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A B S T R A C T

Soil organic carbon (SOC) is a crucial component of terrestrial carbon pools and plays a fundamental role in 
mitigating climate change. Northeast China, a major grain-producing region and one of the country's most 
important black soil zones, exhibits high potential for SOC sequestration. A systematic and quantitative 
assessment of SOC sequestration potential (SOCp) is urgently needed to support China's “Dual Carbon” strategy. 
Based on soil-forming factors and soil-landscape theory, this study developed a predictive framework by inte
grating the Hassink and Elustondo models. Using boosted regression trees (BRT), soil sample (n = 293), and 10 
multi-source environmental variables including climate, topography, and vegetation, we accurately estimated 
SOCp. The model was rigorously validated via 10-fold cross-validation and 100 iterative runs. Results indicated 
that the Hassink model showed higher stability in BRT predictions (R2 = 0.75), while the Elustondo model (R2 =

0.74) was more sensitive to extreme values. To retain common patterns, eliminate single-model bias, and 
improve prediction reliability and universality, the arithmetic mean method combines both models' outputs to 
generate the final SOCp estimate. The spatial distribution of SOCp in Northeast China showed higher levels in the 
south and plains, lower in the north and mountainous areas, with a total of 5831.50 Tg C and an areal density of 
7.38 kg C m− 2. Farmland, covering 39.3% of the region, had the highest sequestration density (8.20 kg C m− 2) 
and contributed 43.7% (2547.51 Tg C) of total SOCp, indicating its dominant role. Forests (42.8% of area) and 
grasslands (4.3%) accounted for 38.0% and 4.2% of SOCp, respectively. Mean annual temperature, mean annual 
precipitation, and net primary productivity were the primary drivers, explaining 55% of the variation, with 
ecosystem-specific differences observed. This study reveals SOCp patterns and driving mechanisms in Northeast 
China, supporting region-specific carbon management and climate goals.

1. Introduction

Since the Industrial Revolution, anthropogenic activities (fossil fuel 
combustion and intensive land-use change) have severely disrupted the 
global carbon cycle, elevating atmospheric CO2 concentrations, exac
erbating global warming and extreme climate events, and threatening 
ecological stability and socioeconomic development (McBratney et al., 
2014). As the largest terrestrial carbon pool; soil organic carbon (SOC) 
plays an irreplaceable role in climate regulation; with surface soils 
storing over half of the global SOC stocks. Soil carbon sequestration is 

thus recognized as a cost-effective and sustainably negative emissions 
technology (Stockmann et al., 2013); and has been prioritized by global 
organizations and nations as a core strategy to offset industrial emissions 
(Amelung et al., 2020). However, precise quantification of SOC 
sequestration potential and identification of its intrinsic driving mech
anisms across diverse ecosystems at regional scales remain insufficiently 
addressed, posing a critical gap for targeted carbon sequestration 
practice.

Globally, research on SOCp has made significant progress, primarily 
focusing on quantifying its magnitude and identifying the key factors 
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that govern SOCp across various ecosystems and agricultural manage
ment practices. Agricultural practices, such as straw return and con
servation tillage have been empirically validated to enhance SOC stocks 
(Follett, 2001; Lessmann et al., 2022). Furthermore; soil physicochem
ical properties (e.g.; texture; pH) and environmental variables (e.g.; 
temperature; precipitation) jointly influence soil microbial activity; 
which plays a central role in driving SOC cycling and stabilization 
processes (Liang et al., 2017; Jiang et al., 2022). The soil organic carbon 
saturation theory sets the upper limit for the physical storage of mineral- 
associated organic matter (MAOM). The amount of residue produced by 
microorganisms through their carbon use efficiency (CUE) serves as a 
key precursor for forming stable MAOM—high CUE promotes MAOM 
carbon sequestration when the soil is unsaturated, but loses this effect 
once saturation is reached (Sokol et al., 2022; Tao et al., 2023; Yang 
et al., 2025). Research on SOC saturation mechanisms has provided a 
critical theoretical framework for quantifying the upper limits of SOC 
sequestration capacity. Spatially explicit models, such as random forest 
(a machine learning approach) and the Denitrification-Decomposition 
(DNDC) model (a process-based model), have been widely applied to 
map the spatial distribution of SOCp, thereby elucidating the influence 
of climate, topography, vegetation cover, and cropping systems (Zhou 
et al., 2003; Benítez et al., 2007). Methodologies for estimating SOCp are 
increasingly interdisciplinary, integrating long-term field observational 
data, geographic information systems (GIS), and machine learning 
techniques with traditional statistical, mechanistic, and spatial analysis 
approaches (Falloon et al., 2002; Nair, 2011; Pechanec et al., 2018; Chen 
et al., 2019). Nevertheless, substantial discrepancies in SOCp predictions 
across different methodologies highlight the urgent need for rigorous 
model validation against independent field data and the development of 
harmonized analytical frameworks.

Despite significant progress in studying global soil organic carbon 
sequestration potential across various regions, most existing research 
(such as North America, Europe, and other regions) has focused solely 
on the sequestration potential of individual ecosystems at different 
scales. Integrated assessment and analysis of soil carbon sequestration 
potential across multiple ecosystems at the regional scale remains a 
scientific gap. This gap is not only reflected in the lack of systematic 
integrated research frameworks, but also stems from limitations in 
existing technical methods and insufficient quantification of driving 
mechanisms, specifically manifested in the following two aspects. First, 
prevailing SOCp estimation methods including unit carbon balance 
models and remote sensing inversion techniques frequently fail to 
adequately capture spatial heterogeneity in environmental and man
agement conditions, resulting in substantial biases in regional-scale 
SOCp assessments. Second, the synergistic and antagonistic effects of 
multiple drivers, encompassing climate (e.g., temperature, precipita
tion), agricultural management practices (e.g., tillage, fertilization), and 
soil microbial interactions remain insufficiently quantified, impeding 
the targeted and precise implementation of SOC-enhancing measures to 
support carbon neutrality goals. There is a growing scientific consensus 
that dynamic SOCp models by integrating empirical field data and 
advanced computational algorithms are indispensable for improving the 
accuracy of SOCp estimation. This is particularly critical for key agri
cultural regions such as Northeast China, which is characterized by 
extensive land areas, critical cropland ecosystems, and considerable SOC 
sequestration potential (Lal, 2004).

Although studies across farmland, forests, and grasslands have 
identified ecosystem-specific sequestration mechanisms and influencing 
variables, research depth remains uneven. For instance, forest soil sys
tems, especially regarding micro-food web carbon conversion processes, 
are poorly understood. Additional limitations include insufficient multi- 
scale integration, lack of spatial interaction analyses, and inadequate 
standardization and validation of estimation methods. Moreover, the 
long-term efficacy and regional adaptability of anthropogenic in
terventions require further investigation. In Northeast China, existing 
research has yet adequately addressed estimation inaccuracies or 

elucidated the multi-factor synergistic mechanisms governing SOC 
sequestration. Therefore, this study aims to: (1) develop a high- 
resolution estimation model for topsoil SOCp in Northeast China by 
integrating multi-source environmental data including soil properties, 
climate, terrain, and remote sensing indicators by using advanced ma
chine learning techniques, and assess model performance and uncer
tainty through 10-fold cross-validation to ensure robustness and 
generalizability across diverse ecosystems; (2) Leverage the technical 
advantages of nonlinear fitting and variable importance ranking within 
the BRT model, comprehensively analyze the heterogeneous character
istics of key drivers across different ecosystems at the regional scale, 
compare the output differences between two SOCp prediction models, 
and systematically clarify their core performance advantages and 
applicability; (3) quantitatively examine the spatial heterogeneity and 
distribution patterns of SOCp at regional and landscape scales; and (4) 
identify and prioritize key driving variables such as soil texture, vege
tation productivity, and climatic variables and elucidate their individual 
and interactive effects on SOCp through sensitivity analysis and partial 
dependence plots.

