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Abstract

Soil organic carbon (SOC) plays a vital role in regional carbon cycling and ecosystem ser-
vices. However, previous studies have primarily focused on spatial patterns and environ-
mental drivers, with limited attention to long-term observations, underlying mechanisms,
and large-scale modeling. In this study, we collected surface soil samples (0-20 cm) and
integrated topography, soil physicochemical properties, climate, vegetation, and MODIS
remote sensing data to develop 16 SOC prediction models using linear regression and
machine learning approaches. SOC was significantly correlated with latitude, mean annual
temperature, and precipitation and negatively associated with several remote sensing
indices. The LASSO-selected variable set combined with a support vector machine (SVM)
achieved the highest predictive accuracy (R? = 0.53, RMSE = 36.19). From 2001 to 2020,
the mean SOC stock in the Yellow River source region was estimated at 1683.98 g C/m?,
showing higher values in the southeast and lower values in the northwest. Alpine meadow
exhibited the highest total stock due to its extensive coverage, whereas the cold temperate
wet coniferous forest had higher mean content and unit area value, indicating strong carbon
sequestration potential. This study identifies key SOC drivers and mechanisms, provides
quantitative estimates of regional SOC content and stock, and offers a scientific basis for
grassland carbon management and large-scale digital soil mapping.

Keywords: soil organic carbon; driving mechanisms; grassland ecosystem; carbon sink

1. Introduction
1.1. Motivation

Grassland ecosystems, one of the dominant terrestrial ecosystem types, cover ap-
proximately 40% of the global land surface [1,2] and provide essential ecosystem services,
including carbon sequestration, climate regulation, water conservation, soil retention, bio-
diversity maintenance, and livestock production. Globally, grasslands store an estimated
761 Gt of carbon, of which 89.4% is retained in soils [3]. They sequester nearly 10'? kg of
greenhouse gases annually [4], and even minor changes in soil carbon stocks can markedly
influence atmospheric CO, concentrations, thereby affecting global climate through the
greenhouse effect [5-7]. Consequently, grassland ecosystems play a pivotal role in the
global carbon cycle and climate regulation.

China possesses extensive grassland resources, and the Source Region of the Yellow
River (SRYR)—dominated by alpine grasslands—serves as a key ecological barrier on
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the Qinghai-Tibet Plateau, with substantial soil carbon stocks [8-10]. However, intensi-
fied climate warming has heightened ecological vulnerability in the region. Large-scale
degradation of alpine grasslands, manifested by the emergence of “black soil patches,” has
severely disrupted ecosystem functions and threatened the stability of regional grassland
carbon pools. Therefore, assessing the stock, spatial distribution, and temporal variability
of soil organic carbon (SOC) in the SRYR—especially through dynamic monitoring and
quantitative evaluation—is crucial for ecological conservation, carbon sink management,
and climate change mitigation.

Nonetheless, accurate digital mapping of SOC in the SRYR is challenged by substantial
environmental heterogeneity. The region features highly complex topography, character-
ized by pronounced elevation gradients and steep slopes [11,12], resulting in strong spatial
variability in SOC distribution. In addition, harsh climatic conditions—such as low tem-
peratures, recurrent freeze-thaw cycles, and uneven precipitation—significantly influence
SOC decomposition and stabilization across seasons, further complicating SOC modeling
and increasing the uncertainty of spatial prediction [13-15].

1.2. Related Work
1.2.1. Model Simulation and Digital Mapping of SOC

With the increasing availability of soil organic carbon (SOC) data, machine learning
(ML) has gained considerable attention for its superior performance in SOC stock simu-
lations [16-18]. A range of models—including Boosted Regression Trees (BRT), Random
Forests (RF), Cubist, support vector machines (SVM), and Kriging—have been extensively
employed in digital mapping of SOC spatial distribution [17,19-21], substantially improv-
ing prediction accuracy. For example, Ballabio et al. (2014) applied an SVM model to
estimate SOC stocks in Cyprus, achieving a high predictive performance with an R? of
0.81 [22]. Ye et al. (2021) reported that the Light Gradient Boosting Machine (LGBM)
outperformed RF in both accuracy and computational efficiency [23]. Similarly, Tziachris
et al. (2019) demonstrated that ML models (RF and GB) achieved higher precision than
geostatistical approaches or multivariate regression models when predicting soil organic
matter in the Kastoria region [24].

A variety of SOC models have been developed based on remote sensing-derived
correlations or process-based mechanisms [25-27]. However, most existing models exhibit
strong regional specificity due to differences in model development environments [28-32],
limiting their applicability to SOC stock estimation in the alpine grasslands of the Source
Region of the Yellow River (SRYR). This underscores the need to develop region-specific
models tailored to the unique environmental conditions of the SRYR.

Current research on SOC commonly relies on soil sampling conducted at multiple
spatial scales—global, national, and regional—using datasets collected across diverse
geographic settings [33-36]. These datasets are integrated with remote sensing products to
improve the spatial characterization of SOC [37-42].

However, as noted by Siewert, a major constraint to accurate SOC mapping remains
the scarcity of high-quality soil data [43]. In regions characterized by complex topography,
high elevation, and limited accessibility, such as alpine and mountainous environments,
SOC mapping must also contend with substantial data collection costs and logistical
challenges [36,44].

1.2.2. Spatiotemporal Distribution of SOC

Existing research has largely concentrated on the static spatial distribution of soil
organic carbon (SOC) [45,46]. However, SOC is not constant: its spatiotemporal patterns
are continuously adjusted under the influence of climate change, land use transitions,
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vegetation cover dynamics, and human activities [34]. This variability becomes more
complex in regions featuring heterogeneous ecological environments, highly variable
climatic conditions, and anthropogenic disturbances [47-49]. For instance, grazing activities
exert profound effects on SOC accumulation and loss across different soil depths [50-52].
Therefore, investigating the spatiotemporal distribution of SOC in the Source Region of the
Yellow River (SRYR) is crucial for revealing its dynamic changes and for providing accurate
support for ecological protection, land use planning, and carbon management.

1.2.3. Driving Factors of Soil Organic Carbon

Extensive research has been conducted globally on the driving factors of soil organic
carbon (SOC), with most studies focusing on climate, topography, vegetation type, and
land use. Climate factors, particularly temperature and precipitation, have been shown
to exert significant positive effects on SOC stock [53-55]. Topographic variables, such as
slope and elevation, are also recognized as major controls of SOC distribution [56,57]. For
instance, Meng Zhu et al. reported that elevation zones and slope positions influence SOC
distribution in semi-arid alpine grasslands of northwestern China [44].

SOC accumulation is additionally closely associated with soil moisture conditions [58—60].
While many studies have explored the effects of individual factors such as climate or
topography, others have examined the impacts of human activities and land use change
on SOC [61-63]. However, most existing studies still lack a comprehensive assessment of
the combined effects of multiple factors on SOC dynamics. For example, Jitendra Ahirwal
et al. found no significant correlations between environmental variables (elevation, latitude,
precipitation, and temperature) and carbon stocks in the Indian Himalayan region [64].
Similarly, Nikou Hamzehpour et al. reported that in the western part of Urmia Lake, Iran,
enhanced vegetation index (EVI) and sand content had stronger influences on SOC varia-
tion than slope and land cover type, and significant interactions were detected between
EVI-moisture-SOC and EVI-sand-SOC [65]. These findings suggest that in regions with
complex terrain, soil properties may interact with climatic and topographic factors to influ-
ence SOC distribution [66,67]. Consequently, the applicability of these driving mechanism
studies remains to be validated in the Source Region of the Yellow River (SRYR).

