.83

Wind 
erosion

XGBoost 0.62 9.52 4.12 0.86

LightGBM 0.66 9.72 3.61 0.84

RF 0.64 10.06 4.28 0.84

Freeze–
thaw 
erosion

XGBoost 0.61 22.29 13.93 0.85

LightGBM 0.67 20.37 13.67 0.85

RF 0.65 21.01 14.06 0.87

Abbreviations: LCCC, Lin's concordance correlation coefficient; LightGBM, 
Light Gradient Boosting Machine; MAE, mean absolute error; R2, coefficient of 
determination; RF, Random forest; RMSE, root mean square error; XGBoost, 
eXtreme Gradient Boosting.
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9Land Degradation & Development, 2026

relatively high RMSE values (e.g., 20.37 for LightGBM), and 
when combined with its widespread SD distribution, this re-
flected substantial variability and uncertainty in modeling such 
processes. In contrast, water and wind erosion models yielded 
lower RMSE and MAE values, suggesting smaller SD magni-
tudes and consequently more stable and reliable predictions. 
In summary, although each model has demonstrated reliable 
predictive performance across various erosion types, associated 
uncertainties remain significant—particularly in regions char-
acterized by high environmental heterogeneity. Future efforts 
should focus on integrating additional auxiliary data or adopt-
ing ensemble modeling approaches to enhance model robust-
ness and predictive accuracy.

3.3   |   Relative Importance of Environment Factors 
Across Erosion Zones

In the process of water erosion, MAT (27.84%) and MAP 
(16.23%) were the dominant environmental factors influenc-
ing SOC stocks, highlighting the key role of hydrothermal con-
ditions in regulating SOC dynamics in water-eroded regions. 
Additionally, ELE and PC exerted significant effects, indicating 
that topographic characteristics indirectly shape SOC stocks 
distribution by modulating surface runoff and soil retention 
capacity. In wind-eroded environments, MAP (42.91%) was the 
most influential factor, emphasizing the critical importance of 
water availability for SOC accumulation and stability. MAT and 
CA followed in importance, suggesting that both climatic and 
topographic factors jointly regulate carbon cycling under wind 
erosion. In freeze–thaw erosion systems, MAP (48.20%) had the 
highest explanatory power, further underscoring the central role 
of precipitation—likely through its influence on snow cover, soil 
moisture, and freeze–thaw frequency—in these environments. 
MAT and ELE also significantly influenced SOC dynamics, 
demonstrating that thermal regimes and altitudinal gradients 
affected SOC stability by altering the intensity and duration of 
freeze–thaw cycles.

3.4   |   Spatial Heterogeneity of Soil Organic Carbon 
Stocks Across Erosion Zones

According to Table  4 and Figure  3, different types of erosion 
zones exhibited significant spatial heterogeneity and dynamic 
changes in topsoil SOC stocks under the baseline period (2018) 
and future climate change scenarios, reflecting the complex-
ity of environmental driving and climate response. During the 
baseline period, there were significant differences in SOC stocks 
among the three erosion zones: the freeze–thaw erosion zone had 
the highest SOC stocks (33.69 t ha−1), followed by the water ero-
sion zone (20.53 t ha−1), and the wind erosion zone had the lowest 
(10.47 t ha−1), reflecting the synergistic control of temperature, 
moisture, and erosion mechanisms on carbon accumulation. 
From the perspective of spatial distribution (see attached figure), 
high SOC stocks areas were mainly distributed in high-altitude 
areas with strong freeze–thaw effects and humid terrain areas 
with significant water erosion, showing strong spatial agglomer-
ation and geographical differentiation. In future climate scenar-
ios, SOC stocks in each erosion zone show a decreasing trend, and 
it intensifies with different climate change scenarios (SSP245-
SSP585) and time progression (2050–2090). For example, in the 
SSP585 scenario of 2090, the SOC stocks in the freeze–thaw 
erosion area decreased to 20.98 t ha−1, a decrease of about 37.7% 
compared with the baseline period, indicating that this type of 
area is particularly sensitive to warming. The SOC stocks in the 
water erosion zone and wind erosion zone continue to be lost, but 
in absolute terms, the water erosion zone is still the main reserve 
of total SOC due to its large area. From the perspective of spa-
tial variation, the attached figure further reveals the hotspots of 
SOC stocks changes: the freeze–thaw zone shows significant re-
treat, the middle and low latitudes of the water erosion zone show 
significant carbon loss, and the wind erosion zone maintains a 
relatively low level overall but is locally affected by precipitation 
patterns. This differential response not only confirms the differ-
ential feedback of different erosion processes on climate factors 
but also highlights the need to consider geographical and mech-
anistic heterogeneity in regional scale SOC stocks simulations.