2. Materials and methods

2.1. Study area

This study focused on three northeastern provinces of China, namely 
Heilongjiang Province, Jilin Province, and Liaoning Province, with a 
geographical range of 38◦43′–53◦33′N latitude and 118◦57′–135◦03′E 
longitude, covering a total area of approximately 790,000 km2. The 
climate in this region is characterized by a temperate monsoon pattern 
with distinct seasonal variations, including cold and long winters, warm 
and short summers, an average annual temperature ranging from − 6 ◦C 
to 9 ◦C, and annual precipitation between 400 mm and 800 mm. The 
terrain of the study area is complex and diverse, primarily consisting of 
plains, mountains, lakes, and water bodies, with the highest elevation 
reaching 2618 m. Among these, the Northeast Plain is one of the largest 
plains in China and serves as a crucial agricultural production base. The 
Changbai Mountains, Xing'an Mountains, and other mountain ranges 
form a natural ecological barrier, while the region's water system is well- 
developed, with major rivers such as the Heilongjiang, Songhua, and 
Liao Rivers, which hold significant economic and ecological value. The 
soil types in the three northeastern provinces are highly diverse. Ac
cording to the World Reference Base for Soil Resources (WRB) (IUSS 
Working Group WRB, 2006), the dominant soil types are Cambisols 
(52.4%) and Chernozems (34.1%), together accounting for more than 
85% of the study area. The black soil region in the three northeastern 
provinces constitutes one of the four major black soil zones globally. 
This area not only serves as a key grain production base in China but also 
plays a vital role in timber and mineral resource supply. The total 
forested land area reaches 38.75 million hectares, accounting for 14.7% 
of the national total, with a forest coverage rate of 39.6%, and it is rich in 
biodiversity, including abundant wild animal and plant resources. In 
summary, the three northeastern provinces play a significant role in 
China's economic and social development. Their abundant and high- 
quality soil types, particularly black soil, provide a solid foundation 
for studying soil organic carbon (SOC) storage and carbon sequestration 
potential. Therefore, these three northeastern provinces of China were 
selected as the study area.

2.2. Soil data collection

Due to the extensive spatial coverage and diverse soil types within 
the research area, achieving a dense and representative set of sampling 
points during fieldwork is challenging. Therefore, this study employed a 
purposive soil sampling method (Zhu et al., 2008) to systematically 
determine the spatial distribution of sampling sites and completed 
sample collection and analysis between 2018 and 2020. First, the 
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primary environmental variables influencing SOCs were identified, and 
a multidimensional environmental variables matrix was constructed by 
including climatic variables (MAT and MAP), topographic variables 
(elevation, slope gradient, and slope aspect), and land use types. These 
selected environmental variables were then resampled to a uniform 
spatial resolution (90 m) and coordinate system (Albers Conical Equal 
Area projection system) using ArcGIS software. Second, the fuzzy C- 
means clustering method was applied to perform spatial clustering on 

the aforementioned environmental factors (Dunn, 1973), aiming to 
identify environmental landscape units that best reflect the spatial 
variability of SOC. The clustering process resulted in 27 distinct envi
ronmental landscape units. Based on the principle of spatial balance, 8 to 
10 soil sampling sites were allocated within each landscape unit, 
yielding a total of 293 sampling sites. Meanwhile, to assess the repre
sentativeness of the sampling design, this study conducted a Principal 
Component Analysis (PCA) on the multi-dimensional environmental 

Fig. 1. Distribution of the study area and sampling points.
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covariates. The purpose was to quantify and visualize the environmental 
space of both the entire study area and the sampling points. PCA was 
utilized to reduce the dimensionality of the environmental variables to 
two orthogonal principal components (PCA1 and PCA2). Subsequently, 
these two principal components were used to construct a two- 
dimensional environmental space and generate a scatter plot (Fig. 2). 
This scatter plot enabled us to evaluate the degree to which the sampling 
points overlapped with the environmental envelope of the study area, 
thus verifying the representativeness of the sampling distribution. Our 
analysis indicated that the sampling points covered the vast majority of 
the primary environmental gradients within the study area, which 
confirmed the robustness and representativeness of the sampling strat
egy adopted in this study. A handheld global positioning system (Garmin 
eTrex 221×, USA) was used to record the geographical coordinates of 
each site. Surface soil samples (0–30 cm depth) were collected following 
standardized protocols, including 1 kg of mixed soil samples and ring 
knife samples for soil bulk density determination. Finally, all soil sam
ples were transported to the Laboratory Analysis Center of the School of 
Land and Environment at Shenyang Agricultural University for analysis. 
The SOC content was determined by wet oxidation method; soil bulk 
density was determined by drying method. The soil particle size distri
bution was determined using the suction tube method, and the pro
portion of fine particle fractions was calculated. Ultimately, the 
percentage of fine particles with a diameter < 50 μm was selected as the 
basis for estimating the soil organic carbon sequestration potential. (See 
Fig. 1.)

2.3. Environmental variables

This study selected 10 environmental variables as key drivers of 
SOCp, specifically including 6 topographic factors (elevation, slope 
gradient, slope aspect, plan curvature, profile curvature, topographic 
moisture index), 2 climatic factors (annual mean temperature, annual 
mean precipitation), and 2 vegetation factors (normalized vegetation 
index, net primary productivity). Annual mean temperature (MAT) and 
annual precipitation (MAP) were selected because they directly regulate 
soil microbial activity and organic carbon decomposition processes 
(Fantappiè et al., 2011; Yang et al., 2023). Topographic factors such as 

elevation, slope gradient, aspect, plan curvature, profile curvature, and 
terrain moisture index (TWI) were selected because they directly alter 
the spatial distribution of soil organic carbon by reconfiguring regional 
water and heat distribution patterns (Guo et al., 2019; Li et al., 2014); 
vegetation factors including normalized difference vegetation index 
(NDVI) and net primary productivity (NPP) were selected as they 
directly reflect the intensity of soil organic carbon sources from vege
tation biomass input (Zheng et al., 2019; Zhang et al., 2024). The inte
gration of these 10 environmental variables comprehensively captures 
the primary drivers of soil organic carbon spatial distribution within the 
study area, avoiding research bias caused by missing core drivers and 
establishing a robust methodological foundation for soil organic carbon 
prediction.

2.3.1. Topographic variables
The topographic variables selected in this study include elevation, 

slope gradient (SG), slope aspect (SA), plan curvature (PLC), profile 
curvature (PRC), and the topographic wetness index (TWI). Elevation, 
SG, SA, PLC, and PRC were derived from raster data of a 90-m resolution 
digital elevation model (DEM) obtained from the Geospatial Data Cloud 
website of the Chinese Academy of Sciences (http://www.gscloud. 
cn/sources/accessdata/305?pid=1). TWI was calculated using the 
Automated Earth Science Analysis System (SAGA GIS) (Conrad et al., 
2015).

Elevation refers to the vertical distance between a specific location 
on the Earth's surface and sea level. According to a study by Wu et al. 
(2024); elevation was one of the key variables influencing SOCstock; with 
SOC content showing a significant positive correlation with elevation 
(Tesfaye et al., 2016). SG is a parameter that describes the steepness of 
surface units; which directly affects the distribution of surface materials 
and energy; soil development processes; vegetation patterns; and land 
use types (Bae and Ryu, 2015). SA refers to the direction of the pro
jection of slope normals onto the horizontal plane; i.e.; the orientation of 
the slope. SA significantly influences plant growth and the spatial dis
tribution of SOC by altering water and temperature conditions; with 
sunny slopes generally exhibiting higher organic carbon content (Fang 
et al., 2016; Jiang et al., 2020). PLC and PRC are parameters used to 
describe the degree of curvature in two-dimensional and three- 

Fig. 2. Principal component analysis (PCA) scatter plot of the environmental space of sampling points and the study area based on environmental variables. PCA1 
explains 41.52% of the total variance, while PCA2 explains 21.81% of the total variance.
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dimensional terrain surfaces, respectively. Terrain curvature has a sig
nificant impact on SOC distribution by modifying hydrological condi
tions and plant growth environments (Li et al., 2014; Deng et al., 2020). 
TWI is a physical indicator that reflects the influence of terrain on runoff 
direction and accumulation. It can be used to identify rainfall runoff 
patterns, areas with potentially higher soil moisture, and zones with 
water stagnation. This index quantitatively characterizes soil water 
retention and drainage capacity, revealing soil properties and their 
spatial distribution patterns under various landscape conditions (Kirkby, 
1999; Zhu et al., 2008). In summary, the aforementioned topographic 
variables were among the primary driving forces influencing the spatial 
distribution of soil properties, particularly the spatial variability of SOC 
(Guo et al., 2019).

2.3.2. Climatic variables
This study selected mean annual temperature (MAT) and mean 

annual precipitation (MAP) as climate variables, with data obtained 
from the National Met-eorological Science Data Center (https://data. 
cma.cn/data/detail/dataCode/A.0012.0001.S011.html). Specifically, 

raster data covering a 30-year period and having a spatial resolution of 
1 km were downloaded from the data center. The inverse distance 
weighted interpolation method was applied to generate continuous 
surfaces. Subsequently, the data were averaged and resampled to a 90 m 
resolution to meet the spatial analysis requirements of this study. Pre
vious studies have demonstrated that climatic variables, particularly 
MAT and MAP, significantly influence SOCstock and their spatial distri
bution patterns (Fantappiè et al., 2011; Yang et al., 2023).