1.2.4. Research Aim

As a critical carbon pool in terrestrial ecosystems, grassland soil organic carbon (SOC)
plays a key role in climate regulation and ecological security. However, for the Source
Region of the Yellow River (SRYR), fine-scale mapping, mechanistic analysis, and value
assessment of SOC based on long-term monitoring and high-density datasets remain
limited. This study aims to develop an optimal SOC modeling framework for the SRYR,
elucidate its spatiotemporal distribution and driving mechanisms, and assess its carbon
sink’s ecological and economic value. The specific objectives are as follows:

1.  To construct an optimal SOC prediction model for the SRYR based on multi-source
environmental data and machine learning approaches, accurately capturing the spatial
distribution of the 0-20 cm soil layer;

2. To systematically analyze the spatiotemporal dynamics of SOC using the optimal
model, identify key driving factors, and clarify their underlying mechanisms;

3.  To quantitatively evaluate the carbon sequestration function of SOC based on its
spatiotemporal dynamics and estimate the associated ecological and economic values.
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2. Materials and Methods
2.1. Study Area

The Source Region of the Yellow River (SRYR) (Figure 1) is located between
95.54°-103.24° E and 32.12°-36.36° N, covering an area of approximately 1.32 x 10 km?.
The terrain generally declines from west to east, with elevations ranging from 2513 to
6248 m [68]. The climate is classified as sub-frigid semi-humid plateau, exhibiting typical
high altitude continental characteristics [69]. The region experiences strong solar radiation,
with an annual sunshine duration of 2000-3000 h. Precipitation is concentrated from June
to September, with an annual mean of approximately 500 mm [70]. The SRYR is character-
ized by arid and cold conditions, with widespread soil desiccation and hypoxia. Soils are
predominantly alpine meadow soils [71,72]. The study area has a low population density,
and the local economy relies primarily on grassland animal husbandry [73]. Increasing
human activity has caused significant ecosystem degradation, making ecological protec-
tion and restoration urgent. According to Ren [74], the Comprehensive and Sequential
Classification System (CSCS) categorizes natural and artificial grasslands by quantifying
indicators such as annual accumulated temperature and humidity indices combined with
vegetation characteristics, thereby revealing zonal and ecological patterns of grasslands.
Based on this classification, the SRYR is dominated by alpine meadow type grasslands.
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Figure 1. The layout of land cover types and sampling sites from 2001 to 2020 across the SRYR.
Note: Generated based on the Comprehensive Sequential Classification System (CSCS) and validated
through field investigations.
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2.2. Data Resource
2.2.1. Measured SOC Data and Processing

Constructing a reliable measured dataset is a critical foundation for SOC modeling,
and systematic sampling in the Source Region of the Yellow River (SRYR) is essential [75].
Conditional Latin Hypercube Sampling (cLHS) [76] is particularly suitable for applications
such as digital soil mapping, as it significantly improves the reliability of soil property pre-
dictions compared with simple random sampling, especially under limited resources [77].
Sampling points were established using the clhs package in R (version 4.5.0) via RStudio,
incorporating terrain, climate, soil physicochemical properties, vegetation factors, and
remote sensing indices, with a “cost layer” applied to constrain point locations and distribu-
tions, thereby ensuring representative coverage while minimizing sampling costs. A total
of 619 spatially representative points were established, and at each point, three soil cores
(020 cm) were randomly collected and combined into a composite sample. The samples
were air-dried in the laboratory, debris removed, and ground through a 0.25 mm sieve for
subsequent analysis. Soil organic carbon (SOC) stock was determined using the potassium
dichromate oxidation method with external heating [78,79].

2.2.2. Environmental Variables

This study collected environmental variables from multiple sources, including terrain
factors, climatic factors, soil physicochemical properties, vegetation factors, and remote
sensing indices. Daily maximum and minimum temperatures and precipitation data for
2014-2020 were obtained from 14 meteorological stations in the Source Region of the Yellow
River (SRYR) via the China Meteorological Data Service Center (https://data.cma.cn/).
Annual mean temperature, annual precipitation, and growing degree days > 0 °C were
derived using the ANUSPLIN spatial interpolation method.

MODIS (Moderate-resolution Imaging Spectroradiometer) products were downloaded
from Google Earth Engine (https://earthengine.google.com/), primarily including various
vegetation indices (e.g., NDVI, EVI, SAVI, MSAVI, NDWI) and relevant spectral bands (vis-
ible, NIR, and MIR) to characterize vegetation growth and ecological conditions. Summer
(July-September) and winter (October-December) were selected as study periods, and all
MODIS images were resampled to 500 m. Vegetation indices are widely applied in remote
sensing to reflect vegetation cover and growth vigor [80-82], with calculation methods of
relevant indices shown in Table A1.

Soil property data were obtained from the Cold and Arid Regions Science Data Cen-
ter [83], including surface layer (0-30 cm) sand (sand1) and clay (clayl) and subsurface
layer (30-100 cm) sand (sand2) and clay (clay2). Volumetric rock fragment content (>2 mm)
was obtained from the China Dataset of Soil Properties for Land Surface Modeling [84]
(https:/ /cstr.cn/18406.11. Terre.tpdc.301235). Soil pH and bulk density (BD) were retrieved
from the global SoilGrids database (https:/ /soilgrids.org/) at 250 m spatial resolution.
These soil properties are regarded as representative of the long-term pedogenic background
of different grassland types and are relatively stable compared to climatic variables. Agri-
cultural, forestry, animal husbandry, and fishery production data (in CNY 100 million) were
sourced from the 2020 Statistical Yearbooks of Qinghai and Sichuan provinces.

In summary, multi-source data, including meteorological, remote sensing, soil, and
statistical datasets, were integrated, and after preprocessing, a total of 81 input variables
were constructed for SOC prediction modeling. The selected variables cover the five
categories mentioned above, with the complete list provided in Table A2.

2.3. Methods

The methodological framework and analytical workflow are presented in Figure 2.
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Figure 2. Methodological framework and analytical workflow.

2.3.1. Variable Selection

A total of 81 variables were selected as input predictors for SOC modeling, covering
topographic, climatic, soil physicochemical, vegetation, and remote sensing factors. Due to
strong correlations and multicollinearity among SOC-related variables, variable selection is
essential to prevent model overfitting and improve computational efficiency.

Stepwise regression iteratively introduces or removes variables based on statistical
significance, retaining key predictors while eliminating redundant factors to enhance
model fit [85,86]. Ridge regression incorporates a penalty term into ordinary least squares,
effectively mitigating multicollinearity, stabilizing regression coefficients, and excluding
unstable variables [87,88]. The LASSO method applies a shrinkage penalty to achieve
variable compression and automatic selection, combining the advantages of ridge regression
and subset selection, and is particularly suited to high-dimensional data [89,90]. All variable
selection procedures were implemented in SPSS 19.0 and MATLAB 2019b to optimize the
predictive performance of the SOC model.

2.3.2. Machine Learning Methods

Based on the systematically sampled SOC database and the refined variable set ob-
tained through multiple selection techniques, four machine learning predictive models
were developed to simulate SOC stock in the Source Region of the Yellow River: Partial
Least Squares Regression (PLS), Random Forest (RF), support vector machine (SVM), and
the improved gradient boosting algorithm LightGBM (LGBM). To ensure model general-
ization and robustness, all 619 samples were randomly divided into a training set (70%,
429 samples) and a testing set (30%, 190 samples). During model training, hyperparameters
were optimized using ten-fold cross-validation combined with Bayesian search. After
determining the optimal parameter configuration, each model was applied to the testing set
for prediction, and model performance was evaluated using the coefficient of determination
(R?) and root mean square error (RMSE).
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Partial Least Squares (PLS) regression combines principal component analysis with
regression by extracting latent components that capture the covariance structure between
predictors and the response variable. It effectively addresses multicollinearity and small-
sample limitations while integrating the strengths of multiple linear regression, canonical
correlation, and principal component analysis [91,92]. In this study, PLS modeling was
implemented using the plsr() function in R Studio, and the optimal number of latent
components was determined based on the minimum root mean square error (RMSE)
during model calibration.

Random Forest (RF), an ensemble learning method based on decision trees, constructs
multiple trees through bootstrap sampling and aggregates predictions via voting or averag-
ing. It is highly robust for data imbalances and variable importance heterogeneity, offering
strong predictive performance with a low risk of overfitting [93,94]. In this study, RF mod-
eling was implemented using the randomForest package in R Studio, with ntree = 1000 and
mtry set to one-third of the total input variables to balance model accuracy and diversity.

Support vector machine (SVM), grounded in Vapnik—Chervonenkis (VC) theory and
structural risk minimization, is capable of handling both linear and nonlinear relationships
while maintaining strong generalization performance under limited sample sizes [95,96].
The SVM regression model was developed using the e1071 package in R Studio with a
radial basis function (RBF) kernel, and key parameters (gamma and cost) were tuned using
the tune() and svm() functions.

LightGBM, an enhanced gradient boosting decision tree (GBDT) algorithm, incorpo-
rates histogram-based optimization, leaf-wise growth, Gradient-based One-Side Sampling
(GOSS), and Exclusive Feature Bundling (EFB), thereby improving computational effi-
ciency while retaining high accuracy, particularly for large-scale datasets [97]. Model
development was conducted in Python (version 3.8.20) using the LightGBM library, with
key parameters configured as num_leaves = 20, max_depth = 5, bagging_fraction = 0.8,
feature_fraction = 0.95, and learning_rate = 0.2.