FIGURE 2    |    Maps of average standard deviation (a) and spatial distribution (b) derived from 100 iterations of the LightGBM model. Wiley ac-
knowledges that the borders within the figure are subject to multiple territorial claims. [Colour figure can be viewed at wileyonlinelibrary.com]
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10 Land Degradation & Development, 2026

4   |   Discussion

4.1   |   Effect of Environmental Factors Across 
Erosion Zones on SOC Stocks

In the water-eroded regions of China, environmental factors 
exerted a significant influence on topsoil SOC stocks, primarily 

through the integrated regulation of hydrothermal conditions 
and topographic factors (Figure 4). MAT and MAP accounted for 
27.84% and 16.23% of the explained variation, respectively, emerg-
ing as dominant drivers. This highlights that the interaction be-
tween water and heat not only governs vegetation productivity 
and litter input but also profoundly regulates soil microbial ac-
tivity and the rate of organic matter decomposition (Butenschoen 

TABLE 4    |    Statistical analysis of soil organic carbon stocks across different erosion zones and climate scenarios.

Erosion type
Area 

(km2)

Base period 2050-SSP245 2050-SSP585 2090-SSP245 2090-SSP585

Mean 
(t ta−1)

SOC 
stocks 

(Pg)
Mean 
(t ta−1)

SOC 
stocks 

(Pg)
Mean 
(t ta−1)

SOC 
stocks 

(Pg)
Mean 
(t ta−1)

SOC 
stocks 

(Pg)
Mean 
(t ta−1)

SOC 
stocks 

(Pg)

Water erosion 5.31 × 106 20.53 10.9 18.31 9.71 17.99 9.55 17.7 9.39 16.59 8.8

Wind erosion 2.28 × 106 10.47 2.39 8.96 2.04 8.92 2.04 8.92 2.04 8.47 1.93

Freeze–thaw erosion 1.84 × 106 33.69 6.2 24.47 4.5 24.15 4.44 23.74 4.37 20.98 3.86

Total 9.43 × 106 — 19.49 — 16.25 — 16.03 — 15.8 — 14.59

FIGURE 3    |    Spatial distribution of soil organic carbon stocks under different climate scenarios in the future (a: SSP245 scenario in 2050; b: SSP585 
scenario in 2050; c: SSP245 scenario in 2090; d: SSP585 scenario in 2090). Wiley acknowledges that the borders within the figure are subject to mul-
tiple territorial claims. [Colour figure can be viewed at wileyonlinelibrary.com]
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11Land Degradation & Development, 2026

et al. 2011; Conant et al. 2011). High temperature combined with 
high humidity can accelerate the mineralization of organic car-
bon, whereas moderate hydrothermal conditions promote plant 
root development and humus formation (Demyanyuk et al. 2018; 
Li et al. 2023). Additionally, ELE and PC exerted significant influ-
ences, reflecting the role of topography in redistributing hydro-
logical processes. Higher elevation areas typically experienced 
lower temperatures and slower decomposition of organic matter, 
which favors SOC accumulation (Blackburn et al. 2022; Adiyah 
et al. 2022). PC indirectly regulated the spatial distribution and 
stability of organic carbon by influencing surface runoff velocity 
and soil erosion intensity. Topographic factors, including SG, SA, 
CA, and TWI, collectively influence the spatial heterogeneity of 
soil moisture and nutrient distribution, thereby regulating the oc-
currence and stabilization of SOC stocks (Adhikari et al. 2019). 
Although the effect of LD was relatively minor compared with 
topographic factors, it remained significant—particularly in 
regions with intensive human activities. Vegetation cover and 
land management practices can alter soil structure and disrupt 
the balance of carbon inputs and outputs (Adiyah et  al.  2022). 
Overall, SOC stocks in water-eroded areas is governed by mul-
tiple interacting environmental factors, such as climate, hydro-
thermal conditions, terrain-induced redistribution, and human 
activity disturbances. The dynamics of SOC exhibit distinct re-
gional patterns and high ecological sensitivity.