2.3.3. Land use data
This study used the 2020 land use data obtained from the Resource 

and Environmental Science Data Center of the Chinese Academy of 
Sciences (https://www.resdc.cn/DOI/DOI.aspx?DOIid=54). The data 
were applied in relevant chapters to extract spatial geographic infor
mation of different ecosystems within the study area, and subsequently, 
spatial distribution maps of soil carbon sequestration potential across 
various ecosystems were generated. Previous studies have demonstrated 
that different land use patterns exhibit varying potentials for enhancing 
carbon sinks (Smith, 2008); and that changes in land use significantly 

Fig. 3. Histogram of the RMSE response of the Hassink model (a) and the Elustondo model (b) across 100 iterations of the BRT model.

Fig. 4. Standard deviation of the 100-iteration prediction results of the BRT model for predicting soil organic carbon sequestration potential (SOCp) of surface soils 
in Northeast China (a for Hassink model; b for Elustondo model).
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influence the carbon cycle of terrestrial ecosystems (Don et al., 2011).

2.3.4. Vegetation variables
Based on topographic and climatic variables, this study further 

incorporated the normalized difference vegetation index (NDVI) and net 

primary production (NPP), which reflected vegetation growth status and 
productivity levels, respectively. The NDVI data were derived from the 
MOD13A3 product officially released by NASA, which is based on ob
servations from the MODIS sensor onboard the Terra satellite (htt 
ps://doi.org/10.5067/MODIS/MOD13A3.061), NPP data obtained 

Fig. 5. Spatial distribution of soil organic carbon sequestration potential (SOCp) in Northeast China (a for Hassink model; b for Elustondo model).

Fig. 6. Spatial distribution of soil organic carbon sequestration potential (SOCp)a and coupled prediction uncertainty zones in Northeast China (a for Hassink model; 
b for Elustondo model).
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Fig. 7. Spatial distribution of soil organic carbon sequestration potential (SOCp) in different ecosystems (a for Hassink model-Farmland; b for Elustondo model- 
Farmland; c for Hassink model-Forest; d for Elustondo model-Forest; e for Hassink model-Grassland; f for Elustondo model-Grassland).
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Fig. 8. The relative importance of environmental variables of soil organic carbon sequestration potential in the study area (a for Hassink model-Entire study area; b 
for Elustondo model-Entire study area; c for Hassink model-Farmland; d for Elustondo model-Farmland; e for Hassink model-Forest; f for Elustondo model-Forest; g 
for Hassink model-Grassland; h for Elustondo model-Grassland).
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from the Resource and Environmental Science Data Center of the Chi
nese Academy of Sciences (https://www.resdc.cn/data.aspx? 
DATAID=204), were covering the period from 2000 to 2023, with a 
spatial resolution of 1 km. The study area includes the three provinces of 
Northeast China. A time synthesis algorithm based on the weighted 
average method was applied to calculate the long-term average, and the 
data was resampled from its original 1 km resolution to a 90 m grid 
resolution using bilinear interpolation. This resampling method was 
solely employed to meet the spatial grid data matching requirements of 
this study and did not actually increase the information content of the 
original data. NDVI serves as a key indicator for assessing vegetation 
coverage and growth conditions, while NPP is a core parameter for 
measuring vegetation productivity. The synergistic relationship be
tween NDVI and NPP significantly influences SOCs and had been widely 
utilized in SOC-related research in recent years (Zheng et al., 2019; 
Zhang et al., 2024).

2.4. Calculation method for soil organic carbon-related data

2.4.1. Calculation of SOCstock
Soil organic carbon stock (SOCstock) refers to the mass of organic 

carbon contained in a unit area or volume of soil, and is a key indicator 
for measuring soil carbon sequestration capacity and carbon seques
tration potential. This study uses the following formula to calculate 
SOCstock: 

SOCdensity = p× SOC×BD×(1 − ce)×10− 2 (1) 

SOCstock = Si × SOCdensity (2) 

where SOCdensity is the soil organic carbon density (kg C m− 2); P is the 
actual thickness of the soil layer (cm); SOC is the soil organic carbon 
content (g C kg− 1); BD is the bulk density (kg m− 3); ce is the content of 
gravel with a diameter greater than 2 mm, measured in volume ratio 
(%); Si is the area (m2) corresponding to the i-th land type; SOCstock is the 
soil organic carbon stocks (kg C).

2.4.2. Calculation of SOCs
Soil organic carbon saturation (SOCs) refers to the theoretical 

maximum capacity of soil to store organic carbon under stable envi
ronmental conditions. In this study, the Hassink model and the Elus
tondo model were employed to estimate SOCs levels, the demonic 
coefficient in this study strictly adheres to the findings of the original 
literature research. Hassink (1997) demonstrated that soil retains SOC 
through the binding of organic matter with clay and silt particles; where 
the relative proportion of clay and silt significantly influences the soil's 
carbon sequestration potential. A SOCs model applicable to both tropical 
and temperate soils was proposed. Elustondo et al. (1990) found a 
positive correlation between soil clay content and the storage of both 
carbon and nitrogen. The Hassink model defines 20 μm as the upper 
limit of soil particle size, whereas the Elustondo model uses 50 μm as the 
upper limit. Since Hassink was the first to propose the strong relation
ship between fine soil particles and soil organic matter, many early 
studies adopted the 20 μm threshold. However, subsequent research has 
shown that the Hassink model remains valid when using 50 μm as the 
upper limit. Therefore, recent studies predominantly use 50 μm as the 
standard particle size cutoff, which not only harmonizes the scale be
tween the two models but also facilitates direct comparisons of organic 
matter content across soil particle sizes. This study applied both the 
Hassink and Elustondo models to predict SOC saturation values and 
compared the carbon sequestration potentials estimated by each model. 
The objective was to evaluate the performance of different models on the 
same dataset to more scientifically and rigorously assess the soil carbon 
sequestration potential in the study area. The calculation formulas for 
the two models are: 

SOCsat− Hassink = p×(4.09+0.37× finefraction)×BD×(1 − ce)×10− 2

(3) 

SOCsat− Elustondoo = p×(9.04+0.27× finefraction)×BD×(1 − ce)×10− 2

(4) 

where SOCsat-Hassink represents the soil organic carbon saturation value 
calculated using the Hassink model (units: kg C m− 2); SOCsat-Elustondo 
denotes the soil organic carbon saturation value derived from the 
Elustondo model (units: kg C m− 2); finefraction indicates the proportion 
of fine particles in the soil with a particle size smaller than 50 μm; P is 
the actual thickness of the soil layer (cm); ce is the content of gravel with 
a diameter greater than 2 mm, measured in volume ratio (%); Si is the 
area (m2) corresponding to the i-th land type; SOCstock is the soil organic 
carbon stocks (kg C).

2.4.3. Calculation of SOCp
Soil organic carbon sequestration potential (SOCp) refers to the 

maximum capacity of soil to capture and store additional carbon dioxide 
over a specific period through human-induced management practices or 
natural restoration processes. This potential primarily depends on the 
accumulation and stabilization of soil organic matter. During the 
decomposition of organic matter, although some carbon is released into 
the atmosphere as carbon dioxide, stable organic compounds are also 
formed, which can remain stored in the soil over long periods, thereby 
achieving effective carbon sequestration. Soil carbon sequestration po
tential not only serves as a crucial indicator for ensuring national food 
security, but also represents a key strategy for mitigating climate 
change. The core mechanism involves reducing the greenhouse effect by 
increasing the total SOC content, while simultaneously enhancing soil 
fertility and supporting ecosystem services (Lal, 2003). SOCp is 
commonly quantified by calculating the difference between the current 
SOCs and its saturation level. This study utilizes both the Hassink model 
and the Elustondo model to estimate carbon sequestration potential 
under different assumptions, which are labeled as Hassink and Elus
tondo models, respectively. 

SOCp− Hassink = SOCsat− Hassink − SOCdensity (5) 

SOCp− Elustondo = SOCsat− Elustondo − SOCdensity (6) 

where SOCp-Hassink denotes the soil organic carbon sequestration poten
tial per unit area under the Hassink model (kg C m− 2); SOCp-Elustondo 
denotes the soil organic carbon sequestration potential per unit area 
under the Elustondo model (kg C m− 2).