2.3.3. SOC Unit Conversion

Soil samples were oxidized with a standardized mixture of K,Cr,O7 and concentrated
H,S0O; in a temperature-controlled oil bath. Following digestion, the residual K,Cr,Oy
was back-titrated against a FeSOy - 7H,O standard solution using o-phenanthroline as a
redox indicator. The SOC mass was determined based on the volumetric consumption of
the oxidant.

For analytical consistency and spatial comparability, the SOC concentrations (mea-
sured in g/kg) were converted to areal SOC stocks (g C/m?) by incorporating soil bulk
density and the volumetric fraction of coarse fragments. The conversion was performed
using the following equation:

SOCyrock (g C/mz) = SOC (g/kg) x BD (kg/m3) x Z (m) x (1— Rockyy) (1)

where BD is the bulk density of the soil layer (kg/m?), Z is the thickness of the sampled
soil layer (m), and Rock,,; is the volumetric fraction of coarse fragments (>2 mm).

2.3.4. Spatiotemporal Analysis of SOC

To characterize the temporal and spatial variations of soil organic carbon (SOC) across
the study area, the Mann-Kendall (MK) trend test was combined with Sen’s slope esti-
mator. The MK test is a rank-based nonparametric method [98,99] that does not require
assumptions about data distribution. It is robust to non-normality, missing values, and
outliers, making it suitable for detecting long-term trends in ecological and hydrological
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time series. Sen’s slope was used to quantify the magnitude of the trend, representing the
average rate of change per unit time.

Mann-Kendall Trend Test and Sen’s Slope Estimation

Using annual SOC stock concentration (g C/m?) for the period 20012020, a time series
was constructed and analyzed with the pymannkendall package in Python to determine
whether a significant monotonic trend exists. The MK test statistic is defined as follows:

5=, i sgn(xj — x;) ()

where x; and x; are the observed values at times i and j and sgn ( ) is the sign function. A
predominance of later values exceeding earlier ones yields S > 0, indicating an increasing
trend; S < 0 implies a decreasing trend. Trend significance was assessed using the p value
returned by the library function, with a significance level of o« = 0.05.

Sen’s slope was calculated as follows:

. Xjp—=Xi\ . .
Q = median =i ,1 <] 3

The parameter Q represents the average rate of change in SOC stock over time (g
C/m?/year), where positive values indicate an increasing trend and negative values
indicate a decline. Based on the results of the MK test and Sen’s slope estimation, the
spatial distribution of SOC trends across the study area was derived, and the proportion
of significant trends as well as the mean rate of change were further summarized within
different grassland types.

Geographical Detector

Geodetector is a statistical tool designed to analyze spatial stratified heterogeneity and
identify its driving factors [100]. The underlying principle is that if the spatial distribution
of an explanatory factor aligns with that of the dependent variable, the factor is likely a
driver of the variable’s spatial heterogeneity. Geodetector comprises four components: the
factor detector, which quantifies the explanatory power of each factor; the risk detector,
which identifies differences between strata; the interaction detector, which evaluates the
interaction effects between factors; and the ecological detector, which compares their
relative importance.

In this study, a 1 km x 1 km fishnet grid was constructed in ArcGIS Pro (version 3.4.2),
and SOC data were aggregated with the common factors retained across the three variable
selection methods. The factor detector was first employed to calculate the explanatory
power of each factor, followed by the risk detector to identify high- and low-risk strata.
The interaction detector was then used to determine interaction types, and the ecological
detector to compare differences in explanatory strength. The results included rankings of
factor explanatory power, stratified statistics, interaction patterns, and relative strengths,
which were visualized through charts to reveal the driving mechanisms of SOC spatial
distribution in the headwaters of the Yellow River.

3. Results

3.1. SOC Estimation Model Performance and Comparison
3.1.1. Correlation and Regression Analysis

SOC showed significant correlations with multiple environmental factors. Topograph-
ically, SOC was positively correlated with longitude (r = 0.231) and negatively with latitude
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(r = —0.357; p < 0.01). Among soil properties, SOC was positively correlated with clay
content (clayl, clay2; r = 0.126-0.177, p < 0.01). Meteorologically, SOC was negatively
correlated with accumulated temperature (r = —0.294) and winter nighttime soil tempera-
ture (LsTN-W; r = —0.271) but positively correlated with annual precipitation (r = 0.222;
all p <0.01). SOC also exhibited significant correlations with 26 vegetation factors and
24 remote sensing indices. Vegetation indices such as NDVI, NDVGI, OSAVI, TVI, and
SAVI showed coefficients mostly between 0.10 and 0.19, with NDVGI-W (r = 0.189) and
TVI-W (r = 0.167) being the highest. Vegetation indices showed inconsistent patterns across
different seasons. Summer indices were mostly positively correlated, while winter indices
included both positive (NDVI-W, NDVGI-W) and negative correlations (RVI-W, BI-W,
SATVI-W), reflecting seasonal variation in the SOC—vegetation relationship. For remote
sensing, SOC was negatively correlated with most winter spectral bands (b1-W to b7-W),
particularly b7-W (v = —0.372), whereas several summer indices (A-S, B-S, Far-S, Lai-S)
were positively correlated. These results indicate that SOC is closely linked to vegetation
and responds sensitively to seasonal spectral variations (see Tables A3-A5).

When the stepwise regression (SR), ridge regression (RR), and Least Absolute Shrink-
age and Selection Operator (LASSO) methods were applied for variable selection, the
variable sets retained 13, 30, and 12 variables, respectively (Table 1). Seven factors—latitude,
slope, accumulated temperature, annual precipitation, pH, winter band 7 (b7-W), and B-W
were common to all methods. The stepwise regression model additionally included NDSI-S,
b2-S, b6-W, MIR-W, A-W, B-W, and E-S and accounted for 44.3% of the variation in SOC
samples, with an adjusted R? of 0.43, significant according to the F-test. Ridge regression
with k set to 0.71 retained 30 variables, including the seven common factors as well as Lon,
Alt, E-S, D-W, NDSI-S, b6-S, b7-S, LSTD-S, LSTN-W, and BLUE-W (p < 0.05) and accounted
for 36.5% of the variation in SOC samples, with an adjusted R? of 0.27. LASSO analysis
identified 12 variables—Lat, Slope, AT, AP, LsTD-S, clay2, pH, B-W, E-W, D-W, b6-W, and
b7-W—that were selected in over 50 iterations, indicating their significant influence on
SPYR SOC stock compared with other variables.

Table 1. Main influencing factors of SOC in SPYR.

Meteorological Topographic
Factors Factor Indices Bands

Soil Factors Vegetation Remote Sensing

b2-S, b6-W, b7-W,

SR AT, AP Lat, Slope pH NDSI-S MIR-W, A-W,
B-W, E-S
EVI-W, BI-W, B-W, E-S, E-W, D-W,
RR AT, AP, LsTD-S, long, Lat, Alt, clayl, clay2, NDSI-S, b6-S, b7-S, b1-W,
LsTN-S, LsTN-W Slope sand2, pH NDWI-W, b2-W, b4-W, b7-W,
RVI-W, SCI-W BLUE-W
B-W, E-W, D-W,
LASSO AT, AP, LsTD-S Lat, Slope clay2, pH b6-W, b7-W

Note: The meanings of the abbreviations are shown in Table A2.

3.1.2. Model Performance

When comparing different models using the same variable set, SVM and LGBM
clearly outperformed PLS and RF (Figure 3). Using the LASSO-selected variables, the
SVM model achieved an R? of 0.53 and an RMSE of 36.190, while the LGBM model
reached an R? of 0.51 and an RMSE of 37.768, both significantly better than the PLS model
(R? =0.37, RMSE = 57.793). Comparisons across variable sets for the same model also
revealed performance differences. For LGBM, R? varied only by 0.02 across different
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variable sets, with RMSE ranging from 36.863 to 39.026. In contrast, SVM performance was
more sensitive to variable selection, with RZ = 0.53 and RMSE = 36.190 under the LASSO
set, but was slightly lower under the complete set (CS) (R? = 0.43, RMSE = 39.971).
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Figure 3. Model performance across 16 machine learning models (test set; X-axis: predicted values;
Y-axis: observed values; Unit: g/kg).