In wind-eroded areas, the influence of environmental factors 
on topsoil SOC stocks was predominantly governed by water 
availability and its synergistic interactions with topographic 
and climatic factors. MAP emerged as the most critical deter-
minant, with a relative importance of 42.91%, reinforcing the 
understanding that water availability is the primary limiting 
factor for ecosystem functioning and soil carbon sequestration 
in arid and semi-arid regions. Precipitation not only stimulates 
plant growth, thereby increasing aboveground litter and root-
derived carbon inputs, but also enhances the physical protec-
tion of soil organic matter by improving soil aggregation and 
structure (Jobbágy and Jackson  2000; Beillouin et  al.  2022). 
MAT exerts a certain influence on soil respiration and organic 
matter decomposition, with rising temperatures potentially 
accelerating carbon loss, particularly under conditions of 
water stress (Conant et al. 2011). CA, as a key topographic and 
hydrological parameter, reflects local runoff accumulation 
capacity and sedimentation processes. Its high explanatory 
power suggests that the spatial distribution of SOC stocks in 
wind-eroded regions is strongly shaped by the redistribution 
of sediment-associated organic matter (Adhikari et  al.  2019; 
Wang, Bian, et al. 2025). ELE indirectly affects SOC content by 
modulating microclimatic conditions and vegetation patterns. 
Topographic attributes such as PC, SG, SA, and TWI collec-
tively characterize the spatial distribution of surface energy 

FIGURE 4    |    Average relative importance of environmental factors in water erosion (a), wind erosion (b), and freeze–thaw erosion (c) areas, as 
predicted by 100 iterations of the LightGBM model. [Colour figure can be viewed at wileyonlinelibrary.com]
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12 Land Degradation & Development, 2026

and materials, thereby influencing wind erosion intensity and 
soil retention capacity (Zhou et al. 2020). Notably, LD exhib-
its a relatively minor influence, likely because natural drivers 
still dominate across extensive wind-eroded landscapes; how-
ever, human activity disturbances such as overgrazing and 
land reclamation may nonetheless intensify carbon depletion 
(Beillouin et al. 2022). Overall, SOC dynamics in wind-eroded 
areas follow a pattern of “water control, terrain modulation, 
and climatic coupling,” reflecting the response mechanism of 
fragile ecosystem carbon cycling to climate change and sur-
face geomorphological processes.

In the freeze–thaw erosion zone, environmental factors exert 
distinct influences on topsoil SOC stocks, underscoring the 
critical role of hydrothermal conditions and high-altitude topo-
graphic factors. MAP emerges as the dominant factor, with a 
relative importance of 48.20%, indicating that precipitation—
particularly solid precipitation and the resulting snow cover—
plays a central regulatory role in modulating soil temperature, 
moisture, and freeze–thaw dynamics. As an insulating layer, 
snow reduces soil freezing depth, thereby influencing mi-
crobial activity and the rate of organic matter decomposition 
(Wu  2020). Additionally, meltwater from snowpack sustains 
soil moisture during the growing season, thereby regulating 
vegetation productivity and carbon inputs to the soil (Brooks 
et al. 2011; Korup and Rixen 2014). MAT, contributing 9.96% 
relative importance, directly affects organic carbon stability 
by influencing the thickness of the active layer in permafrost 
regions and the frequency of freeze–thaw cycles. Warming 
temperatures may accelerate permafrost degradation, po-
tentially triggering the remineralization of previously stabi-
lized organic carbon pools (Kirschbaum  1995; Butenschoen 
et  al.  2011). ELE, as a key coupling indicator of terrain and 
climate, not only governs temperature and precipitation pat-
terns but also influences snow distribution and melt timing 
by modulating solar radiation and wind conditions, thereby 
regulating the intensity of freeze–thaw erosion and the spa-
tial heterogeneity of SOC stocks (Zhou et al. 2020; Blackburn 
et  al.  2022). CA, PC, SG, and TWI collectively characterize 
surface runoff pathways and material transport processes, 
shaping soil moisture regimes and the deposition and burial 
of organic matter. SA controls the spatial distribution of solar 
radiation, inducing variations in local thermal conditions that 
affect freeze–thaw cycles and carbon dynamics within vegeta-
tion–soil systems (Adiyah et al. 2022). Although LD exerts a 
relatively minor influence, it may amplify surface soil distur-
bance and carbon loss under grazing or engineering activities. 
Overall, SOC dynamics in freeze–thaw affected regions are 
governed by an integrated “precipitation–temperature–to-
pography” system, exhibiting high sensitivity and potential 
irreversibility in response to climate warming and altered 
precipitation regimes. This makes them a critical component 
in understanding carbon balance in high-altitude ecosystems 
and their feedback to global environmental change.