2.5. Boosted regression trees

Boosted regression trees (BRT) is an ensemble machine learning 
method that integrates decision trees with gradient boosting techniques. 
The core concept involves iteratively training a sequence of weak 
learners, typically shallow decision trees, where each subsequent tree 
aims to correct the residual errors of its predecessor. The final predictive 
model is obtained by aggregating the outputs of all individual trees 
through weighted summation. BRT is particularly effective at capturing 
nonlinear relationships and interaction effects, while also accommoda
ting missing data. As a result, it is widely applied in modeling and 
predicting complex relationships within fields such as ecology, envi
ronmental science, and geography. This study is based on the R language 
(4.4.2) platform and uses the BRT model to explore the nonlinear rela
tionship between SOCstock, soil carbon sequestration potential predicted 
by Hassink and Elustondo models, and ten environmental driving factors 
(including terrain factors: altitude, slope, aspect, plane curvature, pro
file curvature, and terrain humidity index; climate factors: annual 
average temperature and annual precipitation; vegetation factors: 
normalized vegetation index and net primary productivity). In the 
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process of model construction, systematic optimization and setting were 
carried out for key hyperparameters of BRT: tree complexity (interac
tion.depth) controls the ability to capture interactions between vari
ables, avoiding the trade-off between overfitting and underfitting; The 
learning rate (shrinkage) affects the contribution weight of each tree, 
and lower values can improve stability but increase computational 
burden; The number of trees (n.trees) and learning rate are synergisti
cally regulated, jointly affecting the convergence and fitting strength of 
the model; Bag fraction improves the model's noise resistance through 
random sampling at each iteration, especially for ecological observation 
data; The minimum number of observations (n.minobsinnode) limits the 
sample size of leaf node splitting to enhance generalization perfor
mance. After multiple rounds of testing and cross validation, the final 
Hassink model parameters were set to: n.trees = 1600，interaction. 
depth = 9，shrinkage = 0.0025，n.minobsinnode = 10，bag.fraction 
= 0.65； Elustondo model parameters were set to: n.trees = 1850， 
interaction.depth = 8，shrinkage = 0.0025，n.minobsinnode = 10， 
bag.fraction = 0.60. This parameter combination effectively serves the 
modeling needs of complex relationships between multi-source envi
ronmental variables and soil carbon indicators, while balancing model 
interpretability and prediction robustness.

2.6. Model verification

To ensure the scientific rigor and accuracy of model evaluation, this 
study employs a 10-fold cross-validation approach to comprehensively 
assess the performance of the BRT model across three dimensions: 
goodness of fit, error characteristics, and consistency. Specifically, four 
evaluation indicators are selected. The coefficient of determination (R2) 
reflects the model's ability to explain the variability of the target variable 
(Chicco et al., 2021). Root Mean Square Error (RMSE) quantifies the 
magnitude of prediction errors and is particularly sensitive to large 
deviations (Hodson, 2022). Mean Absolute Error (MAE) measures the 
average magnitude of errors and is more robust to outliers (Hodson, 
2022). Lin's Consistency Correlation Coefficient (LCCC) evaluates both 
the correlation and agreement between predicted and observed values 
(Willmott and Matsuura, 2005). By implementing ten-fold cross-vali
dation, the influence of random data partitioning is minimized, the risk 
of overfitting is reduced, and the overall reliability of the evaluation 
results is enhanced. The specific calculation formula are as follows: 

MAE =
1
n
∑n

i=1
|ai − bi| (7) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ai − bi)

2
√

(8) 

R2 =

∑n
i=1(ai − bi)

2

∑n
i=1(bi − bi)

2 (9) 

LCCC =
2r∂a∂b

∂2
a + ∂2

b + (a − b)2 (10) 

where ai and bi denote the observed and predicted values of soil organic 
carbon sequestration potential (SOCp) at the i sampling location, 
respectively. The total number of samples is represented by n. The 
variances of the observed and predicted values are expressed as ∂a and 
∂b, respectively. The Pearson correlation coefficient, r, is utilized to 
quantify the linear association between the observed and predicted 
datasets.

3. Results

3.1. Descriptive statistics

The SOCp calculated via the Hassink and Elustondo models, together 

with data of 10 environmental variables, were statistically analyzed at 
the sampling point scale (Table 1). Results showed that the average 
SOCp from the Elustondo model was 12% higher than that from the 
Hassink model, with a wider extreme value range and larger standard 
deviation, indicating greater data volatility, higher dispersion, and a 
more pronounced right-skewed distribution with concentrated high 
values. Both models had a kurtosis of 2.57, presenting flatter distribu
tions than the normal distribution with more scattered tails. Overall, the 
Elustondo model was more suitable for predicting high-potential or 
extreme scenarios but with higher uncertainty, while the Hassink model 
exhibited higher stability and was better adapted for conservative 
estimations.

Pearson correlation analysis (Table 2) revealed minimal correlation 
differences between the two models, supporting their combination for 
subsequent analysis. Key environmental variables showed distinct cor
relations with SOCp: MAT had a significant positive correlation with 
both models (| r | ≥ 0.1), and NDVI was significantly negatively corre
lated with elevation. NPP, SG, and MAP displayed weak positive cor
relations with the models, while PLC, PRC, and TWI showed weak 
negative correlations. Some of these relationships deviated from con
ventional expectations, possibly due to insufficient data standardization, 
high heterogeneity from multi-ecosystem inclusion, and potential indi
rect variable interactions. Most other environmental variables exhibited 
weak to moderate positive correlations. To improve model accuracy and 
scientific rigor, the BRT method was adopted for further analysis. (See 
Table 3.)

3.2. Performance analysis of model predictions

The performance comparison of the models revealed that the R2 

value of the Hassink model was marginally higher than that of the 
Elustondo model by approximately 0.012, explaining 75% and 74% of 
the spatial variability, respectively. This suggested that Hassink dem
onstrates a slightly better capacity in capturing the spatial variability of 
SOCp. The interquartile range for both models was 0.005, with a mere 
difference of 0.001 between the first and third quartiles. The scores were 
highly concentrated, suggesting that both models exhibited exceptional 
stability across multiple iterations and were minimally affected by 
random variations. In terms of MAE, Hassink model performed better 
than Elustondo model, with a difference of about 0.19. The small dif
ferences between MAE and RMSE for Hassink model (0.27) and Elus
tondo model (0.30) further suggested a relatively concentrated error 
distribution without significant skewness. The LCCC values for both 
models were close to 0.9, with Hassink model showing a slightly higher 
value by 0.002, reflecting excellent consistency and predictive adapt
ability. RMSE analysis also showed that Hassink model had a lower error 
(by 0.22), indicating smaller prediction errors and stronger robustness 
and generalization ability, particularly for extreme values. When 
extended to farmland, forest, and grassland ecosystems, the Hassink and 
Elustondo models maintained performance trends consistent with the 
overall analysis, while showing ecosystem-specific nuances. Across all 
three systems, Hassink's R2 (0.75) remained marginally higher (by 0.01) 
than Elustondo's (0.74), explaining 75% and 74% of SOCp spatial vari
ability respectively; core metrics (e.g., R2, LCCC) exhibited a 0 inter
quartile range (identical 1st and 3rd quartile values) for both models, 
with highly concentrated scores signaling exceptional iterative stability 
and minimal sensitivity to random fluctuations. In error metrics, Has
sink outperformed Elustondo across systems: its MAE was 0.33 (farm
land), 0.20 (forest), and 0.18 (grassland) lower, while its RMSE was 0.23 
(farmland/forest) and 0.22 (grassland) lower—indicating smaller pre
diction deviations and concentrated error distributions. Their LCCC 
values (near 0.88–0.89) were closely matched, with Hassink holding a 
slight consistency edge (≤0.01). These results reaffirm that the Hassink 
model demonstrates greater stability than the Elustondo model across 
different terrestrial ecosystems, though their core performance metrics 
show little overall difference.
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To further reveal the predictive performance of the BRT model in 
predicting Hassink model and Elustondo model, we plotted a histogram 
of RMSE (Fig. 3). The RMSE distribution histogram plot further 
demonstrated that Hassink model exhibited smaller errors with a more 
concentrated distribution, ranging from 1.26 to 1.28, and a primary 
peak around 1.27, indicating a symmetrical pattern. In contrast, the 
RMSE values for Elustondo model ranged from 1.49 to 1.50, with a main 
peak near 1.49 and a slightly higher proportion of elevated error values. 
Overall, the Hassink model demonstrated superior accuracy and stabil
ity, making it more appropriate for high-precision prediction of soil 
carbon sequestration potential.

The uncertainty in model prediction performance was reflected by 
the standard deviation of the BRT model's 100 iterative prediction re
sults (Fig. 5). The standard deviation of the Hassink model was pre
dominantly within the range of 0.03–0.06 kg C m− 2, with over 70% of 
the area exhibiting low fluctuations. This suggested that the Hassink 
model produced consistent prediction results and demonstrates high 
stability across the 100 iterations. Moreover, the regions with low 
standard deviation were concentrated in the central Songnen Plain, 
which aligns with the homogeneity characteristics of black soil. In 
contrast, the standard deviation of the Elustondo model was mainly 
distributed between 0.07 and 0.09 kg C m− 2, with more than 60% of the 
area showing high variability. This indicates that the Elustondo model 
exhibited greater fluctuations in its prediction outcomes after 100 iter
ations, although it still maintains a moderate level of overall stability. 
The fundamental difference in standard deviation between the two 
models stolen from their varying sensitivities to input variable changes, 
which were specifically reflected in differences in model slope and 
intercept.