Overall, the SVM model combined with the LASSO-selected variables performed
best, achieving an R? of 0.53 and an RMSE of 36.190, indicating its capability to effectively
capture the complex nonlinear responses of SOC stocks to multiple environmental factors
and reproduce their spatial variability. The LGBM model showed stable performance,
with an R? around 0.50 and minimal RMSE variation across variable sets, demonstrating
strong generalization ability. Considering both fitting accuracy and prediction error, the
SVM-LASSO combination represents the optimal approach, followed by LGBM.

3.2. Spatiotemporal Distribution
3.2.1. Temporal Characteristics Analysis

After performing unit correction by converting SOC concentrations from g/kg to
SOC stocks expressed in g C/m?, Mann-Kendall trend analysis for each year indicated a
significant increasing trend in SOC stock from 2001 to 2020 (7 = 0.389, p = 0.018). Sen’s slope
estimated an average annual increase of 11.69 g C/m? in SOC stock (Table 2). During this
period, the annual mean SOC stock in the study area ranged from 1486.11 to 1841.27 g C/m?,
showing interannual fluctuations but an overall increasing trend. Quartile ranges remained
relatively stable (25%: 958.25-1625.16 g C/m?; 75%: 1997.55-2238.98 ¢ C/m?), suggesting
that while SOC stock fluctuated over the years, the overall distributional structure remained
largely unchanged (Figure 4). The mean and median SOC stock followed very similar
trajectories, indicating that the distribution of SOC stock was approximately symmetric.
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The standard deviation was approximately 280-670 g C/m?, suggesting moderate spatial
variability while maintaining overall stability.

Table 2. Mann-Kendall test results for SOC stock (2001-2020).

Trend h p Value Tau Sen’s Slope
increasing True 0. 018 0. 389 11.685
—25%
2500 —75%
C25%-75%
mean SOC

1500

SOC (g C/m?)

1000

T T T T T T T T T
2000 2005 2010 2015 2020
Year

Figure 4. Temporal distribution characteristics of SOC stock from 2001 to 2020 (mean and quartiles).

The results of the 5-year sliding window Mann—Kendall trend analysis applied to SOC
data from 2001 to 2020 show that the pattern of SOC stock changes differed across time
periods (Figure 5). Among all sliding windows, only the periods 2001-2005 and 20152019
passed the significance test (p = 0.027, Tau = 1), showing clear increasing trends. The
corresponding Sen’s slope values were 68.33 and 75.60, which means that SOC increased at

a relatively high rate during these two periods.

80

|

40

Sen's slope
s 8
1 1
g
o

—20 4

~40 —O0—p<0.05
—O0—p=>0.05

~60 —O—p=1

T T T T T 1
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
Start Year

Figure 5. Sen’s slope estimates from sliding window Mann-Kendall trend analysis of SOC stock
(2001-2020).
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Although some periods (such as 2002-2006, 2003-2007, and 2012-2016) had positive
Sen’s slope values, showing an upward tendency, the p was > 0.05 for these windows, so
the trend did not reach statistical significance and was more likely to reflect short-term
fluctuations. In particular, in the windows 2004-2008 and 2008-2012, the p = 1, which further
indicates that there was no detectable monotonic trend in SOC stock during these periods.

3.2.2. Spatial Variability Analysis

During 2001-2020, the mean SOC stock in the study area reached a maximum value of
1841.27 g C/m?, with a multi-year average of 1683.98 g C/m? (Figure 6). At the regional
scale, the mean total SOC stock amounted to 1.93 x 104 gC/ m?, and the cumulative
SOC stock over the 20-year period reached 3.85 x 10 g C/m?, indicating a sustained and
substantial carbon sink capacity of the region in the long term.

2001 — 2005 (b) 2006 —2010

2011 -2015

}N\

0 75 150 300 450 600

—— km

SOC (g C /m?)

| B
Q Q Q \} Q \} Q Q Q \}
,i) (,)Q (\‘) \QQ \()f) \(,)Q \(\(‘) (&Q q,'\i) ’\(;)Q

Figure 6. The SOC stock changes from 2001 to 2020. (a) Mean distribution of SOC stock (2001-2005);
(b) mean distribution of SOC stock (2006-2010); (c¢) mean distribution of SOC stock (2011-2015);
(d) mean distribution of SOC stock (2016-2020).

The analysis of SOC stock across different grassland types revealed pronounced
spatial heterogeneity in both average levels and total accumulation (Table 3). Among
all grassland types, the alpine meadow exhibited the highest total SOC stock, reaching
1.14 x 10® g C/m?, which reflects the combined effect of its extensive spatial distribution
of 82,870.3 km? and its relatively high mean SOC stock of 1566.3 g C/m?. The cold
temperate wet coniferous forest also demonstrated a notably high mean SOC stock, reaching
2025.9 g C/m?, despite its smaller area, indicating its strong carbon storage capacity per
unit land area. Meanwhile, ecosystems such as the cool temperate subhumid meadow
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steppe and the cool temperate wet mixed forest, despite having relatively high mean SOC
stock, had low total SOC stock due to their limited spatial extent, resulting in an overall
small contribution to the regional SOC stock. Overall, the alpine meadow serves as the
primary contributor to the regional SOC stock, whereas the cold temperate wet coniferous
forest exhibits the highest mean SOC stock across all vegetation types.

Table 3. SOC stock of different grassland types.

MIN MAX MEAN STD SUM
Grassland
Grassland T Area ( ( ( ( (g/kg x (g C/m? x
resane pe (km?) (g/ke) C/riz) (g/ke) C/riz) g/ks) C/iz) (g/ks) C/riz) g10§) i 10%)
Cool temperate subhumid 25.0 39.0 945.0 56.1 11475 41.6 1023.3 33 57.1 12 0.02
meadow steppe
Cold temperate humid 152.4 419 993.9 56.3 1387.7 483 1171.2 3.8 101.8 7.2 0.16
montane meadow
Cool temperate subhumid 2183 394 0.0 63.5 1568.8 458 1096.3 41 152.3 102 0.21
montane grassland
Alpine meadow 82,8703 23.1 0.0 103.2 2456.2 68.3 1566.3 213 465.2 5760.5 114.15
Cold temperate wet 29,678.5 429 0.0 103.7 2498.1 87.6 2025.9 125 290.0 2634.4 52.88
coniferous forest
Cool temperate wet mixed
coniferous and broad-leaved 4.6 54.4 1211.7 56.7 1341.0 55.6 1300.0 0.9 51.8 0.2 0.01

forest

In this study, we examined the trends in SOC stock across different grassland types in
the source region of the Yellow River and quantified the proportion of significant changes
for each type during 2001-2020 (Figure 7). The results are as follows.

The maximum interannual variations in SOC stock for the cool temperate subhumid
meadow steppe, cold temperate humid montane meadow, and cool temperate subhumid
montane grassland were 692.18, 866.99, and 711.52 g C/ m?, respectively, with correspond-
ing SOC stock ranges of 949.70, 1095.73, and 1000.08 g C/m?. These three grassland types
exhibited relatively consistent interannual fluctuation patterns with comparable intensities,
among which the cold temperate humid montane meadow showed the greatest variability.

The cool temperate wet mixed coniferous and broad-leaved forest exhibited a maxi-
mum interannual variation of 978.40 g C/m? and a range of 1068.86 g C/m?. Although its
fluctuation magnitude was comparable to that of the three grassland types, SOC stock in
this type remained relatively stable over multiple consecutive years, overall exhibiting a
variation trend distinct from other grassland types.

In contrast, the alpine meadow showed a smaller range and maximum interannual
variation of 393.51 g C/m? and 220.45 g C/m?, respectively, while the corresponding
values for the cold temperate wet coniferous forest were 256.48 g C/m? and 235.12 g C/m?.
These two grassland types showed markedly lower variability in SOC stock and overall
greater stability.

At the regional scale, interannual variations in SOC stock were significantly and
positively correlated with annual precipitation (r = 0.63, p = 0.0026), but significantly
and negatively correlated with annual maximum air temperature (r = —0.46, p = 0.0432).
Years with higher precipitation (e.g., 2005 and 2009) generally corresponded to higher SOC
stock levels, whereas years characterized by reduced precipitation or elevated maximum
temperature (e.g., 2006 and 2013) were associated with relatively lower SOC stock. These
temporal patterns indicate that interannual climate variability plays an important role in
regulating SOC stock dynamics in the study area.
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Figure 7. SOC stock trends of different grassland types.