4.2   |   Response of SOC Stocks in Different Erosion 
Zones Under Future Climate Change

Based on the baseline data from 2018, there is a significant spa-
tial differentiation in surface SOC stocks across different erosion 

zones in China, primarily driven by the synergistic effects of 
hydrothermal conditions, erosion types, and topographic char-
acteristics. The freeze–thaw erosion zone exhibits the highest 
SOC stocks, which is closely linked to its unique high-altitude 
environment (Adhikari et al. 2019; Wang, Zhang, et al. 2025). 
The perennially low temperatures in this region suppress soil 
microbial activity and substantially reduce the decomposition 
rate of organic matter (Conant et al. 2011; Qi et al. 2016). At the 
same time, while extensive wetland and grassland vegetation 
have abundant litter input to soils, their SOC is significantly af-
fected by frequent freeze–thaw cycles (Wu  2020). In contrast, 
the water erosion zone is predominantly located in the humid 
and semi-humid regions of eastern and southern China. High 
annual precipitation and temperature promote both vegetation 
growth and carbon input, but also accelerate the mineraliza-
tion of organic matter (Naipal et al. 2018; Adeyeri et al. 2024). 
Moreover, intense water erosion leads to carbon loss via runoff, 
resulting in moderate SOC stocks (Polyakov and Lal 2004). The 
wind erosion zone encompasses extensive arid and semi-arid re-
gions in northwestern China. Severe water scarcity constrains 
vegetation productivity, leading to reduced carbon inputs into 
the soil (Rockström and Barron  2007). Concurrently, intense 
wind erosion accelerates the removal of topsoil SOC, keeping 
carbon stocks at consistently low levels (Zhou et al. 2020). The 
spatial pattern of carbon stocks closely mirrors the environmen-
tal gradients characteristic of China's natural landscape. As 
temperature and precipitation decline from the southeast to the 
northwest, the dominant erosion mechanism shifts from water 
erosion to wind erosion and freeze–thaw erosion, accompanied 
by systematic variations in SOC stocks.

In future climate change scenarios, SOC stocks across all 
erosion zones exhibit a declining trend, with losses becom-
ing increasingly pronounced under intensified greenhouse 
gas emission scenarios and over time, highlighting the sig-
nificant impact of climate change on terrestrial carbon pools 
(Figure 3). The freeze–thaw erosion zone is particularly sen-
sitive to warming, and under the SSP585 scenario by 2090, its 
organic carbon stocks are projected to decline by ~37.7%. This 
reduction is primarily attributed to permafrost degradation in-
duced by rising temperatures, which deepens the active layer 
and exposes previously sequestered ancient organic carbon to 
microbial decomposition, thereby accelerating carbon release 
(Brooks et al. 2011; Wu 2020). Additionally, altered snow cover 
patterns and intensified freeze–thaw cycles can compromise 
soil structure, further enhancing carbon emissions (Bonfanti 
et al. 2025). As the largest erosion-affected region in China, 
the water erosion zone experiences the greatest absolute loss in 
carbon stocks, thus exerting the most substantial influence on 
the nation's total soil carbon pool (Table 4). Changes in future 
precipitation patterns, such as increased intensity and uneven 
distribution, may exacerbate soil erosion, losing particulate 
organic carbon (Polyakov and Lal 2004). Concurrently, rising 
temperatures are expected to increase soil respiration rates. 
SOC stocks in wind-eroded regions are projected to decline 
gradually, although the magnitude of this change remains 
relatively small, likely due to the region's inherently low car-
bon pool background levels. The dynamics of carbon stocks in 
these areas are primarily governed by precipitation changes. 
A slight increase in precipitation could promote local vege-
tation recovery and enhance carbon sequestration, whereas 
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intensified drought conditions may further suppress vegeta-
tion growth and amplify wind erosion, thereby accelerating 
carbon loss (Adhikari et al. 2019; Adeyeri et al. 2024; Wang, 
Bian, et al. 2025).