To more precisely identify the response relationship between the 
spatial distribution of soil organic carbon sequestration potential (SOCp) 
and the stability of its prediction results, this study conducted a two - 

dimensional coupled superposition analysis of SOCp and prediction 
uncertainty. Based on the distribution characteristics of these two in
dicators, we carried out a three - level scientific classification of both 
indicators using the mean deviation method, established a coupled 
classification system of SOCp and prediction result stability, and plotted 
the spatial distribution map of two-dimensional coupled zoning (Fig. 6). 
This work realized the spatial integration of areas with high SOCp and 
areas with low prediction uncertainty, and accurately pinpointed high- 
confidence priority carbon management hotspots.

The classification results indicate that both the predicted soil organic 
carbon (SOCp) and the prediction uncertainty in the study area display 
significant spatial differentiation characteristics. The nine types of zones 
resulting from their coupling demonstrate an evident zonal distribution 
pattern. Specifically, based on the simulation results of the two models, 
the high-confidence priority carbon management hotspots (High 
SOCp—Low Uncertainty Zone) are predominantly continuously 
distributed in the western and southwestern regions of the study area, 
with sporadic distribution in the northeastern part. This type of zone 
simultaneously features extremely strong potential for enhancing car
bon sinks, extremely high reliability of prediction results, and optimal 
prediction stability. It serves as the core area of focus for implementing 
regional soil carbon sink management policies.

3.3. Soil carbon sequestration potential and its spatial distribution across 
different ecosystems

Based on the BRT model predictions integrated with land use data 
within the ArcGIS platform, this study quantified the SOCp and areal 
extent of major ecosystems—farmland, forestland, and grassland—a
cross Northeast China, which covers a total area of 790,605 km2. 
Farmland accounted for 39.3% of the region, followed by forestland 
(42.8%) and grassland (4.2%). Significant discrepancies were observed 

Table 1 
Summary statistics of soil organic carbon sequestration potential (SOCp) and environmental variables at sampling sites in the study area (n = 293).

Property Unit Min. Max. Mean SD Skewness Kurtosis

SOCp-Hassink kg C m− 2 1.10 12.68 5.64 2.57 0.42 2.57
SOCp-Elustondo kg C m− 2 0.61 14.60 6.33 2.96 0.44 2.57

Elevation m 1.00 1682.00 225.12 169.25 2.84 21.12
PLC − 0.06 0.06 0.00 0.01 − 0.12 11.45
PRC − 0.03 0.11 0.00 0.01 2.61 17.70
SG degree 0.02 15.64 1.49 1.96 3.12 17.27
SA degree 4.40 359.42 176.28 99.15 0.01 1.90

TWI 6.41 13.31 10.36 1.41 − 0.22 2.40
MAT Celsius degree − 5.75 8.50 4.71 1.97 − 0.57 4.74
MAP mm 339.58 1226.25 506.58 129.25 1.53 6.63
NDVI 0.28 0.90 0.81 0.10 − 2.01 8.53
NPP kg C m− 2 year− 1 1312.00 8120.00 3760.32 951.18 0.87 5.03

Note: SG, slope gradient; SA, slope aspect; PLC, plan curvature; PRC, profile curvature; TWI, topographic wetness index; NDVI, normalized difference vegetation index; 
NPP, net primary production; MAT, mean annual temperature; and MAP, mean annual precipitation.

Table 2 
Pearson correlation coefficient between environmental variables at the sampling points in the study area.

Property SOCp-Hassink SOCp-Elustondo Elevation PLC PRC SG SA MAT MAP NDVI NPP

SOCp-Elustondo 0.96
Elevation − 0.14 − 0.12

PLC − 0.02 0.01 0.06
PRC − 0.03 − 0.04 0.12 − 0.49
SG 0.06 0.04 0.36 0.03 0.48
SA − 0.04 − 0.03 − 0.13 − 0.03 0.04 − 0.09

TWI − 0.02 − 0.02 − 0.56 − 0.01 − 0.32 − 0.7 0.07
MAT 0.52 0.43 − 0.27 0.01 0.02 0.2 − 0.01 − 0.2
MAP 0.01 0.03 0.24 0.05 0.2 0.35 0.04 − 0.44 0.12
NDVI − 0.19 − 0.14 0.16 0.04 0.05 0.04 − 0.02 − 0.05 − 0.36 0.15
NPP 0.05 0.06 0.35 0.05 0.25 0.52 0 − 0.67 0.24 0.61 0.16

Note: SG, slope gradient; SA, slope aspect; PLC, plan curvature; PRC, profile curvature; TWI, topographic wetness index; NDVI, normalized difference vegetation index; 
NPP, net primary production; MAT, mean annual temperature; and MAP, mean annual precipitation.
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between the Hassink and Elustondo models across all ecosystems. To 
systematically analyze the overall soil carbon sequestration potential 
prediction results for the study area, this research integrated the pre
diction outcomes of the two models using both arithmetic and weighted 
averaging methods. Upon comparison, it was found that the Pearson 
correlation coefficients of both models were consistent, with an R- 
squared difference of only 0.01. Additionally, the results from the two 
averaging methods were similar, with the total SOCp differing by only 
2.82 Tg C. The arithmetic mean method not only eliminates the inherent 
systematic bias of a single model but also maximally preserves the 
common patterns between the two models, thereby enhancing the reli
ability and generalizability of the prediction results, all while ensuring 
no loss of core effective information (Rukhin and Vangel, 1998; Jacquier 
et al., 2003). Therefore, this study ultimately selected the integrated 
results from the arithmetic mean method as the final predicted value for 
the total soil organic carbon sequestration potential in the study area 
(Table 4). For farmland, the unit SOCp was 7.63 kg C m− 2 (Hassink) and 

8.76 kg C m− 2 (Elustondo), a difference of 14.9%, translating to a total 
SOCp difference of 353.76 Tg C. Similarly, forestland showed unit values 
of 6.06 and 7.04 kg C m− 2 (16.1% difference, 330.68 Tg C total differ
ence), and grassland 6.68 and 7.82 kg C m− 2 (17.1% difference, 38.3 Tg 
C total difference). Although both models exhibited comparable stan
dard deviations (0.82–0.87 kg C m− 2), the Elustondo model demon
strated a higher coefficient of variation (9.9%) in farmland, indicating 
greater prediction variability. The integrated mean SOCp across the re
gion was 5831.50 Tg C, with an average unit potential of 7.38 kg C m− 2. 
Farmland contributed the most (43.7%, 2547.51 Tg C) and exhibited the 
highest unit potential (8.20 kg C m− 2) and spatial homogeneity, 
underscoring its critical role in regional carbon sequestration strategies. 
Forestland, covering the largest area, contributed 38.0% (2213.99 Tg C) 
but had the lowest unit potential (6.55 kg C m− 2), while grassland, 
though efficient per unit area (7.25 kg C m− 2), contributed only 4.2% 
(243.70 Tg C) due to its limited spatial extent. It is worth noting that due 
to human disturbance, the predicted high SOCp values in agricultural 
ecosystems represent only the theoretical upper limit under ideal con
ditions, not the actual potential under current natural conditions.

Spatial distribution of SOCp, derived from R-outputted TIF files and 
overlaid with land use data in ArcGIS (Fig. 7), revealed a concentric 
pattern aligned with topographic gradients: higher values occurred 
predominantly in the central and southern Songnen Plain, the Sanjiang 
Plain, and the northern Liaohe Plain—regions characterized by fertile 
black soils. In farmland, high-potential zones (>9 kg C m− 2) concen
trated in these core black soil areas, medium-level potentials (7–9 kg C 
m− 2) formed circular patterns across central Jilin, central Liaoning, and 
eastern Heilongjiang, and low-potential areas (<7 kg C m− 2) were 
mainly distributed in the Greater Khingan Mountains, Changbai 
Mountain area, and western Liaoning hills. The Hassink model produced 
more fragmented spatial patterns with abrupt transitions and generally 
lower estimates in the north—approximately 20% below Elustondo—
while the Elustondo model yielded smoother gradients and broader 
boundaries, reflecting higher sensitivity to extreme values.

Farmland SOCp was spatially dominated by black soil regions, which 
formed the core of high-potential distribution areas within the study 
region (Table 4). Coupled with the combined effects of temperature 
variations, differences in cropping systems, and freeze-thaw erosion in 
northern areas, the soil organic carbon potential showed a gradual 
declining trend.In the prediction of cropland SOCp, the Hassink model 
focused more on macro-level prediction and exhibited more stable 
performance in estimating the overall carbon sequestration potential of 
the study region; however, the patchiness of its estimation results was 
more pronounced compared to the Elustondo model. In contrast, the 
Elustondo model emphasized small-scale plot-level prediction and 
demonstrated particularly outstanding performance in predicting the 
extremes of carbon sequestration potential. Nevertheless, it showed 
smoother transitions between zones with different carbon sequestration 
potentials and lower sensitivity in boundary prediction. Forestland SOCp 
generally decreased northward, with high-value areas south of Changbai 
Mountain, medium values in the Lesser Khingan and surrounding 
Changbai regions, and low values in the northern Greater Khingan 

Table 3 
Evaluation of BRT model with 100 iterations for predicting SOCp of topsoil in 
Northeast China.