The magnitude of significant changes in SOC stock varied markedly among different
grassland types; however, all major types exhibited an overall increasing trend, indicating
a strong carbon sink function in the study area (Table 4). Cold temperate humid montane
meadow and cool temperate subhumid montane grassland showed the highest rates of car-
bon accumulation, with mean Sen’s slopes reaching 24.00 g C/m?/yr and 17.94 g C/m? /yr,
respectively. Although the mean SOC stock of these two grassland types was relatively
low (approximately 1100 g C/m?), they are currently in a phase of rapid carbon accumula-
tion. Alpine meadow was the most widely distributed grassland type in the study area,
covering more than 8 x 10* km?. Approximately 24.7% of this area exhibited a statistically
significant increase in SOC stock. Alpine meadow showed a moderate accumulation rate,
with a mean Sen’s slope of 9.76 g C/m?/yr, and maintained a relatively high background
SOC stock (approximately 1560 g C/m?), thereby playing a dominant role in the regional
carbon balance.
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Table 4. Significant changes in soil organic carbon stock across different grassland types.

Increasing Decreasing

Grassland Type Significant Ratio Significant Ratio

Mean Slope

Cool temperate

subhumid meadow 0.000 0.000 9.909
steppe .
Cold temperate humid 0.089 0.000 23.998

montane meadow
Cool temperate

subhumid montane 0.048 0.000 17.942
grassland
Alpine meadow 0.247 0.026 9.761

Cold temperate wet
coniferous forest
Cool temperate wet
mixed coniferous and 0.000 0.000 7.938

broad-leaved forest

0.119 0.006 5.585

In contrast, cold temperate wet coniferous forest exhibited a comparatively slower
increase in SOC stock, characterized by a mean Sen’s slope of 5.59 g C/m? /yr, but had the
highest average SOC stock (approximately 2026 g C/m?), indicating that this grassland
type is more focused on long-term and stable carbon storage. Due to their limited spatial
extent, results for cool temperate subhumid meadow steppe and cool temperate wet mixed
coniferous and broad-leaved forest were used for descriptive purposes only.

3.3. Driving Mechanisms

At the regional scale, the factor detector revealed that the spatial variation of SOC
stock was primarily driven by meteorological factors (Figure 8). Annual precipitation (AP)
showed the strongest explanatory power g = 0.775, followed by latitude (Lat; q = 0.368)
and accumulated temperature (AT; g = 0.324). Topographic slope exhibited a moderate ef-
fect (9 = 0.156), whereas the remote sensing indices b7-W (g = 0.110) and B-W (g = 0.029),
as well as soil pH (g = 0.050), contributed relatively little when considered individually.
All factors passed the significance test (p < 0.001), although their explanatory powers
differed markedly.

The interaction detector further demonstrated that the combined effects of paired
factors generally enhanced the explanatory power for SOC spatial variation compared
with single factors (Figure 8b, lower-right triangular matrix). According to the Geodetector
criteria, interactions were classified as bilaterally enhanced when the interaction g value
exceeded the maximum of the two individual g values but remained lower than their sum
and as nonlinearly enhanced when the interaction g value exceeded the sum of the individ-
ual effects. Strong bilateral enhancement was observed for interactions involving AP, such
as AP N AT (q = 0.826), AP N Lat (g = 0.803), and AP N slope (g = 0.786). Meanwhile,
nonlinear enhancement frequently occurred when factors with relatively low explanatory
power interacted with stronger drivers, as exemplified by b7-W N AT (g = 0.453), AT N
slope (g = 0.526), and AP N pH (g = 0.831). The ecological detector results are presented
in the upper-left triangular matrix of Figure 8b, where Y indicates that the difference in
explanatory power between paired factors passes the significance test.

Risk detector analysis showed significant differences in SOC stock across factor-
different strata of each factor. SOC stock increased markedly with AP, rising from ap-
proximately 730 g C/m? in low-precipitation areas (261-354 mm) to over 2060 g C/m? in
high-precipitation areas (>846 mm). AT exhibited a nonlinear pattern, with lower SOC stock
at intermediate temperature ranges and higher values at both low and high accumulated
temperature levels. SOC stock peaked at mid-latitudes (32.3-32.7°) and declined toward
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Figure 8. Geographical detector analysis. (a) Factor detector; (b) interaction detector and ecological
detector; (c) risk detector.

By comparison, soil pH and remote sensing indices showed relatively weaker effects
on SOC stock, with smaller differences across strata. SOC stock increased with slope
from very gentle slopes (1.92-6.54°, 1325.37 g C/m?) to moderate slopes (17.60-20.40°,
1880.98 g C/m?), followed by a slight decline at steeper slopes (1806.19 g C/m?), indicat-
ing a limited and non-monotonic topographic influence. SOC stock showed moderate
variation across soil pH strata, increasing toward intermediate pH levels and reaching a
maximum of 1955.85 g C/m? at pH 6.40-6.57, followed by a marked decline at higher pH
ranges, without a clear or consistent gradient. Remote sensing indices exhibited a similar
“high in the middle and low at the extremes” pattern: SOC stock associated with b7-W
peaked at intermediate values (1759.91 ¢ C/m?) and declined sharply toward higher ranges
(973.25 g C/m?), while SOC stock related to B-W reached its maximum (1787.09 g C/m?)
at mid-range values and decreased at both ends (1568.00 g C/m?). Overall, these factors
showed weaker and less stable stratified responses compared with climatic drivers.

3.4. Carbon Sequestration Value

In this study, the carbon sequestration value was estimated from the perspective of
opportunity cost, representing the social loss avoided by preventing the emission of one
ton of carbon into the atmosphere [101-103]. Following the guidelines of the National
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Development and Reform Commission of China, the carbon price was set at 10 USD per
ton of carbon.

Under this carbon price, the cumulative SOC stock carbon sequestration value in the
study area from 2001 to 2020 was approximately 3.80 x 10! USD, indicating substantial
ecological and economic benefits. On a per area basis, the cumulative value was about
3,367.96 USD/ha, with an average annual value of 168.40 USD/ha/yr. These results suggest
that grassland carbon sequestration contributes significantly to regional carbon cycling in
terms of total stock, while also providing considerable economic returns per unit area.

The economic value of SOC stock varied significantly among different grassland types
(Table 5). The alpine meadow had the largest total carbon value (129.80 x 107 USD), with
high cumulative and annual per area values of 3,132.52 USD/ha and 156.63 USD/ha/yr,
respectively, reflecting its dominant role in the regional carbon pool. The cold temperate
wet coniferous forest showed the highest per area value, with cumulative and annual
values of 4,051.88 USD/ha and 202.59 USD/ha/yr, respectively, despite a lower total value
(60.13 x 107 USD). The cool temperate wet mixed coniferous and broad-leaved forest,
although having the smallest total value (0.006 x 107 USD), maintained relatively high per
area values (2600.07 USD/ha cumulative; 130.00 USD/ha/yr annual), indicating substantial
economic efficiency within its limited area. In contrast, the cool temperate subhumid
meadow steppe contributed the least to the regional carbon pool, with the lowest total
(0.026 x 107 USD) and per area values (2046.60 USD/ha cumulative; 102.33 USD/ha/yr
annual). The cold temperate humid montane meadow and cool temperate subhumid
montane grassland occupied intermediate levels, with total values of 0.178 x 107 USD and
0.239 x 10”7 USD and cumulative per area values of 2,342.47 USD/ha and 2,192.68 USD/ha,
providing moderate support to the regional carbon stock.

Table 5. Economic value of SOC stock across different grassland types.

Total Carbon Value Cumulative Per Average Annual
Grassland Type (USD x 107 tC) Area Value Per Area Value
(USD/ha) (USD/halyr)
Cool temperate
subhumid meadow 0.026 2046.60 102.33
steppe
Cold temperate
humid montane 0.178 2342.47 117.12
meadow
Cool temperate
subhumid montane 0.239 2192.68 109.63
grassland
Alpine meadow 129.796 3132.52 156.63
Cold temperate wet 60.127 4051.88 202.59
coniferous forest
Cool temperate wet
mixed coniferous
and broad-leaved 0.006 2600.07 130.00
forest

Note: Economic values were calculated based on SOC stock (g C/m?) using a carbon price of 10 USD/t C.