From a spatial perspective, future changes in SOC stocks 
in China are projected to exhibit distinct hotspot regions 
(Figure 3). The freeze–thaw erosion zone is likely to undergo 
significant spatial contraction, particularly at the periphery 
of the Qinghai Tibet Plateau region, where sharp declines in 
carbon stocks will form the primary hotspots of carbon loss. 
The water erosion zone, particularly the hilly and mountain-
ous regions at mid to low latitudes, is expected to become a 
significant area for carbon loss due to accelerated organic 
matter decomposition from rising temperatures and increased 
frequency of extreme precipitation events that intensify soil 
erosion (Maïga-Yaleu et  al.  2013; Naipal et  al.  2018). Within 
the wind erosion zone, more complex patterns may emerge, 
and carbon stocks in certain local areas may exhibit a stable 
or even slightly increasing trend due to altered precipitation 
patterns. This differentiated response not only confirms the 
distinct feedback mechanisms of climate factors across var-
ious erosion processes but also underscores the necessity of 
accounting for geographical and mechanistic heterogene-
ity in predicting and managing future soil carbon dynamics 
(Adhikari et al. 2019; Wang et al. 2023; Haghighi et al. 2025). 
The findings indicate that climate change could substantially 
alter the carbon sink capacity of China's terrestrial ecosys-
tems by modifying erosion intensity and spatial patterns (Yan 
et al. 2005; Wan et al. 2011; Naipal et al. 2018). Consequently, 
the development of ecological conservation and climate 
change adaptation strategies must prioritize precise, region-
specific management approaches—such as monitoring per-
mafrost degradation in freeze–thaw regions, enhancing soil 
and water conservation infrastructure in areas prone to water 
erosion, and optimizing vegetation restoration practices in 
wind-erosion-dominated zones—to mitigate soil carbon loss 
and sustain ecosystem carbon sink stability.

4.3   |   Limitations in Current Study

This study selected LightGBM as the optimal model for simu-
lating the spatial distribution of SOC stocks across different ero-
sion zones in China, based on its high R2 and LCCC values, as 
well as low MAE and RMSE. Although the model demonstrates 
robust overall performance, several sources of uncertainty in 
the prediction process must be carefully considered when inter-
preting results and informing decision-making.

Firstly, although the soil samples used for modeling were col-
lected and analyzed in 2020 by multiple teams following stan-
dardized protocols, systematic errors arising from instrument 
calibration discrepancies, variations in laboratory microenvi-
ronments, or operator subjectivity cannot be entirely ruled out. 
While standardized procedures help mitigate some of these is-
sues, at a national scale, differences in sampling timing, stocks 
conditions, and measurement batches across regions may still 
compromise data consistency (Wang, Bian, et  al.  2025). This 
variability can impair the accuracy of model parameter estima-
tion, particularly in ecotones or areas with complex topography, 

where insufficient sample representativeness may further am-
plify uncertainty (Navarro et al. 2024).

Secondly, environmental factors data are derived from multiple 
reanalysis datasets that vary in original spatial resolution, obser-
vation mechanisms, and coordinate systems. Although spatial 
registration and resampling were conducted using the ArcGIS 
10.2 platform to achieve grid uniformity, these preprocess-
ing steps may result in localized information loss or introduce 
smoothing effects—particularly in regions with pronounced 
terrain undulations and complex land cover patterns (Freitag 
et al. 2018). For instance, topographic factors such as SG and SA 
may lose their ecological representativeness after resampling, 
while high-frequency variations in vegetation indices or sur-
face moisture within heterogeneous landscapes are often inad-
equately retained. This can compromise the accuracy of model 
fitting between environmental predictors and SOC stocks, 
thereby introducing potential biases in spatial extrapolation.

Thirdly, the inconsistency among climate data sources intro-
duces significant uncertainty into predictions. Historical cli-
mate data are primarily derived from station observations and 
reanalysis products, whereas future climate scenarios depend 
on downscaled outputs from global climate models. These 
downscaled models exhibit considerable biases in simulating re-
gional precipitation patterns, extreme temperature events, sea-
sonal droughts, rainstorms, and other critical climate variables, 
and they often lack adequate spatial coherence across different 
climatic factors (Adhikari et al. 2019; Wang, Zhang, et al. 2025). 
Such systematic biases can directly influence the representation 
of hydrothermal conditions driving SOC dynamics, particu-
larly in regions sensitive to precipitation fluctuations, such as 
wind erosion zones, and areas highly sensitive to temperature 
changes, such as freeze–thaw regions. Consequently, the un-
certainty inherent in climate data substantially undermines the 
model's predictive capability for future SOC dynamics.