Model Index Min. 1st 
Qu.

Median Mean 3rd 
Qu.

Max.

Hassink model

R2 0.75 0.75 0.75 0.75 0.75 0.75
RMSE 1.27 1.27 1.27 1.27 1.27 1.28
LCCC 0.89 0.89 0.89 0.89 0.89 0.89
MAE 0.99 1.00 1.00 1.00 1.00 1.00

Elustondo 
model

R2 0.74 0.74 0.74 0.74 0.74 0.74
RMSE 1.49 1.49 1.49 1.49 1.50 1.50
LCCC 0.89 0.89 0.89 0.89 0.89 0.89
MAE 1.19 1.19 1.19 1.19 1.20 1.20

Hassink model 
(Farmland 
ecosystem)

R2 0.75 0.75 0.75 0.75 0.75 0.75
RMSE 1.42 1.42 1.42 1.42 1.42 1.43
LCCC 0.89 0.89 0.89 0.89 0.89 0.89
MAE 1.11 1.12 1.12 1.12 1.13 1.13

Elustondo 
model 

(Farmland 
ecosystem)

R2 0.74 0.74 0.74 0.74 0.74 0.74
RMSE 1.65 1.65 1.65 1.65 1.65 1.65
LCCC 0.89 0.89 0.89 0.89 0.89 0.89
MAE 1.32 1.32 1.32 1.32 1.32 1.32

Hassink model 
(Forest 

ecosystem)

R2 0.75 0.75 0.75 0.75 0.75 0.75
RMSE 1.15 1.15 1.15 1.15 1.15 1.15
LCCC 0.88 0.88 0.89 0.89 0.89 0.89
MAE 0.90 0.90 0.90 0.90 0.90 0.90

Elustondo 
model 
(Forest 

ecosystem)

R2 0.74 0.74 0.74 0.74 0.74 0.74
RMSE 1.38 1.38 1.38 1.38 1.38 1.38
LCCC 0.88 0.88 0.88 0.88 0.88 0.88
MAE 1.10 1.10 1.10 1.10 1.10 1.10

Hassink model 
(Grassland 
ecosystem)

R2 0.75 0.75 0.75 0.75 0.75 0.75
RMSE 1.27 1.27 1.27 1.27 1.27 1.27
LCCC 0.87 0.88 0.89 0.89 0.89 0.89
MAE 1.01 1.01 1.01 1.01 1.01 1.01

Elustondo 
model 

(Grassland 
ecosystem)

R2 0.74 0.74 0.74 0.74 0.74 0.74
RMSE 1.49 1.49 1.49 1.49 1.49 1.49
LCCC 0.88 0.88 0.88 0.88 0.88 0.89
MAE 1.19 1.19 1.19 1.19 1.19 1.19

Note: Min., minimum; 1st Qu., first quantile; 3rd Qu., third quantile; Max., 
maximum.

Table 4 
Soil organic carbon sequestration potential (SOCp) of topsoil in different ecosystems in Northeast China.

Ecosystem Area 
(km2)

Hassink model Elustondo model (Hassink þ Elustondo)/2 Hassink & Elustondo 
R2-weighted

Mean 
(kg C m¡2)

SOCp 

(Tg C)
Mean 

(kg C m¡2)
SOCp 

(Tg C)
Mean 

(kg C m¡2)
SOCp 

(Tg C)
Mean 

(kg C m¡2)
SOCp 

(Tg C)

Farmland ecosystem 310,862 7.63 2370.63 8.76 2724.39 8.20 2547.51 8.19 2546.32
Forest ecosystem 338,116 6.06 2048.65 7.04 2379.32 6.55 2213.99 6.55 2212.88

Grassland ecosystem 33,600 6.68 224.55 7.82 262.85 7.25 243.70 7.25 243.57
Other ecosystems 108,027 7.09 766.28 8.20 886.34 7.65 826.31 7.64 825.91

Total 790,605 6.84 5410.11 7.91 6252.90 7.38 5831.50 7.37 5828.68

Note: Hassink model (R2 = 0.75)、Elustondo model (R2 = 0.74).
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Mountains and alpine forests. The Hassink model generated conserva
tive, patchy estimates suitable for macro-level planning, whereas the 
Elustondo model predicted more extensive high-value areas with 
gradual transitions, ideal under optimized environmental conditions. 
Grassland SOCp was higher in central and western regions but spatially 
fragmented. High-value zones formed continuous belts in the Songnen 
Plain, with medium and low values interwoven in radial or strip pat
terns. The Hassink model emphasized natural continuity with sharp 
boundaries, supporting robust large-scale estimates, while the Elustondo 
model produced discrete, uniformly distributed units with smoothed 
transitions, better capturing local extremes but lacking spatial sensi
tivity. The high spatial agreement in core zones between models con
firms overall consistency, yet model choice must align with specific 
objectives: the Hassink model is preferable for conservative, natural- 
factor-driven projections at regional scales, whereas the Elustondo 
model offers superior detail for grid-level ideal-condition simulations.

3.4. Main influencing variables of soil carbon sequestration potential 
across different ecosystems

The evaluation of the relative importance (RI) of 10 environmental 
variables in predicting the topsoil SOCp, based on the BRT model (100 
iterations), indicated that the MAT, MAP, and NPP were the dominant 
variables influencing SOCp in Northeast China, collectively contributing 
approximately 55% to the total RI (Fig. 8). In the two models, the RI of 
MAT was significantly higher in the Hassink model (34.3%) compared to 
the Elustondo model (26.2%), underscoring the critical influence of 
temperature on SOCp. MAP exhibited relatively high importance 
(14.1%) in the Elustondo model, reflecting its directed effect on carbon 
input. Regarding topographic variables, SA had a greater influence than 
SG. Additionally, PLC and PRC demonstrated higher contributions in the 
Elustondo model, while the TWI showed comparable influence in both 
models. The RI of the NDVI was relatively low (approximately 4.5%), 
suggesting its role in indicating vegetation cover status rather than 
directly influencing carbon sequestration potential.

To further identify the dominant environmental variables within 
each ecosystem, we applied the BRT model using data from sampling 
sites distributed across three distinct ecosystems, enabling us to deter
mine the key environmental variables specific to each ecosystem. In 
different ecosystems, dominant variables varied significantly: farmland 
ecosystem was primarily influenced by MAT, PRC, and MAP, reflecting 
the synergistic effects of climatic and topographic variables; forestland 
was mainly governed by MAT and TWI, indicating the coupled response 
of carbon accumulation to temperature and hydrological conditions; 
grassland carbon sequestration potential was predominantly regulated 
by MAP and vegetation productivity (NDVI/NPP). The Hassink model 
demonstrates better predictive performance for farmland ecosystem 
(MAT), forestland ecosystem (TWI), and grassland ecosystem (MAP), 
making it suitable for temperature-sensitive and topographically com
plex regions. In contrast, the Elustondo model was more appropriate for 
scenarios where the synergistic effects of MAP and NPP were critical, 
such as in the fine management of farmland. These findings reveal how 
environmental factors differentially influence SOCp across ecosystems, 
offering a scientific basis for the formulation of region-specific carbon 
management strategies.

4. Discussion

4.1. Spatial distribution characteristics of SOCp

Based on the spatial distribution of soil organic carbon sequestration 
potential (SOCp) in the study area (Figs. 4–5), it could be concluded that 
SOCp in Northeast China exhibits significant spatial heterogeneity, 
which is generally characterized by the pattern of “high in the southern 
plains and low in the northern mountains”. Specifically, the range of 
SOCp values was approximately 4–10 kg C m− 2. The Songnen Plain, 

Sanjiang Plain, and Liaohe Plain were identified as the core regions with 
high SOCp. In contrast, the northern part of the Greater Khingan Range 
and the Hulunbuir Plateau served as the primary zones with low SOCp, 
while the hilly and mountainous areas in the east and west functioned as 
transitional zones with moderate SOCp. By comparing the north-south 
spatial gradient characteristics of SOCp, it was evident that the high- 
SOCp zones in the southern region were mainly concentrated in the 
black soil areas of the Songnen Plain, the central parts of the Sanjiang 
Plain, and the Liaohe Plain, presenting a continuous patchy spatial 
distribution. Conversely, the low-SOCp zones in the northern region 
covered high-altitude areas (e.g., Mohe in the Greater Khingan Range). 
The significant north-south disparity in SOCp is primarily attributed to 
the lower mean annual temperature in the north, which directly in
tensifies the freeze-thaw cycle and consequently accelerates the loss of 
soil organic carbon (Portner et al., 2010). Furthermore; as latitude in
creases (i.e.; moving northward); the proportion of soil clay particles 
decreases; leading to a gradual decline in the soil's physical capacity to 
sequester organic carbon (Churchman et al., 2020). In contrast; the 
central and southern regions—characterized by higher SOCp—benefit 
from deep black soil layers and extensive arable land(Yu et al., 2006). 
Specifically; crop rotation systems involving corn; soybeans; and other 
crops enhance root-derived carbon input and increase surface SOC 
content (Luo et al., 2024). Additionally; the synergistic effect of water- 
heat coupling in these regions effectively minimizes the microbial 
decomposition of SOC (Li et al., 2023).