In summary, the economic value of SOC stock varied markedly among grassland
types. The alpine meadow dominated the total carbon value due to its large stock, serving
as the primary component of the regional carbon pool. The cold temperate wet coniferous
forest exhibited a clear advantage in per area value. Although the cool temperate wet
mixed coniferous and broad-leaved forest had a limited total value, its per area value was
relatively high, indicating substantial economic efficiency within its restricted distribution.
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In contrast, the cool temperate subhumid meadow steppe contributed minimally to the
regional carbon pool.

4. Discussion
4.1. Model Performance and Comparison

This study compared the performance of multiple modeling approaches and variable
sets in estimating SOC stock. Model performance varied across methods. In PLS, the SR
variable set yielded the best results (R% = 0.50, RMSE = 38.329). RF performed best with
LASSO (R? = 0.45, RMSE = 39.964), while SVM achieved its highest accuracy with LASSO
(R? = 0.53, RMSE = 36.190). LGBM showed the highest overall accuracy, particularly with
SR (R? = 0.51, RMSE = 36.863). Across the same variable set, LGBM and SVM generally
outperformed RF and PLS, highlighting their ability to capture complex relationships
between SOC and multiple environmental factors. Variable selection also substantially
influenced performance: SR and LASSO sets improved prediction accuracy and stability
compared with RR and CS sets.

LGBM demonstrated the greatest stability across variable sets, with R? around 0.50
(£0.02) and RMSE between 36.863 and 39.026, whereas PLS (R?: 0.08-0.50), RF (R?:
0.40-0.45), and SVM (R?: 0.43-0.53) fluctuated more. This indicates LGBM’s robust general-
ization in complex multi-factor systems [104-107].

The LASSO variable set generally outperformed others, highlighting the importance
of eliminating redundant features and emphasizing key drivers, consistent with prior
studies [108-110]. Its advantage is pronounced in alpine grasslands with strong climate
gradients, complex topography, and high soil heterogeneity [111,112].

Among all combinations, SVM with LASSO achieved the highest accuracy and lowest
error, reflecting SVM'’s capability to capture complex interactions and LASSO’s effective
feature selection. This synergy enhances both predictive performance and model inter-
pretability, reliably representing SOC spatial distribution.

Overall, machine learning results reveal that high-altitude SOC spatial patterns are
jointly influenced by temperature, precipitation, slope, and soil properties [113,114]. Differ-
ences among models underscore the significance of factor interactions and demonstrate that
variable-selection-based modeling better captures SOC formation mechanisms and spatial
heterogeneity. LGBM, meanwhile, maintained robustness across variable sets, showing
strong transferability. Integrating machine learning with careful variable selection thus
improves SOC estimation accuracy and interpretability, offering a practical approach for
understanding environmental drivers of carbon stocks in alpine grasslands [115,116].

4.2. Spatiotemporal Distribution Characteristics

From 2001 to 2020, SOC stock in the study area exhibited a significant increasing
trend (T = 0.389, p = 0.018), with an average annual rise of approximately 11.69 g C/m?,
indicating an overall enhancement of regional carbon sequestration. This finding aligns
with previous studies on long-term SOC accumulation in the Qinghai-Tibet Plateau and
alpine grasslands [117,118]. The observed trend may be attributed to increased vegetation
productivity under warming conditions [119], as well as ecological restoration measures
such as grazing exclusion and grassland rehabilitation [120-122]. Annual SOC stock values
fluctuated between 1486.11 and 1841.27 g C/m?, with relatively stable interquartile ranges,
indicating consistent spatial distribution patterns despite inter-annual variability.

Sliding window analysis revealed phased changes in SOC. Significant increases oc-
curred during 2001-2005 and 20152019, whereas other periods were more likely to reflect
short-term fluctuations rather than persistent trends. These results are consistent with the
relationships between SOC stock and total precipitation as well as maximum temperature
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across the study region. During the periods of 2001-2005 and 2015-2019, SOC stock showed
a sustained increase with increasing precipitation and decreasing maximum temperature,
whereas in other periods, it exhibited more fluctuating variations. This pattern reflects the
influence of meteorological factors, particularly precipitation and temperature. In addition,
SOC growth may also be associated with policy interventions, including grazing bans and
improvements in grassland management practices [123-127].

SOC varied among grassland types. Alpine meadow showed the highest proportion
of significant increase (24.7%), suggesting strong potential for carbon accumulation. In con-
trast, cool temperate subhumid meadow steppe and cool temperate wet mixed coniferous
and broad-leaved forest exhibited little change, maintaining relative stability. These differ-
ences likely reflect variations in vegetation composition, soil texture, and hydrothermal
conditions among grassland types [128].

Overall, SOC in the Yellow River Source Area increased significantly from 2001 to 2020,
exhibiting phased, spatially heterogeneous, and clustered changes. Climate variability,
grassland type differences, and human activities are key drivers of these spatiotempo-
ral patterns.

4.3. Driving Mechanisms Analysis

Through correlation and regression analyses, seven core factors with significant in-
fluence on SOC stock were identified: climatic factors (AT, AP), topographic factors (Lat,
Slope), soil property (pH), and remote sensing indices (b7-W, B-W). These factors were
consistently selected across three regression methods, indicating robust influence on SOC
and aligning with previously reported key drivers in alpine grasslands [129].

Among these factors, annual precipitation was the most influential. Both correlation
and regression analyses showed a significant positive relationship between annual pre-
cipitation and SOC. Factor detector analysis confirmed its dominant explanatory power
(9 = 0.775). When interacting with other major drivers, such as accumulated temperature
or latitude, the g values often exceeded 0.8, indicating pronounced bilateral or nonlinear
enhancement effects. Although increased soil moisture and rising temperature are generally
considered to stimulate microbial activity and accelerate organic matter decomposition,
potentially leading to SOC losses [119,130]. Studies on the Qinghai-Tibet Plateau show
that, at shorter temporal scales, low to moderate frequencies of extreme precipitation may
enhance SOC decomposition, whereas higher precipitation frequencies or persistently
moist conditions suppress decomposition and favor the accumulation of particulate or total
SOC [55,130]. At broader temporal and spatial scales, SOC content is positively correlated
with soil moisture and above- and belowground biomass but negatively correlated with
soil temperature [131], consistent with the relationships observed in this study, suggesting
that wetter conditions enhance plant carbon inputs while constraining decomposition. It
should also be noted that complex climatic dynamics and rugged topography in the study
region amplify surface runoff and soil erosion during intense rainfall events, and increasing
precipitation extremes may offset potential SOC gains, indicating that interactions between
extreme precipitation and topography constitute an important source of environmental
vulnerability [132,133].

Accumulated temperature had moderate explanatory power. Its effect was limited in
single-factor analyses but exhibited enhancement when interacting with other factors [15].
This interaction is driven by the fact that, in alpine regions, temperature regulates soil
freeze—thaw processes and active layer thickness [15,134], thereby influencing soil moisture
availability and microbial activity [135]. Given these tightly intertwined physical and
biological processes, the effects of these drivers are likely to be underestimated if assessed
solely from a single-factor perspective.
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Latitude ranked second in explanatory power. Contrary to the typical latitudinal
climate gradient effect, where decreasing temperature and increasing moisture with lati-
tude promote SOC accumulation [136,137], in the study area, SOC decreased with latitude.
This pattern reflects the combined influence of vegetation coverage, soil properties, per-
mafrost degradation, and altitude [138], corroborating previous findings on regional SOC
distribution [15].

Slope exhibited limited explanatory power in single-variable correlation (r = —0.04,
p = 0.33) but was retained in stepwise, ridge, and LASSO regressions, with factor detector
g = 0.156. Risk detector results indicated higher SOC on gentle-to-moderate slopes and
lower SOC on very flat areas, likely reflecting indirect effects of slope on water convergence,
erosion, and vegetation distribution. Prior studies suggest slope mainly modulates SOC
indirectly rather than acting as a direct control factor [139,140], supporting its limited yet
reasonable explanatory power.

Soil pH had weak explanatory power across methods. Risk detector analysis showed
minimal stratified effect [141]. Significant impacts are generally observed only under
extreme acidic or alkaline conditions [142,143]. Given the study area’s generally non-
extreme pH range, the limited effect on SOC aligns with expectations.