Fourthly, the model construction is based on the current soil 
environmental conditions and does not fully account for the po-
tential impacts of future human activities and natural system 
evolution on SOC stocks. For instance, land use patterns may 
shift in response to policy changes or economic development; 
agricultural management practices—such as straw return and 
organic fertilizer application—may be widely adopted to en-
hance carbon sequestration; and vegetation restoration initia-
tives or urbanization processes could significantly alter carbon 
inputs and erosion rates. Since the current model does not in-
tegrate these dynamic factors, its static assumptions may in-
creasingly diverge from real-world system behavior over time, 
thereby limiting its predictive reliability and applicability under 
changing environmental and socioeconomic scenarios.

Finally, this study focused exclusively on SOC stocks in the top-
soil layer (0–30 cm) and did not assess the deep soil carbon pool. 
While surface soil carbon is more responsive to external envi-
ronmental changes, deep soil layers (e.g., 30–100 cm) contain 
substantial amounts of stable organic carbon and can actively 
participate in carbon cycling under certain conditions. Ignoring 
the dynamics of deep soil carbon may result in an incomplete 
evaluation of regional soil carbon sequestration potential, par-
ticularly in ecosystems characterized by deep-rooted vegetation 
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or susceptible to deep carbon mobilization. This limitation un-
derscores the need for caution when extrapolating the findings 
to broader contexts, as it may affect the comprehensiveness and 
robustness of the overall conclusions.

Despite the aforementioned uncertainties, simulating the future 
dynamics of SOC under various socio-economic development 
pathways in this study retains substantial scientific value and 
policy relevance. The findings offer a critical foundation for for-
mulating differentiated soil conservation strategies, designing 
ecological compensation mechanisms, and optimizing regional 
carbon neutrality trajectories—particularly within national ef-
forts to address climate change and advance sustainable land 
management. These projections provide policymakers with 
clear, spatially explicit, and scenario-based scientific guidance.

5   |   Conclusions

This study uses the LightGBM model to systematically simu-
late the spatial distribution and dynamics of surface SOC stocks 
across three major erosion types in China including water ero-
sion, wind erosion, and freeze–thaw erosion areas under future 
climate scenarios. The results indicate that current SOC stocks 
in China exhibit pronounced spatial heterogeneity, with the 
highest organic carbon stocks observed in freeze–thaw ero-
sion areas, followed by water erosion areas, and the lowest in 
wind erosion areas. This spatial pattern is primarily governed 
by the synergistic effects of hydrothermal conditions and topo-
graphic factors. The model identifies annual mean temperature, 
annual precipitation, and elevation as the key environmental 
drivers influencing the spatial variability of SOC stocks. Their 
relative importance varies significantly across different erosion 
types, highlighting a complex regulatory mechanism through 
which climate and terrain jointly modulate carbon cycling pro-
cesses. Future scenario projections indicate that under both the 
SSP2-4.5 and SSP5-8.5 pathways, SOC stocks in erosion-prone 
regions across China exhibit a declining trend, which intensi-
fies with increasing greenhouse gas emissions over time. The 
freeze–thaw erosion zone is particularly sensitive to climate 
change, with organic carbon stocks projected to decrease by 
37.7% under the SSP5-8.5 scenario by 2090, highlighting the high 
vulnerability of the carbon pool in China to rising temperatures. 
Although carbon loss per unit area in water-eroded regions is 
relatively low, their extensive spatial distribution makes them 
the primary contributors to total SOC loss in China. Spatially, 
carbon loss hotspots are predominantly concentrated in the re-
treat zones of freeze–thaw regions and mid to low-latitude water 
erosion zones, whereas changes in wind-eroded areas are com-
paratively moderate but significantly influenced by shifts in pre-
cipitation patterns. These findings reveal pronounced regional 
and mechanistic heterogeneity in how Chinese soils respond to 
future climate change, underscoring the necessity of incorpo-
rating site-specific natural conditions and carbon cycling dy-
namics of different erosion types into national soil conservation 
and carbon neutrality strategies. To promote sustainable man-
agement of soil carbon stocks, we recommend enhancing soil 
and water conservation practices and agricultural management 
in water-eroded areas, optimizing vegetation restoration and 
water resource use in wind-eroded regions, and strengthening 
permafrost monitoring and ecological regulation in freeze–thaw 

zones—collectively improving the resilience and carbon se-
questration capacity of Chinese terrestrial ecosystems under a 
changing climate.
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