From the comparison of the SOCp prediction results of the two 
models, the Hassink model demonstrates higher spatial continuity and 
clarity in predicting SOCp. High-SOCp areas predicted by this model 
were concentrated in the central-western region, with well-defined 
geographic boundaries. Medium-SOCp areas formed a circular gradient 
zone surrounding the high-SOCp areas, while radial striping (corre
sponding to the spatial distribution of rivers) was observed in the 
northeastern region. Low-SOCp areas were characterized by continuous 
patchy distributions in the northern part of the study area, with an 
isolated low-SOCp zone located in the southeast corner. In contrast, the 
Elustondo model exhibits distinct prediction characteristics. High-SOCp 
areas predicted by this model were more spatially fragmented and 
distributed in a honeycomb grid-like pattern. Medium- and high-SOCp 
areas were spatially interlaced and embedded with each other, forming 
relatively smooth striped boundaries. Compared to the Hassink model, 
the area of the northern patchy low-SOCp zones predicted by the Elus
tondo model is reduced by approximately 30–40%, and these low-SOCp 
zones are spatially interwoven with medium-SOCp areas. Overall, the 
spatial distribution map of SOCp generated by the Hassink model better 
reflects the spatial influence of natural geographic elements. This is 
because its potential distribution aligns closely with geographical 
element boundaries and features clear demarcations. Although the 
Elustondo model exhibits pronounced fragmentation and overly smooth 
boundaries—thereby weakening the influence of natural geographical 
elements—it demonstrates greater sensitivity to extreme values of soil 
carbon sequestration potential and is more suitable for analyzing 
extreme conditions caused by non-natural factors, such as human 
activities.

The main reasons for the above results can be attributed to the 
following points: (1) Long-term water erosion and tillage disturbance 
lead to surface carbon loss in the eroded areas of black soil slope 
farmland, resulting in an insufficient state of carbon saturation. How
ever, due to the strong adsorption capacity of soil particles for organic 
carbon, these areas still exhibit relatively high carbon sequestration 
potential (Lal et al., 2015). (2) The low average annual temperature and 
concentrated precipitation in Northeast China cause frequent soil 
freezing and thawing cycles; which damage soil aggregate structure and 
reduce the carbon sequestration potential of SOC (Matzner and Borken, 
2008; Song et al., 2017). Additionally, variations in altitude, precipita
tion, and temperature significantly influence the spatial distribution 
characteristics of soil carbon sequestration potential (Monson et al., 
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2002; Campo and Merino, 2016; Huang et al., 2018). (3) Microorgan
isms also play a role in soil carbon sequestration potential; erosion re
duces microbial carbon utilization efficiency; further decreasing carbon 
sequestration capacity (Kheirfam, 2020; Jiang et al., 2022). Therefore, 
the combined effects of natural and anthropogenic factors jointly shape 
the spatial distribution of soil carbon sequestration potential (Smith, 
2005; Steger et al., 2019).

This study identified climatic factors (mean annual temperature, 
mean annual precipitation) as the dominant drivers of soil organic 
carbon sequestration potential (SOCp). Based on this finding, targeted 
zoning management measures were developed for areas with different 
SOCp levels, and the practical implications of this conclusion were 
further clarified: given that climatic factors dominate SOCp dynamics, 
quantifying the achievable potential of enhancing SOCp through agri
cultural management practices (e.g., conservation tillage, organic fer
tilizer application) under climatic constraints is critical, which enhances 
the practical guiding significance of the study's conclusions. In areas 
with high SOCp, it is recommended to prioritize the protection of black 
soil zones by reducing tillage intensity to lower the risk of water erosion 
(You et al., 2020); while implementing full straw return and rational 
application of organic fertilizers to enhance soil carbon storage 
(Lessmann et al., 2022); Under the constraints of local moderate tem
perature and precipitation (the dominant climatic conditions here); 
these measures can increase SOCp by approximately 15 to 20% (based 
on regional trial data); which is the main feasible space for human 
intervention. In the transitional zone of moderate SOCp; where precip
itation fluctuates (a key climatic constraint); constructing ecological 
corridors; increasing vegetation coverage (to buffer climatic instability); 
and optimizing climate adaptive afforestation techniques can expand 
SOCp improvement space by 10 to 12%; which serves as a practical path 
for human regulation under climatic constraints. In areas with low SOCp; 
it is necessary to focus on monitoring carbon loss during freeze thaw 
processes (driven by temperature changes) and enhance regional 
ecological stability by constructing ecological barriers (Yuan et al., 
2022); This measure can reduce climatic induced carbon loss by 8 to 
10%; which is the core space for human management to compensate for 
low SOCp caused by harsh climatic conditions. More importantly; future 
risk assessment of these measures should integrate climate change sce
narios (e.g.; temperature rise; precipitation variation) to track how the 
effectiveness of management measures changes under dynamic climatic 
constraints (Price et al., 2007).

4.2. Predictive effectiveness of environmental variables in SOCp prediction 
across different ecosystems

Based on the BRT model, a quantitative analysis was conducted to 
identify the dominant environmental variables influencing SOCP across 
different ecosystems in Northeast China. The study revealed a syner
gistic effect between climatic variables (e.g., temperature and precipi
tation) and topographic variables (e.g., curvature and humidity index), 
with variations observed among different models. Research findings 
indicated that MAT, MAP, and NPP were key environmental variables 
affecting SOCp in this region, collectively accounting for approximately 
55% of the total RI. Specifically, the SOCp in farmland ecosystems was 
primarily driven by MAT, precipitation (PRC), and MAP, demonstrating 
a synergistic dominance of climate and topography. In forest ecosys
tems, it is mainly regulated by the TWI and MAT, reflecting the coupling 
effect between TWI and climatic factors. Grassland ecosystems depend 
on the interactive control of MAP and vegetation productivity (NDVI/ 
NPP). Model comparisons showed that the Hassink model is more suit
able for describing the influence of water and heat conditions on carbon 
sequestration potential in natural ecosystems (including farmland, for
ests, and grasslands), whereas the Elustondo model is better suited for 
analyzing the synergistic optimization of topography and productivity in 
farmland management. This study further confirms the significant 
impact of climate and topography on carbon cycling through 

mechanisms such as microbial metabolism, runoff pathways, and 
vegetation cover. It provides a theoretical basis for differentiated carbon 
management strategies in Northeast China, such as land conservation 
tillage, forest gully and valley protection, and grassland rotation and 
replanting, and can improve the accuracy of carbon sequestration po
tential prediction by integrating the strengths of different models. This 
chapter not only verifies the significant influence of synergistic effects 
among various environmental factors on soil carbon sequestration po
tential, but also offers a scientific foundation for regional ecological 
protection, comprehensive management, and regulatory strategies.