Remote sensing indices (b7-W, B-W) also showed low explanatory power. The risk
detector revealed a hump-shaped relationship, with SOC peaking at moderate vegetation
coverage. This pattern likely arises because low coverage limits organic input, while
very high coverage increases decomposition and nutrient cycling pressure, reducing SOC
accumulation [144-146]. Similar “intermediate-optimum” patterns have been observed in
remote sensing-based grassland carbon studies [147].

Overall, combining variable selection and factor detector analyses indicates that SOC
spatial variability in the Yellow River Source Area is primarily driven by climatic factors, with
annual precipitation exerting the strongest influence, followed by accumulated temperature
and latitude. Slope plays a limited but robust role through interactions with climatic factors.
Soil pH and remote sensing bands exhibit the weakest explanatory power, contributing only
minor regulatory effects. Notably, multi-factor interactions significantly enhance explanatory
power, particularly the coupled effects of hydrothermal conditions, highlighting the complex
mechanisms underlying SOC distribution. These findings advance understanding of SOC
dynamics in alpine grasslands and provide a scientific basis for predicting SOC responses
under climate change and for regional grassland carbon management.

4.4. Policy Implications: Carbon Sequestration Value

This study further demonstrates that differences in carbon stock and economic value
among grassland types are reflected not only in total quantity but also in quality and effi-
ciency, underscoring the critical role of alpine grasslands in China’s national “dual carbon”
strategy. These findings have important implications for regional carbon management and
ecological compensation policies.

From a land use and management perspective, the Yellow River Source Area on the
Qinghai-Tibet Plateau is dominated by extensive grazing and small-scale subsistence agri-
culture [148,149]. Livestock production mainly relies on indigenous species such as yaks
and Tibetan sheep [150], with grazing practices mainly characterized by grazing bans,
seasonal rest grazing, and fenced, parcel-based rotational grazing [151,152]. Crop cultiva-
tion mainly includes barley and oats and relies on traditional cultivation practices [153].
These land use patterns, together with the cumulative grazing pressure in some areas, tend
to induce grassland degradation, soil disturbance, and erosion, thereby constraining the
accumulation and stability of soil organic carbon [154]. In this context, the regional carbon
sequestration functions are maintained and restored through a comprehensive manage-
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ment system comprising several major initiatives, such as the Sanjiangyuan Ecological
Protection Project (https://www.ndrc.gov.cn/, accessed on 16 December 2025), the Grazing
Ban Project (http:/ /www.moa.gov.cn/, accessed on 16 December 2025), and the Grassland
Ecological Reward Policy (https://www.ndrc.gov.cn/, accessed on 16 December 2025),
among others. This synergy between community-based management and conservation-
oriented policy interventions—encompassing livestock reduction, ecological compensation,
and habitat restoration—is essential for sustaining the regional carbon pool.

Alpine meadows, owing to their extensive distribution [155], rank highest in total
stock and overall value, highlighting their dominant role in regional carbon stock and
carbon-related economic benefits [156,157]. Policy should prioritize the protection of their
ecological integrity, maintaining carbon sequestration functions through measures such as
degraded grassland restoration and grazing restriction, and integrating them into regional
carbon accounting frameworks.

In contrast, cold temperate wet coniferous forests, though limited in area, exhibit
the highest average carbon density and per area value, reflecting a clear “quality advan-
tage” and significant potential for carbon sequestration and economic development. These
differentiated characteristics are critical for regional carbon stocks and carbon market
valuation [158,159]. Policy instruments such as grassland carbon credits or ecological
compensation funds [160-162] could incentivize local governments and herders to con-
serve high-carbon-density grasslands, thereby increasing the economic attractiveness of
carbon management.

Overall, these results reveal the differentiated ecological and carbon stock functions of
grasslands and provide scientific guidance for grassland resource management and carbon
trading policy. In practice, management strategies should balance the contribution of
large-area grasslands with the high per area efficiency of specific types to optimize regional
carbon sequestration. In addition, greater emphasis should be placed on policy mechanisms
that contribute to the protection of ecologically sensitive and significant areas, such as the
Yellow River Source Area [163]. Payments for environmental and ecosystem services (PES)
can promote sustainable land use practices by incorporating the ecological benefits of soil
carbon sequestration, grassland conservation, and hydrological regulation into economic
incentive schemes [164,165]. Furthermore, under a One Health framework, environmental
integrity, human livelihoods, and animal health should be jointly considered [166], and
conservation-oriented, integrated governance measures should be adopted to enhance
socio-ecological system resilience and ensure the long-term stability of the Yellow River
Source Area under increasing pressures from climate change and human activities [167].

4.5. Future Perspectives

Future assessments of SOC stock dynamics in alpine grassland ecosystems will benefit
from continued methodological advances and data integration. Incorporating higher-
spatial-resolution satellite imagery (e.g., Sentinel-2 at 10 m or finer resolution) together with
more intensive and standardized field sampling will improve the representation of fine-
scale spatial heterogeneity. In addition, integrated frameworks that combine multi-source
remote sensing, deep learning-based spatial interpolation, and frequent in situ monitoring
offer strong potential to refine site-level estimates and further enhance the accuracy of
carbon sequestration modeling across complex highland regions such as the Yellow River
Source Area.
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5. Conclusions

This study compared the performance of different modeling approaches for estimating
SOC stocks, revealing that machine learning models generally outperform traditional
regression models. Among them, the SVM model combined with the LASSO-selected
variable set achieved the best performance on the test dataset (R? = 0.53, RMSE = 36.190),
demonstrating that rational variable selection coupled with advanced algorithms can
effectively enhance the spatial prediction of SOC.

In terms of spatiotemporal patterns, SOC showed a significant increasing trend from
2001 to 2020 (approximately 11.69 g C/m? per year), accompanied by stage-wise fluctua-
tions and pronounced spatial clustering, with notable differences among grassland types.

Driver analysis further identified the core factors controlling SOC spatial heterogeneity.
Annual precipitation exhibited the strongest explanatory power, followed by latitude and
temperature, while multi-factor interactions significantly amplified SOC spatial predictabil-
ity, highlighting the dominant role of hydrothermal conditions and climate—topography
coupling in the carbon cycle of alpine grasslands. In contrast, soil and remote sensing vari-
ables contributed minimally, mainly influencing SOC at local scales. Overall, SOC spatial
patterns emerge from the combined and interdependent effects of multiple environmental
drivers rather than any single controlling factor.

Regarding the carbon sink value, alpine meadow grasslands contributed the highest
total stock, whereas cold temperate wet coniferous forest grasslands exhibited higher per
unit area value, reflecting distinct quantity—quality characteristics.

Overall, this study not only validates the effectiveness of modeling and variable
selection in SOC estimation but also advances understanding of the driving mechanisms
of SOC in the Yellow River source region’s alpine grasslands, providing a scientific basis
for future grassland carbon management, carbon market allocation, and climate change
mitigation strategies.
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Appendix A. Calculation Methods, Data Sources, and Correlation
Analysis for SOC and Environmental Variables

Table A1l. Calculation Methods of Relevant Indices.