At the same time, the key environmental variables predicted by the 
SOCp framework constructed in this study were largely consistent with 
previous research findings, demonstrating a certain level of scientific 
validity and accuracy. MAT and MAP were key variables influencing the 
spatial distribution of SOCp. Moreover, MAT and MAP significantly 
affected the accumulation of soil microbial residual carbon by regulating 
microbial metabolic efficiency (e.g., carbon use efficiency, CUE) 
(Giardina and Ryan, 2000; Fantappiè et al., 2011; Adhikari et al., 2019). 
Specifically, optimal temperatures enhance microbial carbon utilization 
efficiency by balancing microbial biomass synthesis and decomposition: 
microorganisms allocate more carbon toward biomass synthesis rather 
than energy expenditure, thereby increasing the production of resistant 
microbial residues. These materials make significant contributions to 
soil organic carbon sequestration. The synergistic effected between 
natural and anthropogenic factors had a significant influence on SOC 
storage. Among these, human activities such as conservation tillage and 
irrigation indirectly affected the SOCstock in farmland ecosystems by 
altering terrain and crop growth conditions, thereby regulating SOC 
content (Tang et al., 2019). Different land use patterns alter vegetation 
cover types and biomass accumulation rates; and consequently influence 
SOC input and decomposition processes; which directly determine the 
SOCp across various ecosystems (Post and Kwon, 2000). NPP and NDVI 
fusion data significantly influenced SOC content in different ecosystems 
(Chuai et al., 2022; Das et al., 2023). Areas with higher NPP and NDVI 
values provide abundant readily decomposable carbon sources for mi
crobial growth, thereby sustaining diverse and active microbial com
munities capable of producing substantial amounts of stable residual 
carbon. For example, temperate forests exhibit relatively high SOCp due 
to their elevated NPP and NDVI values, as well as higher microbial 
residue carbon density (Xu et al., 2024). TWI was also a key indicator for 
predicting ecosystem carbon sequestration potential; with its effected 
mediated through soil moisture; vegetation type; and microbial activity. 
High TWI areas (e.g.; wetlands and moist forests) maintain elevated soil 
moisture; which promotes hydrophilic vegetation growth and modulates 
microbial communities—favoring anaerobic microbes that produce 
recalcitrant residues while suppressing aerobic decomposers acceler
ating carbon loss. However; human interventions (e.g.; drainage) 
convert anaerobic environments to aerobic ones; stimulating the 
decomposition of accumulated microbial residues and causing signifi
cant carbon loss. Thus; while high TWI areas typically exhibit high 
carbon sequestration capacity; caution is needed regarding potential 
carbon loss from extreme humidity or human disturbances. Meanwhile; 
PLC and PRC significantly shape the spatial heterogeneity of organic 
carbon by influencing surface runoff pathways (Amirian Chakan et al., 
2017; Mohseni and Salar, 2021).

In terms of model construction, this study employs a unified model 
framework based on the BRT model to predict SOCp across different 
ecosystems in Northeast China. The core objective is to conduct a sys
tematic assessment of regional-scale SOCp and comprehensively 
compare overall trends across ecosystems, rather than analyzing micro- 
level mechanisms within individual ecosystems. While developing 
dedicated models for each ecosystem could refine the driving mecha
nisms within a single ecosystem, it would lead to discrepancies in 
assessment criteria, parameter systems, and prediction accuracy across 
ecosystems. This would hinder the precise calculation of regional total 
SOCp and the contribution ratios of individual ecosystems during 
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regional-scale unified assessments. The unified model framework en
sures consistent scales and benchmarks for SOCp assessments across 
ecosystems through standardized variable systems and predictive logic. 
This study further identifies ecosystem-specific driving mechanisms by 
analyzing the differential relative importance of environmental vari
ables. The high consistency between these differentiated characteristics 
and the carbon cycling patterns of different ecosystems validates the 
framework's scientific rigor, demonstrating that it does not obscure 
unique ecosystem-specific driving mechanisms. Leveraging the 
nonlinear fitting capabilities of the BRT model and the advantages of 
relative importance analysis, this study further enhances the frame
work's ability to identify differentiated mechanisms. It also mitigates 
model fitting variations influenced by sample size, ensuring the overall 
reliability of regional-scale SOCp predictions through the synergistic 
information from multiple ecosystem samples.

4.3. Uncertainty analysis in current research

4.3.1. Limitations of model types and sampling coverage
The current study is limited to two empirical models—Hassink and 

Elustondo model —and does not include algorithms based on alternative 
principles, such as physically-based models (e.g., RothC, Century) 
(Farina et al., 2013; (Nemo Klumpp et al., 2017) or deep learning ap
proaches (McBratney et al., 2014; Wu et al., 2024). While the fusion of 
the two models using averages is scientifically sound, it may still weaken 
model-specific information and slightly amplify random valuation er
rors, thereby limiting the precise characterization of SOCp features in 
local regions. This restriction hampers the effectiveness of model com
parisons and the assessment of system uncertainties. During the envi
ronmental variable data preprocessing stage, the raster data resampling 
operation did not add inherent information to the original data but may 
artificially amplify spatial heterogeneity at fine scales. Although this 
study implemented stringent measures to avoid overfitting during model 
construction, this operation remains prone to generating minor errors in 
landscape transition zones. Furthermore, due to natural constraints and 
financial limitations, insufficient sampling in remote areas and regions 
with highly heterogeneous terrain may compromise the representa
tiveness of the training data, thereby affecting the model's generaliza
tion capability. Future work should focus on developing an integrated 
multi-model framework that incorporates unmanned aerial vehicle 
remote sensing and Internet of Things sensing technologies. This 
approach should involve densifying the sampling layout to improve 
spatial coverage and data representativeness, ultimately enhancing the 
model's predictive robustness across diverse geographical environments.

4.3.2. Inadequate representation of environmental variable selection and 
dynamic mechanisms

This study primarily focuses on static environmental variables, 
including terrain, climate, and vegetation, while systematically 
excluding key process-driven variables such as human disturbances (e. 
g., tillage practices and crop rotation systems), soil biological factors (e. 
g., microbial community structure and enzyme activity), and soil erosion 
dynamics. This omission limits the model's explanatory power regarding 
underlying mechanisms. However, this is primarily constrained by data 
availability, and the spatial accuracy of related variables such as human 
disturbance remains to be further validated. Including such data with 
unconfirmed precision at this stage could potentially dilute the model's 
analytical accuracy regarding in situ carbon sequestration potential. 
Therefore, this study has not yet incorporated it into the model frame
work. In modeling analyses of various ecosystems, this study did not 
establish separate models for different ecosystems but instead employed 
a unified modeling framework covering the entire study area for simu
lation. This modeling strategy may struggle to adequately accommodate 
and resolve the heterogeneity differences among ecosystems. It may 
even weaken or overlook the key driving mechanisms and core influ
encing factors unique to each ecosystem by overemphasizing regional 

commonalities, thereby introducing potential uncertainties into the 
research findings. Furthermore, the absence of dynamic simulations 
under projected climate change scenarios hinders the ability to capture 
long-term soil carbon sequestration potential and its responses. To 
address these limitations, it is recommended to integrate multi-source 
dynamic datasets—such as high-resolution remote sensing products, 
metagenomic information, and long-term field observation data—with 
climate scenario models (e.g., SSP-RCP frameworks). This integration 
would enhance the model's capacity to analyze the mechanism between 
carbon sequestration and environmental management.

4.3.3. Deviation between actual disturbance and theoretical potential
The soil organic carbon sequestration potential quantified in this 

study represents in situ sequestration potential, strictly defined as the 
difference between the soil organic carbon saturation threshold and 
current measured values. This potential solely characterizes the inherent 
capacity for enhanced carbon sequestration achievable under existing 
environmental conditions through the inherent physicochemical prop
erties of the soil itself. The additional carbon sequestration potential 
stimulated by altering soil utilization patterns and vegetation cover 
characteristics—such as through land-use conversion—thereby 
exceeding the upper limit of the in situ potential threshold, is not 
included in the assessment scope of this study. In this context, the pre
dicted results of the model reflect the maximum carbon sequestration 
potential under ideal conditions. However, the actual carbon seques
tration process is significantly influenced by field management prac
tices, extreme climatic events, and socio-economic factors, leading to 
potential discrepancies between theoretical estimates and real-world 
conditions. Therefore, future research should focus on developing an 
integrated “management ecology” coupling model that incorporates 
indicators of human activity intensity and disturbance response algo
rithms, and conduct a systematic assessment of the additional carbon 
sequestration potential induced by land-use conversion and other 
practices, thereby enhancing the model's applicability and predictive 
accuracy in real-world agricultural and ecological contexts.

5. Conclusions

This study systematically revealed the spatial pattern and driving 
mechanisms of SOCp in Northeast China. The core findings are as fol
lows. First, the SOCp in Northeast China exhibits a distinct spatial 
pattern characterized by “higher in the south and lower in the north, 
higher on plains and lower in mountainous areas”. High-value zones are 
concentrated in the black soil regions of the Songnen Plain and Sanjiang 
Plain, while low-value zones are distributed in the northern Greater 
Khingan Range and high-altitude regions. Second, there are significant 
differences in sequestration potential exist among ecosystems. Crop
lands demonstrate the highest SOCp per unit area, primarily attributed 
to deep humus layers and management practices like straw returning; 
Forest carbon sequestration processes are mainly constrained by freeze- 
thaw erosion and limited vegetation productivity. Third, climatic factors 
(MAT, MAP) and NPP are the dominant drivers of SOCp, collectively 
explaining the majority of its variation; Terrain factors exert indirect 
influences by regulating hydrothermal conditions and vegetation 
growth, confirming the synergistic “Climate-Terrain-Vegetation” 
driving mechanism. Fourth, model comparison revealed that the Has
sink model provides more robust estimates under conservative sce
narios, while the Elustondo model is more sensitive to extreme values, 
offering guidance for model selection based on different management 
objectives. Overall, this research identifies key carbon sequestration 
hotspots and critical controlling factors in Northeast China, providing 
essential scientific support for developing differentiated carbon man
agement strategies tailored to ecosystem types and regional 
characteristics.
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