Remote Sensing Indicators Variable Interpretation Calculation Method Reference
Brightness Index V/Red? + NIR? [168]
: Red—G
Coloration Index o e [168]
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Table A1. Cont.
Remote Sensing Indicators Variable Interpretation Calculation Method Reference
DVI Difference Vegetation Index NIR — Red [169]
: 2.5 (NIR—Red)
EVI Enhanced Vegetation Index TN TR e R 28T [170]
TVI Transformed Vegetation Index (NDVI + 0,5)0'5 [171]
MSAVI Modified Soil-Adjusted Vegetation 2NIR+1—\/(2N1R+1)2—8(NIR—Red) [172]
Index 5
Normalized Difference Vegetation NIR—Red
NDVI Index NIR+Red [171]
RVI Ratio Vegetation Index % g [173]
i i i SWIR—Green
NDSI Normalized Difference Soil Index SWIR TG [174]
NDWI Normalized Difference Water Index M [175]
reen+NIR
Normalized Difference Vegetation NIR—Green
NDVGI Green Index NIR+Green [176]
Optimized Soil-Adjusted NIR—Red
OSAVI Vegetation Index NIR+Red+0.16 [177]
SCI Soil Color Index 3NIR + Red — Green — [178]
3Blue
il- i i NIR—Red
SAVI Soil-Adjusted Vegetation Index NIR} Red 1T) (1+1L) [179]
oA s . SWIR; +Red B
SATVI Soil-Adjusted Total Vegetation SWiR tReary (L L) [150]
Index SWIR,
2
A bs [181]
by
bs—by
B e [181]
C by [181]
bs
D by [182]
by
E by — by [181]
Note: NIR, Red, Blue, and Green represent the near-infrared, red, blue, and green bands, respectively. In the SAVI
and SATVI formulas, L = 0.5. In the SATVI formula, SWIR; corresponds to the short-wave infrared band (Band 6
in MODIS products), and SWIR; corresponds to the short-wave infrared band 2 (Band 7 in MODIS products). In
addition, by, bs, and by correspond to Bands 2, 5, and 7 in the MODO09A1 products, respectively.
Table A2. Environmental Variable Data Sources.
Variable Unit Resolution Data Sources Annotation
SOC Soil organic carbon g/kg Measured
. _ Real-time sampling
Longitude (Lon) GPS by GPS devices
. _ Real-time sampling
Latitude (Lat) GPS by GPS devices
Topographic Factors SRTM 90m DEM Digital Elevation
Altitude (Alt) m 1km Database
(https:/ /srtm.csi.cgiar.org/, accessed on
20 December 2025)
Aspect (Asp) ° 1 km .
Calculate from DEM using ArcGIS Pro
Slope ° 1 km
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Table A2. Cont.
Variable Unit Resolution Data Sources Annotation
Accumulated o o
temperature (AT) C 1km 20°C
Annual mean R Daily data set of surface climate data in
temperature (AMT) C 1km China (https://data.cma.cn/, accessed on
20 December 2025
Annual precipitation mm 1 km )
(AP)
Daytime ground
Climatic Fact LsTD-S °C 1 km temperature in
imatic Factors summer
Daytime ground
LsTD-W °C 1 km temperature in
MOD11A2 winter
o Ground temperature
LsTN-S c Lkm at night in summer
o Ground temperature
LsTN-W C 1km at night in winter
(0-30 cm) Clay
Clay1 % 1km content
Clay2 % 1 km (30-100 cm) Clay
content
Sand1 % 1km Big Data Center of Sciences in Cold and (0-30 cm) Sand
Arid Regions content
) _ ) o (http:/ /bdc.casnw.net/yyzc/sj/, (30-100 cm) Cla
Soil Physmochemlcal Sand2 o Lkm accessed on 20 December 2025) soil content Y
Properties characteristic data set 0-30 Soil
sand1/clayl % 1km (0-30 cm) OL
sand—clay ratio
(30-100 cm) Soil
snad2/clay2 % 1km sand—clay ratio
pH 250 m SoilGrids250m 2.0 Soil pH value
(https:/ /soilgrids.org/, accessed on 20 ;
BD (kg/m3) 250 m December 2025) Bulk density
Annual net primar
2 p y
NPP KgC/m 1 km MOD17A3HGF productivity
Enhanced vegetation
EVI 250 m index in summer and
winter
Normalized
NDVI 250 m vegetation index in
summer and winter
Conversion
TVI 250 m vegetation index in
summer and winter
BI 1 km Brightness index in
summer and winter
Differential
DVI 1km vegetation index in
Vegetation Factors summer and winter
MOD13Q1 band calculated Imprqved
MSAVI 1 km soil-adjusted
vegetation index in
summer and winter
Normalized
NDSI 1 km difference soil index
in summer and
winter
Normalized
NDWI 1 km differential water
index in summer and
winter
Normalized
NDVGI 1 km difference vegetation

greenness index in
summer and winter
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Table A2. Cont.
Variable Unit Resolution Data Sources Annotation
Optimal soil-adjusted
OSAVI 1 km vegetation index in
summer and winter
Ratio of the
RVI 1 km vegetation coefficient
in summer and
winter
Vegetation Factors MOD13Q1 band calculated Soil-adjusted total
SATVI 1 km vegetation index in
summer and winter
Soil-adjusted
SAVI 1 km vegetation index in
summer and winter
SCI 1 km Soil color index in
summer and winter
A 500 m
B 500 m
C 500 m
D 500 m Band in summer and
E 500 m winter
bl 500 m
b2 500 m MODO09A1 dataset
b3 500 m
b4 500 m
b5 500 m
Remote Sensing b6 500 m
Indices b7 500 m
Photosynthetic
Far 1km effective radiation in
MODI15A2 dataset summer and winter
Lai 1 km Leaf area index in
summer and winter
BLUE 250 m Blue band reflectance
in winter
MIR 250 m Mid-infrared
reflectance in winter
MOD13Q1 dataset Nearinfrared
ear-infrare
NIR 250 m reflectance in winter
RED 250 m Red band reflectance
in winter
Table A3. Pearson’s Correlation Analysis between SOC and topographic, climatic, and soil physico-
chemical factors.
. Correlation . Correlation
Variable Coefficient p Value Variable Coefficient p Value
Lon 0.231 ** 0.00 clayl 0.126 ** 0.00
T hi Lat —0.357 ** 0.00 clay2 0.177 ** 0.00
R Alt —0.03 0.52 Soil Physico- sand1 —0.03 0.54
actors Asp —0.04 0.36 Chem}i’cal sand2 —0.03 0.41
Slope —0.04 0.33 Properties sand1/clayl 0.04 0.38
AT —0.294 ** 0.00 P sand2/clay2 0.06 0.11
AMT —0.126 ** 0.00 %H —0.244 ** 0.00
. . AP 0.222 ** 0.00 L 0.02 0.66
Climatic LsTD-S —0.110* 0.01
Factors LsTD-W —0.105 ** 0.01
LsTN-S —0.02 0.64
LsTN-W —0.271** 0.00

Note: The suffix -S denotes summer indicators, and -W denotes winter indicators. ** p <0.01.
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Table A4. Pearson’s Correlation Analysis between SOC and vegetation factors.
. Correlation . Correlation
Variable Coefficient p Value Variable Coefficient p Value
NPP 0.094 * 0.02 NDWI-S 0.084 * 0.04
EVI-S 0.108 ** 0.01 NDWI-W —0.279 ** 0.00
EVI-W 0.05 0.23 NDVGI-S 0.134 ** 0.00
NDVI-S 0.129 ** 0.00 NDVGI-W 0.189 ** 0.00
NDVI-W 0.173 ** 0.00 OSAVI-S 0.135 ** 0.00
TVI-S 0.129 ** 0.00 OSAVI-W 0.145 ** 0.00
TVI-W 0.167 ** 0.00 RVI-S —0.088 * 0.03
BI-S 0.150 ** 0.00 RVI-W —0.182 ** 0.00
BI-W —0.278 ** 0.00 SATVI-S 0.081 * 0.04
DVI-S 0.111 ** 0.01 SATVI-W —0.279 ** 0.00
DVI-W 0.06 0.13 SAVI-S 0.129 ** 0.00
MSAVI-S 0.128 ** 0.00 SAVI-W 0.113 ** 0.01
MSAVI-W 0.100 ** 0.01 SCI-S 0.079 * 0.05
NDSI-S —0.06 0.15 SCI-W —0.184 ** 0.00
NDSI-W 0.086 * 0.03
Note: *p < 0.05; ** p < 0.01.
Table A5. Pearson’s Correlation Analysis between SOC and remote sensing indices.
. Correlation . Correlation
Variable Coefficient p Value Variable Coefficient p Value
A-W —0.201 ** 0.00 b1-W —0.242 ** 0.00
A-S 0.112 ** 0.01 b2-W —0.262 ** 0.00
B-S 0.114 ** 0.00 b3-W —0.185 ** 0.00
B-W —0.190 ** 0.00 b4-W —0.217 ** 0.00
C-S —0.106 ** 0.01 b5-W —0.232 ** 0.00
C-W 0.01 0.80 b6-W —0.08 0.05
D-S —0.101 * 0.01 b7-W —0.372 ** 0.00
D-W 0.182 ** 0.00 Far-S 0.141 ** 0.00
E-S 0.05 0.27 Far-W 0.07 0.07
E-W —0.253 ** 0.00 Lai-S 0.144 ** 0.00
b1-S -0.03 0.39 Lai-W 0.082 * 0.04
b2-S 0.084 * 0.04 BLUE-W —0.083 * 0.04
b3-S 0.06 0.15 MIR-W —0.120 ** 0.00
b4-S 0.02 0.64 NIR-W —0.162 ** 0.00
b5-S 0.08 0.06 RED-W —0.150 ** 0.00
b6-S —0.07 0.11
b7-S —0.085 * 0.03

Note: * p < 0.05; ** p < 0.01.
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